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1 Monitoring to predict natural 
disasters and to grasp its damage 

situations 

1



1. OBJECTIVES

The objective of our research is to improve our 
understanding of seismic moment and stress accumulation 
rate along the San Andreas Fault system (SAFS) using 
InSAR and GPS deformation measurements.  This will 
involved the following tasks related to ALOS-2: 
• Improve processing methods for ALOS-2 L-band

scansar InSAR, including a more complete
understanding of the spatial characteristics of the
ionosphere at mid-latitudes and its temporal variation
over ¼ phase of the solar cycle.

• Construct a line-of-sight (LOS) velocity and time series
map from a descending look direction to complement the
ascending data already analyzed from ALOS-1.  The two
look directions will enable us to distinguish between
horizontal and vertical motions.

• Develop a time-dependent earthquake cycle model for
the period 2014.5 – 2019.  This will be used to estimate
moment accumulation rate along all major segments of
the SAFS, as well as wide area strain-rate maps accurate
to about 250 nanostrain.

• Identify strain rate features having amplitude > 250
nanostrain that are not associated with the main segments
of the SAFS.

• Collaborate with Japanese scientists to expand the
utilization of ALOS-2 for estimating seismic hazard.

2. SIGNIFICANCE IN RESEARCH FIELD

The San Andreas Fault System is a transform fault 
connecting the seafloor spreading ridges in the Gulf of 
California to the seafloor spreading on the Juan de Fuca 
Ridge off the Coast of Oregon (Figure 1).  The 
metropolitan areas of San Francisco and Los Angeles lie 
along this transform fault and thus are at risk of a 
destructive earthquake.  Major earthquakes have occurred 
in 1906 in San Francisco and 1857 north of Los Angeles 
but a long section of the southern San Andreas fault has 

remained locked for over 300 years, so there is a concern 
that this will be the site of the next major rupture [Fialko, 
2006].  The main objective of our research is to use space 
geodetic tools to measure the present-day seismic moment 
accumulation rate and to convert this measurement to stress 
accumulation rate using a physical model.  When 
combined with historical and paleoseismic information, the 
stress provides critical information for earthquake hazard 
assessment. 

Figure 1   The major sections of the San Andreas Fault 
System labeled with the years of the last major rupture of 
each segment.  The southernmost locked section of the San 
Andreas fault (red) has not experienced a major 
earthquake in at least 300 years.  The next event along this 
section should release more than 7 m of accumulated slip; 
typically large California earthquakes have a maximum 
slip of 6 m.  Pinon Flat Observatory (yellow star) hosts a 
wide array of geodetic and seismic instrumentation, 
including three large radar corner reflectors. 
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3. METHODOLOGY

Deformation along this plate boundary is being monitored 
by 750 continuously-operating GPS (CGPS) receivers. 
While the accuracy of the CGPS data is excellent, the 
typical 10 - 20 km spacing of the CGPS sites is not 
adequate for resolving the small-scale deformation along 
the faults that is needed for estimating seismic moment 
accumulation rate.  Under a previous investigation using 
ALOS-1 data, we developed a straightforward method for 
integrating sparse GPS velocities with spatially dense 
InSAR velocities [Wei et al., 2010; Tong et al., 2013; 
2014]. The first step is to sum up the available 
interferograms, keeping track of the total time span of the 
sum to compute a line-of-sight (LOS) velocity.  This 
stacking enhances the signal-to-noise ratio because, for 
example, the residual tropospheric noise is uncorrelated for 
a time span longer than 1 day [Williams et al., 1998; 
Emardson et al., 2003].  The second step is to develop a 
relatively low-resolution interseismic velocity field using a 
block or plate model constrained by the GPS data. The 
subsequent step is to then project this vector velocity model 
into the LOS velocity of the interferogram and to remove 
this model from the stack.  The third step is to high-pass 
filter the residual stack to further suppress errors at lengths 
greater than a wavelength of 40 km. The final step is to add 
the GPS-based model back to the filtered stack to recover 
the full LOS velocity.  As shown in Figure 2, it is clear that 
the recovered InSAR LOS velocity map provides shorter 
wavelength information not captured by the GPS-based 
model. 

Figure 2 (a) Interseismic deformation of the SAFs derived 
from integrating the GPS observations with ALOS-1 radar 
interferograms (2006-2010) using a 
remove/filter/stack/restore approach.  1222 SAR images 
were processed for this investigation. The positive value 
(red color) shows the ground moving away from the 
satellite at 10 mm/yr (81˚ azimuth, 37° from vertical). The 
areas with low coherence and large standard deviation (> 
6 mm/yr) are masked. (b) Southern part of the SAFs shows 
the broad transition in velocity across the San Andreas and 
San Jacinto faults that are well resolved in previous 
studies, as well as shallow creep across the San Andreas 
near the Salton Sea. Many regions of subsidence due to 
groundwater extraction are apparent (e.g., Indio, CA).  (c) 
Central part of the SAFs shows the sharp velocity gradient 
across the Creeping Section. GPS sites are shown as 
triangles. A full resolution version of this LOS velocity map 
and its relationship to faults and cultural features can be 
downloaded as a KML-file for Google Earth from the 
following site. 
ftp://topex.ucsd.edu/pub/SAF_models/insar/ALOS_ASC_
masked.kmz 

Our geodetic objective is to obtain both horizontal and 
vertical velocities at about 200 m spatial resolution to an 
accuracy of better than 1 mm/yr.  Our ALOS-1 analysis had 
only one LOS direction so we had to rely on the widely-
spaced GPS points to discriminate between horizontal and 
vertical motions.  We are using Sentinel-1 and ALOS-2 
data collected along descending passes (Figure 3) to 
provide a second look direction to uniquely determine the 
vertical component and the E-W horizontal velocity 
component.   

4. ALGORITHMS AND DATA ACCESS

We use standard radar interferometry algorithms to process 
ALOS-2 scansar data to form deformation time series.  Our 
implementation of these algorithms is called GMTSAR. 
The software and documentation are freely available at 
http://topex.ucsd.edu/gmtsar. We developed software to 
process all the modes of ALOS-2 L1.1 data with a focus on 
scansar.   

To download and share the ALOS-2 data within our group 
of co-investigators, we uses the password protected 
computer storage facilities at UNAVCO. ALOS-2 data are 
stored and accessed via the WinSAR Portal system. Data 
are downloaded from JAXA as scenes are delivered and 
they are automatically ingested into the WInSAR system. 
Data are stored on NSF XSEDE cloud infrastructure and 
access is restricted to PIs and authorized users who are 
listed on the corresponding ALOS-2 proposal. All access 
is authenticated to ensure that only approved users are able 
to access data. 
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5. RESULTS

One highlight of this research was the ability to create a 
seamless interferogram of the M7.8 and M7.3 Nepal 
earthquakes (Figure 3) [Lindsey et al., 2015].  Under this 
investigation, we refined this software to work with stacks 
of repeated interferograms.  In addition, we implement a 
new atmospheric/ionospheric correction algorithm 
[Tymofyeyeva and Fialko, 2015] and used it to better 
understand the ionospheric effects on L-band InSAR 
[Liang et al., 2018; Xu et al., 2019].  Since our algorithms, 
software, and funding are independent of JAXA, our group 
provides an independent check of the strengths and 
weaknesses of ALOS-2 PALSAR-2. 

Figure 3  ALOS-2 ScanSAR interferogram of the M7.8 and 
M7.3 Nepal earthquakes processed on May 7, 2015 and 
publish in GRL [Lindsey et al., 2015] highlights the unique 
and advanced attributes of this InSAR system.  (left) The 
single 350 km-wide interferogram completely captures the 
extent of the deformation.  (right) This region of the 
Himalayas has the highest topography on land with snow-
capped peaks, yet it was possible to unwrap and connect 
the phase of all 5 subswaths.  The C-band interferometry 
from Sentinel-1 only captured part of the deformation field 
due to temporal decorrelation even when the temporal 
baseline is short (12-14 days). 

A second major highlight of our research was to use InSAR 
data from ALOS-2 and Sentinel-1 to understand the 
complex rupture patterns of the 2019 Ridgecrest 
Earthquake sequences.  This resulted in 3 major 
publications [Ross et al., 2019; Fielding et al., 2020; Xu et 
al., 2020]. An example of surface fractures mapped with 
InSAR is shown in Figure 4 and a compilation of results is 
available at http://topex.ucsd.edu/SV_7.1/index.html . 

A third highlight of our research was to develop a seismic 
moment accumulation model for the San Andreas Fault 
system that include the effects of lateral variations in the 
thickness of the lithosphere Figure 5.  This model is 
constrained to match both GPS velocity data and ALOS 
line of sight velocity data [Ward et al., 2021]. 

Figure 4. Observations of fractures nearby the Ridgecrest 
earthquake sequence revealed by radar interferometry. (A) 
Phase gradient map from stacked interferograms revealing 
~ 300 surface fractures around the Ridgecrest earthquake 
sequence region (13). (B) These fractures have been 
classified as prograde (red - 109), retrograde (blue - 60), 
and undetermined (black - 122) based on high-pass filtered 
(800 m) and decomposed (13) line-of-sight deformation 
maps (upper and lower rows). The north quadrant of the 
Mw 7.1 rupture (C and D) has both prograde (A-A’) and 
retrograde (B-B’) fractures that occur in areas of positive 
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(orange contours) and negative (green contours) Coulomb 
stress, respectively. Coulomb stress is computed with a 
receiver fault orientation aligned with the Mw 7.1 rupture 
(44 degrees NW). Profile A-A’ has a prominent right-
lateral East-West (E-W) signature but small Up-
Down/South-North (U-D/S-N) signature. Profile B-B’ has 
a prominent left-lateral E-W signature as well as a 
significant combined left-lateral S-N and/or downward U-
D signature. Profile C-C’ is transitional, right-lateral 
(prograde) at the eastern end and mainly U-D at the western 
end with slight right-lateral motion. The south quadrant (E 
and F) near the Mw 6.4 rupture has several right-lateral 
(retrograde) fractures (D-D’ and E-E’) as well as left-
lateral (retrograde) fractures (F-F’). Both sets are in an area 
of negative Coulomb stress based on the respective fault 
orientations. Many of the fractures (D-D’ and F-F’) have 
prominent downward vertical signatures resulting from 
extensional stress. Note that the very straight lines in 
decomposed maps (C, D), marked by bold “PJ-s” and 
arrows, are not real fractures but radar phase jumps (PJ-s) 
across burst boundaries caused by the design of the 
Sentinel-1 radar and mis-registration due to azimuthal 
deformation from the earthquake.   
 
 

 
 
Figure 5. (a) Seismic moment accumulation rates per unit 
length  from the heterogenous elastic plate thickness 
model of the SAFS. (b) Difference in between the elastic 
plate models (heterogenous – homogenous). Seismic 
moment accumulation rate is computed for each fault 
segment and then illustrated here (for enhanced visual 
purposes) using a 25 km Gaussian filter straddling each 
modeled fault. 
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1. INTRODUCTION

We have three studies, in various stages of completion, 
using data from this project: 1) Coseismic/postseismic 
study of the 2019 Ridgecrest, California USA earthquake 
sequence. 2) Postseismic study of the 2016 Kumamoto, 
Japan earthquake sequence. 3) Coseismic study of the 2020 
Mw5.1 Sparta North Carolina, USA earthquake.  

2. RIDGECREST EARTHQUAKE SEQUENCE

Two large earthquakes dominated the Ridgecrest 
sequence: 1) a Mw6.4 on 20190704 and 2) a Mw 7.1 on 
20190706. We used seismic waveform data, GPS data, 
strainmeter data, and InSAR (including ALOS-2) to 
determine the coseismic slip and to determine rupture 
propagation directions and velocities [1]. In Fig. 1 we show 
the InSAR data used in the study, and in Fig. 2 we show 
the coseismic slip determined for each the Mw 6.4 
foreshock and the Mw7.1 mainshock earthquakes. The 
coseismic slip and immediate afterslip will be important for 
an ongoing postseismic study of the earthquake sequence. 

Fig. 1 InSAR data used in Ridgecrest study [1]. ALOS-
2 ScanSAR data is in (g). 

The coseismic slip in the main shock and foreshock 
shown in Fig. 2 excludes afterslip immediately after the 
earthquakes. 

Fig. 2 Coseismic Slip for the Mw 6.4 foreshock and the 
Mw7.1 mainshock. 

3. KUMAMOTO EARTHQUAKE SEQUENCE

The Kumamoto sequence began with two foreshocks on 
20160414, Mw 6.2 and Mw 6.0. The mainshock Mw 7.0 
earthquake occurred on 20160416.  The Kumamoto and 
Ridgecrest sequences are very similar in sequence and size. 
We used our last allotment in March 2021 to acquire the 
last of the scenes on the most populated ALOS-2 stripmap 
path. We are calculating a time series with and without 
ionospheric correction. The results will be used to compare 
to and extend a previous study [2] of the postseismic 
deformation study of the sequence using GPS data from 
GEONET. This is an ongoing study that will extend the 
postseismic time interval of study from ~8.5 months in [2] 
to ~17 months. 

4. SPARTA NORTH CAROLINA EARTHQUAKE

The Mw 5.1 Sparta earthquake occurred on 20200809 in 
the northwest corner of North Carolina, a state on the east 
coast of the United States (Fig. 3). This work is in 
preparation for publication. The only geodetic data 
covering the earthquake are ALOS-2 and Sentinel 1 data. 
The coherence of the ALOS-2 one-year interferogram (Fig. 
3) is much better than the six-day Sentinel interferogram.
Only ascending looks from each satellite have been
acquired. The deformation field is more complex that that
of a simple thrust earthquake expected from the moment
tensor solution (Fig. 3). Models of the deformation field
require the addition of a shallow normal fault that ruptured
to the surface (Fig. 4). The high-slip patch (over 300 mm)
is concentrated between 0.05 and 1.5 km depth. The
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moment magnitude of the normal fault is ~5.1, the same as 
the magnitude of the reverse fault. The normal fault 
earthquake appears to have been an aseismic event 
triggered by the reverse fault. It also appears to have some 
curvature…a curved fault model (Fig. 4) fits the data better 
than a planar fault model. 
 

 
Fig. 3 ALOS-2stripmap interferogram from 20191012 
to 20201010. Positive movement is line-of-sight (LOS) 
movement towards the satellite. The moment tensor is for 
the Mw5.1 reverse fault earthquake and the star is at the 
epicenter. Black filled white circles show foreshocks 
recorded 30 hours to one hour before the main shock. 
White filled black circles show aftershocks. The black on 
white diamonds show damaged roads that were in need of 
repair and the damaged areas correspond to the surface 
rupture of the normal fault. Pixels with LOS values 
beyond the color scale (mostly near the fault rupture) are 
assigned purple values. 

The nearest continuous GPS station is about 100 km in 
distance, so ALOS2 InSAR data are essential to this 
study. 

 

 
Fig. 4 Best-fit model of two faults with distributed slip. 
The reverse fault dips to the east and the normal fault 
(curved to match the surface rupture) dips to the SW. 
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1. INTRODUCTION

Understanding how rifting of the earth’s crust is 

accommodated by normal faults is critical to assessing 

earthquake hazard and tectonic processes along extensional 

plate boundaries. Major detachment-type normal faults 

have accrued huge displacements of several 10’s of km. 

Detachment faults are gently inclined (dipping 10-25° from 

horizontal), and are often dome-shaped [1, 2].  The 

existence and origin of detachment faults is enigmatic, as 

rock mechanics experiments suggest that normal faults 

should form at ~60° dips and that they frictionally “lock 

up” and become unable to slip at dips <~30° [1, 3]. This 

proposal aimed to address this paradox by studying the 

Earth’s most rapidly slipping detachment fault, the Mai’iu 

fault in southeastern Papua New Guinea (Figure 1).  

Figure 1.  Tectonic setting of south east PNG and study area modified from [4]. The red lines show the location of normal faults 

and blue lines indicate transform strikes slip faults [5-7]. The green arrows show the horizontal GPS velocities from [8]. 
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The Mai’iu Fault is characterized by a spectacularly 

smooth >20 km-wide scarp and sits within a high-rainfall, 

mountainous setting region making ground based 

observations challenging. Estimates form existing regional 

GPS measurements indicate that it slips at rates of 7.5–9.6 

mm/year [8]. More recently, more densely spaced 

campaign data have been used and suggest ~8 mm/year of 

horizontal extension across the Mai'iu fault which has been 

explained by dislocation models with shallow fault locking 

(above 2 km depth), or by deeper locking (from ~5–16 km 

depth) together with shallower creep [4]. The first aim of 

the proposal was to investigate whether InSAR data 

acquired by ALOS-1/2 could provide additional insights 

into the slip-rate and locking depth of the Mai’iu fault. In 

addition, we wanted to use InSAR data to investigate the 

contemporaneous uplift rates of the nearby the 

D’Entrecasteaux Islands which lie within the Woodlark 

Rift and are <50 km from the Mai’iu fault (Figure 2). The 

D’Entrecasteaux Islands are unique as they are the only 

place on Earth where Ultra-High Pressure rocks once 

buried at 60-100 km depth have breached the surface in the 

last 2-8 million years [9, 10]. Such ascent has required 

vertical rates of motion of >2 cm/yr, similar to the 

horizontal rates of plate motion. At these rates, InSAR is 

an ideal tool to discern if this rapid exhumation occurs 

today, and at what rates. 

 

2. ALOS OBSERVATIONS 

 
For ALOS-1 data we focused on the area where the 

Mai’iu fault comes onshore (Fig. 1). Over the observation 

period of ALOS (2007-2011), there were 15 acquisitions 

available for interferometry along ascending path 359. To 

process the data, we applied the Small baseline algorithm 

using StamPS [11, 12] to estimate the best fitting 

displacement rate through that period. Raw data were 

focused using the NASA/JPL ROI PAC software [13], 

followed by interferometric processing using the DORIS 

software [14]. Topographic corrections were made using a 

3 arc-second (30 m) digital elevation model (DEM) 

generated by the NASA Shuttle Radar Topography 

Mission [15]. In total we processed 39 individual 

interferograms to generate our small baseline network 

(Fig. 2). Many of the interferograms suffer from long 

wavelength orbital and atmospheric errors reducing their 

signal to noise ratio (Fig. 3). To help remove these effects, 

before solving for the displacement rate, we estimated and 

removed a best-fitting plane across each interferogram.  
In addition, due to strong topographic gradients and 

variations in the stratified water vapor content, we also 

estimated and removed a topographically correlated delay 

assuming a linear function with height [16]. 

 
Figure 2. Baseline-time plot for ALOS-1 data used in this 

study along ascending path 359. 

 

Once corrected, interferograms were used to construct a 

time-series and we solved for the best fitting displacement 

rates over the observation period (Fig. 4) 

 
Figure 3. Example interferogram between 06/08/2009 

and 01/10/2009 highlighting a long wavelength signal 

commonly observed. 
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Although the corrections help to reduce some of the noise 

in the interferograms, the large variations in perpendicular 

baseline (Fig. 2) of the ALOS dataset leads to high levels 

of noise within individual interferograms and subsequent 

timeseries (Fig. 5). GPS displacements across the region 

indicate ~10 mm/yr of north eastward motion relative to 

stable Australia. However, due to look direction of the 

satellite, there is less sensitivity to any northward motion 

making it hard to resolve. Vertical rates estimated from 

uplifted corals and geomorphology indicate footwall 

uplift to be 1-4 mm/yr with similar rates of subsidence in 

the hanging wall. With the limited number of acquisitions, 

and high noise levels, resolving this level of displacement 

is challenging (Fig. 4). Generally, the ALOS-1 data shows 

low levels of subsidence within the hanging wall as 

expected; however, there are large areas which show 

apparent uplift.  Unfortunately, due to the heavily 

vegetated areas on the footwall we are only able to 

retrieve a limited number of scatterers which show strong 

residual atmospheric signals, several localized scatterers 

with high displacement rates are also found within marsh 

lands around the coast and within the mountainous 

regions which may be related to landslides (Fig. 4).  

 
Figure 4. Best fitting displacement rate over the Mai’iu 

fault from ALOS-1 data acquired along ascending track 

359. Warm colors indicate motion away from the satellite. 

White dots (P1-4) indicate the location of the points in the 

timeseries shown in Figure 5. 

 
Figure 5. Displacement timeseries derived from ALOS-1 

data for points P1-4 shown in Figure 4.  

 

 

3. ALOS-2 OBSERVATIONS 

 

For the ALOS-2 datasets, we focused on an area of the 

Mai’iu fault to the west of the ALOS-1 dataset where a 

recent campaign GPS survey had been undertaken [4]. 

Additionally, we processed data acquired over the 

D’Entrecasteaux Islands to the North to look for evidence 

of contemporaneous uplift. For both datasets, we followed 

a similar approach to before by applying the Small 

baseline algorithm using StamPS [11, 12] to estimate the 

best fitting displacement rate through that period. The raw 

interferograms were processed using GAMMA [17] with 

topographic corrections made using a 3 arc-second (30 m) 

digital elevation model (DEM) generated by the NASA 

Shuttle Radar Topography Mission [15]. For path 111, 

covering the Mai’iu fault, we processed 17 SAR images 

forming 58 interferograms (Fig. 6). For the 

D’Entrecasteaux Islands, we used ascending path 110 and 

formed 75 interferograms from 22 SAR images (Fig. 7). 

For both datasets, prior to the formation of the timeseries 

we estimated and removed a best-fitting plane across each 

interferogram as well as estimating and removing a 

topographically correlated delay assuming a linear 

function with height [16]. 
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Figure 6. Baseline-time plot for path 111. 

 

 
Figure 7. Baseline-time plot for path 110. 

 

Comparing the final ratemap with recent campaign GPS 

data (Fig. 8, [4]), there are some differences. While the 

overall rates aren’t too dissimilar, residual errors cause 

some significant local deviations. The large topography 

through the middle of the scene, which reaches ~3000 m 

over ~10-20 km distance, leads to topographically 

correlated errors but also causes atmospheric 

perturbations on the hanging wall side of the fault which 

are challenging to remove. Modelling of the GPS data [4] 

suggests that there may be shallow creep along the Mai’iu 

fault or that it has a shallow (~2 km) locking depth. 

However, based in the InSAR analysis, we cannot detect 

any sign of shallow locking or creep with any certainty 

(Figs. 8, 9). 

 
Figure 8. Best fitting displacement rate derived from 

ALOS-2 data over the Mai’iu fault. The black line shows 

the location of the fault through the middle of the scene. 

The colored dots show the LOS displacement rate at 

campaign GPS sites (Biemiller et al., 2020). The yellow 

lines show the location of profiles shown in Figure 9 and 

the white dots (P1-4) show the location of the points in 

the timeseries plot in Figure 10. 

 

Despite the large residual noise terms, we were able to 

extract a timeseries. Interestingly, various points across 

the region show a strong transient in the apparent 

displacement from late 2017 to late 2018 (Fig. 10). 

However, as there were no local earthquakes or other 

obvious causes for the transient it remains an enigma. 

Comparing the perpendicular baseline with the timeseries 

 (Figs 6 and 10), there is a possible correlation between 

the timing of the displacement transient and drift in the 

perpendicular baseline. While not clear if this is the cause, 

the apparent displacement may be an artifact from a DEM 

error which is amplified as the baseline becomes larger. 
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Figure 9. LOS Displacement profiles along the line shown 

in Figure 8. The black dots show all the scatterers from 

within 5 km of the profile lines. The red line shows the 

topography along the profile. 

 
Figure 10. Displacement timeseries for points P1-4 shown 

in Figure 8. The black line shows the best-fitting rate. Note 

the strong gradient in the middle of the timeseries in late 

2017. 

 

In addition to investigating the Mai’iu fault, we also looked 

for evidence of contemporaneous uplift of the 

D’Entrecasteaux Islands which show ~2 cm/yr of uplift 

over the last 2-8 million years [10]. As we the Mai’iu fault 

study area, dense vegetation and strong atmospheric 

gradients make the InSAR analysis challenging. Although 

parts of Goodenough Island suggest apparent uplift of ~5-

10mm/yr, the southeastern side of the island lower 

elevation areas show apparent subsidence and suggest 

residual atmospheric errors (Fig. 11). This is also observed 

in the timeseries of points around the islands that have large 

amounts of scatter (Fig. 12). Due to the tropical climate and 

being surrounded by ocean, one would expect there to be a 

significant amount of water vapor and hence larger noise 

levels in the data. Although we do not detect any significant 

deformation associated with the uplift of the islands, there 

are a number of reasons that we may not be able to resolve 

it. One reason is that the rates of deformation are not 

resolvable within the errors of the dataset, which, because 

of the large atmospheric contribution, are large. Another 

cause could be an issue the reference point in the InSAR 

data. Due to the Islands relatively small size (27 x 28 km), 

if the whole area was being uplifted then it would become 

largely invisible to the relative nature of the InSAR data. 

Alternatively, the large rates of exhumation derived from 

geological data are no longer occurring today. 

 
 

Figure 11. Best fitting displacement rate derived from 

ALOS-2 data over D’Entrecasteaux Islands. The white dots 

(P1-4) show the location of the points in the timeseries plot 

in Figure 12. Warm colors indicate motion away from the 

satellite. 

 

 

4. CONCLUSIONS 

 

Using ALOS-1 and ALOS-2 data we have attempted to 

identify and extract deformation timeseries covering 

Papua New Guinea’s Mai’iu fault and D’Entrecasteaux 

Islands. While the longer wavelength of ALOS-2 makes 

interferometry feasible, the low rates of deformation, 

challenging terrain and strong atmospheric gradients 

make it difficult to resolve any potential deformation 

signals associated with either locking along the fault or 

uplift of the Islands. However, due to the earthquake 

potential across the region and, as demonstrated here, 

ability for L-band interferometry to work it is important 

that these challenging environments continue to be 

regularly imaged for future event responses. 
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Figure 12. Displacement timeseries for points P1-4 shown 

in Figure 11. The black line shows the best-fitting rate. 

Note the strong gradient in the middle of the timeseries in 

late 2017. 
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1. INTRODUCTION

Despite the growing number of Slow Slip Events (SSEs) 

being documented long subduction margins, there are few 

examples which have been captured by Satellite Radar 

Interferometry data [1-3]). The frequent occurrence of 

SSEs in the offshore portion of subduction margins, 

combined with their relatively small signal, make them 

challenging to detect with InSAR. This study aimed to 

utilize data acquired by ALOS and ALOS-2 across the 

Hikurangi subduction zone, New Zealand, to look for 

deformation associated with SSEs along the margin (Fig. 

1). 

Figure 1. Map view of the North Island of New Zealand. 

Black lines show the location of known active faults. 

Major populated areas are indicated by the white squares. 

The heavy black line shows the location of the plate 

boundary with the arrow indicating the relative 

convergence rate between the Pacific (PAC) and 

Australian (AUS) plates. 

In New Zealand, westward subduction of the Pacific 

plate beneath the North Island of New Zealand occurs 

along the Hikurangi trench located less than 100 km 

offshore (Fig. 1). In the North Island, where Australia-

Pacific convergence is oblique, margin normal relative 

plate motion is accommodated by a combination of 

shortening within the overriding plate [4] and slip along the 

shallow subduction thrust (Fig. 1, 2), while the margin 

parallel component is accommodated via a combination of 

strike slip faulting and rotation of the forearc [5]. 

Campaign GPS data has revealed the distribution of 

interseismic locking on the subduction thrust, which varies 

significantly along-strike, from deep (>30 km depth) 

locking in the south to an aseismic creep dominated margin 

in the north (Fig. 2; [5]). Since 2002, more than 20 Slow 

Slip Events (SSEs) have been detected by a network of 

continuous GPS [6-10] with periodicities ranging from 

weeks to years. More frequently occurring, but shorter 

duration, SSEs are located along the northern margin and 

largely occur along the offshore portion of the plate 

boundary. Conversely, SSEs at southern and central 

Hikurangi margin are deeper and typically last for periods 

of years and have previously been captured by InSAR data 

[2]).  

Figure 2. Inferred locking distribution and slip 

distributions of SSEs along the Hikurangi subduction 

interface after Wallace et al., 2012 [8]. Dashed lines 

indicate the depth to the plate interface. Green lines show 

cumulative slip in SSEs between 2002-2012. 
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2. ALOS OBSERVATIONS 

 
Over the observation period of ALOS (2007-2011), there 

were limited SSE targets where we expected to be able to 

resolve any deformation. As a result, we focused on  

ascending pass 322 over East Cape which had three SSE 

events in 2007, 2008 and 2010 ([7], Fig. 3). Between 

December 2006 and 2011, there were 18 ALOS SAR 

scenes acquired and we applied the StamPS time-series 

InSAR technique [11, 12] to estimate the best fitting 

displacement rate through that period. Raw data were 

focused using the NASA/JPL ROI PAC software [13], 

followed by interferometric processing using the DORIS 

software [14]. Topographic corrections were made using a 

3 arc-second (90 m) digital elevation model (DEM) 

generated by the NASA Shuttle Radar Topography 

Mission [15]. Many of the interferograms suffer from 

long wavelength orbital and atmospheric errors reducing 

their signal to noise ratio. To help remove these effects, 

we estimated and removed a best-fitting plane across each 

interferogram. To limit the effects on any tectonic signal, 

we compare the corrected interferograms with the GPS 

velocities and adjust the data as necessary. In addition, 

variations in the stratified water vapor content were 

estimated and removed assuming a linear function with 

height [16]. Once corrected, interferograms we used to 

construct a time-series and we solved for the best fitting 

displacement rates over the observation period. In total we 

use 29 interferograms to estimate the average LOS 

displacement rate over the region. 

 
In general, the large variations in perpendicular baseline 

of the ALOS dataset leads to high levels of noise within 

individual interferograms and subsequent timeseries (Fig. 

4). In some cases, we were able to successfully extract a 

timeseries consistent with co-located GPS sites and one of 

the larger SSEs in 2010 (Fig. 4). However, at other GPS 

sites which show a larger SSE displacement, the ALOS 

timeseries is not able to detect the signal due to the nosier 

interferograms present in the network. Despite the 

analysis of ALOS data being inconclusive to robustly 

detect SSEs, it highlights the potential for using data from 

ALOS-2 with better orbit control and, in some areas, 

better temporal coverage. 

  
3. ALOS-2 OBSERVATIONS 

 

As with ALOS-1 data, the limited temporal extent of 

individual SSEs, combined with the acquisition pattern of 

ALOS-2, adds an additional challenge to capture any SSEs 

along the margin during the observation time period. 

Fortunately, there were two separate periods with SSEs and 

good coverage from ALOS-2. The first was associated with 

a short lived ~10-day event across a large swath of the  

 
Figure 3. Distribution of SSEs derived from GPS data over Hawkes Bay and East Cape between 2007 and 2010. 

Modified from Wallace et al., 2010 [7] 
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margin triggered following the 2016 Kaikoura earthquake 

[17], Fig. 2). Due to the availability of data, we focus on 

the Hawkes Bay region (Fig. 1) using wide swath data 

acquired along descending track 194. Based on terrestrial 

GPS analysis, the SSE started on 16 November and lasted 

for ~10 days [17], Fig. 5) with up to 4 cm of eastward 

motion along the coast (Fig. 5) with ~2 cm of subsidence. 

To look for deformation associated with the SEE, we 

generate a timeseries using a small baseline approach 

(SBAS, [18]) using data from mid-2015 to early 2017. Data 

were processed using GAMMA [19] with topographic 

corrections made using a 1-arc-second (30 m) digital 

elevation model (DEM) generated by the NASA Shuttle 

Radar Topography Mission [15].  

 

 
Figure 4. Left) Best fitting displacement rate based on ALOS-1 observations from 2007 to 2011. Negative LOS values 

indicate motion towards the satellite and positives away. The black dots show the location of GPS sites used to compare 

with the InSAR derived timeseries. Right) InSAR and GPS timeseries for the points shown in the left panel. Blue crosses 

are the LOS converted GPS displacements and the black dots are from ALOS-1. The dashed black lines indicate the 

timing of two SSE events. 

Figure 5. Left) Best fitting LOS displacement rate between 2015 and 2017 over the Hawkes Bay region. Negative values 

indicate motion towards the satellite. White dots show the location of continuous GPS sites. Right) Slip distribution of 

triggered SSEs following the Kaikoura earthquake and observed horizontal displacements from [17]). 
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To validate the InSAR derived timeseries, we take convert 

the east, north and vertical components from collocated 

GPS sites into the satellite line-of-sight and compare with 

the InSAR derived timeseries. (Fig. 6). Overall there is  

 

good agreement between the two datasets, despite the small 

size of the InSAR dataset. Unfortunately, a number of the 

interferograms had large ramps through them, possibly a 

result of uncorrected ionospheric noise, which introduces 

some of the differences. Despite ~4 cm eastward 

displacements associated with the SSE, when imaged in the 

satellites LOS, the vertical and horizontal components 

largely cancel each other out making the SSE undetectable 

(Fig. 6). 

 

For the 2019 SSE event at East Cape, we used strip map 

data from ascending track 99. For this event, there were 19 

acquisitions from late 2014 to 2020. GPS indicate that a 

large SSE started at the beginning of April 2019 and lasted 

close to 1 month with eastward displacements of ~4 cm 

detected long the coast (Figs. 7 and 8), due to slip occurring 

offshore, limited vertical deformation was observed. To 

process the data, we generated a small baseline network of 

interferograms from August 2014 to November 2020 (Fig. 

3) using GAMMA [19]. The final interferograms were then 

fed into StamPS [11, 12]. Using the small baseline 

interferograms generated by StamPS, we first estimated 

and removed a ramp from each interferogram to account 

for any long wavelength atmospheric or orbital errors. 

Because the SSE is expected to cause a deformation signal 

which would be removed by the correction, for 

interferograms which span the event we first remove the 

expected deformation field of the SSE using GPS data. 

Once the corrections have been made the SSE deformation 

is added back to the relevant  

 

interferograms and we solved for the displacement 

timeseries.  

 

To validate the InSAR timeseries, we again compare it with 

co-located GPS which have been converted into the 

satellites LOS (Fig. 7 and 8). Despite the limited number 

of acquisitions and average time interval of 120 days, the 

InSAR derived timeseries is in good agreement to the GPS 

(Fig. 7 and 8). To extract the deformation signal from the 

SSE, we used the timeseries and solved for the best fitting  

displacement rate and static offset associated with the SSE 

(Fig. 8). The displacement field is in good agreement with 

the GPS derived offsets and shows peak LOS 

displacements of ~30 mm along the coast decaying towards 

0 inland (Fig. 8). 

 

 

3. CONCLUSIONS 

 

Using ALOS-1 and ALOS-2 data we have attempted to 

identify and extract deformation timeseries covering SSEs 

over the Hikurangi subduction margin, New Zealand. The 

limited number of acquisitions and large perpendicular 

baselines makes their detection difficult when using 

archived ALOS-1 data. However, using ascending 

stripmap data from ALOS-2 we were able to identify a  

Figure 6. LOS timeseries extracted from ALOS-2 data for co-located pixels and continuous GPS. The blue crosses show the 

three components of the GPS converted into the satellites LOS and the black dots are the timeseries derived from InSAR. 
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signal from a large SSE in April 2019. The large temporal 

baselines and short time span of the SSE limits our ability 

to assess its temporal evolution, but the improved spatial 

distribution of observations is aiding modelling efforts 

(Woods et al 2021). The success of SSE detection  

 with ALOS-2 data, and other SAR systems, is dependent 

on look angle. For Hikurangi, ascending data typically 

works best and should be prioritized for this type of study.  

 

 
Figure 8. Estimated co-SSE displacement field extracted 

from the InSAR timeseries. The colored circles show the 

equivalent displacement from continuous GPS. 
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1. ABSTRACT

In this study, we applied the modified PS INSAR for 
detecting the land slide area under the forest cover region, 
and decomposed the UD and EW components of the 
movement from the time series data A and D InSAR pairs. 
The target area showed L-band SAR (PALSAR-2/ALOS-2) 
could detect the slow movement of the land surface which is 
covered by the deciduous trees.  

Index Terms— ALOS-2, PALSAR-2, Interferometry, 
Subsidence detection 

2. INTRODUCTION

Surface deformation can happen at any areas due to the 
annual land degradation or the earthquake motions. In order 
to detect such area, we found the small area of 4.8 ha which 
gradually slide along the hilly mountain slope. 
Decomposing this movement using the ascending and 
descending orbit data, we found that the ascending image 
detected the deformation in the line of sight and descending 
did not. The 2.5-dimensional analysis found the surface 
movement along the land surface1). The target area locates at 
the forest areas with InSAR low coherence area. Thus, we 
developed the modified PS InSAR extracting the high-
quality phase based on the high coherence and the high 
radar backscatter. Basically, the PS points were selected 
from the man-made targets. Under forested area cannot 
settle such PS points. Thus, this study modified the selection 
strategy in such a way that the high coherence a relatively 
high radar backscatter. This study used the selected target 
and the 2.5-dimension analysis. 

3. METHODS

Interferometric SAR processing of the two individual SAR 
data measures the phase difference or principal value of the 
differential satellite-target distance divided by the phase as f. 
Rs is the satellite-target distance in the slave image, Rm is 
that of master, l is the wavelength. 

(1) 
Using φ and the parallel baseline, Bpara, perpendicular 
baseline Bperp, height z, slant range incidence angelθ , 
displacement Dr in the line of sight can be given by 

        (2) 
Here, the deformation is the lien of sight direction, and 
combination with the different direction allows the 
decomposition in 2-dimensional or 3 dimensional one. Here, 
we decompose the deformation in 2.5 dimensional. Thus, 
the decomposed component can be given by  

 (3)   

 (4) 
Here, DX is the E-W movement, DZ the vertical component. 
Suffix D stands for the descending orbit, and A the 
ascending orbit. d is the deformation is the line-of-sight, the 
incidence angle, f the azimuth direction.  

2.2 Extracting the PS points or higher coherence points 
We will use the coherence and the sigma-zero at the 
following classification. Coherence is defined in (5).  

(5) 
Here, g is the coherence, Sm is the master complex signal, 
and Ss is the slave complex signal. Theoretically expressed 
by Standard deviation of the interferometric phase can be 
Equation (6) and (7).  

(6) 

    (7) 
Here, N is the number of looks. The higher the coherence, 
the standard deviation of the phase reduces. Backscattering 
coefficients of the target can be obtained by the following 
equation (8) 
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             (8) 
Here, DN is the digital number of 16 dat. Using the signals 
whose sigma-zero and coherence exceed the thresholds, the 
phase information with the reliable data can be extracted 
and used for the interferometric analysis. 

 
4. TARGET AREA 

 
As the test field is shown in Fig. 1, the left is the Google 
Image for “Ishizaka no mori”, the center and the right are 
the phase data overlaid for Google Earth. It mentions that 
the ascending image detects the deformation while 
descending image does not. The test files inclined both ways 
at the center area, and deformation area is inclined in east 
way. The red area is settled as the test target area with the 
size of 200mx200m. From here, we will calculate the 
deformation data in this field. 

 

 
Fig.1. Target areas 

 
5. ANALISYS 

 
4.1 Accuracy evaluation 
Before moving into the next step, we have calculated the 
theoretical standard deviation of the InSAR phase and the 
sigma-zero using Equations (7) and (8). The results are 
shown in Table 1 and 2. Observation dates are SAR data 
acquisition time.σ r’ is the phase standard deviation. Its 
average is about 1.0 cm and closer to the theoretical value. 
The sigma-zero is as high as -7 dB. Their data can be 
confirmed with higher accuracy. 

Table.1. Theoretical and actual phase standard deviations. 

 
 

Table.2. Sigma-zeros 

 

 
 Fig.2. Model distribution of the phase 

 
4.2 Threshold 
Averaging the coherence and sigma-zero, and are used for the 
threshold (Fig. 3).  
 

 
Fig.3. Setting the threshold 

Next, using the threshold, we extract the good pixels. Fig. 
4&5 show the screened phase map where the pixel with 
lower threshold is replaced by 0 and the pixels with higher 
threshold remained as is. From the left to the right, phase 

𝜎" = 10 × log*+ 𝐷𝑁. − 83

-5.9cm 0 +5.9cm

䴇体 ㏎㉂㈬䴇体㈨㊓偏㈳㈨㊕

昇交軌道 σr (cm ) σr' (cm ) 降交軌道 σr (cm ) σr' (cm )

20141109-20150621 0.7 0.2 20141009-20150507 0.8 0.3

20150621-20150830 0.8 1.6 20150507-20150827 1.0 1.0

20150830-20151122 0.9 0.9 20150827-20151022 0.8 0.2

20151122-20161120 0.9 0.7 20151022-20161215 1.1 1.2

20161120-20170604 0.8 0.8 20161215-20170713 1.0 1.1

20170604-20180325 0.7 0.2 20170713-20180405 1.0 1.4

20180325-20190224 1.0 3.0 20180405-20181213 1.1 1.8

20190224-20190602 1.0 2.6 20181213-20190404 0.8 0.3

平均 0.8 1.2 平均 1.0 0.9

昇交軌道 後方散乱計数(dB) 降交軌道 後方散乱計数(dB)

20141109 -7.94 20141009 -7.78

20150621 -7.89 20150507 -7.69

20150830 -7.28 20150827 -7.17

20151122 -8.04 20151022 -6.82

20161120 -7.28 20161215 -6.19

20170604 -7.52 20170713 -7.32

20180325 -6.75 20180405 -7.44

20190224 -7.94 20181213 -7.00

20190602 -7.95 20190404 -6.87

昇降軌道 降交軌道 
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image, screened phase image from the coherence, screened 
phase from the sigma-zero, and the screened phase from 
both coherence and the sigma-zero. It turned out that the 
threshold in coherence and sigma-zero detect the different 
pixels. Thus, the fourth image shows the best phase image.  

 
Fig.4. Screened phase (ascending orbit) 

 
Fig.5. Screened phase (Descending orbit) 

Fig. 6&7 shows the accumulated deformations in time. 
Tendency of the deformation in ascending orbit does not 
change, but the change value varied. The minimum variation 
occurs in original data, maximum variation is given by the 
screened phase by both coherence and phase. This can be 
explained by that th less noise increases the deformation. 
Descending orbit does not provide the deformation at any of 
the screening processes.  

 
Fig.6. Accumulated deformation in time (Ascending) 

 
Fig.7. Accumulated deformation in time (descending) 

4.3 Interpolation image 
In order to decompose the deformation using the two-
ascending and descending screened images, interpolation of 
the phase is performed. We adopted the weighting average 
method that accumulates all the pixels locating within the 
radius R with the weighing factor inversely proportional to 
distance. The concept of the processing is shown in Fig 8 
and the produced image is shown in Fig. 9. From the left, 
phase image, phase image thresholder by the coherence, 
their interpolated image.  

 
Fig.8. Weighing average method 

 
Fig.9. Interpolated image 

 
4.4 Phase decomposition 
Using the interpolated a weighted image, decomposition 
processing was performed. Nearest ascending orbit and 
descending orbit was selected and combined for the 
decomposition. Fig. 10 shows that from the left to the right, 
interpolated image in ascending orbit, the image in 
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descending orbit, annual averaged east-west moving speed 
image, annual averaged up-down moving speed.  

 
Fig.10. Decomposed image  

Fig. 11 shows the time series E-W decomposed speed. Fig. 
12 shows the corresponding variation in E-W directions. 
Fig.13 shows the time series vertical components and Fig 14 
shows the corresponding variation. In East west component, 
East in +, west in -, + in uplift, and – for subsidence. It turns 
out that the variation in east-west moves 5cm in the first 1.5 
year, and west ward by 3cm in a year, then moves to the east 
again. East movement occurs along the surface inclination 
direction and moves along the line. Variation in z-direction 
shows the subsidence in the first two years, then uplifted a 
year, then, and subsided. In total, the movement is 1.9 
cm/year (5.4 cm/s as the standard deviation) as the annual 
averaged speed in east-west, and -1.7 cm/year as the 
averaged subsidence speed (and 4.8cm/year as the standard 
deviation).  

 
Fig.11. annual averaged speed (east-west) 

 
Fig.12. Accumulated variation (East-west) 

 
Fig.13. Annual averaged moving speed (east-west) 

 
Fig.14. Accumulated variation (up-down) 

6. DISCUSSIONS 
We compare the annual precipitation data of the Hatoyama 
measured in 2014-2018 and the vertical data in Fig. 15. 
Annual precipitation says that the it decreases for 2014-2015 
and do change in 2015-2017 and decreases in 2018. 
Deformation data mentions that the surface dislocate for 
2015-2017, and approaches in 2018, a and dislocate again 
later. Precipitation shows a similarity with some delays. 
Thus, the water leveling underground could be the reason.  

 
Fig.15. Comparison of the annual precipitation and the surface 

deformation 
 

7. CONCLUSIONS 
We applied a method to screen the phase using the 
coherence and sigma-zero to collect the well qualified pixels 
and not using the nosy pixels. Thus, the highly accurate 
calculation of the deformation detection was performed, and 
thus the deformation value was increased. Using the 
improved phase, we decomposed the surface deformation 
using the 2.5-dimensional analysis. As a result, the surface 
moves in east direction as 1.9cm/year and subsidence speed 
of -1.7cm/year speed.  Since there is a correlation between 
the annual precipitation and the subsidence tendency, 
movement of the under-water level could be one reason. As 
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the future theme, tuning of the threshold could be the theme. 
We will consider the correlation between the subsidence 
tendency and the underground structure. In addition, the 
GPS receiver was deployed and these data will be combined.  
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ABSTRACT

Polarimetric interferometric synthetic aperture radar (PolIn-
SAR) provides us with so useful information that we have
to know the details of the mechanisms of scattering resulting
in its polarization and phase. When we process Polarimetric
synthetic aperture radar (PolSAR) data by machine learning
to analyze vegetation, it is necessary to know how polariza-
tion changes by scattering. In order to clarify the physical
mechanisms of scattering in PolInSAR, we examine how po-
larization changes by PPO-BD (Pixel-by-Pixel Optimization
considering Baseline Difference), which is an adaptive filter
of InSAR images. By using scattering sphere we propose,
we find that the features of the scattering mechanisms are en-
hanced after polarization is optimized by PPO-BD. It means
that PPO-BD performs the phase optimization by taking into
account the differences in the scattering mechanisms among
pixels. We find that, when PPO-BD optimizes the phase to
reduce singular points by utilizing polarimetric data, it also
emphasizes the polarimetric mechanism information pixel by
pixel.

Index Terms— SAR interferometry, SAR polarimetry

1. INTRODUCTION

In recent years, machine learning is widely used in remote
sensing. A lot of research have already been conducted such
as noise reduction of interferometric synthetic aperture radar
(InSAR) image based on complex-valued MRF model [3–6],
PolSAR land classification by using quaternion neural net-
works [7,8] and singular point compensation by using phasor
quaternion neural networks [9]. Another example is PPO-
BD (Pixel-by-Pixel Optimization considering Baseline Dif-
ference), which is an adaptive filter of InSAR images [10,11].

This work was presented at IEEE International Geoscience and Remote
Sensing Symposium (IGARSS) 2019 Yokohama [1], and its details were pub-
lished in IEEE Journal of Selected Topics in Applied Earth Observations and
Remote Sensing (JSTARS) [2]. The present version is prepared as a JAXA
RA-6 Final Report. A part of this work was supported by JSPS KAKENHI
Grant Number 18H04105.

The interferograms generated with PPO-BD have much
fewer singular points (SPs) than those with conventional
methods, resulting in much more accurate digital elevation
models (DEMs). The PPO-BD optimizes the phase values
by linearly combining the polarization components with a
criterion of coherence to reduce SPs. The result suggests that
scattering, especially the polarization changes, is involved in
the generation mechanisms of SPs [12].

In this paper, we investigate how PPO-BD changes polari-
metric states in order to clarify the physical mechanisms of
scattering in PolInSAR. First, we propose “scattering sphere”
to represent the features of scatterers visually. Then, we com-
pare between the polarimetric information before and after
PPO-BD treatment.

2. PPO-BD (PIXEL-BY-PIXEL OPTIMIZATION
CONSIDERING BASELINE DIFFERENCE)

The combination of polarimetric information, that is, PolIn-
SAR, has been studied to reduce artificial SPs. PolInSAR
measures the scattering coefficients to construct a scattering
matrix as

S =

[
SHH SHV

SVH SVV

]
(1)

where Sij (i, j = H or V) is the coefficient for j transmitted
and i received polarizations in the HV-polarimetric basis. In
the case of a monostatic radar, we can assume that SHV is
equal to SVH. The scattering matrix is equivalently replaced
by the Pauli vector

k =
1√
2

 SHH + SVV

SHH − SVV

2SHV

 (2)

New complex scattering coefficients can be generated by cal-
culating the product of a 3×1 arbitrary complex unit vector w
and Pauli vector k for master (m) and slave (s) observations
as

µm = w∗
mkm, µs = w∗

sks (3)
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Fig. 1: Scattering sphere (1/8 sphere) and the scatterers at the representative
points.

The matrix w is called the scattering mechanism vector. We
can calculate the interferometric phase of the interferogram
by using these new coefficients as

Φ = arg{µmµ
∗
s} (4)

The interferometric coherence is given by

γ =
|⟨µmµ

∗
s ⟩|√

⟨µmµ∗
m⟩⟨µsµ∗

s ⟩
(5)

Fig. 2: Google earth image with sample areas used in the experiment (Yel-
low: field, Red: town, Green: forest, Blue: lake).

In general, interferograms with high coherence generate
highly accurate DEMs. The linear combination of polariza-
tion states that yield the highest coherence can be calculated
by optimizing wm and ws.

Conventional methods have used multi-look interfero-
grams to generate DEMs. Since the resolution of SAR is
being improved significantly, it is desirable that we can make
DEMs by using single-look interferograms. In Cloude’s
method [13] and Tabb’s method [14], the scattering mechasim
vectors w take the same value in the window for coherence
calculation though the value should actually varies pixel by
pixel. To solve this inconsistency, Shimada et al. proposed a
method to optimize w pixel-by-pixel, that is, PPO-BD (Pixel-
by-Pixel Optimization considering baseline difference). The
processing flow of PPO-BD is explained as follows.

1. Calculate the scattering mechanism vectors wm(x, y)
and ws(x, y) at position (x, y) by Tabb’s method for the
whole target area to be used below as the initial vector
(wm(x, y) = ws(x, y) = w(x, y)).

2. Update only the scattering mechanism vectors of
(X,Y ), the center pixel in a 3× 3 window, wm(X,Y )
and ws(X,Y ) respectively by maximizing the interfer-
ometric coherence γPPO-BD(X,Y ) defined as

γPPO-BD(X,Y )

=

∣∣∣∣∣ Y+1∑
y=Y−1

X+1∑
x=X−1

(
µ∗
m(x, y)µs(x, y)

)∣∣∣∣∣√
Y+1∑

y=Y−1

X+1∑
x=X−1

(
µ∗
m(x, y)µm(x, y)

)(
µ∗
s (x, y)µs(x, y)

) (6)

Sweep the window to update w for all the pixels.

The interferograms generated with PPO-BD have much
fewer SPs than the results with conventional methods, result-
ing in much more accurate DEMs [11]. In some cases, inter-
ferograms generated with PPO-BD have no SPs. That is, the
optimization of the linear combination of polarization compo-
nents with a criterion of coherence reduces SPs. These results
suggest that scattering, including the polarization changes, is
involved in the generation mechanisms of SPs. In the next
section, we propose scattering sphere that represents the fea-
tures of scatterers visually to investigate how polarization is
changed by scattering.

3. SCATTERING SPHERE

Comparing to the Poincare sphere, which is used to represent
wave polarization, we propose a sphere which represents the
features of scatterers visually. We name it scattering sphere.

Fig. 1 shows the scattering sphere, where the coordinates
represent the absolute values of k1 = SHH + SVV, k2 =
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(a–1) (a–2)

(b–1) (b–2)

(c–1) (c–2)

(d–1) (d–2)

Fig. 3: Scattering spheres (⋆-1) before and (⋆-2) after PPO-BD treatment for the areas of (a-⋆) field, (b-⋆) town, (c-⋆) forest and (d-⋆) lake.
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SHH − SVV and k3 = SHV, respectively. The angle between
|k1| axis and the radius vector projected on |k1|-|k2| plane
represents angle αcm in coherency matrix [13] while the angle
between x-y plane and the radius vector represents angle βcm.
Fig. 1 also shows the scatterers at representative points.

4. EXPERIMENTS AND RESULTS

We use ALOS-2 data collected on October 12, 2014, over
Lake Kawaguchiko, Yamanashi prefecture, Japan. We plot
the scattering states on the scattering sphere for 100×100=10,000
pixels from the areas of field, town, forest and lake. Fig. 2
shows the optical image of the data area.

The scattering vector after PPO-BD is given by calculat-
ing Hadamard product of the scattering vector and the com-
plex conjugate of the optimized scattering mechanism vector
wopt as

kopt = wopt ⊙ k (7)

Fig. 3 shows the scattering spheres before and after the
PPO-BD treatment for the areas. In the spheres for field, we
find that there are more points around (1, 0, 0) after PPO-BD
than before PPO-BD. Since surface scattering is dominant in
field, it means that PPO-BD enhances the actual scattering
mechanisms. We also find in all the areas that the spheres after
PPO-BD show a wider distribution than those before PPO-
BD. This result shows that PPO-BD emphasizes the features
of the scattering mechanisms.

5. CONCLUSION

In this paper, we investigated how polarimetric information is
changed by PPO-BD in order to clarify the physical mecha-
nisms of scattering. By using scattering sphere we proposed,
we found that the features of the scattering mechanisms are
emphasized after phase is optimized by PPO-BD. The en-
hancement of the polarimetric scattering mechanisms occurs
simultaneously with the phase optimization in PPO-BD. This
finding is useful when we process polarimetric information
by using adaptive processing including machine learning.
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MONITORING MINE SUBSIDENCE IN MIDWESTERN UNITED STATES
USING INSAR AND NUMERIC MODELING

3135
Vasit Sagan

Geospatial Institute, Saint Louis University, Saint Louis, MO 63108, USA
Department of Earth and Atmospheric Sciences, Saint Louis University, Saint Louis, MO 63108, USA

1. INTRODUCTION

Land subsidence due to coal mining or other
anthropogenic activities such as hydrologic fracturing or
fluid extraction can cause a number of serous societal and
environmental problems (e.g., building collapse, road
damage, and groundwater contamination). In recent
decades, subsidence damage to structures has become
increasingly common in Illinois as new developments
expanded over abandoned, long-forgotten mines.
Developing low-cost, effective tools to monitor potential
risk from long-term residual land subsidence and
predicting impending collapse before it actually causes
economic loss is of great importance not only to
individual property owners, but also to insurance
companies and regional policymakers charged with
assessing risk related to abandoned coal mines. The
proposed project will develop new tools for monitoring
land subsidence covering all of Illinois, which is critical
to prioritize surveying efforts over areas with the potential
of collapse, preventing casualties and economic loss.
Integrating satellite InSAR and finite element modeling,
we will develop an operational tool that could be used to
determine the causes of land subsidence (mining or
natural) in both vegetated and urbanized environments.
Field surveys, ground-based InSAR, finite element
modeling and terrestrial laser scanner will be used to
calibrate and validate the subsidence rates inferred from
the interferometric analysis, and generate close-up high
spatial resolution maps for selected deformation sites.
This project will provide a scientific basis to develop
sound strategic plans to prevent unexpected economic
loss from new developments, regulating or refining
policies regarding mining activities, and develop
management plans to reduce future hazards.

The objectives of my research was to utilize
ALOS PALSAR-1 and PALSAR-2 data to monito land
subsidence in Midwestern United States. We have carried
out a number of experiments focusing on surface
deformation due to coal mining and injecting wastewater
in areas where natural gas or oil are extracted.

2. RESULTS OF OUR RESEARCH

This grant allowed us to complete two PhD dissertations
and two peer-reviewed publications. More papers can be

published from the PhD dissertation work however
students moved on after graduation and we did not pursue
a peer-reviewed journal publication of the work. Below
are the summaries of these PhD dissertation research.

2.1 USING REMOTE SENSING AND SPATIAL
STATISTICS TO CHARACTERIZE INCREASED
SEISMICITY IN OKLAHOMA

We performed an Interferometric Synthetic
Aperture Radar (InSAR) Small BAseline Subset (SBAS)
analysis over east central Oklahoma to identify ground
surface deformation with respect to the location of
wastewater injection wells to answer if anthropogenic
activities are contributing to the observed increased
seismicity. Our conclusions are as follows:

(1) Spatially, regional deformation and injection
wells showed correlations to some degree. There is broad
subsidence coincident with densely located injection
wells.

(2) From December 2006 to January 2011, over
44 mm of uplift was observed over Cushing, Oklahoma,
which has significant implications for the oil and gas
industry. This is due to the fact that Cushing is a major
hub of the Keystone Pipeline, as well as the site of the
largest above-ground crude oil facility in the world. Time
series analysis for the city of Cushing, Oklahoma
demonstrates a growing stress accumulation indicating the
potential for induced seismicity.

(3) The area southeast of Drumright, Oklahoma
presents some intriguing questions as to the magnitude of
deformation observed, yet the lack of seismicity in the
area. This region shows a clear area of uplift bounded by
faults on the western and eastern sides of deformation,
with a longer central fault. A horizontal profile highlights
the variation from a subsiding area to the west of the fault
(−8 mm) through an area with a high amount of
deformation (+27 mm).

2.2 MONITORING LAND SUBSIDENCE IN
MIDWESTERN U.S. USING MULTI-TEMPORAL
INSAR

This work implemented MTI (PSI and SBAS)
algorithms for regional ground subsidence monitoring.
We used SAR data over Springfield and SLME from 1992
to 2011. Spatial and temporal patterns of deformation
have been produced for Springfield and the SLME
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including Belleville, IL. Two separate satellite radar
systems were used; ERS-1/2 covered a period from
6/14/1992 to 8/30/2000 and ALOS-1 covered from
6/18/2007 to 2/11/2011. Results showed that many of
these areas are likely the result of collapsed mine
workings, and are consistent with reported mine
subsidence. The measurements of both ERS-1/2 and
ALOS-1 are consistent with on-the-ground survey data
taken from 11/29/1989 to 4/23/2008 (Fig. 1). Our study
revealed several locations of subsidence likely caused by
the collapse of abandoned mine workings as well as
development of residential areas over abandoned mines.
Also, the unexpected discovery of ground surface
displacement of the railroad right-of-way in Springfield,
IL and subsidence hotspots over previously
unmapped/unknown areas (Fig. 2) in the SLME region
reveals one advantage of satellite based monitoring and
discovering unknown deformation areas.

Fig. 1 The time series displacement
comparison between ERS-1/2, ALOS
PALSAR, and levelling point.

Fig. 2 (a) Mean line-of-sight (LOS) velocity (in mm/yr)
using the small baseline subset (SBAS) method for
ALOS PALSAR dataset, a period from 1/2/2007 to
1/13/2011. Bright colors indicate movement away from
the satellite and dark colors indicate movement
towards the satellite. Light grey outlines indicate
underground coal mine locations. Purple outlines
indicate sinkhole prone areas. The star indicates the
location of the well where groundwater depths were
taken. (b) A Google Earth image from 2014 showing a
typical sinkhole prone area. (c) Time series plot of
ground deformation for the southern subsiding area
shown in figure d. Red line is ground deformation,
blue line is groundwater depth from the well indicated
in figure a, and light grey shaded area is yearly total
precipitation. (d) Close up of indicated area showing
mean LOS velocity of an area undergoing
development during the period ALOS PALSAR
images were acquired. (e), (f), and (g) are Google
Earth images showing recent urban development of
the area shown in figured.

One of the main products of this project was to
develop a ground subsidence hazard (GSH) model to
address public concerns related to property loss from
mining related land subsidence. Our initial studies showed
that sudden collapses of buildings, roads and other
infrastructure have occurred in the region following new
developments built on abandoned mining areas. There are
a sizeable number of homeowner reports about property
loss from mining-related subsidence. We analyzed GSH
risk maps generated from SAR interferometry, geologic
data, infrastructure data, and distribution of underground
mining areas to produce a final hazard estimation map.
We examined whether the distribution of areas of high
subsidence risk correlate with areas of known subsidence.
We found that many of the locations of known subsidence
were estimated by our model to have a minimal risk of
subsidence. However, our study has revealed several
locations estimated to be at an elevated risk of ground
subsidence many near abandoned underground mine
workings.

The outcome of this project was: 1) detailed
ground subsidence maps over two locations showing the
spatial extent and distribution of ground motion, 2)
estimate ground subsidence hazard using satellite radar
measurements, and a GIS database containing five
variables to identify potential risk to the public. Even with
the large uncertainties associated with the GSH model, the
method provided a robust and useful tool for mapping
large spatial areas of ground subsidence.

It should be noted that Sections 2.1 and 2.2 are
paraphrased copy of the PhD dissertation conclusions
with slight modifications, and readers are encouraged to
cite the PhD dissertations and peer-reviewed publications
for these  sections.

3. PEER REVIEWED PUBLICATIONS

Below are peer-reviewed papers published using the data
from this grant.

Loesch, E. & Sagan, V., “SBAS Analysis of Induced
Ground Surface Deformation from Wastewater Injection
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in East Central Oklahoma, USA,” Remote Sens., 2018,
 10(2), 283; doi:10.3390/rs10020283.

Ghulam, A., Grzovic, M., Maimaitijiang, M., Sawut, M.,
“ InSAR monitoring of land subsidence for sustainable
urban planning,” In Weng, Q. (Eds.), Remote Sensing for
Sustainability. 2017: CRC Press.

Shavers, E., Ghulam, A., Encarnacion, J., Hartling,
S., “Emplacement of Ultramafic-carbonatite Intrusions
Along Reactivated North American Mid-continent Rift
Structures,” Tectonophysics, 2017, 712–713: 716–722.

Grzovic, M., Ghulam, A., “Monitoring residual land
subsidence due to underground coal mining using
TimeSAR (SBAS and PSI) in Springfield, Illinois,
USA,” Natural Hazards, 2015, 79(3): 1739-1751.

4. LIST OF PHD DISSERTATIONS

Grzovic, M., “Monitoring land subsidence in Midwestern
U.S. using multi-temporal InSAR,” Saint Louis
University PhD dissertation, 2017.

E. Loesch. “Using Remote Sensing and Spatial Statistics
to Characterize Seismicity in Oklahoma ,” Saint Louis
University PhD dissertation, 2018.
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DETECTION OF THE STEADY CRUSTAL DEFORMATION DUE TO 

PLATE COUPLING USING INSAR 
PI No 3145 

Shinobu Ando１ 

1 Meteorological Research Institute 

1. INTRODUCTION

Large earthquakes (magnitude ~8) occur in the Nankai 

Trough region at intervals of 100–150 yr and may 

reoccur in the near future (Ando 1975[1]; Sangawa 

1993[2]; Rikitake 1999[3]). Crustal deformation in this 

area is associated with subduction of the Philippine Sea 

plate beneath the continental Eurasian plate. Geodetic 

data that have been used in recent years to detect this 

crustal deformation include the continuous Global 

Navigation Satellite System (GNSS) Earth Observation 

Network (GEONET; e.g., Sagiya 2004[4]) installed by the 

Geospatial Information Authority of Japan (GSI), and the 

Global Positioning System-Acoustic installed by the 

Japan Coast Guard (Yokota et al. 2018[5]). The 

installation of 1300 GNSS stations in Japan is 

particularly useful for observing ground deformation 

with an accuracy of ~1 cm (Tsuji et al. 2013[6]). However, 

each station can provide only point data. Therefore, 

crustal deformation analysis must be complemented by 

other geodetic data. One method that can detect ground 

deformation is InSAR (Interferometric Synthetic 

Aperture Radar) analysis. This method uses radar 

microwaves generated by satellites to calculate phase 

differences at different times in the same area. Therefore, 

although the imaging range is limited, planar crustal 

movement information can be obtained. However, 

differential interferometry analysis can measure only 

relative displacements during a particular period. In 

addition, the detection accuracy is generally several 

centimeters because of the delay in radio waves in the 

ionosphere and troposphere (Zebker et al. 1997[7]; Xu et 

al. 2004[8]) and the influence of noise caused by low 

coherence (associated with changes in scattering 

characteristics in the target). Recently, the detection 

accuracy has been reduced to several millimeters by 

statistically processing a large number of SAR data to 

estimate and reduce the influence of low-coherence noise 

(e.g., Xue et al. 2015[9], Rivera et al. 2016[10], Ozawa and 

Ueda 2011[11], Kobayashi 2018[12]). We conducted 

InSAR time-series analysis using ALOS/PALSAR data 

(for the period 2006–2011) and ALOS-2/PALSAR-2 

data (for the period 2014-2021) to detect steady crustal 

deformation associated with the Nankai Trough. 

2. DATA AND METHOD

We used ALOS/PALSAR and ALOS-2/PALSAR-2 data 

collected between 2006 and 2021(Table1). 

Table1 SAR data used in this study (Asc.: Ascending, 

Des.: Descending, N.S.: Number of Scene) 

Due to the problems of satellite orbit control and the 

number of available observations, the method was 

changed and analyzed depending on the period. In other 

words, in the case of ALOS/PALSAR, the integrated 

analysis of Small Baseline Subset (SBAS; Berardino et 

al. 2002[13]) and Persistent scatter (PS; Ferretti et al. 

2001[14]) was performed. In the case of ALOS/PALSAR, 

an integrated analysis of SBAS and PS was performed, 

because the results of SBAS were dependent on the 

baseline length, and a sufficient number of 

interferometry pairs could not be obtained in the case of 

ALOS, whose satellite orbit is poorly controlled. The 

software used was StaMPS/MTI (Hooper 2008[15]), 

which is a combination of Stanford Method for Persistent 

Scatters (StaMPS; Hooper et al. 2004[16]) for PS method 

analysis and ROI_PAC (Rosen et al. 2004[17]) for 

differential interferometric processing. Note that the 

Location Orbit 
Path-

Frame 

Scene date 

Earliest-

Latest 

N.S. 

Omaezaki 

Asc. 

409-

680 

2007.01.15-

2011.01.26 
24 

126-

680 

2014.09.19-

2020.06-05 
16 

Des. 

60-

2920 

2006.10.16-

2010.09.11 
19 

19-

2920 

2014.10.28-

2020.11.03 
25 

Shiono-

misaki 

Asc. 

414-

660 

2006.10.08-

2010.10.19 
17 

128-

660 

2015.04.13-

2020.06.15 
16 

Des. 

64-

2940 

2006.12.23-

2010.10.03 
9 

20-

2940 

2014.09.21-

2020.11.22 
23 

Muroto-

misaki 

Asc. 

417-

650 

2006.08.28-

2011.01.24 
21 

128-

660 

2014.10.27-

2021.01.25 
16 

Des. 

67-

2950 

2006.12.28-

2011.01.08 
12 

21-

2940 

2014.09.26-

2020.11.27 
21 

Ashizuri-

misaki 

Asc. 

420-

640 

2007.01.18-

2010.10.29 
20 

129-

650 

2014.08.23-

2020.05.23 
15 

Des. 

70-

2960 

2007.04.04-

2011.01.13 
14 

22-

2950 

2014.09.03-

2020.11.04 
21 
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differential interferometric analysis in the package does 

not include tropospheric delay or ionospheric delay 

reduction. 

On the other hand, in the case of ALOS-2/PALSA-2, a 

large number of interferometric pairs can be secured 

except for the temporal coherence degradation because 

the orbit control is much more precise than that of 

ALOS/PALSAR. Therefore, RINC (Ozawa et al. 

2016[18]), which is capable of reducing tropospheric and 

ionospheric delays (Gomba et al. 2016[19]), was used for 

individual interferometric analysis of ALOS-2. For the 

time series analysis software, LiCSBAS (Morishita et al. 

2020[20]) was used. This software was developed for 

Sentinel-1 (ESA), which operates in the C-band with a 

return period of 12 days. However, if the user prepares 

multiple interferometric pairs, efficient and optimal 

interferometric SAR time series analysis can be 

performed for other satellites.  

 

3. RESULT 

 

A) Cape Omaezaki area 

 
Fig. 1 Used data of ALOS/PALSAR 

 
Fig. 2 Deformation rates in the ascending (left) and 

descending (right) orbits. 

 
Fig. 3 2.5-dimentional deformation calculated based 

on the Fig. 2. 

 

Data used for the time-series analysis in the Cape 

Omaezaki area were collected from October 2006 to 

January 2011 in ALOS/PALSAR (Fig. 1). The crustal 

deformation was little affected by long-term SSEs 

around the Tokai region (marked as “T” in Fig. 2). On 11 

August 2009, the Cape Omaezaki area was affected by a 

M6.5 earthquake in Surga Bay (the epicenter is marked 

by a cross in Fig. 2 and 3). The displacement rates 

relative to the fixed point (GNSS Shimada station) on the 

descending and ascending orbits at the tip of Cape 

Omaezaki are calculated to be ~2 cm/yr and ~1 cm/yr, 

respectively (Fig. 2). From inland to the tip of the cape, 

a smooth change in the displacement rate is recognized. 

The 2.5-dimensional analysis[21] calculated from these 

results shows displacement rates of 1 cm/yr westward in 

the quasi-east-west direction and ~2 cm/yr subsidence in 

the quasi-vertical direction (Fig. 3). 

 

 
Fig. 4 Used data of ALOS-2/PALSAR-2 

 
Fig. 5 Deformation rates in the ascending (left) and 

descending (right) orbits. 

 
Fig. 6 2.5-dimentional deformation calculated based 

on the Fig. 5 

 

Data used for the time-series analysis in the Cape 

Omaezaki area were collected from September 2014 to 

November 2020 in ALOS-2/PALSAR-2 (Fig. 4). The 

displacement rates relative to the fixed point (GNSS 

Shimada station) on the descending orbits at the tip of 

Cape Omaezaki are calculated to be ~1.5 cm/yr (Fig. 5). 

34



The 2.5-dimensional analysis calculated from these 

results shows displacement rates of westward in the 

quasi-east-west direction and subsidence in the quasi-

vertical direction (Fig. 6). We also found that the 

eastward component is dominant in the quasi-east-west 

direction from Makinohara to Yaizu. 

 

 

B) Cape Shiono-misaki area 

 
Fig. 7 Used data of ALOS/PALSAR 

 
Fig. 8 Deformation rates in the ascending (left) and 

descending (right) orbits. 

 
Fig. 9 2.5-dimentional deformation calculated based 

on the Fig. 8. 

 

Data used for the time-series analysis in the Cape 

Shiono-misaki area were collected from October 2006 to 

October 2010 in ALOS/PALSAR (Fig. 7). We assumed 

that SSEs around Kii Channel (“K: in Fig. 8) have had a 

negligible long-term effect on crustal deformation. 

Displacement rates at the tip of the Shiono-misaki 

relative to the fixed point (GNSS Totsukawa station) are 

calculated to have elongations of ~3.5 cm/yr and 0.5 

cm/yr in the descending and ascending orbits, 

respectively (Fig. 8). The 2.5-dimensional analysis 

calculated from these results gives displacements of ~3 

cm/yr westward in the quasi-east-west direction and ~1 

cm/yr subsidence in the quasi-vertical direction (Fig. 9). 

 

 
Fig. 10 Used data of ALOS-2/PALSAR-2 

 
Fig. 11 Deformation rates in the ascending (left) and 

descending (right) orbits. 

 
Fig. 12 2.5-dimentional deformation calculated 

based on the Fig. 11. 

 

Data used for the time-series analysis in the Cape 

Shiono-misaki area were collected from September 2014 

to November 2020 in ALOS-2/PALSAR-2 (Fig. 10). 

Displacement rates at the tip of the Shiono-misaki 

relative to the fixed point (GNSS Kii station) are 

calculated to have elongations of ~1 cm/yr and 

shortening of ~0.5 cm/yr in the ascending and 

descending orbits, respectively (Fig. 11). The 2.5-

dimensional analysis calculated from these results gives 

displacements of eastward in the quasi-east-west 

direction and subsidence in the quasi-vertical direction 

(Fig. 12). 

 

 

C) Cape Muroto-misaki area 
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Fig. 13 Used data of ALOS/PALSAR 

 
Fig. 14 Deformation rates in the ascending (left) and 

descending (right) orbits. 

 
Fig. 15 2.5-dimentional deformation calculated 

based on the Fig. 14. 

 

Data used for the time-series analysis in the Cape 

Muroto-misaki area in ALOS/PALSAR (Fig. 13) were 

collected from August 2006 to January 2011. 

Displacement rates at the tip of Muroto-misaki relative 

to the fixed point (GNSS Naka station) are calculated to 

have elongations of ~1.5 cm/yr on the descending orbit 

and almost no change on the ascending orbit (Fig. 14). 

The 2.5-dimensional analysis calculated from these 

results shows displacements of 2 cm/yr westward in the 

quasi-east-west direction and 1–2 cm/yr subsidence in 

the quasi-vertical direction (Fig. 15). 

 

 

Fig. 16 Used data of ALOS-2/PALSAR-2 

 
Fig. 17 Deformation rates in the ascending (left) and 

descending (right) orbits. 

 
Fig. 18 2.5-dimentional deformation calculated 

based on the Fig. 17. 

 

Data used for the time-series analysis in the Cape 

Muroto-misaki area in ALOS-2/PALSAR-2 (Fig. 16) 

were collected from September 2014 to January 2021. 

Displacement rates at the tip of Muroto-misaki relative 

to the fixed point (GNSS Naka station) are calculated to 

have elongations of ~1.5 cm/yr and ~2.5 cm/yr in the 

ascending and descending orbits, respectively (Fig. 17). 

The 2.5-dimensional analysis calculated from these 

results shows displacements of westward in the quasi-

east-west direction and subsidence in the quasi-vertical 

direction, except for the Cape of Muroto area where a 

significant eastward component was obtained (Fig. 18). 

 

 

D) Cape Ashizuri-misaki area 

 
Fig. 19 Used data of ALOS/PALSAR 
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Fig. 20 Deformation rates in the ascending (left) and 

descending (right) orbits. 

 
Fig. 21 2.5-dimentional deformation calculated 

based on the Fig. 20. 

 

Data used for the time-series analysis in the Cape 

Ashizuri-misaki area in ALOS/PALSAR (Fig. 19) were 

collected from January 2007 to January 2011. A long-

term SSE equivalent to Mw 7.0 occurred in Bungo 

Channel in 2010 (location “B” in Fig. 20). The area was 

not affected by significant earthquakes during the 

observation period. Displacement rates at the tip of 

Ashizuri-misaki relative to the fixed point (GNSS 

Nishitosa station) are calculated to have elongations of 

~3.0 cm/yr and ~0.5 cm/yr on the descending and 

ascending orbits, respectively (Fig. 20). The 2.5-

dimensional analysis calculated from these results shows 

displacements of 2 cm/yr westward in the quasi-east-

west direction and 1.5-2 cm/yr subsidence in the quasi-

vertical direction (Fig. 21). 

 

 
Fig. 22 Used data of ALOS-2/PALSAR-2 

 
Fig. 23 Deformation rates in the ascending (left) and 

descending (right) orbits. 

 
Fig. 24 2.5-dimentional deformation calculated 

based on the Fig. 23. 

 

Data used for the time-series analysis in the Cape 

Ashizuri-misaki area in ALOS-2/PALSAR-2 (Fig. 22) 

were collected from August 2014 to November 2020. 

Displacement rates at the city of Tosashimizu relative to 

the fixed point (GNSS Nishitosa station) are calculated 

to have elongations of ~1 cm/yr and ~1.5 cm/yr on the 

descending and ascending orbits, respectively (Fig. 23). 

The 2.5-dimensional analysis calculated from these 

results shows displacements of westward in the quasi-

east-west direction and subsidence in the quasi-vertical 

direction, except for the city of Tosashimizu where a 

significant eastward component was obtained (Fig. 24). 
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1. INTRODUCTION

InSAR measurements collected from a single line
of sight (LOS) cannot uniquely characterize surface de-
formation in the presence of both vertical and horizontal
motions, as is usually the case for various types of natural
and anthropogenic deformation. To mitigate this limita-
tion, a combination of data from two or more lines of sight
can be used for the separate estimation of horizontal and
vertical displacements [1–5]. A third constraint is usually
necessary to obtain a complete (3-component) measure of
surface motion [1; 4]. In special cases, such as that of a
geometrically simple transform fault, one can assume that
displacements are mostly parallel to the fault strike [5; 6].
However, this assumption may not be appropriate in tec-
tonically complex areas with multiple active faults. We
developed a method to combine InSAR data from differ-
ent lines of sight with GPS data to retrieve 3-component
displacements even in case of low-amplitude deformation
[7]. In the presence of a reasonably dense GPS network,
one can use the azimuth of horizontal velocities measured
by GPS to complement the InSAR data collected from as-
cending and descending satellite orbits. To accommodate
the difference in spatial resolution between the InSAR and
GPS measurements, we interpolate between the East and
North components of secular GPS velocities for every In-
SAR pixel using the natural nearest neighbor algorithm.
We use the resulting interpolated GPS velocities to com-
pute the local azimuth of the horizontal component of the
velocity vector, describing the direction of motion at ev-
ery point relative to North. By combining interpolated
horizontal azimuths with mean LOS velocities from the
ascending and descending satellite tracks, one can solve
for the magnitude of the horizontal and vertical velocities.
Below we summarize several projects that benefited from
access to ALOS/ALOS-2 data under RA-6.

2. STUDY OF COSEISMIC DEFORMA-
TION DUE TO THE 2019 RIDGECREST
(CALIFORNIA) EARTHQUAKES
The 2019 Ridgecrest, California earthquake sequence ini-
tiated on July 4 with a strong Mw6.4 foreshock followed
by a Mw7.1 mainshock on July 5. The Mw7.1 main-
shock was the largest event that struck California over the

Figure 1: Vertical (color) and horizontal (arrows) com-
ponents of the coseismic displacement field due to
the July 2019 Ridgecrest earthquakes obtained from
ALOS-2 and Sentinel-1 SAR data. Note a color scale
in centimeters. From ref.[16].

last 20 years, since the 1999 Hector Mine earthquake.
Faults that produced the foreshock and the mainshock, as
well as their numerous aftershocks, were not previously
recognized as continuous connected features capable of
producing a major earthquake, but are part of the East-
ern California Shear Zone (ECSZ), a complex network of
active Quaternary faults that accommodates between 10
and 20% of the relative motion between the Pacific and
North American plates [8; 9]. It has been proposed that
the ECSZ represents an incipient plate boundary forming
in response to the development of a major restraining bend
in the San Andreas fault system to the west. Indeed, all
of the major (M7+) earthquakes that occurred in south-
ern California over the last 50 years were located in the
ECSZ [e.g., 1; 10–13]. The 2019 Ridgecrest earthquakes
occurred in the middle of dense instrumental networks,
including the Plate Boundary Observatory [14], and the
Southern California Seismic Network [15]. They were
also well imaged by a number of currently active satellite
missions with Interferometric Synthetic Aperture Radar
(InSAR) capabilities, including C-band Sentinel-1A/B, L-
band ALOS-2, and X-band Cosmo-Skymed. Even though
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theALOS-2 interferograms do not provide an increased di-
versity in look directions compared to the Sentinel-1 data,
they are useful in that they are affected by errors (mostly,
the propagation delays) that are independent from those in
the Sentinel-1 data.

We used Synthetic Aperture Radar data that represent
diverse projections of the surface displacement field [1; 4],
including line of sight displacements (Sentinel-1A/B and
ALOS-2 interferograms), range offsets (Sentinel-1A/B),
and azimuth offsets (Cosmo-Skymed), from ascending
and descending satellite tracks, to derive the 3-D sur-
face displacement field (Figure 1). The input data are
from ref.[17]. To reduce speckle, the offset maps were
filtered using a 1km Gaussian filter. For each pixel we
formed a system of linear equations by adding the respec-
tive unit look vectors as rows to the design matrix, and
the observed quantity to the data vector. The system was
inverted to obtain the 3 orthogonal components of the dis-
placement vector subject to two conditions: (i) more than
two observations from different data sets are available for a
given pixel, and (ii) a condition number of the design ma-
trix is less than some threshold (150 in our calculations).
The first condition ensures that the system is not under-
determined, and the second condition ensures that there
is a sufficient diversity in the look angles (i.e., the solu-
tion is not highly unstable with respect to the data errors).
Slip models derived from inversions of surface deforma-
tion data reveal a moderate amount of shallow slip deficit.
Subsequent studies of postseismic deformation will show
if the inferred amount of the co-seismic slip deficit can
be accommodated by means of creep in the uppermost
crust. The estimated depth of the maximum slip averaged
along the rupture length is 3-4 km, similar to results from
previous studies of major strike-slip earthquakes, and to
the depth distribution of precisely located seismicity in
California, suggesting that the respective depth interval
maximizes a potential for seismic instabilities.

3. STUDY OF POSTSEISMIC DEFOR-
MATION DUE TO THE 2015 GORKHA
(NEPAL) EARTHQUAKE
The April 25, 2015 Mw7.8 Gorkha (Nepal) earthquake
was the largest earthquake on the Man Boundary Trust
(MBT) at the southern edge of Tibet in the last 80 years,
and resulted in more than 8,000 casualties and extensive
damage. The earthquake focal mechanism indicated rup-
ture on a shallowly dipping thrust fault, most likely the
decollement associated with the Main Himalayan Thrust,
which defines the subduction interface between the India
and Eurasia plates.

The Gorkha earthquake area was well imaged by sev-
eral InSAR missions, including ALOS-2 and Sentinel-1.

Figure 2: (a) Average line of sight (LOS) postseismic
velocity calculated from stacking of ALOS-2 interfer-
ograms from the descending track D048 (ScanSAR
mode). Interferograms span a time period of 2 years
after the Gorkha earthquake. Interferograms were
corrected for the long-wavelength artifacts (e.g., due
to ionospheric perturbations and/or orbital errors) by
removing the best-fitting plane from the unwrapped
radar phase. Positive LOS velocities correspond to the
ground motion toward the satellite. (b) LOS displace-
ments calculated from Sentinel-1 data using a persis-
tent scatterer method. From: ref. [19].
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Figure 2a shows the average postseismic velocity in the
satellite line of sight (LOS) obtained from ALOS-2 data.

Despite the challenging conditions (rugged topog-
raphy, vegetation, earthquake-induced damage and land-
slides, etc.) the ALOS-2 data provide a continuous cover-
age of postseismic displacements across the entire rupture
area. For comparison, Figure 2b shows LOS displace-
ments derived from Sentinel-1 data using a persistent scat-
terer method [18]. Both data sets show motion toward the
satellite (most likely, uplift) at the north end of the earth-
quake area, consistent with afterslip on a downdip end
of the seismic asperity [19]. The data also show motion
away from the satellite (most likely, subsidence) in the
Kathmandu basin.

GPS observations also show uplift, as well as south-
wardmovement in the epicentral area, qualitatively similar
to the coseismic deformation pattern. Kinematic inver-
sions of GPS and InSAR data, and forward models of
stress-driven creep suggest that the observed postseismic
transient is dominated by afterslip on a down-dip extension
of the seismic rupture. A poro-elastic rebound may have
contributed to the observed uplift and southward motion,
but the predicted surface displacements are small.

We also tested awide range of visco-elastic relaxation
models, including 1-D and 3-D variations in the viscosity
structure. All tested visco-elastic models predict opposite
signs of horizontal and vertical displacements compared
to those observed. Available surface deformation data
appear to rule out the hypothesis of a low viscosity channel
beneath the Tibetan Plateau which has been invoked to
explain the long-term uplift and variations in topography
at the plateau margins.

4. STUDY OF COSEISMIC AND POST-
SEISMIC DEFORMATION DUE TO THE
2015 SAREZ (TADJIKISTAN) EARTH-
QUAKE
The 2015 M7.2 Sarez (Tajikistan) earthquake occurred
in the Pamir orogen at the north-west (NW) margin of
the Tibetan Plateau. We used ALOS-2 and Sentinel-1
Synthetic Aperture Radar (SAR) and Global Navigation
Satellite System (GNSS) data to investigate the coseis-
mic and postseismic deformation due to Sarez earthquake.
The coseismic data render a rupture pattern that involves
a NE-striking fault bifurcating into two left-stepping sub-
parallel branches at the northern end of the earthquake rup-
ture. Figure 3 shows ALOS-2 coseismic interferograms
from different acquisition modes and look directions. The
interferograms and offsets maps were inverted to constrain
the sub-surface slip distribution. The kinematic inversions
show that the earthquake ruptured a ∼ 80 km long, sub-
vertical, sinistral fault producing the maximum surface

Figure 3: (a) Average line of sight (LOS) postseismic
velocity calculated from stacking of ALOS-2 interfer-
ograms from the descending track D048 (ScanSAR
mode). Interferograms span a time period of 2 years
after the Gorkha earthquake. Interferograms were
corrected for the long-wavelength artifacts (e.g., due
to ionospheric perturbations and/or orbital errors) by
removing the best-fitting plane from the unwrapped
radar phase. Positive LOS velocities correspond to the
ground motion toward the satellite. (b) Average LOS
velocities calculated from Sentinel-1 data using a per-
sistent scatterer method.

offset of 3 ∼ 4 meters on the SW and central fault seg-
ments. In constrast, the largest postseismic displacements
are observed at the NE end of the earthquake rupture, pre-
dominantly on the west (hanging wall) side of the fault
with the average rate of 20 ∼ 30 mm/yr. We use the de-
rived coseismic and postseismic slip models to investigate
themechanisms of time-dependent relaxation, stress trans-
fer and possible triggering relationships between the Sarez
earthquake and a sequence of strong M6+ events that oc-
curred within 150 km of the earthquake rupture. We find
that the near-field postseismic displacements are best ex-
plained by shallow afterslip driven by the coseismic stress
changes. The data are also consistent with some contribu-
tions from poroelastic rebound, but do not show any clear
signature of viscoelastic rebound in the lower crust and
the upper mantle during the observed postseismic period.
Our results are consistent with studies of postseismic de-
formation of other large earthquakes at the boundaries of
Tibetan Plateau, suggesting a lower bound on the effective
viscosity of the lower crust and upper mantle of ∼ 1020

Pa s. We also find near-zero or negative Coulomb stress
changes at hypocenters of two M6 events that occurred
within 150 km and several months following the 2015
mainshock. This suggests either a very low threshold for
quasi-static triggering, or delayed dynamic triggering.
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1. INTRODUCTION

The only known occurrence of aseismic creep on land 
in Anatolia was documented in detail using synthetic 
aperture radar interferometry (InSAR) back in 2005 
along the North Anatolian Fault [1]. Our intention at 
the beginning of this project was to monitor the East 
Anatolian Fault (Turkey) in a similar fashion for the 
possibility of a similar aseismic creep along it.  

Figure 1. Tectonic framework of the study area 
shown with a red dashed box (NAF: North 

Anatolian Fault, EAF: East Anatolian Fault). GPS 
vectors are plotted with respect to the Eurasian 

Plate (Reilinger et al., 2006). 

1. THE EAST ANATOLIAN FAULT

We first started by processing the C-band archive of 
the Sentinel-1 satellites using the persistent scatterers 
technique developed by Hooper [2] with the aim of 
analysing the L-band ALOS-2 data later due to the 6 
day revisit time of the Sentinel-1 satellites. Another 
reason behind this decision was the ongoing 
development of an open-source processor for ALOS-
2 multi-mode SAR data that also handles the 
ionospheric correction [3-5]. This code which also 
supports ScanSAR data became publicly available in 
2020. 

However on January 24th, 2020, a Mw 6.8 earthquake 
took place along the Pütürge segment of the EAF and 
we had to focus on this event to better understand the 
characteristics of the fault rupture. The segment was 

known to be a seismic gap [6]. While almost half of 
the ~90km long segment was broken during the 
earthquake there were no signs of a clear surface 
rupture along the fault zone, possibly indicating that 
the slip did not reach the surface.  

We processed both C-band Sentinel-1 and L-band 
ALOS-2 pairs to model the coseismic fault rupture at 
depth. 

Figure 2. Coseismic ALOS2 interferogram 
(ascending track 182, 03/01/2020-31/01/2020). The 
black lines represent active faults from the official 

database of Turkey [7].   

Multi-frame ALOS2 interferograms are shown in Fig. 
2 and 3. Both of the scenes are acquired in the SM3 
mode of the satellite and were quite coherent despite 
the temporal baseline of one of the pairs reaching a 
full-year. Though coherence-wise the ALOS2 pairs 
provide more info near the fault zone they too suffer  
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Figure 3. Coseismic ALOS2 interferogram 
(descending track 182, 03/03/2019-01/03/2020). 

 

Figure 4. Postseismic LOS velocity field calculated 
for 3 separate Sentinel-1 tracks for the first 8  

months following the January 24th, 2020 
earthquake. 

from the snow cover on hill tops and numerous 
landslides that took place during the earthquake. We 
had to used the connected components output of the 
SNAPHU software [8] for unwrapping and had to 
manually correct patches. 

Despite earlier studies the postseismic motion along 
the rupture zone is still continuing (Fig. 4). We are 
currently working on a manuscript that discusses the 
interseismic, coseismic and postseismic motions 
observed along this portion of EAF and will be 
submitting it soon. 

2. 2020 SAMOS/SISAM ISLAND EARTHQUAKE 

On October 30th, 2020, a Mw 6.9 earthquake took 
place on the northern coast of the Sisam/Samos Island 
in the Gulf of Kuşadası. Despite being ~70 km away 
from the epicenter serious damage to residential 
buildings were observed in the city of İzmir, the 3rd 
most populous city in Turkey. 117 Turkish citizens 
lost their lives at these collapsed buildings.  

Though the faulting took place on a submarine fault 
the uplift on the island produced visible fringes on 
both C and L band interferograms and the up-tip edge 
of the rupture on the northern coast was identifiable. 

 

Figure 5. ALOS-2 interferogram of the Oct. 30th 
2020 earthquake (08/03/20-04/11/20) 

While modern seismological networks can announce 
the epicenter under 2-3 minutes, when an earthquake 
occurs on an unknown fault or when there is not a 
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visible surface rupture the dip direction ambiguity of 
seismology becomes a problem. Thanks to our 
research group’s rapid fault modelling initiative we 
produced a preliminary InSAR-based fault model 
under 24 hours and informed the public in detail that 
the fault is dipping towards the north [9,10]. This 
initial model is enriched by the availability of L-band 
ALOS2 data in the same week. Initial findings of our 
study is presented at two different studies [11,12] at 
the European Geophysical Union’s General 
Assembly and a manuscript will be submitted soon 
which analyzes the earthquake from a joint 
perspective of both seismology and space based 
geodetical techniques such as GNSS and InSAR. 

3. THE 2011 VAN (TURKEY) EARTHQUAKE  
 
To better validate the aforementioned ALOS-2 
processing code and its ScanSAR capabilities we also 
opt to order and process a batch of WD1 imagery for 
the October, 23rd 2011 Mw 7.1 Van earthquake 
(eastern Turkey). Though it has been almost 10 years, 
from C-band radar data from the Sentinel-1 
constellation and GNSS measurements we know that 
the postseismic motion on and around the causative 
fault is still continuing [13]. While the twin Sentinel-
1 satellites have a significant advantage of a revisit 
period of 6 days for the region, acquired radar data, 
especially from the ascending orbit, generally include 
significant tropospheric delays. While global 
atmospheric models can be used to eliminate these to 
a degree, a multiband approach would be the ideal 
solution. 
 
In addition to using the aforementioned persistent 
scatterer method, our aim was to experiment with the 
distributed scatterer method which relaxes the strict 
limit on the phase stability and aims to overcome 
decorrelation issues [14]. After generating a stack of 
coregistered images using the InSAR Scientific 
Computing Environment (ISCE) software [15], we 
used the MintPy code [14] to calculate the average 
LOS velocities and time series. The code uses the 
small baseline subsets (SBAS) technique. We are 
currently working on the process to improve the 
ionospheric correction that suffers from the fact that 
the WD1 frame used covers two prominent lakes of 
the region, Van and Urmia. A preliminary mean 
velocity map is presented in Figure 6. 
 
A manuscript discussing the ongoing postseismic 
movements following the 2011 Van earthquake using 
a multi-band approach with both C and L band radar 
data in addition to near-field GNSS measurements 

from a dedicated network is under preparation and 
will be submitted in 2021. 
 
 

 
Figure 6. Preliminary Mean LOS velocity map of 

the Van region. 
 
 

 
Figure 7. The Small baseline network of ALOS-2 

WD1 ScanSAR images 
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1. INTRODUCTION

In the Eastern Caribbean, there are 21 active and 
potentially active volcanoes spread over 11 separate 
islands along an 850 km arc (fig. 1). Volcanic activity in 
the region has caused over 30,000 deaths, and volcanoes 
directly or indirectly threaten 3.5 million people. The 
University of the West Indies Seismic Research Centre is 
responsible for monitoring the volcanoes of the English 
speaking Eastern Caribbean; one submarine volcano and 
15 subaerial volcanoes over 7 islands across the region.  

Ground deformation monitoring is an important part of 
the regional volcano monitoring system. This programme 
currently consists of a network of continuous GPS 
installations across the islands, supplemented by a 
network of geodetic pins which are periodically occupied. 

On most islands, the current system, however, does not 
give adequate spatial or temporal coverage. Continuous 
GPS installations are currently too expensive to deploy, 
and maintain, more than one or two per island. Due to the 
high inter-island travel and operational costs involved, 
campaign GPS measurements on the islands are 
conducted at most every two years, meaning that the 
temporal resolution of the data is insufficient to act as a 
good early warning system. 

Figure 1: Map of the Eastern Caribbean. Volcanic 
islands have been shaded red. Active and potentially 
active volcanoes are indicated by yellow triangles. 
Image taken from Lindsay et al. (2005).  

In this study, we investigate whether data from the L band 
sensors of the ALOS-2 satellite and the InSAR technique 
can be used in the Eastern Caribbean to supplement the 
current ground deformation programme and provide data 
with much higher spatial coverage and temporal 
resolution than can be obtained using current methods. 
Successful application of the InSAR technique with L-
band data would significantly improve regional volcano 
monitoring and hazard forecasting by providing a cost-
effective way of monitoring the deformation fields of the 
geographically dispersed volcanic systems of the Eastern 
Caribbean where there are limitations of budget and 
manpower. 
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Unlike the other islands of the English-speaking 
Caribbean, the island of Montserrat has a dense GPS 
network, which has been used to monitor the volcano-
deformation field of the Soufrière Hills Volcano (SHV). 
The network has grown since the beginning of the 
eruption in 1995 and consists now of 14 continuous GPS 
stations and 8 periodically occupied campaign GPS pins. 
It has detected signals associated with the magmatic 
system (figs. 2 & 3), typically inflation or deflation of the 
entire island during extrusive and non-extrusive periods, 
respectively. Montserrat is hence an ideal testbed for 
determining the efficacy of ALOS-2 SAR data in 
measuring volcano-related ground deformation on the 
highly vegetated, mountainous and small islands of the 
Eastern Caribbean.  
 

 
Figure 2: Horizontal (arrows) and vertical (bars) 
velocities, calculated for the Soufrière Hills volcano 
(SHV) last pause in magma extrusion (11 Feb 2010 – 
30 Sep 2017), at the continuous (red labels) and 
campaign (black labels) GPS monitoring sites. The 
approximate location of the time-averaged SHV vent 
is also shown (yellow star).  
 

 
 

 
Figure 3: Radial displacements relative to the vent 
(top) and vertical displacements (bottom) observed at 
Montserrat continuous (cGPS) stations from 1998 to 
present. Pink shaded time periods indicate times of 
lava extrusion. Grey grid lines correspond to 1 cm. 
The distance station-volcanic vent increases from 
bottom to top of the figures. The background 
Caribbean plate velocity was removed, and 
displacements related to station changes corrected. 
The displacements (coloured crosses) are shown with 
their associated uncertainties (grey bars); positive 
trends indicate outwards radial displacement from the 
SHV vent. 
 
In this study, as well as Montserrat, we focus on Dominica 
which has been experiencing seismic unrest since 
December 2018 and St. Vincent which began erupting near 
the end of the study period on 27 December 2020 after a 
brief period of elevated seismicity that started in June of 
2020. 
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2. DATA 

In this report images from the descending path 132 frame 
3300 which consist of wide swath (350 km) ScanSAR 
WD1 are utilized (fig. 4) 

 
  

Figure 4: Left) Data capture area from path 132 frame 
3300 (observation width 350 km). This frame consists 
of 5 subframes of which the third contains the island 
of Montserrat. This is the subframe that has been 
analysed in this work. Right) Image of cropped sub 
swath three from path 132 frame 3300 covering the 
island of Montserrat. 
 
Data from this path and frame were chosen because they 
had the largest number of observations in the available 
time period (30 in all) approximately every month or so 
between 07- Sep-2014 and 21-Jan-2018 
 
Data on the descending path for Dominica were extracted 
from the WD1 ScanSAR acquisition, path 132, frame 
3300, subframe 1 and the Stripmap, SM3 acquisition, 
descending path 36, frame 290. The acquisition frame is 
also shifted +3 units to get optimal coverage of Dominica. 
Data from the Stripmap, SM3 mode descending path 132, 
frame 3300 were also acquired. The frame was shifted +1 
units. See figure 5. 
 

  
 

  

 
Figure 5: a) WD1 ScanSAR acquisition path 132 
frame 3300 subframe 1 SAR acquisition shown. 
Covers eastern tip of Guadeloupe, Marie-Galante, 
Dominica and northern half of Martinique b) SM3 
Stripmap acquisition path 36 frame 290, acquisition 
frame shifted +3 units. Captures eastern half of 
Dominica c) SM3 Stripmap acquisition path 132 frame 
3300 shifted +1 units. 
 
Data for St Vincent were the Stripmap, SM3 acquisition 
ascending path 36, frame 250 and descending path 131 
frame 3350. See figure 6. 
 

Montserrat Montserrat 

a 

b 
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Figure 6: Stripmap SM3 acquisition a) path 36, frame 
250 b) path 131, frame 3350. 
 

3. METHODOLOGY 
 
Montserrat 
The GMTSAR [1] open source InSAR processing tool 
was utilised for processing the ALOS-2 data. 
 
Firstly, a study to analyse temporal and baseline correlation 
of the InSAR data retrieved over the area of interest was 
conducted. For this study, we used the image captured on 
24/12/2017 as the reference image and conducted 
interferometry using the other images as repeat images. 
After interferometry, the number of phase coherent pixels 
in the interferograms was determined. 
 
The Soufrière Hills Volcano on Montserrat has been since 
February 2010 in its 5th pause in extrusive activity. 
However, ground deformation data from the continuous 
(cGPS) and episodic (eGPS) GPS networks indicate that 
there is ongoing inflation probably due to subsurface 
magma accumulation (Figure 1). Figures 2-3 show 
measured vertical deformation rates of between 1 and 2 
cm per year during pause 5. If we assume a measurement 
limit of 0.01λ where, for ALOS-2, λ is 22.9 cm the limit 
would be 2.29 mm. If on top of this we assume that 
atmospheric effects introduce errors equivalent to about 1 
cm we can see that in order to extract a significant signal 
when deformation rates are small a long time period 
would be preferable. Also, in order to reduce random 
error mainly associated with atmospheric disturbance, it 
would be best to have a large number of independent 
measurements which can be averaged out or stacked. The 
GPS data also tells us that the deformation during the 
period since the launch of ALOS-2 is, to first order, time-
invariant. 
 

Due to the above factors, we have chosen to look at the 
results from interferometric pairs with an approximately 
two-year time period between them. We chose a number 
of pairs with baselines less than or close to 150 m and 
used GMTSAR to calculate the interferograms.  
 
Figure 7 shows the results. 

 

 
Figure 7: Top) shows variation of the number of 
coherent pixels with baseline length. Bottom) Shows the 
variation in the number of correlated pixels with time. 
The reference SAR image was taken on 24/12/2017. The 
“repeat” images came from earlier dates. 
 
Figure 7 shows that there is no strong correlation between 
number of correlated pixels and time separating the 
images. On the contrary, the baseline length has a strong 
effect on the number of coherent pixels with a significant 
change beyond 150 m. Below 150 m 83% of the 
interferograms have more than 3000 correlated pixels 
above 150 m only 30% of the interferograms have more 
than 3000 correlated pixels. 
 
The following is the list of pairs for which we obtained 
good results: 
 
  

a 

b 
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Table 1: SAR images used for InSAR to determine 
ground deformation.  The number of phase coherent 
pixels between the interferometric pairs is also shown. 

First image Last image Interval 
(years) 

Number 
of 
coherent 
pixels 

22/02/2015 24/12/2017 2.8 4480 
05/04/2015 24/12/2017 2.7 3436 
17/05/2015 01/10/2017 2.4 N/A 
26/07/2015 24/12/2017 2.4 3911 
06/09/2015 24/12/2017 2.3 3760 
18/10/2015 24/12/2017 2.2 5137 
29/11/2015 24/12/2017 2.1 2981 

 

To estimate deformation, rate each interferogram was 
phase unwrapped using SNAPHU implemented in 
GMTSAR. The unwrapped phase map was then converted 
to line-of-sight displacement using the fact that the 
wavelength of the radar beam is 22.9 cm. Next, the 
images were cropped so that only the island of Montserrat 
appeared in the image and the linear trend associated with 
the orbital error was removed using the GMT command 
grdtrend. Following these steps, further processing was 
done using MATLAB. All of the images were cropped to 
the same common extent to make stacking the images 
easier. Next, the line-of-sight displacement maps were 
converted to line of sight (LOS) velocity maps by 
dividing each the value for each pixel by the number of 
days between each of the images used to produce the 
associated interferogram. Following this, all of the 
velocity maps were stacked and averaged to produce the 
best estimate of deformation rate for the time period. 
 
Dominica Strip map 
For stripmap data acquired over Dominica (ascending path 
36 and descending 132), we processed the data using 
GAMMA [2]. Topographic corrections were made using 
the 30 m ASTER GDEM. Unfortunately, there were 
limited acquisitions across both paths with only 7 and 8 
images acquired on the ascending and descending tracks 
respectively. Using all the available acquisitions, we form 
interferograms from every possible combination 
acquisition producing 15 and 18 interferograms 
respectively. Due to the large temporal baselines between 
acquisitions, we find that interferograms with a time span 
of more than ~6 months become almost completely 
decorrelated. Due to its better temporal coverage, we also 
processed Wide-Swath data over Dominica. Between 2015 
and 2021 there were 22 acquisitions allowing us to form 

141 interferograms (Fig. 8). After generating the 
interferograms with GAMMA [2], we use StaMPS [3] to 
extract stable pixels and generate a timeseries.  Many of the 
interferograms suffer from long wavelength orbital and 
atmospheric errors reducing their signal to noise ratio. To 
help remove these effects, we estimated and removed a 
best-fitting plane across each interferogram. In addition, 
variations in the stratified water vapor content were 
estimated and removed assuming a linear function with 
height. However, due to the tropical climate and ocean 
surroundings, shorter wavelength turbulent atmospheric 
delays remain. Once the interferograms were corrected, 
they were used to construct a time-series and we solved for 
the best fitting displacement rates over the observation 
period.  
 

 
Figure 8: Example baseline time plot for wideswath 
path 132 using frame 3300.  
 
St Vincent 
As for Dominica, over St Vincent we use stripmap data 
acquired along ascending path 36. Data were processed 
using GAMMA [2] and topographic corrections were 
made using the 30 m ASTER GDEM. For each 
acquisition, we generate up to 4 interferograms 
connecting the primary image to the next 4 epochs. In 
total we generate 58 interferograms covering late 2014 to 
March 2021. As with Dominica, the heavy vegetation 
combined with the large time spans between acquisitions 
limits the usability of many interferograms. However, 
since early 2021 and the onset of eruptive activity at 
Soufriere, 14-day acquisitions have been made allowing 
for significantly better coherence. Based on the 
interferograms covering the eruptive period to date, there 
is little evidence for large scale deformation around the 
summit area or broader volcanic edifice. Significant 
atmospheric delays can be seen in individual 
interferograms and coherence is lost over the actively 
growing lava dome. However, using the SAR amplitude 
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images we have been able to track the continued lateral 
growth of the lava dome.  
 

4. RESULTS 
 
Montserrat 
The images below (fig. 9) show the deformation rate in 
mm/yr calculated from each of the interferometric pairs. 

 

 

 

 
Figure 9: line of sight (LOS) velocity maps for each of 
the evaluated interferometric pairs. Each image has the 
start and end date of the associated pair of SAR images 
used to produce the interferogram in the format 
yymmdd. 
 
Figure 10 shows the average rate of deformation 
determined by averaging all 7 velocity maps shown in 
figure 9. 

 

Figure 10: Average LOS displacement rate (mm/yr) 
derived by stacking all of the interferograms shown in 
Figure 9. 

 
Figure 10 shows that LOS velocities vary between -33 
mm/yr and 12 mm/yr. The magnitudes of these effects are 
of the same order as those measured by the GPS network. 
 

 

Figure 11: A) Google Earth image of Montserrat and 
B) Google Earth image of Montserrat with kml overlay 
line of sight (LOS) velocity in mm/yr. The look vector is 
38.5 degrees from the vertical and -6.63 degrees from 
north. 
 
Figure 10 Shows that the most strongly correlated areas of 
Montserrat are the unvegetated areas that are covered with 
pyroclastic and mudflow deposits. The other large area of 

150222-171224 150405-171224 

150517-171001 150726-171224

 

151018-171224 150906-171224 

151129-171224 

A 

52



coherence is the dryer northern region of the island which 
mainly has low scrub vegetation. The Centre Hills and 
South Soufrière Hills which are covered in thick forest are 
less coherent. 
 
Using the GMTSAR command SAT_look the satellite look 
angle from the island to the satellite was determined. The 
normalised look vector (East North Up) was determined to 
be [0.606883 -0.115511 0.786353]. Due to the small 
angular distance covered by the island, a single look vector 
is adequate to represent all points on the island. 
 
The look vector has an equivalent to an angle from the 
surface to the satellite of 38.15 degrees from the vertical 
and -6.63 degrees from north. 

GPS vectors 

Table 2: Horizontal and vertical GPS velocities 
(11/02/2010-30/09/2017), and corresponding LOS 
velocity calculated for look vector [0.606883 -0.115511 
0.786353] 

 

 

Figure 10: Comparison of ALOS-2 and GPS LOS 
velocity maps. GPS stations are indicated with 
corresponding velocities (mm/yr) 

 

Figure 11: Line of sight velocity map using hsv 
colormap to highlight regions of positive and negative 
LOS velocity. 
 

 
Figure 12: Line of sight velocity map with colormap 
range restricted to highlighted negative line of sight 
velocity. 
 
Dominica 
Interferograms for all 3 acquisitions over Dominica (fig. 
13) described in the methodology section were produced. 
147 for WD1 acquisition path 132 frame 3300; 15 for 
SM3 acquisition, path 36 frame 290 and 18 for SM3 
acquisition path 132, frame 3300. 

Analysis of the interferograms did not reveal any volcanic 
deformation. The main signal that was extracted was due 
to atmospheric noise. It was however noted that short 
temporal baseline pairs produced highly coherent 
interferograms across most of the highly vegetated and 
topographically rugged island. This indicates that ALOS-
2 would be very suitable for determining volcanic 
deformation if any were to occur and if the temporal 
baselines were kept short enough. 

Lon Lat Ue 
(mm/yr) 

Un 
(mm/yr) 

Uz  
(mm/yr) 

Station Cont.[c] 
/Camp.[e] 

LOS velocity for 
look vector  

-62.148 16.692 5.4 -8.75 5.23 DRYG e -8.40051564 
-62.153 16.704 2.79 -0.81 6.42 RCHY c -6.83515374 
-62.158 16.725 2.85 0.19 10.08 LGFM e -9.6341077 
-62.160 16.731 3.05 2.54 11.52 WTYD c -10.61638177 
-62.161 16.689 2.83 -1.64 5.38 SSOU c -6.13749607 
-62.162 16.7245 1.24 5.25 8.85 LGRD e -7.10532622 
-62.163 16.764. 2.94 11.16 10.94 TRNT c -9.09783508 
-62.168 16.741. 1.74 5.92 11.74 HARR c -9.60393552 
-62.170 16.7216 2.54 -0.64 6.53 HERM c -6.75029495 
-62.177 16.693 3.02 1.04 6.35 FRGR c -6.70599677 
-62.184 16.696 -2.13 4.64 7.62 NWHT e -4.16337803 
-62.191 16.742 -0.45 3.72 7.76 WNDH e -5.39930101 
-62.193 16.777 -1.05 8.4 7.64 MVO1 c -4.40021737 
-62.194 16.701 1.65 0.21 10.29 SPRI c -9.06867201 
-62.194 16.795 -0.09 8.78 6.55 GERD c -4.0818061 
-62.203 16.820 -0.1 8.2 3.33 NWBL c -1.61067699 
-62.206 16.720 -0.3 2.96 5.42 SGH1 c -3.7380558 
-62.209 16.693 -2.1 -3.68 8.04 BROD e -5.4729043 
-62.213 16.749 -0.55 4.06 6.32 MVO2 e -4.16699065 
-62.214 16.741 -1.31 3.72 7.87 AIRS c -4.96388046 
-62.228 16.750 -1.98 4.06 4.61 OLVN c -1.95448433 
-62.242 16.723 -6.93 2.02 8.75 BNBY e -2.44155734 
-62.346 16.934 0.35 1.9 -1.61 RDON c 1.27309018 
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Figure 13: Sample of interferograms produced from a) 
WD1 path 132 frame 3300 (total 147 interferograms) 
b) SM3 path 132 frame 3300 (total 18 interferograms) 
c) SM3 path 36 frame 290 (total 15 interferograms). 
No coherent deformation was observed across the 
sequence of interferograms. However, there was a 
dramatic decrease in the number of coherent pixels as 
the temporal baseline increased. 
 

Fig. 14 shows the average coherence from all of the 
interferograms processed along each path. 
 

 
Figure 14: Average coherence for the acquisitions 
analysed for Dominica: path 36 frame, 290 and path 
132 frame 3300. The coherence over much of the 
island is significantly below 0.5. 
 
StaMPS [3] was used to extract stable pixels from the 
interferograms and generate a time series from the more 
temporally well sampled wide swath acquisition, path 132 
frame 3300 (Fig. 15). 
 

 
Figure 15: Time series of stable pixels generated using 
StaMPS from interferograms generated from 
wideswath acquisitions (path 132, frame 3300). Results 
indicate no consistent volcanic deformation. 
 
Despite the increased number of acquisitions, the noise 
levels in the timeseries remain high. However, based on 
the estimated displacement rate from StaMPS, there is no 
indication of volcanic deformation on the island. 
  

150726-150906 
 

150726-200119 
 

170305-200412 150308-150322 
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St Vincent 
The interferograms from SM3 ascending path 36, frame 
250, 200115-210113 and the descending path 131, frame 
3350, 200225-210126 were generated.  
 
The temporal baselines of approximately one year meant 
that coherence was limited to the more thinly vegetated 
crater area. 
 
LOS shortening of the order of 8 cm consistent with 
shallow uplift sometime after 15/01/2020 and before 
13/01/2021 was observed (Fig. 16). 
 

 
 
20015-210113 ascending 

 
200225-210126 descending 
 
Figure 16: Interferograms for images before and after 
the onset of the eruption on 27/12/2020. a) path 36 
frame 250 b) path 131 frame 3350. Both ascending and 
descending interferograms show a LOS shortening of 

~8cm consistent with uplift sometime prior to the 
eruption. 
 
As described in the discussion section, in the period post 
13/01/2021 acquisitions were made every 14 days and it 
was possible to generate interferograms with good 
coherence. However, there did not appear to be any 
further indication of volcanic deformation. The observed 
signals in the interferograms are thought to be related to 
short wavelength atmospheric effects (Fig. 17). 
 
The SAR amplitude images have been able to distinguish 
and track the lateral growth of the lava dome. To date the 
dome has shown a linear lateral growth rate with an 
increase in surface area of ~2000 m2/day (Fig. 18). 
 
 

Figure 17: Path 36, frame 250: Interferograms generated using consecutive pairs of images after 13/01/2021 no signal 
indicative of volcanic deformation is observable. The observed variations are thought to be due to short wavelength 
atmospheric disturbances. 
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5. DISCUSSION 
 

The ALOS-2 PALSAR-2 SAR sensor has proven to be 
extremely promising for monitoring volcanic ground 
deformation in the heavily vegetated islands of the Eastern 
Caribbean. The longer wavelength L-band microwave 
radiation used by the sensor is able to obtain images which 
under good conditions can be used to generate coherent 
interferograms across significant areas of the islands 
despite their high degree of vegetation. The high level of 
atmospheric noise due to the humid and variable 
atmospheric conditions do present challenges when trying 
to determine small deformation signals.  
 
In order to address this issue, on the island of Montserrat, 
a series of long temporal baseline interferograms were 
stacked in order to average out atmospheric noise and 
recover small continuous deformation signals. This 
approach was successful but is only feasible in areas with 
ongoing deformation which although small (of the order of 
1 cm per year) is continuous and where the landscape 
allows for generation of coherent interferograms over long 
temporal baselines. This is feasible for Montserrat due to 
the large unvegetated areas covered by volcanic deposits 
and the scrubby vegetation in the more arid north of the 
island. In order to reduce the effects of atmospheric 
disturbance it would be better to use methods to model 
atmospheric water vapour distribution recovering this 
information e.g., from GNSS data [4]. 
 
On St Vincent, a signal related to the eruption of the La 
Soufriere volcano which began on 27 December 2020, 
and is still ongoing, was observed. Both ascending and 
descending passes revealed an approximately 8 cm LOS 

shortening which was localized around the erupting dome 
and crater area. Unfortunately, the pair used to produce 
this interferogram had a temporal baseline of about one-
year (15/01/2020-13/01/2021) and as a consequence 
spatial coherence was limited to the less vegetated region 
of the dome and crater area. It was impossible to 
characterize the wider volcanic deformation field that 
usually yields precious information about the geometry 
and pressurization of the deeper magmatic system, useful 
in forecasting the future behaviour of the eruption.  
 
Following the initiation of the extrusion, none of the 
interferograms produced since 13/01/2021 show any 
indication of significant deformation (multi-centimeter 
scale, or more), which would be expected if the magmatic 
system was continuing to pressurise. This kind of 
pressurization might be expected if the volcano was 
moving toward an explosive eruption.  
 
Since the beginning of the eruption, JAXA agreed to 
significantly increase the acquisition rate from 
approximately annual to every two weeks. This change has 
been very beneficial to the monitoring effort and illustrates 
the importance of short temporal baselines for monitoring 
volcanoes. The short temporal baseline leads to increased 
spatial coherence allowing deformation data to be obtained 
across a wider area giving information about deformation 
sources at a range of depths from deep (several km) to 
shallow (meters to tens of meters). Moreover, it also 
provides information on a timescale which can be used to 
feed real time hazard analysis and inform the authorities. 
The higher time resolution images have also allowed the 
generation of SAR amplitude images which have been used 
to track the lateral growth of the lava dome. 

Figure 18: Path 36, frame 250: SAR amplitude images generated since 13/01/2021. The yellow polygon outlines the 
area of the growing lava dome. The graph indicates a linear areal expansion of ~2000 m2/day. 
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6. CONCLUSION 
 

• ALOS-2 L band sensor is very good for volcanic 
monitoring in the Eastern Caribbean. The long 
wavelength (22.9 cm) radar signal effectively 
penetrates the vegetation on the islands. Highly 
coherent interferograms across a large fraction of 
the islands are possible especially when temporal 
baselines are short (weeks to two months or so). 
Unfortunately, the current satellite task schedule 
for ALOS-2 means that some islands can go a 
year or more without an acquisition. This poses a 
major problem. Both in terms of getting 
precursory information in time for it to be useful 
and also in terms of getting sufficiently spatially  
coherent interferograms to characterise both the 
shallow and deep deformation fields. 

• It was possible to determine a spatially limited 
uplift signal of the order of centimeters 
associated with the start of the La Soufriere 
volcano eruption, on St Vincent. However, the 
long period between acquisitions prevented 
determination of the exact time within the year 
that the deformation occurred. The lack of spatial 
coherence away from the crater also prevented a 
full characterization of the deformation field. 

• The SAR amplitude images provided good 
information on the lateral growth rate of the lava 
dome on St Vincent. 

• Stacking of the multiple long temporal baseline 
(2 to 3 years) allowed for recovery of the small 
deformation signal, in unvegetated areas, also 
recorded via the GPS network of the order of 1 
cm per year on the island of Montserrat. 

• There is currently no observable volcanic 
deformation on the island of Dominica. 

• In order to make the ALOS-2 satellite more 
useful for volcanic monitoring acquisitions need 
to be made at a higher frequency of the order of 
weeks to two months or so. This would allow for 
the acquisition of actionable precursory 
information and yield better spatial coherence 
over more of the island that would allow for a 
better characterization of the volcanic 
deformation. This would make ALOS-2 a 
powerful tool for volcano forecasting and 
monitoring.  
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1. INTRODUCTION

The discovery of slow slip earthquakes (SSEs) in 

subduction zones using precise geodetic measurements 

(GNSS) in Japan [1], Cascadia [2] and Mexico [3] has 

added a new picture to the earthquake cycle, tectonic plate 

boundaries and even raised the possibility of greater 

predictability of large earthquakes [4]. For Mexico (Figure 

1), the Cocos Plate subducts beneath the North America 

Plate at a rate of 6-7 cm/yr [5]. This accumulating strain 

imposes hazard for coastal cities along the subduction zone 

and for Mexico City (21 million population), where an Mw 

8.0 earthquake in 1985 caused more than 10,000 casualties. 

Moreover, and for particular concern is a region of the 

subduction interface, the Guerrero Gap, where several 

SSEs have been recorded since 1998 with a cycle of about 

3-4 yrs [6]. The most recent SSE began in mid-2017, and

transient displacements from the SSE and following

regional earthquakes lasted until around December 2018

[7].

Figure 1. Tectonic setting of the subduction zone in 

southern Mexico. Red outline arrows represent sense of 

relative motion between Cocos and North American Plates. 

Blue stars indicate historic seismicity, Mw>7.0 since 1911. 

Red circles denote continuous GNSS stations and green 

rectangles indicate ALOS-2 radar images coverage (tracks 

151-157).

It is currently unclear how these SSEs impact stress 

evolution on nearby locked asperities, and whether the SSE 

is triggered by or triggers other earthquakes [8], partly 

because the precise spatial relationship between SSE slip 

and locked asperities is unknown due to poor geodetic data 

coverage in the area. Precise determination of the slip 

distribution at depth and along the subduction trench is 

essential to reveal the physical processes involved in the 

SSEs, to understand their role in the seismic cycle of large 

earthquakes, and their implications in seismic hazard for 

Mexico City. 

This final report includes our main findings under review 

[1*,2*]. The next section includes the results from the 

analysis of Guerrero SSE (2017/2018) and simultaneously 

occurring earthquakes using ALOS-2 Interferometric 

Synthetic Aperture RADAR (InSAR) and GNSS.  

2. RESULTS

Atmospheric propagation delays from the ionosphere, 

troposphere, and decorrelation noise, principally due to 

vegetation in southern Mexico, limit the ability to retrieve 

small magnitude deformation signals using InSAR [9]. To 

solve this, we apply a combined approach: (1) ionospheric 

corrections [10] and tropospheric noise [11,12,13] to each 

interferogram, (2) reduce atmospheric noise by averaging 

in time the InSAR time-series analysis [14,15], (3) include 

the full spatial noise covariance to address residual 

atmospheric noise at the modeling stage [16,17,18], and (4) 

during the inverse modeling stage we fit and remove a 

plane from the InSAR step estimate to account for residual 

long-wavelength noise and down-weighting the InSAR 

observations based on the noise covariance matrix [18]. We 

processed 126 interferograms (February 2015–December 

2018) using ISCE 2.0 software package [19], ScanSAR 

application [10], and then we used the Small Baseline 

Subset method in the Generic InSAR Analysis Toolbox 

[20] to estimate unfiltered time series.

GNSS data was processed with GAMIT/GLOBK v10.7 

[21], using a local network of 35 GNSS stations, from 

Servicio Sismologico Nacional (SSN), Trans-boundary 

Land and Atmosphere Long-term Observational 

Collaborative Network (TLALOCNet) and Instituto 

Nacional de Estadistica e Informacion (INEGI) GNSS 

Networks to estimate and remove inter-SSE velocities. 

GAMIT uses double-difference phase data between GNSS 

satellites and stations to solve for station coordinates, 

atmospheric zenith delays and integer ambiguities for a full 
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UTC day, in a loosely constrained solution covariance 

matrix. GLOBK estimates velocities by combining the 

loosely constrained solution with the International Global 

Navigation Satellite System (IGS) solution in the North 

American ITRF2014 reference frame. Inter-SSE site 

velocities are estimated by least-squares linear fitting to 

time variation of coordinates for each station with time-

correlated noise model for velocity uncertainties [22]. 

 

Cumulative step offsets for each ALOS-2 tracks with 

GNSS offsets and select profiles (Figure 2) shows noise 

reductions due to ionospheric and tropospheric corrections 

in combination with the time-series analysis.  

 

 
 

Figure 2. (a) Plot of cumulative line-of-sight displacement 

towards the satellite estimated from fitting the InSAR and 

GNSS time-series. The black outline squares are the 

reference regions for each track. (b-c) Displacement 

profiles. Blue dots are individual cumulative step estimates 

from InSAR, red dots are from GNSS projected into line-

of-sight. The gray shaded region shows the 1-sigma 

uncertainty range. 

 

Model geometry and setup consist in the subducting Cocos 

slab [23] discretized on triangular patches using standard 

elastic half space Green’s functions [16] and solve for 

purely dip-slip motion using smoothness and minimum-

norm regularization in the inversion for fault slip; where 

we use L-curve and grid-search approaches to select the 

single hyperparameter that weights the regularization term 

with respect to the data misfit. Finally, we use the 

Constrained Optimization Bounding Estimator (COBE) 

method to estimate bounds on the total moment of the 

combined 2017/2018 SSE and regional earthquakes 

[24,25]. 

 

Our results indicate slip occurred in the region of the 

historic SSEs and in the vicinity of the Oaxaca earthquake, 

revealing distinct regions of aseismic slip for the 

2017/2018 SSE and regional earthquakes. Afterslip is 

found to occur in separate up-dip and down-dip regions 

around the Oaxaca region. This inferred separation is 

enabled by the high spatial resolution of InSAR (Figure 3). 

On the other hand, slip in the SSE region in our preferred 

slip model based on analysis of a whole suite of models 

using both L-curve and grid search approaches, shows slip 

solution more concentrated with similar, MW 7.1-7.4 

magnitude equivalent obtained in [7] using Sentinel-1 data; 

where in a preliminary analysis of Sentinel-1 without using 

the full spatial covariance we found a slip model more 

similar to [7], but with lack of high-quality pixels near the 

coast to constrain the shallow slip. These results 

demonstrate the viability of using ALOS-2 L-band InSAR 

in subtropical and vegetated regions in the presence of 

strong atmospheric noise. This will improve our 

understanding of aseismic slip processes and provide the 

observations necessary to constrain physical models of 

aseismic faulting. 

 
Figure 3. Slip modeling results. Solid black line is the coast 

outline. Colored boxes denote the regions in the text, and 

(a-b) Best-fitting slip models (magnitude in the up-dip 

direction), where slip is not allowed on patches below 55 

km depth. (a) GNSS only and (b) GNSS + InSAR, with full 

covariance.  
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1. INTRODUCTION

Near-field Surface deformation is key to understand the 
fault geometry and distributed slip for an earthquake, 
particularly for those events having complex rupture 
processes. Synthetic Aperture Radar Interferometry 
(InSAR), measures surface centimeter to millimeter level 
based on SAR data from variable SAR missions. Due to 
temporal and spatial decorrelation, L-band InSAR can 
usually have higher interferometric coherence than C-band 
InSAR, and then provides unique constraints for deforming 
events in most natural environmental conditions.  

Through the great supports of the RA6 project, we were 
able to chase large earthquakes globally by using L-band 
InSAR techniques[1]–[4]. In the period of the RA6 project, 
we have mapped tens of moderate- to large-sized 
earthquakes which are due to different faulting 
mechanisms. Increasing InSAR data have significantly 
enhanced our understanding of faulting and their 
functionalities reshaping the surface morphology[2], [5], 
[6]. Continuous SAR observations in time, combining 
other SAR missions, e.g. Sentinel-1 and RADARSAT-2, 
have further increased opportunities to help explore 
variable faulting behaviors in a single earthquake cycle[7], 
[8].  

During the applications of InSAR observations, 
particularly with L-band ALOS2 data, we have figured out 
several advantages of variable SAR data, and meanwhile 
some limitations due to either effects of inherent noise, or 
some bugs during the data production and even original 
satellite construction. In the later session, we will present 
three aspects of L-band InSAR through different 
applications: 

1) Good coherence and less atmospheric effects for
L-band InSAR, relative to C-band InSAR.

2) Strong ionospheric effects for most L-band
InSAR products from ALOS2.

3) Production errors, which cause inabilities for
InSAR.

2. COSEISMIC SURFACE DEFORMATION
MAPPING USING L-BAND INSAR 

2.1 THE 2018 MW 7.5 PAPUA NEW GUINEA 
EARTHQUAKE 
A Mw7.5 large earthquake struck Papua New Guinea 
(PNG), which has hosted several large earthquakes before. 
To reveal the complexity of the rupture processes of the 
mainshock, we processed ALOS2 ScanSAR data for 
InSAR deformation mapping and conducted source 
inversion. Serveral deformation centers have clearly been 
revealed by the L-band InSAR (Figure 1), which is 
essential for detailed slip distribution retrieval.  

Figure 1 Rewrapped cosesismic interferogram of 2018
0201-20180315 in a range of -10 to 10 cm[5].  

As an island region, local dense vegetation and wet weather 
result in fast decorrelation for C-band InSAR. Therefore, 
the L-band InSAR result (Figure 1) has provided unique 
contributions in the modelling. 

2.2 2019 MW6.4 AND MW 7.3 RIDGECREST, 
CALIFORNIA EARTHQUAKS 

Tectonic earthquakes result from faulting processes. Due 
to complexity of faulting in a single event, the three 
deformation components are usually required to retrieve 
full slip patterns in detail [2]. By combining Sentinel-1 C-
band and ALOS2 L-band SAR data, we applied both 
traditional InSAR and subpixel tracking methods to create 
four different deformation comments, including ascending 
Line-of-sight (LOS), descending LOS, range subpixel 
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offsets and azimuth subpixel offsets. Though range offsets 
are identical with the traditional InSAR phase changes, 
they can provide more constraints in the inversion, 
particularly for the near-field deformation maps. Thanks to 
dry conditions in the region of the earthquakes, all selected 
interferograms show great interferometric coherence[2].  

 
Figure 2 (a) Filtered coseismic interferogram of 
20190628-20190710 in Sentinel-1 Track 64. The 
earthquake fault traces (thick red lines) were marked based 
the InSAR phase discontinuities and subpixel offset 
tracking results. (b) The calculated vertical deformation 
map of the earthquakes and horizontal displacements 
derived from InSAR[2]. 

 
2.3 2020 MW6.6 HOTAIN EARTHQUAKE 
A normal fault earthquake occurred in the region of Hotain, 
Xinjiang China on 25 of June, 2020. Due to coverage of 
snow on the top of the mountain in the region, significant 
decorrelation has been found in both C-band and L-band 
InSAR results (Figure 3).  

 
Figure 3. (a) coseismic interferogram of ALOS2 SAR. (b) 
the simulation of coseismic deformation based on our 
optimal slip model. 

In a short summary, L-band InSAR have provided unique 
contributions in the coseismic deformation mapping, 
particularly useful for near-field offsets retrieval.  
 

3. LIMITATIONS OF L-BAND 
INTERFEROMETRY 

 

Though we have been beneficial from L-band InSAR 
abilities in deformation mapping, ionospheric anomalies 
have widely observed in several previous studies[7], [9]. 
As seen in Figure 4, significant straps were remained in the 
residuals (Figure 4(c)), which is most likely due to 
ionospheric anomalies between the two passes of primary 
and secondary SAR data of the interferometric pairs.  
 

 
Figure 4. (a) ALOS2 coseismic interferogram of the 2015 
Mw8.3 Chile earthquake. (b) the simulation based on our 
preferable slip model [7].  (c) the difference between (a) 
and (b).  
 
A spectral splitting method has been developed based on 
the GAMMA package in order to reduce the effects of 
ionospheric effects[4] as the ionospheric component is 
sensitive to the central frequencies of the SAR data. We 
can then manage a band splitting for SAR data to generate 
low- and high-band SAR bands with a certain central 
frequency difference. Then the difference of the high- and 
low-band interferograms is a simple function of 
ionospheric components involving their frequencies. 
Meanwhile, due to significant effects of ionospheric 
anomalies, the traditional registration has not been enough 
to resample the secondary SAR to the projection of the 
primary data (Figure 5(b,d)).  As seen in Figure 5(a), the 
special fringes on the bottom of the image could be due to 
the wrong configuration during production, which could 
cause phase anomaly with a few radians.  

 
Figure 5. Anomaly analysis of ALOS2 track 73 interferogram of 20 
160723–20170722. (a) Range subpixel offsets. (b) Azimuth subpixel 
offsets. (c) Traditional interferogram fringes. (d) As the difference 
between (c) and an updated interferogram that is generated with subpixel 
offsets involved in the resampling [4]. 
 

4. SUGGESTIONS AND EXPECTATION 
 
By considering remarkable signatures of ionospheric 
components (ION) in the L-band InSAR, we would suggest 

(a) (b) (c) 
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configuring SAR missions performing image during early 
morning time to avoid potential effects due to solar 
activities. In fact, ION issues have also been realized in the 
C-band InSAR. So we need to be careful of ION’s effects 
in the modelling during the InSAR applications in future.  

InSAR deformation products have been growing quickly in 
the recent years. With the new SAR missions coming, we 
hope to have chances to access L-band SAR data in some 
specific study areas to extensively explore the abilities of 
SAR observations toward a better understanding of 
dynamic surface processes.  

 
5. PUBLICATIONS UNDER SUPPORT OF THE 

RA6 PROJECT 
To date, we have published over 10 scientific papers in 
prestigious journals in the geophysical field, e.g. [1], [2], 
[4], [6], [7], [10], [11], and at the moment we still have two 
manuscripts under the review. Without the data released by 
JAXA, we could not have done such great jobs in these 
years.  
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1.概要

近年の地球温暖化に起因する局所豪雨等が増加し

ており,それに伴い土砂災害の広域化・激甚化の傾向

がみられる.そのため,その土砂災害を引き起こすと

想定さえる地すべり等の土砂災害の予兆現象を監視

できる ALOS-2の干渉 SAR解析,特に時系列干渉

SAR解析による地表の動態監視は重要である. 

そこで,まず ALOS-2の干渉性を評価し,時系列干渉

SAR解析に資するペアの条件を確認した.次に,平成

28年熊本地震が発生した熊本県周辺を対象に,時系

列的な干渉 SAR解析を実施し,土砂災害の予兆現象

に対する適応性を確認した.さらに,近年は大規模な

地震が多発しているため,地震時の変動や地震後の余

効変動に起因する土砂災害や地殻変動に対する適応

性を確認した. 

その結果,ALOS-2で時系列的な干渉 SAR解析を実

施する上でのパスの選定条件が確認できた.また,時

系列的な干渉 SAR解析を実施することで,ALOS-2に

よる土砂災害の原因となる土砂移動現象の監視が可

能であり,既往の観測機器では把握しきれない情報を

取得可能であることが示された. 

2. ALOS-2の干渉性の評価

本論では,RA4及び RA6で提供を受けた国内 24箇

所（224シーン,1,186ペア）を用いて,ALOS-2の干渉

性の評価を行った.干渉性の評価を行う項目とし

て,ALOSでは未検証の事項（2項目）,及び ALOSで

は検証済の事項（3項目）となる以下の 5項目を設

定した. 

①オフナディア角の違い（ALOSでは未検証）

ALOSは,主な基本観測モードのオフナディア角が

34.3°と設定されていた.それに対し,ALOS-2の基本

観測モードは,U2-6（オフナディア角 29.1°）から

U2-9（オフナディア角 38.2°）まで多岐にわたるた

め,オフナディア角が異なると干渉性が異なる可能性

が考えられた.そこで,異なるオフナディア角で,同じ

場所をほぼ同じ時期に観測したデータを用いて干渉

性を比較することで,オフナディア角の違いが干渉性

に与える影響ついて評価した. 

②観測方向の違い（ALOSでは未検証）

 ALOSは,南行軌道が主に光学センサー観測と

ScanSAR観測の運用に用いられ,時系列干渉 SAR解

析に十分なシーン数が観測されなかった.それに対

し,ALOS-2は SARセンサーのみの搭載であるため,

北行軌道,南行軌道ともに干渉 SAR解析に十分なシ

ーン数が観測されている.そこで,観測方向の違い

（北行軌道：概ね東から西,南行軌道：概ね西から東）

による干渉性の違いについて評価した. 

③観測日間隔（ALOSで検証済）

ALOSの 46日回帰と比較して,ALOS-2は 14日回

帰となる.しかし,実運用では日本の緯度かつ高分解

能 3mモードで隙間なくカバーするためには,同じ軌

道から 3～4回分けて観測する必要があるため,実回

帰は 42日～56日となり,ALOSと大差は無い. 

一方で,今後打ち上げが予定されている先進レーダ

ー衛星は観測幅が広がることから 14日回帰で運用

されると想定され,14日間隔からの干渉性を確認す

ることが望ましい.そこで,最短 14日間隔から 2018年

4月現在で最長となる 1,050日間隔までの干渉性を評

価し,山間部の土砂災害の予兆監視に用いることがで

きる最大の観測日間隔について評価した. 

④軌道間距離（垂直基線長）（ALOSで検証済）

ALOSは,面外制御の影響で最大で 8,000m以上の

垂直基線長が見られた.しかし,ALOS-2はより綿密な

軌道制御を行い,垂直基線長は 500m以内を保つとさ

れている.一般に,垂直基線長が長いほど Spatial 

decorrelationの影響を受け干渉性が低下するため,垂

直基線長の限界値を知ることは重要である. 

そこで,山間部の土砂災害の予兆監視に用いること

が可能である最大の垂直基線長について評価した. 

⑤ペアの季節の組み合わせ（ALOSでは未検証）

一般に,ALOS-2が用いる Lバンド SARは植生の影

響を受けにくいと言われているが,実経験では同時期

の干渉性が最も高く,季節が異なると干渉性が低下す

ると感じる.そこで,ペア間の季節の組み合わせにつ

いて評価し,適切な既設の組み合わせを調査した. 

なお,本論では山間部は傾斜 10度以上の場所と定

義した.また,本検証で用いた処理ソフトウェアは

GAMMA SARであり,干渉 SAR解析における処理パ

ラメータは下表に示す.
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Tab. 1 Processing Parameter 

Look Number Filter FFT size Filter Alpha Value 

4×4 32 0.8 

2.1. オフナディア角の違いの干渉性への影響 

 熊本県周辺を観測した北行軌道の U2-6（66 ペア）

と U2-9（105ペア）を用いて,オフナディア角の違い

に起因する干渉性の変化を比較した.Fig.1と Fig.2か

ら,両者ともに観測日間隔が長くなるとシーン平均コ

ヒーレンスが低下することがわかる.以上の結果から,

日本国内において基本観測計画に主に用いられる

U2-6の結果と U2-9の結果を比較すると,U2-9の結果

のほうが近似直線と比較してややばらつきが大きい

ことを除けば同様の傾向を示しており,オフナディア

角の違いが干渉性に与える影響は小さいと考えられ

る. 

 また,観測モードの違いが干渉性に与える影響は小

さいことが確認できたため,以降の検討では観測モー

ド違いは考慮せずに検討した.  

 

Fig. 1 Scene average coherence at the mountains aro-

und Kumamoto Prefecture in acquisition mode U2-6 

 

Fig. 2 Scene average coherence at the mountains aro-

und Kumamoto Prefecture in acquisition mode U2-9 

2.2. 観測方向の違いの干渉性への影響 

 熊本県周辺における北行軌道（U2-6と U2-9）と

南行軌道（U2-7）を用いて,観測方向の違いに起因す

る干渉性の変化を比較した.Fig.3と Fig.4から,両者と

もに観測日間隔が長くなるとシーン平均コヒーレン

スが低下し,その時間的傾向も大きく差が無いことが

わかる.また,近似線とのばらつきも観測方向の違い

による差は見られないことが確認できる. 

 以上の結果から,日本国内において観測方向の違い

が干渉性に与える影響は小さいと考えられる. 

 なお,観測方向の違いが干渉性に与える影響は小さ

いことが確認できたため,以降の検討では観測方向の

違いは考慮せずに検討した. 

 

Fig. 3 Scene average coherence at the mountains in 

Ascending Orbit at Kumamoto 

 

Fig. 4 Scene average coherence at the mountains in 

Descending Orbit at Kumamoto 

2.3. 観測日間隔の干渉性への影響 

 国内 24箇所（224シーン,1,186ペア）を用いて,山

間部における観測日間隔に起因する干渉性を評価し

た.Fig.5から,観測日間隔が長くなるとシーン平均コ

ヒーレンスも低下することがわかる.しかし,干渉性

低下の要因は複数あり,その積により干渉性が求まる

ことから,観測日間隔が同じでも,干渉性には大きな

ばらつきが生じる.そこで,観測日間隔を含め干渉性

の低下がなく,良好な干渉性が得られる状態と,観測

日間隔のために干渉性の低下が発生する状態の境界

を調査することとした. 

本論では良好な干渉性が得られる条件としてコヒ

ーレンス値 0.8を設定し,全ペアのうち山間部のコヒ

ーレンス値が 0.8以上となる割合を調査した. 

なお,日本国内で山間部のコヒーレンスを検討すると

きには,積雪の影響を無視できない.そのため,国土数

値情報の豪雪地帯 1)を含むシーンは積雪の影響が大

きいエリア（377ペア/1186ペア）,それ以外のシー
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ンを積雪の影響が小さいエリア（699 ペア/1186 ペア）

として定義した. 

 

Fig. 5 Scene average coherence to acquisition date interval 

①積雪の影響が小さいエリア 

Fig.6から,観測日間隔が 420日を超えると山間部

で良好な干渉性が得られる割合が 50%を下回ること

がわかる.また,938日を超えると山間部で良好な干渉

性が得られるペアはないことがわかる.以上の結果か

ら,観測日間隔が 420日以内（30回帰以内）のペアを

選定すると,良好な干渉性が得られるペアが多いと考

えられる. 

 

Fig. 6 Percentage of scenes where the coherence value 

is 0.8 or more to aquisiton date interval at area where 

the influence of snow cover is small 

 

Fig. 7 Percentage of scenes where the coherence value 

is 0.8 or more to aquisiton date interval at area where 

the influence of snow cover is large 

②積雪の影響が大きいエリア 

Fig.7から,観測日間隔が 406日を超えると山間部

で良好な干渉性が得られる割合が 50%を下回ること

がわかる.また,560日を超えると山間部で良好な干渉

性が得られるペアはないことがわかる.以上の結果か

ら,観測日間隔が 406日以内（29回帰以内）のペアを

選定すると,良好な干渉性が得られるペアが多いと考

えられる. 

2.4. 軌道間距離の干渉性への影響 

 国内 24箇所（224シーン,1,186ペア）を用いて,山

間部における垂直基線長に起因する干渉性を評価し

た.Fig.8からは,垂直基線長と干渉性との間に明瞭な

関係は確認できず,このままでは時系列干渉 SAR解

析に用いるための条件の確認は困難であると考えら

れた.そこで,観測日間隔と同様に山間部で良好な干

渉性が得られる割合を調査した.  

 

Fig. 8 Scene average coherence to perpendicular baseline 

①積雪の影響が小さいエリア 

Fig.9から,垂直基線長が 400mを超えると山間部で

良好な干渉性が得られるペアはないことがわかる. 

以上の結果から,垂直基線長が 400m以内のペアを

選定すると,良好な干渉性が得られるペアが多いと考

えられる. 

 

Fig. 9 Percentage of scenes where the coherence value 

is 0.8 or more to perpendicular baseline at area where 

the influence of snow cover is small 

②積雪の影響が大きいエリア 

Fig.10から,観測日間隔が 390mを超えると山間部

で良好な干渉性が得られるペアはないことがわかる.
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以上の結果から,垂直基線長が 390m以内のペアを選

定すると,良好な干渉性が得られるペアが多いと考え

られる. 

 

Fig. 10 Percentage of scenes where the coherence value 

is 0.8 or more to perpendicular baseline at area where 

the influence of snow cover is large 

2.5. ペア間の季節の組み合わせとの干渉性への影響 

 観測日間隔が短いペアはもともと干渉性が高いた

め,季節の違いによる影響と観測日間隔の違いによる

影響の差の違いの識別が困難である.そこで,観測日

から最長 2年間に区切り,季節と観測日間隔を分離し

て評価した.その結果,以下の事項が確認できた. 

・ Master を春としたペアは,最初の 1 年間（春～冬）

の干渉性が高いものの,それ以降は急激に干渉性

が低下する傾向が見られる. 

・ Masterを夏としたペアは,冬を超えると急激に干

渉性が低下する傾向が見られる. 

・ Masterを秋としたペアは,他の時期を Masterとし

たペアと比較して全体的に干渉性が高い傾向が

見られ,時間的に徐々に干渉性が低下する傾向が

見られる. 

・ Masterを冬としたペアは,秋と比較すると干渉性

の低下の傾向が大きいが,Masterが春,夏のペアよ

り干渉性が高い傾向が見られる. 

 

Fig. 11  Relationship between Percentage of scenes 

where the coherence value is 0.8 or more and season of 

slave image 

3.時系列干渉 SAR解析による土砂災害予兆監視 

平成 28年熊本地震は,震度 7を記録する揺れを 2

回,震度 5強以上の余震を複数回記録し,さらに同年

の梅雨期（6月中旬～6月末）にまとまった降雨が発

生した.その結果,熊本県周辺にて斜面変動のリスク

が増加し,実際に土砂災害警戒情報の発表基準の引き

下げ等が実施された.そこで,本論では熊本県周辺を

観測した北行軌道と南行軌道の観測データを利用し,

熊本県周辺における土砂災害の予兆現象となり得る

土砂移動現象の把握を試行した. 
3.1. 使用データと組み合わせ 

 熊本県周辺を観測した北行軌道の U2-6(9シーン)

と U2-9(10シーン)を用いて,時系列干渉 SAR解析を

実施した.使用したペアを Tab. 2に示す. 

Tab. 2 Using Satellite data 

Orbit Path Frame Look Off-nadir 

Ascending 131 640 Right 38.2 

Descending 23 2950 Right 32.4 
 

 

Fig. 12 Ascending: 9 scene 8 pairs (After the earth-

quake, set 2016/4/26 as reference) 

 

Fig. 13 Descending: 10 scene 9 pairs (After the earth-

quake, set 2016/4/18 as reference) 

3.2. 土砂移動現象把握の試行結果 

 地震後の時系列干渉 SAR解析の結果,地表変状地

震断層沿いに余効変動が継続していることが確認で

きたほか,局所的な土砂移動現象を示唆する干渉縞が

捉えられた..余効変動については後述する.また,局所

的な土砂移動現象を示唆する干渉縞としては,山都町

皿木周辺,御船町間所周辺,山都町松尾周辺の 3箇所

が確認できた.詳細を以降に述べる. 

3.3.1. 山都町皿木周辺  

山都町皿木周辺において,平成 28年熊本地震前同

士,及び地震前後同士では,北行軌道,南行軌道ともに

土砂移動現象を示唆する干渉縞を確認できなかった.

しかし,2016年 6月 19日から 2016年 6月 30日にか

けて発生した豪雨の後から,土砂移動現象を示唆する

干渉縞を両軌道で確認でき,2017年 3月末にかけて変

動量が累積し,徐々に大きくなる事象が確認できた. 

現地調査の結果,斜面上部に滑落崖,及び斜面下方

に向かって落ちる開口クラックを確認できた.また,
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斜面下部でコンクリート擁壁の押し出しが確認でき

た.以上の結果から,山都町皿木周辺では土砂移動現

象が発生しており,その現象を時系列干渉 SAR解析

で捉えたと考えられる. 

3.3.1. 御船町間所周辺 

 御船町間所周辺において,平成 28年熊本地震前は

土砂移動現象を示唆する干渉縞を両軌道で確認でき

なかった.しかし,平成 28年熊本地震前後のペアでは

土砂移動現象を示唆する干渉縞を両軌道で確認でき

た.また,2016年 6月 19日から 2016年 6月 30日にか

けて発生した豪雨の後から,特に南行軌道で土砂移動

現象を示唆する変動縞を確認できた. 

現地調査の結果,干渉縞で変動が確認できる箇所と

変動が確認できない領域の境界付近で道路を横断す

るクラックを確認できた.また,斜面上部では開口ク

ラックが確認でき,丁張を用いた計測が実施されてい

た.また,干渉縞の変動範囲に含まれる道路では,コン

クリート擁壁による補修がされていたことが確認で

きた.以上の結果から,御船町間所周辺では,土砂移動

現象が発生しており,その現象を時系列干渉 SAR解

析で捉えたと考えられる.  

3.3.3. 山都町松尾周辺 

 山都町松尾周辺において,平成 28年熊本地震前は

土砂移動現象を示唆する干渉縞を両軌道で確認でき

なかった.しかし,平成 28年熊本地震前後のペアでは

土砂移動現象を示唆する干渉縞を両軌道で確認でき

た.また,2016年 6月 19日から 2016年 6月 30日にか

けて発生した豪雨の後から,北行軌道について土砂移

動現象を示唆する変動縞を確認できた.しかし,南行

軌道では土砂移動現象を示唆する変動縞を確認でき

なかった. 

 現地調査の結果,干渉縞の変動範囲に含まれるコン

クリートの擁壁について,押し出しを示唆するクラッ

クが確認できた.以上の結果から,山都町松尾周辺で

は,土砂移動現象が発生しており,その現象を時系列

干渉 SAR解析で捉えたと考えられる.一方で,南行軌

道では土砂移動現象を示唆する変動縞を確認できな

かったが,これは土砂移動現象の移動方向の水平方向

の移動成分と垂直方向の移動成分の合成ベクトルが

南行軌道の視線方向に対し,小さくなったためと想定

される.  

Fig. 14 Sediment disaster monitoring by the time-series DInSAR analysis around Kumamoto Prefecutre 
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4. 地震に起因する土砂災害予兆の把握 

平成 30年 6月大阪府北部の地震,及び平成 30年北

海道胆振東部地震について,地震前同士,地震前後の

時系列干渉 SAR解析を実施し,地震に起因する土砂

移動現象の把握について試行した.その結果,時系列

干渉 SAR解析により,広域の地表変状がみられない

大阪府北部の地震,広域の地表変状がみられた北海道

胆振東部地震の両方で,地震に起因すると想定される

局所的な地表変状を抽出できた.詳細を以降に述べる. 

4.1. 平成 30年 6月大阪府北部の地震 

 平成 30年 6月に発生した大阪府北部の地震で

は,GNSS計測と干渉 SAR解析の両方で広域の地殻変

動を確認できなかった.しかし,報道等の情報から局

所的な地表変状が数多く発生していることが懸念さ

れた.そこで,地震前同士のペア(2017年 6月 19日と

2018年 4月 9日のペア)と地震前後のペア(2018年 4

月 9日と 2018年 6月 18日のペア)の干渉解析を用い

て,局所的な地表変状について確認した. 

干渉 SAR解析結果を詳細に確認すると,高槻市南

平台周辺,箕面市小野原西周辺で,地震前後のペアの

みに衛星から遠ざかる方向の変動縞が確認できた.こ

れらの地点は,地震前同士のペアでは明瞭な変動縞を

確認できなかったが,地震前後のペアでは変動縞を確

認できることから,地震時の揺れによって地表変状が

発生したものと推定される.この地域の地震時の揺れ

は，震度 5強から震度 6弱の範囲であった(気象

庁,2018). 

高槻市南平台では,干渉解析で変動が見られた領域

と不動であった領域との境界に沿って道路及び側溝

に開口クラックが認められ,一部の住宅地では斜面下

方向(概ね東方向)に向かって移動し,沈下しているこ

とが確認された.この現地調査結果は干渉解析結果と

整合的である. 

また，地形改変前の旧版地形図を確認すると，高

槻市南平台周辺は沢出口の緩斜面および谷地形を大

規模に造成していることが判明した.干渉解析で変動

が見られた形状と旧版地形図による緩斜面の分布範

囲が類似している.これは,造成盛土の沈下が生じた,

もしくは沖積錐の堆積物が斜面下方へ移動した現象

を捉えた可能性がある. 

 
 

Fig. 15 Results showing local ground changes in the northern Osaka prefecture earthquake in June, 2018 (Takatsuki 
City Nanpeidai ) 
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4.2. 平成 30年北海道胆振東部地震 

 平成 30年北海道胆振東部地震の前後の 3時期の観

測データを用いて干渉 SAR解析を実施し,地震に起

因する地表変状を確認した.その結果,札幌市清田区

周辺や厚真町から鵡川町にかけての海岸周辺等で局

所的な地表変状が確認できた. 

 札幌市清田区付近では複数地点で衛星から遠ざか

る方向の干渉縞を確認できた.これらの箇所における

干渉縞のパターンは,現地形との相関が見られないた

め,旧河道等の改変前の地形に沿って地表変状が発生

したと想定された.そこで,旧地形と干渉 SAR解析を

比較すると,改変による谷埋め地形と干渉縞や干渉性

が低下した領域が一致した.現地調査の結果では,旧

谷地形と一致するように,アスファルトの圧縮変形や

干渉性の低下がみられており,旧谷地形の地表変状を

干渉 SAR解析が捉えたと考えられる. 

 厚真町から鵡川町にかけての海岸周辺では,日高自

動車道やその周辺部にかけて,複数地点で地表変状を

示唆する干渉縞を確認できた.例えば,日高自動車道

では,厚真 ICから日高富川 ICの区間の道路盛土部に

ついて,衛星から遠ざかる向きの干渉縞が捉えられた.

また,干渉縞が発生した箇所は,発災後に通行止めの

区間となった範囲と一致した.この干渉縞を詳細に確

認すると,橋梁部やカルバート部では地表変状を示す

干渉縞は確認できず,橋梁部やカルバート部は変動し

ていないと想定された.現地調査の結果では,例えば

鵡川町大成一丁目付近ではアスファルト上に圧縮リ

ッジが確認できた.圧縮リッジの方向と干渉縞から読

み取れる変動方向を比較すると,変動方向が一致し,

干渉縞で得られた変動が現地調査と整合することが

確認できた.また,日高自動車道の厚真 ICから日高富

川 ICにかけては,道路が変状によって波をうったよ

うな形状となっていることが確認できた. 

Fig. 16 Results showing local ground changes in the 2018 Hokkaido Eastern Iburi Earthquake 
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Fig. 18 Comparison of deformation between earthquake variation and postseismic variation of the 2016 Kumamoto 
Earthquake (Ascending Orbit)   (Left： Earthquake variation, Right： Postseismic variation) 

Fig. 17 Comparison of deformation between earthquake variation and postseismic variation of the  2016 Kumamoto 
Earthquake (Descending Orbit)   (Left： Earthquake variation, Right： Postseismic variation) 

5.余効変動に起因する土砂災害予兆の把握 

地震後に発生する余効変動によって,土砂災害を引

き起こす可能性があるため,土砂災害予兆の監視目的

として余効変動を監視することが望ましい.そこで,

本論では,平成 28年熊本地震と平成 28年茨城県北部

の地震を対象として,地震に起因する余効変動監視を

試行した. 

5.1. 平成 28年熊本地震の余効変動 

 地震後の現地調査において日奈久断層帯北部では

既往の活断層線図で示された断層線に沿って明瞭な

地表地震断層が確認された.前震と本震を挟むペアを

用いた干渉 SAR解析では,既往の活断層図に示され

る断層線の西側に地殻変動を示す干渉縞を複数確認

できた(図中①).しかし,本震後のペアを用いた干渉解

析から推定した余効変動は,既往の活断層図に示され

る断層線の西側では確認されず(図中②),既往の活断

層図に示される断層線に近い位置のみで地表変状を

示す干渉縞が確認できた.また,益城町周辺で余効変

動を示唆する干渉縞が確認できた(図中③).このよう

に,地震時の地殻変動と余効変動では,地表変状を示

す干渉縞の位置が異なることが確認できた. 
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 時系列干渉 SAR解析と 2.5次元解析によって,余効

変動を東西方向の変動,及び南北方向の変動に分離し

て確認した。結果を Fig. 19に示す。 

 東西方向の変動は,①布田川断層帯（布田川区間）

の南側,及び日奈久断層帯の高野－白旗区間で西向き

に 322日間で最大 100mm程度の変動,②西原村布田

から大切畑にかけて布田川断層帯の北側でも西向き

の変動傾向,③日奈久断層帯に沿って断層の東側にて

西向きの変動を確認したが,豊野町赤石付近で変動量

がほぼ０からやや東向きに変化,④大津町大月北小付

近では,地震時の変動方向に沿った変動がみられた。 

 一方で,南北方向の変動は,①日奈久断層帯では明

瞭な隆起・沈降傾向を確認できない,②布田川断層帯

の布田川区間と出ノ口断層帯の間,及び宇土区間の一

部で最大 100mm程度の沈降傾向を確認,③西原村布

田付近で布田川断層の北側でも沈降傾向を確認,④下

江津湖から熊本城周辺にかけて北西－南東方向に連

続する沈降傾向を確認できた。以上の結果から,時系

列干渉 SAR解析により,従来面的な把握が困難であ

った余効変動の面的な動態について明らかとなった。 

5.2. 平成 28年茨城県北部の地震の余効変動 

 平成 28年 12月 28日に発生した平成 28年茨城北

部の地震では,GNSS計測等で余効変動の発生が確認

されているが,変動の詳細な面的分布は不明であった.

そこで,地震発生直後,及び地震発生後概ね 1年経過

した観測データを用いて干渉 SAR解析を行い,余効

変動監視を試行した.その結果,Fig. 20に示すように,

本地震に起因する余効変動の面的な分布を確認でき

た.また,本震に起因する地殻変動と余効変動に起因

する地殻変動を比較すると,余効変動に起因する地殻

変動では地殻変動の範囲が小さく,断層の北東側では

変動がみられないことが確認できた.また,変動量が

最大となる位置が南東側に移動していることが確認

できた.このように,ALOS-2の時系列干渉 SAR解析

を実施することで,今まで全容の把握が困難であった

余効変動に起因する地表変状を明らかにした. 

6. まとめ 

6.1. ALOS-2干渉性の評価 

熊本県周辺を観測した北行軌道の U2-6（66 ペア）

と U2-9（105ペア）を用いて,オフナディア角の違い

に起因する干渉性の変化を比較した. 

ALOS-2における,土砂災害の発生が予測される山

間部における干渉性について評価し,以下の条件が確

認できた. 

・ 観測モードや照射方向の違いが干渉性に与える

影響は小さい. 

・ 観測日間隔 406日以内のペアを選定すると,良好

な干渉性を得られるペア数が多い. 

・ 概ね軌道間距離 400m以内のペアを選定すると,

良好な干渉性が得られるペア数が多い. 

・ エリアにおける積雪の影響の大小は,観測日間隔

と軌道間距離の条件を考える上で,あまり影響し

ない.  
・ 秋（9月～11月）を Masterか Slaveのいずれか

に含むと良好な干渉性が得られるペア数が多い. 

6.2. 時系列干渉 SAR解析による土砂災害予兆監視 

熊本県周辺を観測した北行軌道と南行軌道の観測

データを利用し,熊本県周辺における土砂災害の予兆

現象となり得る土砂移動現象の把握を試行した. 

その結果,山都町皿木周辺,御船町間所周辺,及び山

都町松尾周辺で,土砂災害の予兆の可能性がある地表

変状を確認できた.また,時系列干渉 SAR 解析により, 

Fig. 19 Postseismic fluctuation in about 1 year sfter the 2016 Kumamoto earthquakes 
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例えば山都町皿木では 6 月末に発生した梅雨によっ

て変動量が大きくなる事象が確認できた等の,地表変

状が発生した時期が明瞭となった.以上の結果から,

時系列干渉 SAR 解析により,土砂災害の予兆監視が

可能となることが示唆された. 

6.3. 地震に起因する土砂移動現象の把握 

平成 30年 6月大阪府北部の地震,及び平成 30年北

海道胆振東部地震について,地震前同士,地震前後の

時系列干渉 SAR 解析を実施し,地震に起因する土砂

移動現象の把握について試行した.その結果,時系列

干渉 SAR 解析により,広域の地殻変動がみられない

大阪府北部の地震,広域の地震がみられた北海道胆振

東部地震の両方で,地震に起因すると想定される局所

的な地表変状を抽出できた.また,局所的な地表変状

が発生した箇所を確認すると,例えば過去に谷地形で

あった場所を大規模盛土によって造成した箇所で被

害が集中するなど,過去の地形改変に起因して地表変

状が発生する例が確認できた. 

6.3. 余効変動に起因する土砂災害予兆の把握 

ALOS-2の時系列干渉 SAR解析を実施することで,

今まで全容の把握が困難であった余効変動に起因す

る地表変状を明らかにした.平成 28 年熊本地震の例

では地震直後の余効変動が最も大きく,地震から時間

が経過すると共に余効変動が小さくなっていく等の

地表変状の時間的な変化を監視可能であることが示

唆された. また,平成 28年茨城県北部の地震について

も,地震時と余効変動時の地表変状の変遷を把握でき,

今後地震後の対策検討等への活用が期待される. 

以上の結果から,ALOS-2 は地すべりや大規模盛土

の沈降といった局所的な地表変状から地震後に発生

する余効変動に起因する広域の地表変状までの監視

が可能であることが確認できた.今後は,斜面変状を

計測している斜面を対象に,時系列干渉 SAR 解析で

得られた変動量と実測値とを比較し,より高精度な変

動量を得られるための条件を検討していく予定であ

る. 
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1. INTRODUCTION

On a broad scale, the seismo–tectonics–and–activities of 
the Iranian Plateau are controlled by the collision of the 
Arabia and Eurasia plates. As a transferring zone from the 
Caucasus to the west central Alborz Mountains and to the 
Central Iranian Block, the Talesh and Zagros Mountains is 
one of the most active seismic regions in the Iranian 
Plateau. Different shape and size of dextral strike–slip fault 
systems are widely dispersed within this transition zone 
and accommodate the southeastern extrusion motion of the 
Anatolian Block (or some other geological micro–units 
within it) towards the Central Iran Block, like the North 
Tobriz fault, Piranshahr–Morvarid–Nahavand fault, 
Takht–e–Solamiman fault. Because a lot of medium to 
large earthquakes struck this area in the past few decades, 
and these earthquakes have resulted in serious damage and 
causalities in densely populated cities, an assessment of 
potential earthquake hazards would be also conducted in 
this project. We have a collaboration with the Geological 
Survey of Iran and started a project of installing 
consecutive GPS networks along/perpendicular to some 
active faults to monitor their present-day’s velocities since 
2013. We also apply the Differential Interferometric 
Synthetic Aperture Radar (D-InSAR) and the Small 
Baseline Persistent Scatterers SAR interferometry (SBPS–
InSAR) into the deformation analysis. Combined with the 
horizontal and vertical slip vectors provided by the 
continuous GPS networks in Turkey, Iran, Armenia and 
Georgia, we can better understand the dynamic 
mechanisms of strain accumulation and partitioning in the 
Turkish-Iranian Plateau. Our inter-seismic and co-seismic 
results indicate that oblique strike–slip faulting, composed 
of over-thrusting and strike-slip components is the 
predominant seismic triggering mechanism in the Iranian 
Plateau. Because, this set of transpressional and/or 
transtensional faults seem to play an important tectonic role 
in not only producing the huge relief between hanging-wall 
and footwall, but also in accommodating the relative 
convergence and collision between the Arabian and 
Eurasia plates. Next, we will show our results that are 
supported by the ALOS RA6 Project.  

2. TERMINATION MECHANISM ALONG THE
NORTH TABRIZ-NORTH MISHU FAULT ZONE

OF NORTHWESTERN IRAN 

[1]In this work, we analyzed right-lateral strike-slip
motion on the North Tabriz fault (NTF) in an area where
this structure appears to transition into a thrust fault known
as the North Mishu fault (NMF). These faults play an
important but cryptic role in accommodating stress related
to the Arabia-Eurasia plate collision. We analyzed regional
velocity vectors from permanent and temporary GPS
arrays to estimate changes in fault- parallel and fault-
normal slip rates in the transition zone between the NTF
and NMF. Independent of its compressional motion, the
NMF exhibits a dextral strike-slip rate of ∼2.62 mm/yr.
Along the NTF, the right-lateral slip rate decreases and the
vertical slip rate on increases at rates of 0.08 and 0.38
mm/yr km, respectively, as the NTF approaches the NMF.
This study also used small baseline (SBAS) PS-InSAR
results to reveal a NE-SW-striking reverse fault and a
developing syncline hidden beneath the Tabriz Basin.
Additionally, we calculated the vertical displacement rates
using horizontal vectors from the GPS data and mean line-
of-sight rate estimates from the SBAS data. While the
study area does not express large-scale extrusion, such as
that observed in the Anatolian Plate, the transformation of
strike-slip motion into thrusting and crustal shortening
along the NMF-NTF fault zone accommodates most of the
N–S compression affecting the northwestern Iranian
Plateau. In this region, small-sized, right-lateral strike-slip
faults, and other folded structures form horsetail features.
These dispersed structures accommodate eastward
extrusion of the northwestern Iranian Plateau.

3. NEW IMPLICATIONS FOR THE STRAIN
PARTITIONING IN THE SOUTHERN BINALUD 

MOUNTAINS, NE IRAN 

[2] The outward expansion of the northeastern Iranian
Plateau is mainly accommodated by a series of widely
distributed range-normal thrust and range-parallel strike-
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slip faults. However, the role of the strike-slip faults in this 
region's strain-partitioning kinematics remains unclear. 
The occurrence of the 5 April 2017 Mw 6.1 Mashhad 
earthquake provides us a rare opportunity to study this 
topic because this earthquake struck the southern Binalud 
Mountains, which are experiencing an oblique 
convergence between the northward-moving Lut Block 
and the NW-striking Binalud and Kopeh Dagh mountain 
ranges. We process two paired ascending and des- cending 
Sentinel-1A radar-image observations to determine the 
relative contributions from the dip and strike-dip 
subcomponents in such an oblique collisional domain. The 
interferograms along the line-of-sight direction and their 
converted horizontal and vertical displacements indicate 
that a thrust with a right-lateral strike-slip fault controlled 
the rupture process of the Mashhad earthquake, with the 
maximum dextral shearing and vertical displacements 
reaching 19.5 cm and 14 cm, respectively. Coseismic 
surface deformation measurements are also used to 
estimate the fault geometry and invert the slip distribution 
along the underlying seismogenic fault. Our best-fit 
faulting model suggests that the coseismic rupture occurred 
on a fault plane with a dip angle of 37.5° and strike angle 
of 324°. The strike-slip subcomponent was more 
significant than the dip-slip, approaching ∼95 cm, and the 
dip-slip varied from 10cm to 47cm. The seismic-moment 
release of our preferred fault model is 1.71 × 1018 Nm, 
equivalent to a Mw 6.16 earthquake event. We also use the 
preferred fault model to calculate the Coulomb failure 
stress (CFS) change at the nearby receiver faults. 
Combined with an analysis of historical earthquakes and 
the consistent dextral river deflections along the strike-slip 
fault systems of the southern Binalud and Kopeh Dagh 
Mountains, we speculate that the seismogenic structure that 
triggered the Mashhad earthquake should have been one 
strand fault of the NW–SE-striking Kashafrud fault system. 
The strike-slip faults in NE Iran play an important role in 
accommodating the lateral transport of crustal material 
from the convergence front of the Lut Block and Binalud 
fragments and providing commonly distributed 
anticlockwise rotation around a vertical axis.  
 

4. INTERSEISMIC ACTIVITY ON THE ILAN 
PLAIN (NE TAIWAN) USING SMALL BASELINE 

PS-INSAR, GPS AND LEVELING 
MEASUREMENTS 

 
[3]The Ilan Plain, located in Northeast Taiwan, represents 

a transition zone between oblique collision (between the 
Luzon Arc and the Eurasian Plate) and back-arc extension 
(the Okinawa Trough). The mechanism for this abrupt 
transition from arc-continent collision to back-arc 
extension remains uncertain. We used Global Positioning 
System (GPS), leveling and multi-interferogram Small 
Baseline Persistent Scatterer Interferometry (SBAS-PSI) 
data to monitor the interseismic activity in the basin. A 
common reference site was selected for the datasets. The 
horizontal component of GPS and the vertical 
measurements of the leveling data were converted to line-
of-sight (LOS) data and compared with the SBAS-PSI data. 
The comparison shows that the entire Ilan Plain is 
undergoing rapid subsidence at a maximum rate of -11 ± 2 
mm/yr in the LOS direction. We speculate that vertical 
deformation and anthropogenic activity may play 
important roles in this deformation. We also performed a 

joint inversion modeling that combined both the DInSAR 
and Strong motion data to constrain the source model of the 
2005 Ilan earthquake. The best fitting model predicts that 
the Sansing fault caused the 2005 Ilan earthquake. The 
observed transtensional deformation is dominated by the 
normal faulting with a minor left-lateral strike-slip motion. 
We compared our SBAS-PSI results with the long-term 
(2005 to 2009) groundwater level changes. The results 
indicate that although pumping-induced surface 
subsidence cannot be excluded, tectonic deformation, 
including rapid southward movement of the Ryukyu arc 
and back-arc extension of the Okinawa Trough, 
characterizes the opening of the Ilan Plain. Furthermore, a 
series of normal and left-lateral strike-slip transtensional 
faults, including the Choshui and Sansing faults, form a 
bookshelf-like structure that accommodates the extension 
of the plain. Although situated in a region of complex 
structural interactions, the Ilan Plain is primarily controlled 
by extension rather than by shortening. As the massive, 
pre-existing Philippines-Ryukyu island arc was pierced by 
the Philippine Sea Plate, the Ilan Plain formed as a remnant 
back-arc basin on the northeastern corner of Taiwan.  
 

5. FIGURES 
 

 
Fig. 1 LOS velocity fields for the Mishu-Tabriz Fault 
Zone. Vertical velocities (Vu) were calculated using 
circular search areas centred on each GPS station, 
along with east and north GPS velocity components 
(Ve and Vn, respectively) from the GPS data. 
Asterisks (∗) represent permanent GPS stations. The 
transects A1–A2 and B1–B2 run parallel to the strike 
of the NTF as shown in the Fig. 11. TSF: Tasuj fault, 
SMF: South Mishu fault, and SUF: Sufian fault.  
From Ref. [1] 
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Fig. 2 (a) 3D Geographic map and (b) tectonic model 
of the Turkish-Iranian Plateau. The East Alborz fault 
(EAF) and North Alborz fault (NAF) form a conjugate 
strike-slip system that accommodates lateral extrusion 
of the Anatolian Plate. The smaller sized unfilled 
arrows represent small-scale extrusion of the 
northwestern Iranian Plateau. EAF: East Anatolia 
fault, NAF: North Anatolia fault, G. Caucasus: 
Greater Caucasus, L. Caucasus: Mishu fault, NTF: 
North Tabriz fault, and NWI: Northwestern Iranian 
Plateau. From Ref. [1] 

 
Fig. 3 (a) Simplified reconstruction of the tectonics of 
the Iranian Plateau. Turkmenistan and Afghanistan 
are relatively aseismic and form the southern margin 
of Eurasia. Abbreviations: AD: Allah Dagh 
Mountains; BN: Binalud Mountains; NY: Neyshabur 
Mountain; SR: Kuh-e-Sorkh Mountain; SZ: Sabzevar 
Mountain; TL: Talesh Mountains. (b) Topographic 
map, focal-mechanism solutions of the main shock of 
the 5 April 2017 Mw 6.1 Mashhad earthquake and 
aftershock distribution from 5 April to 21 April, 2017. 
The purple, yellow, red, green and black stars indicate 
the different focal-mechanism solutions from the GFZ, 
ISC, USGS/NEIC, GCMT and IRSC earthquake 
catalogs, respectively. From Ref. [2] 

 

 
Fig. 4 (a) Ascending and (b) descending 
interferograms. (c) Dextral strike-slip along the 
seismogenic fault and (d) vertical displacement fields 
for the 5 April 2017 Mashhad earthquake (Mw 6.1) in 
NE Iran. From Ref. [2] 

 
Fig. 5 Three profiles that cut across the rupture zone 
of the (a1-a2) northern, (b1-b2) central and (c1-c2) 
southern segments. (a) Dextral strike-slip 
displacements. (b) Upward and downward 
movements. From Ref. [2] 
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Fig. 6 Simplified summary tectonic map of NE Iran 
that shows the present-day kinematics of Iran 
(modified from Hollingsworth et al., 2010). Faults are 
shown in red. Major cities are shown by white 
squares. The green arrows represent the movement 
directions of geological blocks. The anticlockwise 
rotation of the central and southern Kopeh Dagh and 
southern Binalud blocks is schematically shown by 
green arrows. The lateral green arrow shows the 
approximate northwestward movement of southern 
Binalud and the South Caspian Sea relative to 
Eurasia. Abbreviations: N+S: normal fault with minor 
of strike slip; T+S: thrust fault with minor strike slip; 
TF: pure thrust fault; SS: pure strike-slip fault. From 
Ref. [2] 

 
Fig. 7 Tectonic framework of Taiwan and the 
surrounding area. The Philippine Sea Plate is moving 
northwestward (directed N304.1°W) at a rate of 78 
mm/yr in the MORVEL plate model (DeMets et al. 
2010). The Ryukyu arc-trench system is retreating to 
the south with a migration velocity of ~30-40 mm/yr. 
The GPS vectors are referenced to the fixed Chinese 
continental margin (permanent fixed GPS site SHAO 
in Shanghai, China; GPS data from Yu et al. 1999; 
Nakamura 2004). LS: Lishan fault, LV: Longitudinal 
Valley fault. From Ref. [3] 

 
Fig. 8 Seismic activity in Northeast Taiwan. The beach 
balls represent the focal mechanism solutions for 
earthquake events (red). All the focal mechanism 
solutions are calculated from the Broadband Array in 
Taiwan for Seismology (BATS) catalog. The 
background seismicity is color-coded by focal depth 
(the events are from the BATS catalog). The light grey 
lines represent the boundary of lithology. The black 
dotted lines ‘w1’ (Shyu et al. 2005) and ‘w2’ (Lai et al. 
2009; Kang et al. 2015) represent two possible 
northward projections of the Lishan fault. (I): 
Okinawa Seismic Zone; (II): Collision Seismic Zone. 
From Ref. [3] 

 
Fig. 9 (a) Horizontal principal axes of the strain rates. 
The amount and direction of the principal strain rates 
are shown by red (shortening) and black (extension) 
arrows. The green triangles are the locations of the 
GPS sites. The Ilan, Choshui and Sansing faults are 
three major active normal faults inferred from the 
maximum principal strain rate. Their locations are 
shifted to the right (dotted lines). From north to south, 
the maximum extensional axis seems to rotate in a 
clockwise manner. (b) Left-lateral shearing axes of the 
strain rates. The amount and direction of the shear 
strain rates are represented by the gold-colored bold 
lines. The above three normal faults exhibit left-lateral 
senses of shear. From Ref. [3] 
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Fig. 9 (a) SBAS-PSI velocity field along the LOS for 
the Ilan Plain relative to the common reference YILN 
(indicated by the asterisk). The squares (permanent 
GPS stations) and diamonds (campaign GPS sites) 
display the comparison results between the GPS and 
SBAS-PSI data. The search radius for the PSs was set 
to 2 km surrounding each GPS station. (b) Estimated 
standard deviation of the LOS velocity. From Ref. [3] 

 

 
Fig. 10 (a) SBAS-PSI LOS velocity profile that crosses 
the Ilan Plain from north to south. The projected 
SBAS-PSI LOS velocities are represented by blue 
circles, yellow (campaign-mode GPS array) and blue 
diamonds (permanent GPS array), and magenta 
triangles (leveling stations). The blue line represents 
the topographic relief along a profile based on 40-m 
DEM data in Taiwan. The GPS and leveling data were 
collected from within a 5-km-wide swath along the 
cross section. The SBAS PS pixels were collected from 
within a 2-km-wide swath. HSRF: Hsüehshan Range 

Front fault; BBRF: Backbone Range Front fault. (b) 
Velocity variation trend. The vertical thin black lines 
represent a set of possible faults. IL: Ilan fault; CS: 
Choshui fault; SS: Sansing fault. From Ref. [3] 

 
Fig. 11 Comparison between long-term (2003-2009) 
surface deformation from SBAS-PSI and 
groundwater-level (2005/01-2009/06) changes. 
Triangles represent a long-term rise in the 
groundwater level, and inverted triangles represent a 
long-term decline in the groundwater level. 
Triangles/inverted triangles outlined in red denote 
that pumping activity was observed in the aquifers 
during the monitoring period. Triangles/inverted 
triangles outlined in black denote that no pumping 
activity was observed. From Ref. [3] 
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1. INTRODUCTION

East and Southeast Asia are home to some of the highest 
population densities on Earth, and many of these 
populations live in low-lying coastal areas. As a result of 
a variety of processes - groundwater extraction, oil and 
gas exploitation, tectonic deformation, deforestation, and 
natural compaction of sediments - many of these large 
populations are threatened by subsidence, flooding and 
land loss. Sinking lands combined with rising sea levels 
(as a result of climate change) make a potent mix for 
potential disaster in many coastal areas of the region. 

As an example, Jakarta (Indonesia; Figure 1) continues to 
undergo rapid subsidence as a result of large-scale 
extraction of groundwater from aquifers under the city. 
The flooding effects of this subsidence are already 
significantly impacting the lives of people living in the 
northern part of the city (Figure 2). Many other areas 
along the north Java coastline are undergoing similarly 
devastating subsidence (e.g., Figure 3). 

Leveling data taken during the period of 1982 to 1991 
indicate up to 2.4 m of subsidence in northern Jakarta, 
with rates of up to 25 cm/year [1]. Campaign GPS 
measurements have shown subsidence of up to 70 cm in 5 
years [2].  

Fig. 1. Neighborhoods in northern Jakarta are flooded 
as result of land subsidence. 

Fig. 2. Pondok Bali, Java, before (left) and after (right) 
13 years of subsidence (2002-2015), showing 
significant coastal inundation.  Images from Google 
Earth (DigitalGlobe data). 

In addition, ALOS InSAR results for the 2007-2009 
period suggested that subsidence rates could be as high as 
22 cm/year [3]. These numbers are frightening. They 
illustrate the unsustainable rate of groundwater 
withdrawal, in a place where people depend on this to 
meet their water needs. They also highlight the fact that a 
future water crisis will not be the only problem faced as a 
result of the rapid extraction – rapid changes in sea level 
will cause significant flooding and land inundation. 
Semarang, similarly, has a large coastal population and 
rapid subsidence (for the period 2007-2009) of up to 13 
cm/year [3]. 

In this study, we extend the results of Chaussard et al. [3] 
to provide up-to-date estimates of subsidence in cities 
along the Java coastline, as well as other cities throughout 
Southeast Asia. We include ALOS data through 2011 as 
well as more recent data from ALOS-2. 

2. DATA AND METHOD
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We analyzed ALOS-1 data from 2007 to 2011, and 
ALOS-2 data from 2015 to 2017. We chose scenes 
covering the areas of Jakarta, Semarang, Yangon, Manila, 
Singapore, and the Pearl River Delta (Guangzhou / 
Shenzhen). For Jakarta, we also compare observations 
from the Sentinel-1 mission. 
 
We processed the data using GMTSAR, modified for 
batch processing of ALOS-2 ScanSAR data and with an 
improved unwrapping algorithm based on SNAPHU. 
Incoherence areas were masked and interpolated using a 
nearest-neighbor algorithm, which greatly improves 
performance and reduces the number of errors [4]. We 
identified remaining unwrapping errors by forming all 
possible cycles of 3 scenes for each pixel; areas with a 
large residual were masked as unwrapping errors. Finally, 
time series were produced using the SBAS algorithm, 
modified for enhanced recovery of partially coherent 
pixels (if the rank of the design matrix was equal to the 
number of free parameters (i.e., the pixel has a fully 
connected time series) the pixel was kept. With regard to 
ALOS-2 data, we update our analysis using data from 
2015 to 2020. We processed the data using the latest 
version of the InSAR Scientific Computing Environment 
(ISCE) software [5] and produced the time series using 
the SBAS algorithm implemented in Miami InSAR time-
series software (MintPy) [6]. 
 

 
 

Fig.3. Estimated subsidence rates for Jakarta from 
ALOS, ALOS-2, and Sentinel-1. 
 
 

3. RESULTS - JAKARTA 
 
The ALOS and ALOS-2 data show very rapid rates of 
subsidence for Jakarta, up to ~15 cm/yr. The 2015-2017 
ALOS-2 data show that the subsidence has accelerated, 
and some areas of subsidence have become spatially 
larger (Fig. 3). Our update on ALOS-2 data (2015-2020) 
shows consistent results for the amplitude and spatial 
extent of subsidence in Jakarta (Fig. 4). 
 

 
Fig.4. Estimated subsidence rates for Jakarta and 
surrounding cities based on ALOS-2 data from 2015 to 
2020. 
 
Subsidence is particularly high in areas that have been 
recently developed (Fig. 5) and industrial areas with many 
factories (Fig. 6).  
 
We hope to extend these observations through 
collaboration with hydrological modelers, to determine 
the total rates of water withdrawal for the city. Such 
results may be helpful in planning for the replacement of 
groundwater with future improvements to the municipal 
water system. 
 

 
 
 
 
 
 
Fig 5. Digital 
Globe images 
from 2004 (top) 
and 2015 
(bottom) 
showing rapid 
development of 
an area of 
northern 
Jakarta now 
showing very 
fast rates of 
subsidence 
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Fig. 6. The area of Bekasi, Jakarta, imaged by Digital 
Globe, showing that an area of particularly rapid 
subsidence is correlated with industrial use, with many 
factories likely to withdraw large volumes of ground-
water. 
 

 
 

Fig. 7. Estimated subsidence rates for Semarang, 
Indonesia from ALOS and ALOS-2. There is a 
dramatic increase in rates seen in the newer ALOS-2 
data.  

4. RESULTS - SEMARANG 
 
Estimated subsidence rates for Semarang were just 5 
cm/year in the ALOS-1 observations, but now rival those 
of Jakarta, at ~15 cm/yr. The ALOS-2 data suggest that 
subsidence rates have more than doubled in recent years 
(Fig. 7). Our update on ALOS-2 data (2015-2020) shows 
consistent results for the amplitude and spatial extent of 
subsidence in Semarang (Fig. 8). There is a clear spatial 
pattern of subsidence corresponding to the bedrock 
geology, with areas of soft sediments subsiding rapidly 
and areas with limestone bedrock being more stable. 
Coastal indundation is now a serious problem in 
Semarang. 
 

 
Fig. 8. Estimated subsidence rates for Semarang based 
on ALOS-2 from 2015 to 2020. 
 

5. RESULTS - YANGON 
 
Between the ALOS-1 and ALOS2- observation periods, 
Yangon (Fig. 9) shows an alarming pattern of subsidence 
rate increase similar to Semarang. Myanmar opened 
significantly to international investment and development 
following political changes in 2010, and it appears that 
the rapid economic growth, particularly in the industrial 
areas in eastern Yangon, has resulted in rates of water use 
that exceed the supply. 
 
Through our collaborations with researchers in Myanmar, 
we are investigating the correlation between these 
subsidence rates and geologic formations in Yangon – 
fortunately, most of the central city sits on bedrock, which 
may make it less prone to damage due to flooding. 
 

6. RESULTS – PEARL RIVER DELTA 
 
We processed all data from 5 independent ALOS-1 
frames covering the Pearl River delta, which is the 
world’s largest metropolitan area at more than 120 million 
people. The results (Fig. 10) showed relatively modest 
subsidence in the densely populated eastern side of the 
delta, with more significant subsidence only in the 
agricultural areas to the west.  
 
Insufficient data were available for this region from 
ALOS-2 to extend the analysis to that time period. We 
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hope that more data will be acquired soon over this 
important and rapidly growing mega-city. 
 
  
 

 
Fig. 9. Estimated subsidence rates for Yangon, 
Myanmar from ALOS and ALOS-2. As in Semarang, 
there is a dramatic increase in rates seen in the newer 
ALOS-2 data. 
 

 
Fig. 10. Estimated subsidence for Pearl River delta. 

7. OUTLOOK AND FUTURE WORK 
 
ALOS and ALOS-2 data show rapid subsidence in the 
cities of Jakarta and Semarang, Indonesia, with rates of 
<15 cm/year.  Parts of Yangon and Myanmar show 
concerning subsidence rates of up to 5 cm per year. 
Recent accelerations in the rates, and a spatial 
correspondence with industries known to be withdrawing 
large volumes of water from deep aquifers confirm that 
the source of the subsidence is largely human-caused. 
Significant areas of the cities will be at risk of flooding 
during heavy storms, as well as inundation by seawater if 
the subsidence is not reduced through significant 
reductions in groundwater withdrawal. 
 
Our results show that ALOS and ALOS-2 data from 
JAXA are extremely useful for understanding the causes 
and rates of land subsidence in urban areas. Ongoing data 
from ALOS-2 will be very important for assessing 
whether the rates of subsidence will continue to 
accelerate.  
 
In our future work, we plan to include data from earlier 
satellite missions in our analysis to extend the timeseries. 
We are also expanding the analysis to other areas of East 
and Southeast Asia. 
 

8. PRESENTATIONS RELATED TO RA-6 
 
[1] Lindsey, E. O., N. Lin, S. B. Utami, H. Andreas, E. M. 
Hill; Coastal subsidence: monitoring the threat of sea-
level rise to megacities in Asia; Joint PI Meeting of 
Global Environment Observation Missions FY2017, 
JAXA, Tokyo, Japan, 2018. 
 
[2] Lindsey, E. O., S. B. Utami, R. Mallick, F. Y. Tan, P. 
Morgan, and E. M. Hill; Sinking cities and the threat of 
sea-level rise to megacities in Asia; FRINGE, Helsinki, 
Finland, 2017.  
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1. INTRODUCTION
Taiwan suffers from an active formation of deep-seated 

landslides, where a large volume of slow-moving rocks and 
soil can suddenly turn into a catastrophic failure. After  the 
destructive 2009 Typhoon Morakot incident, the 
Taiwanese government soon launched a nationwide 
LiDAR derived DEM project and successfully identified 
several thousands of deep-seated landslides in the country 
according to their topographic features. There were about 
two hundred sites selected from the deep-seated landslide 
inventory as the targets of catastrophic landslides, and 
different monitoring approaches were applied to evaluate 
their activity. Additionally, as one of the project objectives, 
landslide mitigation infrastructures will be constructed in 
some sites to reduce the level of landslide-related risks. 

It is very difficult to install monitoring instruments in 
right locations and to obtain necessary and required 
information therefor. Similarly, without detailed site 
investigations, remediation to mitigate risk level of 
landslides sometimes cannot reach their designing 
purposes. Fortunately, in the last few years, InSAR 
techniques have been successfully applied to JAXA 
ALOS/PLASAR imagery to provide accurate and detailed 
surface deformation in mm resolution in Taiwan’s highly 
vegetated environment. The analyzed data not only provide 
scientific information to better understand kinematic 
behaviors of deep-seated landslides, but also provide 
important information for government to plan hazard 
mitigation measures for deep-seated landslides. 

Over the last two decades, the developments of Light 
Detection And Ranging (LiDAR) derived Digital Terrain 
Model (DTM) and Interferometric Synthetic Aperture 
Radar (InSAR) have been two important breakthroughs in 
the studies of slope disasters around the world, as well as 
the long-term continuous GPS positioning technique is the 
most reliable tool to monitor point displacements with 
centimeter level accuracy at a regional scale. LiDAR 
derived DTM can reflect topographic features of actual 
terrain and locate moving blocks through interpretive 
analysis, whereas InSAR provides millimeter accurate 
deformation data. For the specific locations those required 
temporal frequent observation of surface displacement, it 
had been verified that single-frequency GPS can provide a 
robust measurement at hourly interval. In this project we 
use a multi-disciplinary approach that has included TCP-
InSAR, LiDAR and GPS techniques to monitor the 

landslide activity and evaluate the landslide susceptibility 
assessment. 

2. METHODOLOGY
Traditional SAR interferometry techniques such as 

ermanent Scatterers Interferometry (PS-InSAR) [1] have 
been widely applied in slow-moving ground surface 
deformation, such as coseismic deformation, subsidence 
and ground service deformation over a long period of time 
[2],[3],[4],[5]. However, the number of stable scatterers is 
very limited in mountain areas that feature rough terrain 
and dense vegetation. Zhang [6] therefore proposed the 
Temporarily Coherence Point InSAR (TCP-InSAR) 
technique that required less temporal phase coherence 
during the process of ground deformation estimation. The 
results of  TCP-InSAR can be compared (fig. 1) and 
matched to other MT-InSAR methods such as SBAS and 
StaMPS [7]. This technique has already been applied in our 
related studies of deep-seated landslides in Taiwan. 

Fig. 1. Comparison among deformation results 
retrieved by four MTInSAR methods: (a) SBAS; (b) 
Samsonov’s SBAS; (c) StaMPS and (d) TCPInSAR. 
(Zhang, et al, 2015) [7] 

The ALOS/PALSAR data from 2007 to 2011 covering 
the mountain area of Taiwan is adapted with TCP-InSAR 
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method to estimate the displacement pattern and  spatial 
distribution at a scene-range-wide scope. The ALOS-2/ 
PALSAR2 data fom 2015 to 2019 is further used to 
investigate the recent activities of spicific deep-seated 
landslide sites, the data within 2014 is not taken due to less 
coherence to other images on interfereogram. 

Satellite imagery, aerial photos and high-precision 
LiDAR DTM data were collected to identify detailed 
topographic features (fig.2) of landslide areas and 
understand the evolutionary development of deep-seated 
landslides and locate subsliding areas therewithin. Relative 
results have been published in the 16th Asian Regional 
Conference on Soil Mechanics and Geotechnical 
Engineering and EGU General Assembly 2020 (Appendix 
[1], [2]). 

 
Fig. 2. Illustration of topographic features of deep-
seated landslides (Agliardia, et al., 2001)[8] 

 
3. VALIDATION WITH GPS 

Dual-frequency GPS continuous observation data can 
be used as a verification benchmark  [9][10] , and single-
frequency  as well. In pratice, the three-dimensional 
displacement from GPS will be projected to the ALOS 
satellite observation direction (Line of Sight, LOS) for a 
same basis [1][11]. Due to the differences in sampling 
interval , coordinate base point and spatial location, at least 
2 GPS station within the InSAR analysis scene are required 
and one of them will be treated as reference to calibrate  the 
shift between GPS and SAR data.  

In the comparasion plot (Fig. 3 to Fig. 5), blue dots 
represents the displacement of reference GPS site on LOS 
direction, with the projected displacement records of 
validation GPS station as green dots. The InSAR results 
within 50 meter spatial range of the referenced GPS site in 
the same temporal period are selected and calibrated to the 
GPS observations as black dots those will match the mean 
value of referenced GPS site within 7 days as blue circle. 
The same calibration is performed on the InSAR results 
near validation GPS site to get the calibrated InSAR 
displacement as red cross, which is expected to match the 
mean value of the validation GPS site as green circles. 

The mean difference between calibrated TCP-InSAR 
displacement and dual-frequency GPS is obtained from 10 
to 40 mm during the 2007-2011 and 2015-2019 time span, 
related to the stability of displacement trend of ground 
surface. There are often significant shifts between GPS and 
InSAR results after a longer temporal-baseline image pair, 
which may implys a limitation to detect the short-period 
movement with InSAR approaches. 

Single-frequency GPS stations were build from 2018 on 
several potential DSGSD slopes to monitor the movements 
of these sites,  the comparasion shows similar consistency 
between GPS and InSAR results (Fig. 5). 
 
 

 
Fig. 3. Comparasion between ALOS TCP-InSAR 
displacement and dual-frequency GPS. 

 

 
Fig. 4. Comparasion between ALOS-2 TCP-InSAR 
displacement and dual-frequency GPS. 

 

 
Fig. 5. Comparasion between ALOS-2 TCP-InSAR 
displacement and single-frequency GPS. 
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4. APPLICATIONS 
4.1 Detect Activity and Modify Locations of Deep-Seated 
Landslides 

In this study, we have analyzed the ground deformation 
of deep-seated landslides using ALOS imagery interpreted 
by Temporarily Coherent Point InSAR (TCP- InSAR). 
TCPs refer to points that remain coherent in one or several 
interferograms of SAR acquisitions [12]. In the early stage 
of this project, we have selected 20 ALOS/PALSAR 
images acquired from December 2006 to March 2011 to 
calculate the annual ground deformation of deep-seated 
landslide sites. Our analysis is an alternative solution for 
constructing a deep-seated landslide inventory by 
estimating and detecting their activity, separating stable 
and unstable areas, and defining the mapping of deep-
seated landslides. By integrating the TCPs, LiDAR-derived 
DEM, GPS and field investigation records, not only are 
several imperceptible deep-seated landslide locations with 
identifiable boundaries and spatial distribution of 
instability found, but also the deposition pattern implies 
different landslide developments on the slopes (Fig.6). 

Typhoon Morakot caused destructive damages in 
Taiwan and alerted the Taiwanese government to pay 
attention to the deep-seated landslide issue. Such 
information is extremely important for the government in 
terms of adopting landslide preventive and mitigation 
measures, facilitating their understanding of disaster-prone 
areas and drawing disaster response strategy in order to 
minimize possible impacts of geohazards. The above-
mentioned results have been published in the 2017 AGU 
Fall Meeting (San Francisco) and 2018 JAXA PI Meeting 
(Tokyo) (Appendix [8] and [4] ). 

 
 
Fig. 6. A landslide activity assessment of Cingjing D057 
and Jingying D066 using TCP-InSAR. The line-of-sight 
(LOS) displacements are shown in warm and cold colors, 
which represent movements towards and away from the 
satellite respectively. Together with LiDAR DEM data, 
this TCP based analysis also helps us to identify landslide 
types. 
 
4.2 Identification of Seasonal Displacement Variations and 
Active Moving Blocks 

In this case, it shows the application to identify seasonal 
variations of landslide movement and specific events from 
ALOS ascending interferograms based on the multi-
temporal framework. By taking site Cingjing D057 as an 
example (Figure 2), notable landslides movements are 
observed in successive intervals, which happen to be the 
rainfall seasons and typhoon events. Additionally, by 
subtract deformation form latter to previous images in two 

continuous images, active moving blocks within a deep-
seated landslide can be identified (Fig. 7). This approach is 
quite unique example in terms of determine active moving 
blocks of deep-seated landslide. The above-mentioned 
results are consistent with the recording data of GPS. Some 
of above-mentioned results have been published in the 
2018 AOGS Fall meeting (Hawaii). (Appendix [6] ) 

 
Fig. 7. Seasonal variations (rainfall seasons) and 
specific typhoon events (Typhoon Morakot in August of 
2009 and Typhoon Magi in October of 2010) are observed 
from the interval displacements of Site Cingjing D057. 

 
4.3 Installation of Surface Displacement Monitoring 
System 

Over the last couple of years, SWCB has installed 
dozens of single-frequency GPS monitoring system in 
mountain areas for monitoring deep-seated landslides in 
Taiwan. The said GPS stations were installed in different 
blocks in order to acquire activity related information of 
these blocks. Take Site D043 as an example (Fig. 8), the 
results of installed GPS monitoring system and TCPs 
enable us to understand the signs of landslide activity and 
potential failure mechanism. This helps us not only to 
select the proper locations of installing the GPS monitoring 
system in the future, but also to establish relevant disaster 
prevention and mitigation standards. This research had 
been published in the  2019 XVII European Conference on 
Soil Mechanics and Geotechnical Engineering and 
INTERPRAEVENT International Symposium 2018 in the 
Pacific Rim (Appendix [3], [5] ). 

 
Fig. 8. GPS monitoring system in the Site D043. 

 
4.4 Investigation on the vulnerable sections of highway 

The regional surface deformation-rate from TCP-
InSAR with ALOS/ALOS-2 data is obtained to estimate 
the vulnerable sections of  South Cross-Island Highway in 
Taiwan (Fig. 9).  Due to the steep terrain in the highway 
mountainous area, there are no sufficient results from 
InSAR analysis on the westward slops, which is physically 
limited by the side-looking  of ascending orbit direction. 
Better interferometry result can be obtained on eastward 
slopes that shows clear pattern of deformation near the 
highway. With detailed LiDAR topographic interpretation, 
the active blocks of slope those will interfere the 88



transportation of South Cross-Island Highway are noted to 
the governing agency, for the risk management evaluation. 
Silimar reports had been published in PI Meeting of Global 
Environment Observation Mission FY2017, Japan. 2018, 
4th World Landslide Forum. 2017 and  paper at Advancing 
Culture of Living with Landslides 2017 (Appendix [7], 
[10], [11] ). 

 

 
Fig. 9. Average defo-rate of part of south cross-island 
highway from TCP-InSAR with ALOS2 ascending 
data 

 
 

5. CONCLUSION 
The surface displacement information driven from 

ALOS/ALOS-2 L-band SAR data with TCP-InSAR 
method has been proven a practical qualitative tool to 
detect and monitor deep-seated gravitational slopes in the 
mountainous area of Taiwan. Boundaries and structures of 
landslide unites can be identified more clearly with 
sufficient data from SAR interferometry analysis. However, 
the physic limits of InSAR methos, such as geometry 
distortion, make a lot of uncertainty conditions when used 
with quantative analysis or comparison applications over a 
wide spatial or temporal range. Future studies can put more 
stree on the combination of multi-source data analysis in 
order to obtain reliable and applicable results to all kinds 
of environments . 
 

6. REFERENCES 
 [1] Ferretti, A., C. Prati, and F. Rocca, "Permanent 
scatterers in SAR interferometry". Geoscience and Remote 
Sensing 39: 1, pp. 8-20. (2001) 
[2] Hooper, A., Segall, P., & Zebker, H. “Persistent 
scatterer interferometric synthetic aperture radar for crustal 
deformation analysis, with application to Volcán Alcedo, 
Galápagos”. Journal of Geophysical Research: Solid Earth, 
112(B7). (2007) 
[3] Yen, J. Y., Lu, C. H., Chang, C. P., Hooper, A. J., 
Chang, Y. H., Liang, W. T., Chang, T. Y., Lin, M. S., & 
Chen, K. S. “Investigating the active deformation in the 
northern Longitudinal Valley and Hualien City of eastern 
Taiwan by using Persistent Scattered and Small-baseline 
SAR Interferometry”. Terrestrial Atmospheric and 
Oceanic Sciences, 22(3):291-304. (2010) 
[4] Yang, J. S. “An Improved PS-InSAR Approach” . 
National Cheng Kung University Department of 
Geomatics Master’s Thesis, 1-169. (2011) 

[5] Su, P. T. “A PSInSAR Method with Redundant 
Observations”. National Cheng Kung University 
Department of Geomatics Master’s Thesis, 1-96. (2012) 
[6] Zhang, L., Ding, X., & Lu, Z. “Ground settlement 
monitoring based on temporarily coherent points between 
two SAR acquisitions”. ISPRS Journal of Photogrammetry 
and Remote Sensing, 66(1), 146-152. (2011) 
[7] Zhang, L., Ding, X., and Lu, Z. “Ground deformation 
mapping by fusion of multi-temporal interferometric 
synthetic aperture radar images: a review”. International 
journal of image and data fusion, 6(4) : 289-313. (2015) 
[8] Agliardi, F., Crosta, G., & Zanchi, A. “Structural 
constraints on deep-seated slope deformation kinematics”. 
Engineering Geology, 59(1-2), 83-102. (2001) 
[9] Elias, D. C., Nair, R. R.,Mohiuddin,T. M.G., 
Morozov,S. V., Blake, P., Halsall, M. P., Ferreri, A.C., 
Boukhvalov, D. W., Katsnelson, M. I., Geim, A. K. and 
Novoselov, K. S. “Control of Grapheness Properties by 
Reversible Hydrogenation: Evidence for Graphane”, 
Science 323(5914): 610-613. (2009) 
[10] Peltier, A., Bianchi, M., Kaminski, E., Komorowski, 
J.‐C., Rucci, A. and Staudacher T. “PSInSAR as a new 
tool to monitor pre‐eruptive volcano grounddeformation: 
Validation using GPS measurements on Piton de 
laFournaise”. GEOPHYSICAL RESEARCH LETTERS, 
VOL. 37, L12301, doi:10.1029/2010GL043846. (2010) 
[11] Champenois, J., Fruneau, B., Pathier, E., Deffontaines, 
B., Lin, K.-C. and Hu, J.-C. “Monitoring of active tectonic 
deformations in the Longitudinal Valley (Eastern Taiwan) 
using Persistent Scatterer InSAR method with ALOS 
PALSAR data”. Earth and Planetary Science Letters 337-
338, 144-155. (2012) 
[12] Zhang, L., Lu, Z., Ding, X., Jung, H.-S., Feng, G. and 
Lee, C.-W. “Mapping ground surface deformation using 
temporarily coherent point SAR interferometry ： 
Application to Los Angeles Basin”. Remote Sensing of 
Environment, 117: 429-439. (2012) 
 

APPENDIX 
List of published papers related to ALOS RA-6  
[1] Chih Yao Yang, C. Y. Chi, R. F. Chen, C. W. Lin, “A 
new and powerful approach to mapping large-scale 
landslides using InSAR and LiDAR derived DEMs”, 16th 
Asian Regional Conference on Soil Mechanics and 
Geotechnical Engineering, ARC 2019 - Taipei, Taiwan, 
2020. 
[2] Chen, R.-F., Agliardi, F., Crippa, C., Yi, D.-C., and 
Lin, C.-W.: “Deformation characteristics, activity and 
kinematics of deep-seated landslide in the Tienchih and 
Yakou areas (S Taiwan)”, EGU General Assembly 2020, 
Online, 4–8 May 2020, EGU2020-10046, 
https://doi.org/10.5194/egusphere-egu2020-10046, 2020 
[3]Yin, H.Y., Lee, C.Y., Lin, C.W., Chen, R.F., Chang, 
C.S., Chi, C.Y., “ A nationwide catastrophic landslide 
hazard assessment in Taiwan”, The XVII European 
Conference on Soil Mechanics and Geotechnical 
Engineering. 2019/09 
[4] Chen, R.F., Yin, H.Y., Lin, C.W.,  “Using multi-
temporal interferometry to recognize sliding blocks with 
in deep-seated landslide by ALOS/ALOS2 imagery”, The 
Joint PI Meeting of JAXA Earth Observation Missions 
FY2018. 2019/01 
[5] Wang, K.L., Lin, J.T., Lee, Y.H., Chen, L.W., Lai, 
J.R., Chen, T.W., Hsieh, Y.M., Lin, M.L., Liao, R.T., 89



Chen, C.W., Lin, C.W., “ Landslide Monitoring and 
Potential Assessment from Differential Interferometric 
Radar Analysis and Ground Instrumentations”, 
INTERPRAEVENT International Symposium 2018 in the 
Pacific Rim “Large scale sediment disasters in orogenic 
zone sand countermeasures”, 2018/09 
[6] Rou-Fei CHEN, Li-Yuan FEI, Chen-Yang LEE, 
Hsiao-Yuan YIN, Ching-Weei LIN., "An Optimal 
Approach for the Monitoring of Deep-Seated Landslides 
in Tropical Mountainous Environment". 2018 AOGS Fall 
meeting (Hawaii), IG21-D4-AM2-322B-003. 2018/06 
[7] Chen, R. F., Yin, H. Y., Lin, C.W., “Monitoring of 
deep-seated landslide activity with ALOS/PALSAR 
imagery in Taiwan: Recent results and future prospects”, 
PI Meeting of Global Environment Observation Mission 
FY2017, Japan. 2018/01 
[8] Chen, R. F., Lin, C.W., Hsu, Y.J., Zhang, L., Liang, 
H.Y., “Identifying slow-moving landslides using LiDAR 
DEM and SAR interferometry: An Example of 2006 
Meinong Earthquake”, 2017 AGU Fall Meeting. 2017/12 
[9] Chen, R. F., Zhang, L., Lin, C.W., Yin, H.Y., Cheng, 
K.P., Benedicte Fruneau, “Assessment of Deep-Seated 
Landslide Susceptibility Using TCP-InSAR Techniques 
in Dense Forest Area,Taiwan” , 2017 Fringe. 2017/06 
[10] Chen, R. F., Lee, C.Y., Yin, H.Y., Huang, H.Y., 
Cheng, K.P., Lin, C.W., “Monitoring the Deep-Seated 
Landslides by Using ALOS/PALSAR Satellite Imagery in 
the Disaster Area of 2009 Typhoon Morkot, Taiwan”, 4th 
World Landslide Forum. 2017/05 
[11] Chen R.-F., C.-Y Lee., H.-Y. Yin, C.-W. Lin., 
“Monitoring the Deep-Seated Landslides by Using 
ALOS/PALSAR Satellite Imagery in the Disaster Area of 
2009 Typhoon Morakot, Taiwan”. Advancing Culture of 
Living with Landslides, pp.239-247. (2017) 

90



GLACIER HAZARD STUDIES IN THE ASIAN HIGH MOUNTAINS 

PI No. P3215 
Chiyuki Narama 1, Takeo Tadono 2, Tsutomu Yamanokuchi 3, Jinro Ukita 1, Mirlan Daiyrov 4 

1 Niigata University, Department of Environmental Science 
2 Japan Aerospace Exploration Agency (JAXA) 

3 RESTEC 
4 Central-Asian Institute for Applied Geosciences (CAIAG) 

1. INTRODUCTION
Compared to the large proglacial lakes in the eastern
Himalayas [1-4], glaciers in the northern Tien Shan
(Central Asia) tend to have small glacial lakes near their
termini [5-7]. Drainage events from these lakes often
produce hazardous debris flows and floods. For example,
debris flows in 2006, 2008, 2013, 2014, and 2019 in the
Teskey Range of the northern Tien Shan caused severe
damage (including casualties) and destroyed bridges, roads,
houses, and crops [6-9].
Some of these small lakes are called short-lived as they
grow rapidly and drain within a few months [6,8,10]. Such
short-lived lakes appear in depressions of ice-cored
moraine complexes at glacier fronts. The lakes drain
through an outlet ice-tunnel (subsurface channel) within
the moraine complex [6,8,11]. Some authors call them
nonstationary lakes [12], though this term also includes
lakes with a long lifetime. Most short-lived glacial lakes
fill periodically and within one year, though some may
develop for 2–3 years before draining. The latter type is
also dangerous; for example, in the Tajik Pamir, drainage
from a short-lived glacial lake that formed within 2 years
resulted in 25 casualties [13]. In northern Tien Shan, short-
lived glacial lakes can be a severe hazard for local residents 
because they appear suddenly yet can cause large debris
flows. Outburst mechanism and damage potential of short-
lived glacial lakes in the northern Tien Shan differ from
those that are caused by moraine-dam failure in the
Himalaya and Andes [14-18]. A mass-movement such as
an ice avalanche or landslide is often the main cause of dam 
failures of the glacial lakes in the Himalayas and Andes
[17-18].
Short-lived glacial lakes that are dammed by partially
frozen moraine material (ice-cored moraine complex) drain 
through a subsurface outlet ice-tunnel. These lakes can
expand rapidly when the outlet ice-tunnel is blocked due to
either freezing of stored water or depositions of ice and
debris [5,8]. Drainage then occurs when the outlet ice-
tunnel opens during summer. Some of these short-lived
glacial lakes reappear every year [10], which is behavior
they share with supraglacial lakes. Several studies reported
that formation and drainage of supraglacial lakes are
related to connectivity of englacial conduits on a debris-
covered glacier [19-22]. However, the variations of short-
lived glacial lakes in northern Tien Shan arise from their

ice-tunnel opening and closing as well as the increase in 
glacial melt during summer [9].  
Short-lived glacial lakes in northern Tien Shan appear at 
depressions that can be created when a glacier retreats, 
when an ice-cored moraine complex subsides [5,8,10]. 
Narama et al. [8] showed that such short-lived glacial lakes 
typically form where the following three conditions exist: 
1) an ice-cored moraine complex (debris landform
containing ice), 2) a depression with a water supply to an
ice-cored moraine complex or glacier terminus, and 3) the
absence of a visible surface outflow channel from the
depression. The last condition indicates that the moraine
complex has an outlet ice-tunnel to drain lake water.
To help understand and eventually reduce the risks from
glacial lake outburst floods (GLOFs), regional
characteristics of their development and outburst should be
studied. We examine here the behavior of the short-lived
lake based on satellite data and field research.

Fig. 1. Study area in the Teskey Range located on the 
south of Lake Issyk-Kul, Kyrgyz Republic. Red circles 
indicate locations of short-lived glacial lakes that 
appeared in 2013–2018. Green squares with checks 
show short-lived glacial lakes that have caused large 
drainage events since the 1970s. 

2. STUDY AREA
The study area is situated in the Teskey Range, south of
Lake Issyk-Kul, Kyrgyz Republic (Fig. 1). The glacier
distribution (3700–4200 m a.s.l) in the western part of the
range is lower than the distribution (3800–4500 m a.s.l) in
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the eastern part due to the annual precipitation being higher 
in the eastern part than in the western part. For example, 
during 1998–2007, the average annual precipitation at the 
Kara-Kujur station (2800 m a.s.l) of the western part was 
255 mm, whereas at the Tien Shan station (3614 m a.s.l) of 
the central part it was 378 mm, and at the Chong-Ashu 
station (2788 m a.s.l) of the eastern part it was 550 mm [23] 
(Fig. 1). Mean annual air temperature was 0.1°C (1961–
1988) for Kara-Kujur, –6.28°C (1995–2011) [24] for Tien 
Shan, and 0.27°C (1995–2005) for Chong-Ashu. The 
western part of the range showed less glacier shrinkage 
than that in the eastern part [25-27]. 
In this area, the four large drainage events of Kashkasuu 
(2006), western Zyndan (2008), Jeruy (2013), and 
Karateke (2014) recently occurred from short-lived glacial 
lakes that formed on ice-cored moraine complexes (debris 
landforms including ice) [5,8]. The ice-cored moraine 
complexes here lie at 3200–4000 m a.s.l [10] at the glacier 
fronts that developed during the Little Ice Age [28-30] due 
to ice and debris stagnating during glacier shrinkage after 
several glacier advances [31].  

3. METHOD
3.1 Recent variations of glacial lakes using satellite data
To investigate the current state of glacial lakes in the
Teskye Range, we examined the seasonal changes of the
glacial-lake area using Landsat7/Enhanced Thematic
Mapper Plus (ETM+, SLC-off) and Landsat8/Operational
Land Imager (OLI) images (in total 68 images) taken in
June, July, August, September, and October during 2013–
2016. Here we examine glacial lakes of area exceeding
0.0005 km2 that exist on moraine complexes at glacier
fronts. The glacial-lake area was delineated manually as a
polygon on pan-sharpened images. To map more recent
glacier coverages and their moraine complexes, we use
Landsat8/OLI images from 2015–2016.
We classify the glacial lakes into six types according to
their seasonal change in a given year. These types are
“stable”, “increasing”, “decreasing”, “appearing”,
“vanishing”, and “short-lived”. For a given lake, we
determine its type according to its change in June, July,
August, September, and October of each year. “Stable”
indicates that the lake area did not change seasonally from
June to October of each year. “Increasing” means that the
area increased within a season, whereas “decreasing”
means a decrease in area. “Appearing” and “vanishing”
types are lakes that appeared as a new lake, or disappeared
due to shrinkage within a season, respectively. A “short-
lived” type is a temporary lake that appeared or grew in the
area, and then disappeared or shrank within the same year.
A “short-lived lake” is a transient lake that experiences a
sudden expansion and then, a few months later, a drainage.
The short-lived type includes the “recurring” type that
repeatedly appeared and disappeared at the same location
during 2013–2016. Although the number of short-lived
lakes is small in the study area, drainage of this type can be
particularly dangerous. Examples include the Kashkasuu
(2006), western Zyndan (2008), Jeruy (2013), and
Karateke (2014) lakes [5,8]. As a result, we show the
number of each lake type and the distribution of lake types.

When we compare the number of lakes in a given type over 
different years, we refer to the changes as “number 
variability”. The "distribution" means the pattern across all 
lake types within one range and one year, hereafter "type 
variability". In addition, short-lived glacial lakes in the 
northern Teskey Range were identified using satellite 
images (Landsat-7/Enhanced Thematic Mapper Plus 
(ETM+, SLC-off), Landsat-8/OLI), acquired during 2013–
2018.  
We compare this year-to-year number variability and 
yearly type variability with the summer temperature (May–
October) anomaly and precipitation during 2013–2016 at 
the Tien Shan meteorological station (Fig. 1). We use 11-
day running means of summer temperature anomalies.  

3.2. Radar interferometry of moraine complexes 
A short-lived lake forms typically in a depression in a 
moraine complex with buried ice [5,8]. Mergili et al. [32] 
also found that it is important to analyze the ground-ice 
distribution within the debris area. To understand the 
distribution of these moraine complexes including ground 
ice, we first extracted areas of moraine complex at glacier 
fronts using Landsat8/OLI and Google Earth data. Second, 
we ran differential interferometric SAR (DInSAR) analysis 
using PALSAR-2 (phased array type L-band synthetic 
aperture radar-2) data from the ALOS-2 satellite. The 
PALSAR-2 data came from an L-band (wavelength 23.8 
cm) active 1.2-GHz radar. This dataset is well-suited for
long-interval DInSAR analysis such as that spanning over
two years, and is not significantly influenced by the small
X-band-scale (wavelength 3.1 cm) vegetation cover in this
region. Therefore, the PALSAR-2 enables DInSAR
processing with more stable coherence than the X-band.
The observation repetition of ALOS-2 is 14 days [33-34].
The complex SAR data that we used has an original
resolution of 9.1 m × 5.3 m (range × azimuth direction,
nominal value).
We identify zones with ground ice as zones that show
displacement fringes over a summer. Previous, and similar, 
applications of DInSAR include the study of motion of
rock glaciers in the Swiss Alps, Sierra Nevada (USA), and
Iceland [35-36]. Typically, displacement fringes on
moraine complexes indicate surface motion due to vertical
subsidence and lateral motion. In contrast, bedrock, and
grasslands or pasture areas in the valleys appear stable
without any displacement. Here, the DInSAR analysis
involves the GAMMA SAR software. The phase of the
interferogram depends on orbital parameters, such as the
length of the baseline and the imaging angle, as well as
surface topography and surface displacement [37]. We
used image pairs with less than a 1000-m baseline. To
remove the topographic phase, we used the SRTM DEM.
Phase noise within the differential interferogram associated 
with temporal and spatial decorrelation was reduced by
applying an adaptive filtering algorithm [38] implemented
in the GAMMA software. We used 20 ALOS-2/PALSAR-
2 images taken from 2014 to 2016. As a result, we defined
debris landforms containing ground ice according to the
existence of motion fringes in the DInSAR data.
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4. RESULTS
4.1. Recent changes of glacial lakes in the Teskey Range
We investigated glacial lakes and found that the number of
glacial lakes of each type differed. In the Teskey Range, 31
appearing and 40 increasing lakes occurred over just 2014
through 2015 alone (Fig. 2). For the vanishing lakes, the
Teskey Range had 42 in 2013, 16 in 2014, 19 in 2015, and
30 in 2016. For the short-lived lakes, 56 occurred in the
Teskey Range over all four years. Many lakes changed
their type every year through 2013–2016. Although
recurring short-lived types appeared at the same location,
the appearing, vanishing, and short-lived types appeared
both at the same and different locations.
The type variability also differed in the Teskey Range, the
year 2013 had a high proportion of decreasing (46 of 71)
and vanishing lakes (42 of 107), but years 2014 and 2015
instead had a high proportion of appearing (31 of 51) and
increasing (40 of 53) lakes, with a slightly higher
percentage of these types in 2015 (Fig. 2). Although 2016
had only three increasing lakes, it had 22 short-lived cases,
which is a higher percentage of this type compared to other
years.

Figure 2. (A) Number of lakes in the six types and the 
summer temperature anomaly in the Teskey Range 
during 2013–2016. The value next to the grey bar shows 
the number of “stable” lakes. (B) Eleven-day running 
means of summer temperature (May–October) 
anomaly during 2013–2016 at the Tien Shan (Teskey 
Range) meteorological station (Fig. 1). For these six 
months, the average temperatures of the Tien Shan 
meteorological station were 2.4 °C in 2013, 1.5 °C in 
2014, 2.5 °C in 2015, and 2.1 °C in 2016. 

For these lake types, how do the number and type 
variabilities depend on summer temperature (May–
October)? Although the summer temperature anomaly in 
2013 was comparable or lower than that in 2015, the 
distribution of types is more uniform in 2015 in the Teskey 
Range. In addition, the Teskey Range has many decreasing 
lakes when the summer temperature is average in 2013. 
Compared to 2014 and 2015, the type variability in the 
Teskey Range is about the same even though the summer 
temperature in 2015 is higher than that in 2014.  
Also, despite the range having higher-than-average 
summer precipitation in both 2013 and 2015 (compared to 
2014 and 2016, not shown here), the number of increasing 
lake type is relatively high only in the Teskey Range in 
2015, whereas the number of decreasing lake type is 
relatively high in 2013. The numbers of appearing lakes 
show no clear trend with year. The same holds for the other 
types. Moreover, the distribution of lake types is not 
consistent from year to year. Thus, the results show that the 
large number and type variabilities over this short period 
are not directly related to the local short-term summer 
temperature anomaly, the precipitation, and the glacier 
recession. 
The short-lived lake type, though much less common than 
the other types, is nevertheless significant. This type 
occurred 56 times in the Teskey Range over all four years. 
In the Teskey Range, they occurred every year, with 22 
such lakes observed in 2016. Using Landsat8/OLI and 
Sentinel-2 images, we also identified three lakes of 
recurring type (for location see Fig. 1) among these short-
lived lakes from 2013 and 2016. This type changes size and 
shape every year. Lakes of the recurring type have different 
variations (timing and area) each year. 

4.2. Short-lived glacial lakes of the Teskey Range 
To determine when  short-lived glacial lakes in the northern 
Teskey Range formed, we used satellite images of 2013–
2018.  Based on the satellite imagery, a total of 160 short-
lived glacial lakes could be identified. A classification of 
these lakes by month of appearance is shown in Fig. 3. 
Most lakes appeared in June (43 lakes) during the snow-
melt period, and in July (90 lakes) during the ice-melt 
period. The total numbers and the proportions of the 
numbers for these two periods varied during the 6 years. 
The number of lakes vary greatly by year and by 
appearance date, indicating that the formation of these 
short-lived glacial lakes can not be explained solely by an 
increase of melt water during summer. Such variability has 
been argued to be related to geomorphological conditions 
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such as drainage through ice tunnel inside of ice-cored 
moraine complex [10].  
Concerning reappearances, 81 lakes appeared only once 
during six years. Of the remaining, 19 lakes appeared twice, 
7 lakes appeared three times, 2 lakes appeared four times, 
and 2 lakes appeared all 6 years. These results are 
consistent with tunnel closure being the main cause of 
formation. Short-lived glacial lakes that reappear during 
many years likely have an environment that either favors 
tunnel closure and hence lake formation or an increase in 
meltwater from glacier during summer [9]. 

Figure 3. Total number of short-lived lakes in the 
months of June–September during 2013–2018 in the 
northern part of the Teskey Range derived by Landsat-
7/8, Sentinel-2, and PlanetScope satellite images. 

4.3. Distribution of debris landforms with ground ice 
Ground ice occurrences were estimated using DInSAR 
images of the Jeruy Glacier front based on one-year 
interferograms between 4 October 2015 and 30 October 
2016 (Fig. 4). The results show the displacement fringes on 
the moraine complex. A displacement fringe indicates 
surface motion, which in turn, indicates ground ice. The 
stable regions (same color, no fringes) showing no motion 
are outside the moraine complex area. These regions are 
riverbed, talus landform, and bedrock areas. The steep 
slope area at right-bank of the moraine complex is labeled 
as the foreshortening part of the DInSAR images. The 
motion area seems mainly influenced by the melting of 
ground ice and subsequent subsidence as suggested by the 
vertical surface decline shown in Fig. 4. Lateral movement 
due to gravity-driven deformation might also be occurring 
in the motion area. 
Using one-year pairs and short-period pairs between 2014 
and 2016 (ALOS-2/PALSAR-2), we analyzed a total of 
557 moraine complexes at glacier termini that show 
displacement fringes (Fig. 4). Among them, the area class 
of 0.1–1.0 km2 of moraine complexes accounted for 83% 
of the total in the Teskey Range. Overall, most of the 
moraine complexes at glacier fronts have this indication of 
ground ice; specifically, 416 of 557 in the Teskey Range. 

Figure 4. Surface motion around the Jeruy Glacier 
front. (A) Surface displacement map by DInSAR 
analysis using ALOS-2/PALSAR-2 data.  

4.4. Outburst of Toguz-Bulak glacial lake on 8 August 
2019 
In the Toguz-Bulack glacial lake of the northern Teskey 
Range (Fig. 1), during each summer of 2010–2019, the lake 
area gradually increased. The area increased until the lake 
began to overflow through a spillway channel. The 
maximum area varied significantly from year to year. In the 
summer of 2019, the lake area increased as in other years 
but became significantly larger than that in the previous 
years. On about 5 July 2019, the glacial lake appeared in 
the lake basin (Fig. 5a) and steadily increased in size (Fig. 
6). Within a month (Fig. 5b), the lake area increased 36-
fold with a daily expansion rate of 574 m2/day. On 7 
August, its surface height reached the maximum level of 
the lake basin (Fig. 5c). The next day a slight further 
expansion induced overtopping, leading to the outburst 
flood (Fig. 5d). From Fig. 6, a high rate of lake-area 
expansion can be seen between 5 July and 8 August 2019. 
During this time, the lake area expanded at a rate of 660 m2 
per day. Then, on 8 August, the moraine dam of the Toguz-
Bulak glacial lake breached and caused an outburst flood 
in the upper left tributary of the Tosor River (Fig. 5d). 
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Figure 5. Perimeter of the Toguz-Bulak glacial lake 
during July–August 2019. (a,b) Image data from the 
Sentinel-2 satellite taken on (a) 5 July and (b) 6 August. 
(c) Lake margin data from the Landsat8/OLI satellite
taken on 7 August. (d) Image data from the Sentinel-2
satellite taken on 11 August. Blue lines are outline of the 
lake.

Figure 6. Lake area and summer daily average air 
temperatures in 2019 (Tien Shan meteorological station 
(MS)). 

The field survey showed that the lake area decreased from 
0.021 km2 before the outburst to 0.002 km2 after the 
outburst, while the water level in the lake dropped by 6 m. 
The resulting calculation of the water volume loss is about 
130,000 m3. 
People living downstream reported that the outburst event 
from the lake started at around 15:00 o’clock, local time. 
About 30 min later, a large wave came through and then 
the flood slowly decreased, ending at about 19:00 o’clock. 
Our calculation, based on an estimated volume of the lake 
basin (following the empirical formula in [11], gives a peak 
discharge rate during the four-hour long outburst of 183 
m3/s. This peak discharge is close to that from other 
moraine-dam failures [39,40]. 
The outburst incident coincides with an increase in average 
air temperature in August (orange rectangle, Fig. 6). In 
addition, the air temperature measured at 14:00–15:00 
o’clock on 8 August exceeded 30 °C, which must have 
induced a strong temporary increase in glacier meltwater 
coming into the lake basin. The lake emptied, to a large 
extent, within four hours, with an average discharge rate of 
32,500 m3 per hour. 
To assess a relationship between the lake dynamics and 
summer air temperature, we analyzed the average summer 
temperature for June–July in 2010, 2013, 2017 and 2019. 
An increase in summer temperature by 0.2 °C (light blue 
line, Fig. 7a) over the last 9 years correlates with the loss 
of 0.17 km² in area of the Toguz-Bulak Glacier (dark blue 
line). In the period 2010–2013, the glacier area decreased 
by 0.07 km2, over 2013–2017, the area lost was 0.08 km2, 
and during 2017–2019, the loss was 0.02 km². Averaging 
over the 9 years, the Toguz-Bulak Glacier area decreased 
0.019 km2/year.  

Figure 7.   Average air temperatures (June–July) and 
areas of the Toguz-Bulak glacier, lake and lake basin. 
(a) Air temperature and glacier area. (b) Lake and lake
basin areas. Air temperature data from MS Tien Shan.

The glacier area reduction must have been accompanied by 
a corresponding ice volume loss, causing an increase in 
glacial runoff volume. For instance, we found a similar 
increase in glacial runoff to the Chong-Kyzylsuu river in 
the Teskey Range that was a prerequisite for the rapid rise 
(and later drainage) in the water level of the w-Zyndan 
glacial lake [5]. In the present case, an increase in the 
glacier runoff would have expanded the Toguz-Bulak lake 
basin every year (red line, Fig. 7b). Incoming glacial runoff 
controlled the behavior of the Toguz-Bulak lake, that is, the 
lake area varied with the incoming volume of glacial runoff 
(orange line, Fig. 7b). As the peak lake area (Fig. 7b) 
increases with the increasing loss of glacial area (Fig. 7a), 
we suggest that the peak lake area primarily depends on the 
incoming rate of glacial runoff. The large glacial runoff 
caused particularly large peak lake areas in 2017–2019. 
These larger peak lake areas are likely related to the higher 
air temperature in June–July 2017–2019 compared to the 
years 2010–2016. Furthermore, more rapid melting of 
snow and ice under the higher air temperatures in June–
July 2017–2019 would lead to the more rapid rise in the 
lake level. We rule out precipitation as the cause of the 
higher lake levels because, according to the Tien Shan MS, 
(1) the total summer precipitation decreased through the
years 2017–2019 and (2) the precipitation amount during
June–July was negligible (for 2019, just 85.5 mm).
We now consider the formation and size of the lake basin.
In 1964, the lake basin had not yet formed. At this time, as
shown in Fig. 8a, glacier meltwater flowed through the
upper edge of a sector “A”. However, an increase in glacial
runoff (blue arrows in Fig. 8) on the moraine complex
contributed to the formation of the lake basin. In 2010,
water stagnated in the region just left of sector “A” and had
begun expanding its area by mechanical erosion, and likely
also by thermal erosion. Until this time, ravines were
formed to a depth of about 1 m. Then, during each year
between 2010 and 2017, glacier meltwater flowed into the
lake basin and out again through the upper margin of sector
“A”. The stagnant water in the lake basin helped to erode
the basin bottom and shoreline. In particular,
ALOS/PRISM satellite data from 2010 show a small lake
basin of 0.0058 km2 in area (Fig. 8b). Later, by 2013, the
basin size had doubled in area (Fig. 8c). By 2017, the lake
basin area had grown to 0.016 km2 (Fig. 7d), and by 2019,
to 0.021 km2 (Fig. 8e). Thus, over 2010–2019, the lake
basin area increased over three-fold, eventually reaching

95



the moraine dam at the north side of the lake basin, a 
distance of 100 m (Fig. 8f). When the moraine dam (ridge) 
failed in 2019, the meltwater flowed through the northern 
dam instead of the eastern shore. 

Figure 8. The Toguz-Bulak lake basin, 1964–2019. (a) 
Image from Corona KH-4A on, 6 October 6, 1964. (b) 
Advanced Land Observing Satellite/Panchromatic 
Remote-sensing Instrument for Stereo Mapping 
(ALOS/PRISM) image in 2010. (c–e) Images from 
Google Earth (World View), 2013–2019. (f) Boundaries 
of the lake basin during 2010–2019 (background image 
from Google Earth (World View), 2019). The dashed 
blue lines show the direction of meltwater flow. 

With the increase in lake basin area, the lake basin volume 
also increased. For example, in 2010, the lake basin volume 
was 63,000 m3. Over 2017–2019, the volume of the lake 
basin had increased by 44,000 m3, then totalling about 
130,000 m3. Thus, over the period 2010–2019, the lake 
basin volume had risen by almost 1.7 times. 
In addition, the lake basin region lowered during 1964–
2010. Using the GPS data from 2019, we examined more 
recent profile changes along the lake basin and moraine 
dam. Over the last nine years, a significant height loss or 
subsidence occurred in the middle part and the dam area of 
the lake. During this time, the bottom of the lake lowered 
by 1 meter. However, changes in lake bottom are quite 
different in other areas of the lake-basin. In particular, 
Figure 9 shows that the surface elevation in the basin center 
lowered by 4 m and in the dam area by 2 m (a sudden drop 
by 2 m after drainage). Thus, since 2010, the lake basin’s 
surface has continued to lower and its size has increased. 
Before the outburst event, a 2-m high, 27-m wide and 1.5–
2.0-m thick stretch of the moraine dam was removed and 
held back the glacial lake (Fig. 9b). The moraine dam 
resisted for two days, on 6th and 7th August, and then 
failed. 

Figure 9. Basin profiles and moraine dam region. (a) 
Longitudinal profiles along the lake basin and moraine 
dam before and after outburst (along a–a′ in Figure 
8). The blue square shows elevation changes at the dam. 
The profiles were compiled based on ALOS DSM 
(2010) and GPS data (2019). Background orange profile 
from Corona KH-4A/DSM for 1964. (b) The breached 
dam region the day after the outburst (9 August 2019). 

To better understand the changes around the lake basin, we 
used DInSAR interferograms to measure the surface 
motion on the moraine complex. We analyzed three 
periods: between 4 October 2015 and 24 July 2016, 
between 24 July 2016 and 30 October 2016 and between 
11 June 2017 and 17 September 2017. Results in Figure 10 
show that significant movement occurred on the surface of 
the moraine complex during all three years, with sectors 
“1”, “2” and “3” being the most active areas. The largest 
surface displacements occurred in the lake basin area, 
marked as sector “3”. Here, the line-of-sight deformation 
rate exceeds 11.9 cm per year. 

Figure 10.   Surface displacement maps, 2015–2017. 
From differential interferometric SAR (DInSAR) data 
from ALOS-2/ phased array type L-band synthetic 
aperture radar-2 (PALSAR-2). 

This sustained surface motion in all three sectors suggests 
melting and movement of ground ice and related 
subsidence [10,41-42]. This indicates that, as with other 
moraine complexes in the area [8,10], the moraine complex 
contains ground ice. This ground ice degrades, leading to 
development of the lake and its dam failure. According to 
the mean annual ground surface temperature (MAGST), 
mean annual air temperature (MAAT) [10] and a global 1-
km resolution permafrost model [43], the study site is very 
likely within the regional permafrost limit. Thus, either the 
debris cover on top of the ground ice within the moraine 
complex is relatively thin or the ice core of the moraine 
complex is not in equilibrium. 
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5. DISCUSSION
5.1. Regional geomorphological conditions of the glacial
lakes in the Teskey Range
Previous studies [44] stated that expansion of glacial lakes
in the Jungar Range is related to climatic variations and
glacier recession. Although an overall increase in lake area
is influenced by glacial recession and climate changes over
a decades-long time-scale, our data shows that every year
has large number and type variabilities. These seasonal and 
annual variations in the Teskey Range do not directly
coincide with variations in summer temperature anomaly
and precipitation, and the number of each type and the
distribution of types also differ between the mountain
ranges (Fig. 2). Instead, the main reason for the occurrence
of the large year-to-year variability in number and type
appears to be local geomorphological conditions and
summer temperature. These conditions include the
existence of moraine complexes containing ground ice and
the formation and development of depressions.
An important influence on glacial lakes in the study region
is their drainage through ice tunnels and ice dams. For
example, Narama et al., (2010a, 2018) reported that ice-
tunnel drainage channels of four large drainages (2006-
2014) close during winter and then open again in summer.
They showed that this closure occurs by either freezing or
by debris/ice deposition via channel collapse. Also, Mergili 
et al. (2013) pointed out that the behavior of glacial lakes
in the region depends on whether the dam contains ice. In
addition, other environmental factors affect these glacial
lakes. For example, as shown for the Jeruy Glacier front,
substantial down-wasting of moraine complexes with
buried ice causes surface changes. The subsidence and
down-wasting of the moraine complex changes how a
depression forms and changes the ice-tunnel conditions
inside of the moraine. These surface changes might lead to
the blockage and closure of ice tunnels due to deposition of
ice and debris by tunnel collapse.
In the Issyk-Kul Basin, these regional cryospheric
conditions cause the observed large year-to-year variability 
in number and type (Fig. 2). In short, the large number and
type variabilities are due to regional geomorphological
conditions involving the existence of moraine complex
containing ground ice, the formation of depressions
resulting from glacier recession, vertical subsidence on
moraine complexes, and surface changes of moraine
complexes due to ice melting. In addition, surface changes
or the freezing of storage water might lead to the closure of
an ice tunnel inside a moraine complex due to the
deposition of ice and debris by tunnel collapse. As a result
of geomorphological conditions, tunnel closure and
opening cause the observed appearing, vanishing, and
short-lived lakes.
However, over decades-long periods, climate change and
glacier recession affect the lake extension of stable or
increasing lakes. Also, although the appearance of glacial
lakes may be linked to climate and glacier recession, some
of these lakes change to another type. In addition, the short-
lived lake type occurs 56 times in the Teskey Range over
all four years. However, only two large drainages occurred
from the Jeruy (2013) and Karateke (2014) glacial lakes

during 2013–2016. These large drainages might be 
influenced by the tunnel conditions. 

5.2. Lake development and outburst on a moraine 
complex 
The lake development and failure mechanism here differ 
from the ice avalanches or intra-morainal seepages that 
lead to similar failures in the Himalayas and the Andes [15-
16,18,45-46]. In the eastern Himalayas, the formation of 
large lake basins is mainly due to glacier recession on 
debris-covered glaciers. Melting of ground ice inside the 
moraine is promoted because the large-scale moraine-
dammed lakes are located below the permafrost zone. 
However, in those areas, ice melting in the moraine is not 
the main reason for moraine-dam failure. 
The study region here contains many other moraine 
complexes with ice. Using DInSAR analysis, we found 
evidence for many moraine complexes with ground ice at 
glacier fronts in the Teskey Range. Further evidence for 
ground ice came from the analysis of two DSMs generated 
from Corona (1964) and ALOS/PRISM (2010) data that 
showed surface subsidence [10]. Many lake basins 
(depressions) here can be formed by either glacier 
recession or by surface subsidence due to melting on the 
moraine complex in the permafrost zone above 3000–3200 
m a.s.l. The Toguz-Bulak glacial lake is a moraine-
dammed lake that developed in a depression on an ice-
cored moraine complex. The lake appears in spring–early 
summer and disappears in autumn, due to the discharge of 
glacier runoff. Each year, the lake basin area and volume 
increased due to degradation and back wasting of ground 
ice and erosion by stream water and later reached the edge 
of the moraine complex. 
Another cause is an increase in glacier runoff occurring 
with an increase in summer temperature. We found a large 
area increase in the years 2017–2019, partly due to greater 
glacial runoff, induced by particularly high summer 
temperatures. Hence, in addition to the role of glacier 
recession, in this region, the basins can then grow via 
thermal erosion and the flow of glacier meltwater. 
In addition, the melting of ground ice decreases dam 
stability, thus increasing the probability of a dam failure. 
For example, debris flow due to moraine-dam failures has 
occurred in the Kungoy Range in Kyrgy Republic [29] and 
the Ili Range in Kazakhstan [30]. These failures were 
caused by destabilization of the moraine-dam structure due 
to surface subsidence and seepages of the lake through 
ground channels that opened up when ice melted. Through 
surface changes on the moraine complex, triggers of the 
outburst include (1) piping under a step hydraulic head with 
backward erosion from the air side of the dam, (2) a 
mechanical breach under high water pressure, and 
combinations of these factors, (3) overtopping and 
backward erosion or incision into the dam and (4) melting 
of an ice core and subsequent dam failure. In the present 
case, the main factors are likely (3) and (4). These might 
also be applied to mountain permafrost regions in Asian 
mountains. 
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5.3. Two types of water storage and drainage systems 
on a moraine complex 
The Toguz-Bulak glacial lake is a recurring lake type, 
similar to the Koltor glacial lake in the Tong River basin 
[10]. Both glacial lakes have an annual cycle of appearing 
in spring–early summer and disappearing in autumn. 
However, only the Toguz-Bulak has a surface drainage 
channel from the lake. The Koltor lake instead drains 
through an ice tunnel. In the case of the Toguz-Bulak lake, 
appearance of the lake depends on the inflow of meltwater, 
so with increasing amounts of meltwater, the lake basin and 
lake expanded from year to year. Eventually, more than a 
decade after it started forming, the lake basin perimeter 
reached, and then breached, its moraine dam top. In 
contrast, the Koltor lake basin formed almost a century ago, 
when the glacier started to retreat, with only slight 
subsequent changes in basin size. Therefore, despite their 
apparently similar geomorphological conditions, the water 
storage and discharge systems of these two lakes differ 
significantly from each other. 
When the Toguz-Bulak lake dam failed, the lake 
completely drained within hours. The estimated maximum 
discharge was 183 m3/s. Such rapid drainage has so far 
been uncommon in the Teskey Range. Here, all large-scale 
drainages during the last ten years have been from short-
lived lakes via an underground ice channel, producing rates 
of only 12–27 m3/s [5,8]. The current study also revealed a 
short-lived lake, but one that drained through a breached 
moraine dam. The reason behind past drainages was ice-
tunnel closure due to ice-debris blockages or due to 
freezing of stored water inside the tunnel. In those cases, 
the lake water quickly filled up the lake basin, and then, 
under high water pressure and thermal erosion, the ice 
tunnel opened, producing a large drainage [5.8.10]. A 
similar tunnel system is typically well developed at 
supraglacial lakes [22]. 
Given the large differences in maximum discharge from 
lakes having these two types of drainage systems, we 
should determine whether other lakes in the region are of 
the same type as that of Toguz-Bulak.  
For tunnel type, tunnel dimensions could increase in the 
future due to thermal erosion and flowing water, allowing 
greater discharge rates. Meltwater and increasing 
temperature can accelerate thermokarst processes 
enlarging the outlet ice-tunnel [47-49]. In addition, 
although lake basin size changes on ice-cored moraine 
complexes depend on the details of the thermal erosion, the 
basin area of lake has increased each year due to glacier 
retreat. If these conditions and evolution also apply to 
short-lived glacier lakes in the Teskey Range, large-scale 
flooding events during their discharge may become more 
frequent in the future due to increasing temperature.  
The work will involve monitoring the surface changes and 
lake development on moraine complexes. With global 
warming, both types of outburst may occur in the study 
region more frequently in the future, particularly near the 
bottom of the permafrost zone, giving such work greater 
importance. 
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1. STUDY AREA

Xi'an, the capital of Shaanxi province, China, is bounded 
by the Chan River and Ba River to the east, the Feng 
River to the west, the Wei River to the north, and the 
Qinling mountains to the south. The elevation of the study 
area varies from 360 to 750 m. Figure 1 shows the 
quaternary geology map of the study area, where 
Chang’an-Lintong fault (CAF hereinafter) and 14 ground 
fissures are superimposed, and loess ridge areas are 
labeled with white blocks. The terrain of Xi’an gradually 
inclines from the northwest to the southeast, and the 
landform gradually transforms from flood plain to the 
loess tableland terraces. Loess ridges and depressions are 
interchangeably distributed in central urban areas, where 
land subsidence and 14 ground fissures occurred. CAF 
fault (mainly in the ENE direction) is the most active fault 
to the south of Xi’an city, which controls the activities of 
14 ground fissures occurred on the hanging wall of CAF. 
On the other hand, the ground fissures have the impacts 
on the land subsidence area, constraining the subsidence 
areas to develop into elliptical shapes with their long axes 
parallel to the fissure direction, i.e. in the north-east (NE) 
direction. 

As to the hydrogeological conditions of Xi’an City, three 
main aquifers are present in Xi’an stratum: the phreatic 
aquifer, the first artesian aquifer, and the second artesian 
aquifer. The bottom for the phreatic aquifer varies from 
30 to 80 m below the ground surface. The primary 
constituents for this phreatic aquifer are fine sand and 
clay and its water quality is poor. The bottom for the first 
artesian aquifer ranges from 140 to 180 m below the 
ground surface. This aquifer consists of sand, loess, 
gravel, and mudstone, and its quality is good. The bottom 
for the second artesian aquifer varies from 170 to 300 m 
below the surface. This aquifer with good quality of water 
mainly includes fine-medium sand and medium-coarse 
sand. Xi’an belongs to a temperate, semi-humid 
continental monsoon climate, with an annual 
precipitation of about 585 mm, so it is short of water 
resources with 7 million urban populations. The volume 
of groundwater withdrawal increased annually from 1980 
to 1994, which amounted to 1388 million m3/year in 
1994. Owing to the restriction of groundwater 
exploitation in Xiʹan since 1996, Heihe water has become 

the main water supply, which made the decrease of the 
groundwater withdrawal from 1996 to 2010. Moreover, 
cumulative volume of 1552800 m3 had been recharged in 
Xi'an from 2009 to 2014. 

Fig. 1 (a) Quaternary geology map superimposed on 
shaded relief map, the inset at the top right corner is 
the distribution of leveling benchmarks along subway 
line three. The blue solid lines indicate the operated 
subway lines; Loess ridge areas are labeled with white 
blocks. (b) Hydrostratigraphy section along AA’ in (a). 

2. METHOD

To mitigate the effects of decorrelation and retrieve large-
gradient deformation, small baseline subset (SBAS) 
InSAR method was proposed based on the interferograms 
with short spatial and temporal baselines. In this report, 
we use the temporal coherence to select coherent pixels, 
which is defined in equation (1) for one generic pixel x 
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where, N is the number of interferograms, ψ represents 
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the flattened and topographically corrected interferogram, 
ψ%represents the spatially correlated phase component, 

u
θφ
)

  represents the spatially uncorrelated phase 

component (look-angle error phase). Followed by the 
phase unwrapping, 3D phase unwrapping method is 
employed to mitigate the closed-loop discontinuities error 
in two-dimensional (2D) phase unwrapping. It was 
explored the spatial and temporal relationships within the 
multi-interferograms, i.e., involving the computation of 
two Delaunay triangulations, which are usually referred 
to as “temporal” and “spatial” triangulations, respectively. 
 
The average deformation rate is calculated by the whole 
average as follows: 
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           (2) 

 

where iφ   is the unwrapped phase, from which the 

systematic phase ω  has been subtracted, and it∆  is 
the i-th time interval. The interferograms used to calculate 
the average deformation rate are the same as the ones 
used to calculate the time-series deformation. 
 
Additionally, vertical motion dominates the deformation 
field in Xi'an. Therefore, all the LOS measurements of the 
SAR images are projected into the vertical direction with 
respect to the corresponding incidence angles as follows. 
 

𝑑𝑑𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 = 𝑑𝑑𝑙𝑙𝑙𝑙𝑙𝑙
𝑣𝑣𝑐𝑐𝑐𝑐𝑐𝑐

            (3) 
 
where 𝑑𝑑𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣  is the vertical deformation; 𝑑𝑑𝑣𝑣𝑐𝑐𝑐𝑐 is the 
displacements in LOS direction; θ is the incidence angle. 
 

3. RESULTS 
 
In this study, a total of nine ALOS/PALSAR-2 SAR 
images are used to investigate land subsidence in Xi'an, 
China from September 6, 2014 to October 28, 2017. 
Detailed parameters are summarized in Table 1. In order 
to decrease the influence of temporal and spatial 
decorrelation, SBAS method is adopted to generate all 
possible interferogram by setting the appropriate 
temporal and spatial baseline thresholds. Finally, 26 high-
quality interferograms are selected to further processing 
to obtain the deformation maps. Spatial-temporal 
baselines and high-quality InSAR combination are shown 
in Figure 2. The average deformation rate of the study 
area is shown in the Figure 3(b). During the whole 
monitoring period, the land subsidence zones were 
mainly concentrated in the southwest and southeast 
suburbs of Xi'an city and five subsidence zones were 
detected in total. The largest land subsidence occurs at 
Yuhuazhai (YHZ hereinafter), with a maximum 
subsidence rate of around −175mm/a. Sanyaocun-
Fengqiyuan (SYC-FQY hereinafter) is the second largest 

subsidence zone, with a deformation rate ranging from 
−20 to −90 mm/a (Figure 3a).  
Table 1 Basic parameters of the ALOS/PALSAR-2 
SAR images used in this study 

Sensor ALOS-2 
Band (wavelength in cm) L (23.6) 

Incident angle (°) 40.5 
Slant range spacing (m) 4.2 

Azimuth spacing (m) 3.2 
Pass direction Ascending 
Track number 143 

Number of scenes 9 

Date period 2014/09/06-
2017/10/28 

 

 
Fig. 2 InSAR combinations of the high-quality 
interferometric pairs and their spatial-temporal 
baseline distributions. 
 

 
Fig. 3 The average deformation rate maps of the study 
area calculated with TerraSAR-X, ALOS/PALSAR-2 
and Sentinel-1 SAR images, where (b) is the 
deformation rate map calculated with ascending 
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ALOS/PALSAR-2 data from 2014 to 2017.  
 

4. DISCUSSION 
 
Independent InSAR observations that cover the same area 
and a similar time interval are utilized to cross-validate 
the InSAR-derived surface deformation measurements. 
To do so, all deformation rate maps are first resampled to 
the same image resolution, and the YHZ subsidence bowl 
highlighted by a blue rectangle in Figure 1a is taken as 
the validation region. Figure 4 shows the linear fitting 
model between the Sentinel-1A and ALOS/PALSAR-2 
datasets with a RMSE of about 6.9 mm. we can see a good 
consistency Sentinel-1A and ALOS/PALSAR-2 datasets. 
 

 
Fig. 4 Scatter plots of the vertical deformation rates 
between Sentinel-1A and ALOS/PALSAR-2 datasets.  
 
A calibration of the InSAR-derived deformation results is 
performed with GPS and leveling measurements. The 
locations of GPS and leveling benchmarks are shown in 
Figure 1a. The comparisons with GPS measurements in 
2014 and 2015 are shown in Figure 5a and 5b, 
respectively, while measurements from 2016 are 
compared with eight leveling measurements, as shown in 
Figure 5c. InSAR measurements datasets at each GPS 
benchmark are calculated within a square of 50 m × 50 m. 
The standard deviation within the square is calculated and 
shown as the error bar in Figure 5a,b. The standard 
deviations of the differences are 9.83 mm and 6.09 mm in 
2014 and 2015, respectively. Additionally, a significant 
difference between InSAR and GPS measurements at 
some GPS benchmarks, such as at XJ12, XJ19 and XJA4 
in 2014, and CHDC, XJ25 and XJA6 in 2015 can be seen 
in Figure 5a and 5b. These can be explained by the 
localized deformation, the horizontal deformation effect, 
and the low GPS vertical accuracy under a poor 
measurement environment. 
 
Leveling benchmarks were mounted for the monitoring 
of subway line deformation during the construction of 
subway line three from 2012 to 2016. Both leveling and 
InSAR measurements from ALOS-2 datasets uncovered 

surface rebound in 2016, with a standard deviation of 2.2 
mm (Figure 5c), which will be discussed later. 

 
Figure 5. Comparison of InSAR measurements with 
GPS and leveling measurements. (a) With GPS 
measurement in 2014; (b) with GPS measurement in 
2015; (c) with leveling measurement in 2016. The 
error bar, with one standard deviation, is shown in (a) 
and (b) at each GPS benchmark. 
 
The YHZ subsidence bowl, the largest subsidence center 
in Xi’an city since 2005, is located in the southwestern 
suburb of Xi’an and has caused severe damage to 
buildings, and railroads. It has the potential to impact the 
safety of subway line three. Therefore, we focus on the 
YHZ to study the spatial-temporal evolution (Figure 6).  
Figure 6a, b, c and d show the different land subsidence 
rates from different SAR datasets. It can be seen that the 
land subsidence is located between ground fissures f4 and 
f6 in the spatial distribution. The detected deformation 
rate ranges from −180 mm/a to 10 mm/a. It can also be 
seen from Figure 6a that there were two subsidence bowls, 
which were separated by ground fissure f5. The one 
between ground fissures f5 and f6 decreased significantly 
from −143 mm/a to −60 mm/a. As for the one between 
ground fissures f4 and f5, the maximum deformation rate 
varied between −140 mm/a and −160 mm/a before 2017, 
and decreased to −110 mm/a in 2018. 
 
The over-withdrawal of groundwater is the main cause of 
land subsidence. The cumulative time series of land 
subsidence at point P1 during the entire observation 
period is shown in Figure 6f, which is labeled with a red 
dot in Figure 6a. The cumulative subsidence reached 820 
mm from 2012 to 2018. 
 
L-band ALOS/PALSAR-2 data, acting as an important 
SAR source, reveals the detailed deformation and largely 
enriches the research results of study area. 
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Figure 6. Land subsidence in the YHZ subsidence 
bowl. (a) From 2012 to 2015 with the TerraSAR-X 
dataset; (b) from 2014 to 2017 with the 
ALOS/PALSAR-2 dataset; (c) from 2015 to 2017 with 
the Sentinel-1A (T110) dataset; (d) from 2017 to 2018 
with the Sentinel-1A (T109) dataset; (e) Google Earth 
image; (f) cumulative time series deformation of P1; 
(g) annual deformation rate from different-band 
datasets along the profile of P1P1’ from 2012 to 2018, 
whose position is marked in (a); (h) – (i) the field 
investigation photos of ground fissures. 
 

5. REFERENCES 
 
[1] P. Berardino, G. Fornaro, R. Lanari, E. Sansosti. A 

new algorithm for surface deformation monitoring 
based on small baseline differential SAR 
interferograms. IEEE Trans. Geosci. Remote Sens. 
pp. 2375–2383, 2002, 

[2] R. Lanari, O. Mora, M. Manunta, J.J. Mallorqui. 
Berardino, P.; Sansosti, E. A small-baseline 
approach for investigating deformations on full-
resolution differential SAR interferograms. IEEE 
Trans. Geosci. Remote Sens., pp. 1377–1386, 2004 

[3] F.F. Qu, Q. Zhang, Z. Lu, C.Y. Zhao, C.S. Yang, J. 
Zhang. Land subsidence and ground fissures in 
Xi’an, China 2005–2012 revealed by multi-band 
InSAR time-series analysis. Remote Sens. Environ. 
pp. 366–376, 2014. 

[4] J.B. Peng, W. Qu, J. Ren, Q. Zhang, F. Wang. 
Geological factors for the formation of Xi’an ground 
fractures. J. Earth Sci. .pp. 468–478, 2018. 

 
********************************************* 
 

APPENDIX 
 

[1] M.M. Peng, C.Y. Zhao, Q. Zhang, Z. Lu, Z.S. Li, 
Research on Spatiotemporal Land Deformation (2012–
2018) over Xi’an, China, with Multi-Sensor SAR 
Datasets, Remote Sensing, pp. 1-21, 2019.  
[2] Baohang Wang, Chaoying Zhao*, Qin Zhang and 
Mimi Peng， Sequential InSAR Time Series Deformation 
Monitoring of Land Subsidence and Rebound in Xiʹan, 
China,  Remote Sensing, 2019, 11, 2854; 
doi:10.3390/rs11232854. 

104



AUTOMATIC DETECTION AND EARLY WARNING OF LANDSLIDE 
HAZARD IN SOUTH ASIA USING ALOS-2 PALSAR-2 DATA 

PI No 3228 
Richard Walters 1, Katy Burrows 1,2, David Milledge 3 

1 COMET, Department of Earth Sciences, Durham University, Durham, UK 
2 Now at: Géoscience Environnement Toulouse, CNES, Toulouse, France 

3 School of Engineering, Newcastle University, Newcastle, U.K. 

1. INTRODUCTION

Major continental earthquakes commonly trigger 
landslides, which pose a significant secondary hazard. 
Emergency responders need information on the 
distribution of earthquake-triggered landslides within a 
short timeframe after their onset, typically 2 weeks, for this 
information to usefully contribute towards relief and 
response efforts. Optical satellite imagery often provides 
the fastest way of generating this information over large 
areas, but cloud-cover commonly disrupts and delays the 
use of these data in many earthquake and landslide-prone 
regions.  

In an effort to address this issue, this project has focused 
on investigating the use of InSAR coherence for the 
detection of landslides in all-weather conditions. This 
project had three major aims: 1) to develop new methods 
to exploit InSAR coherence for rapid detection of 
landslides; 2) to systematically and statistically assess the 
performance of these methods across different radar 
wavelengths and locations across South and East Asia; and 
3) to investigate whether InSAR data and InSAR-derived
landslide classification surfaces could be used to improve
empirical models that predict the distributions of
earthquake-triggered landslides.

2. ASSESSMENT OF PALSAR-2 COHERENCE FOR
RAPID DETECTION OF EARTHQUAKE-

TRIGGERED LANDSLIDES 

Although some methods of landslide detection using 
InSAR coherence have already been developed (e.g. [1]), 
there has been little systematic testing of methods, 
especially across satellite sensors and different events. In 
our first paper [2], we systematically tested five different 
methods (three of which were developed here) on both 
ALOS-2 and Sentinel-1 data for earthquakes in three 
different regions of South and East Asia- Nepal, Indonesia 
and Japan. We found that ALOS-2 L-band data was 
generally more useful than C-band data from Sentinel-1 for 
landslide detection, and that the best method if only one 
post-earthquake ALOS-2 image was available was that 
developed by [2], which uses co-event coherence loss to 
detect landslides. However, we found that if a second post-
earthquake ALOS-2 image is also available, then our new 

methods that build on [2] by also accounting for a post-
earthquake coherence increase perform both better and 
more consistently than existing methods. 

This paper [2] was selected as the November 2020 
“Highlight Article” for the EGU journal NHESS. 

3. IMPROVING PREDICTIVE EMPIRICAL
MODELS OF LANDSLIDE DISTRIBUTION FROM 

INTEGRATION OF PALSAR-2 DATA 

Empirical models of landslide distribution are a widely 
used alternative to mapping of landslides with optical 
satellite imagery [e.g. 3]. In our second paper [4], we 
investigate whether these empirical models can be 
improved upon by incorporating information generated by 
our new InSAR coherence methods [2]. We studied the 
same three earthquakes as in [2], and used the Random 
Forest method to combine information from InSAR 
coherence with other factors such as topographic slope, 
estimated earthquake shaking, and land-cover in a single 
model. Our major result was that incorporation of satellite 
radar data in these models causes a large improvement in 
model performance and robustness, in particular, when 
using ALOS-2 imagery.  

5. CONCLUSIONS

We have demonstrated that it is possible to generate useful 
landslide density information from InSAR coherence 
within a time frame that is suitable for use in emergency 
response, and that L-band data is more suitable than C-
band data for this purpose in vegetated regions. We have 
developed 3 new InSAR-coherence methods for landslide 
detection, which have proven to perform better and more 
consistently than previous methods, but require two post-
earthquake SAR images rather than just one. And we 
demonstrated that our InSAR-derived landslide 
classification surfaces can be used to improve the 
performance of widely-used empirical landslide prediction 
models. Ultimately, we therefore recommend that InSAR 
coherence features from L-band SAR should be routinely 
incorporated into empirical models of earthquake-triggered 
landsliding in vegetated regions. 
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1. INTRODUCTION

Due to the special geomorphology and geological settings, 

the Longmenshan faulting system (LFS) in Sichuan (China) 

with frequent occurrence of earthquakes possesses many 

potentially disastrous landslides, thus already causing 

enormous casualties and economic loss [1]. It is very 

important to carry out monitoring and analyzing of the 

large-scale landslides along the LFS. However, such work 

has not been started yet due to some apparent limitations of 

the conventional monitoring techniques. This project will 

concentrate on investigation on monitoring and inversing 

of landslides along the LFS through developing the PS-DS 

InSAR technique based on the ALOS-2/PALSAR-2 

images [2–7]. The objective of this project is to perform the 

feasibility and sensitivity validation for monitoring 

landslides in a large region and analyzing their evolution 

process with use of PALSAR-2 images. 

The primary strategies are provided here. We will extend 

the models of multi-temporal interferometric synthetic 

aperture radar (InSAR) with a combined use of both point 

scatterers (PS) and distributed scatterers (DS) [5–7]. Such 

method can be abbreviated and termed as PS-DS InSAR. 

With use of PALSAR-2 images collected along ascending 

and descending orbits, an InSAR ionospheric correction 

method based on variance component estimation with 

integration of multiple-aperture InSAR (MAI) and range 

split-spectrum (RSS) measurements will be proposed [8–

10]. The distribution of landslides and their spatiotemporal 

evolution will be assessed and analyzed. The physical 

models of the typical landslides selected in the study area 

will be inversed using the deformation time series [11, 12]. 

Such strategies proposed will be useful for raising the 

accuracy and reliability of monitoring and inversing of 

landslides in a large region. 

In this report, our research works are presented and 

discussed. The main achievements include ionospheric 

error correction for L-band PALSAR interferometry, 

improved DS extraction algorithm, sequential modelling of 

earthquake, monitoring dynamics of glacier and the 

secondary landslide, improved inversion of geodetic 

surface deformation observations, and three-dimensional 

(3D) co-seismic deformation retrieving. 

In the following sections, the study areas and data sets are 

introduced first. The third section will be the research 

results and relative discussions. Conclusions will be given 

in the last section. 

2. STUDY AREAS AND DATA SETS

In our research work, we mainly focus on monitoring and 

analyzing of the large-scale landslides along the LFS and 

the sequential modelling and co-seismic deformation of 

earthquake. There are 5 study areas, i.e., LFS in Sichuan, 

China, a coastal region in Chile, central Italy, Hailuogou 

Glacier in LFS, Gorkha of Nepal, and Halabja of Iraq. Fig. 

1 to Fig. 5 show the location of the study areas. 

As Shown in Fig. 1, the red rectangles represent the 

footprints of ALOS PALSAR images covering the 

Wenchuan earthquake (a) and a coastal region in Chile (b), 

respectively. The blue triangles and black lines in (a) 

represent the GPS sites and surface fault traces, 

respectively. In Fig. 2, three beach balls indicate source 

mechanisms of three quakes (USGS solution). Black lines 

denote the ground rupture traces of two active Quaternary 

normal fault alignments in Central Apennines. Black 

hollow rectangles represent the GPS stations used in the 

inversion for slip model. Red-violet and blue dotted 

rectangles indicate the ground coverage of region of 

interest of the Sentinel-1A and ALOS-2 SAR images, 

respectively. In Fig. 4, ground coverage of the used ALOS-

2/PALSAR-2 images with black and red dotted rectangles 

for the descending and ascending tracks, respectively. the 

Main Frontal Thrust (MFT) fault and aftershocks are 

mapped on a shaded relief of the SRTM-4 digital elevation 

model. Blue and violet arrows stand for GPS horizontal 

displacements. Upper-left inset map indicates the 

convergence rate ∼42 mm/year of the Indian plate and the 

overriding Eurasian plate. And in Fig. 5, the yellow star 

indicates the epicenter of the mainshock. The red dots show 

aftershocks with magnitude higher than Mw 4.0 before 17 

November 2017. The blue solid squares are the top five 

cities with high intensity. The black and red rectangles 

mark the coverage of the SAR images. 
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Fig. 1 Study area for ionospheric correction study. 

 

 
Fig. 2 Location map shown on a shaded relief of SRTM-

4 DEM with the epicentres of the 2016 central Italy 

sequence events, surface rupture traces and ground 

coverage of the used radar images. 

 

 
Fig. 3 HLG glacier and coverage of satellite SAR images. 

 

 
Fig. 4 Gorkha area of Nepal for improved inversion of 

geodetic surface deformation observations. 

 

 
Fig. 5 Shaded relief map of Iraq earthquake and image 

coverage. 

 

3. PRINCIPAL RESEAR WORKS 

 

3.1 Ionospheric error correction for PALSAR 

 

The accuracy of InSAR measurement is strongly affected 

by the spatiotemporal decorrelation of SAR signals. This 

accuracy may result from the distortion of SAR imaging 

geometry, significant surface topographic changes, and 

atmospheric phase delay. The ionosphere, which 

distributes 60~1000 km away from the Earth’s surface as a 

part of the atmosphere, is one of the primary error sources 

for InSAR measurements [13–15]. Correcting for 

ionospheric phase delay is especially critical to SAR 

sensors’ measurements operating in low-frequency 

microwave bands, such as the L-band and P-band sensors. 

We presented an integrated method that combines the 

ionospheric measurements obtained from the azimuth 

offset-based method and the RSS method to improve the 

ionospheric phase correction accuracy for InSAR. The 

PALSAR images acquired along track 471, covering the 

2008 Wenchuan (Mw 7.9) earthquake and along-track 103, 

covering the north of Chile with no significant deformation, 
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were used to test the integrated method. The two tested 

results show that the integrated method can be effectively 

used to correct the long-wavelength ionospheric 

component and local scale ionospheric disturbances. The 

Wenchuan case proved the integrated method could 

successfully recover the deformation fringes near the fault 

without apparent cumulative error. 

 
Fig. 6 (a) Original InSAR interferogram and the 

corrected interferograms from (c) the azimuth offset-

based method, (e) the RSS method and (g) the 

integrated correction method proposed in this study. 

The ionospheric phase screens estimated by the 

azimuth offset-based method, RSS method and the 

proposed method are shown in (b), (d), and (f), 

respectively. 

 

 
Fig. 7 Similar to Fig. 6, but for the PALSAR images 

covering the Chile case. 

 

The proposed method provides a new idea for combining 

different ionospheric correction methods. Our proposed 

method is effective in correcting in correcting both long-

wavelength ionospheric components and local ionospheric 

disturbances. However, phase ramps in the MAI 

interferogram due to the baseline difference between 

forward- and backward-looking interferograms may still 

retain. Further corrections are thus needed to eliminate 

these errors. Moreover, our method is only a weighted 

method among different data groups, which has no 

practical physical meaning. Therefore, the proposed 

method still has some shortcomings. Therefore, we suggest 

developing a new method for InSAR ionospheric 

correction in future studies. 

 

3.2 Improved distributed scatterers extraction 

algorithm 

 

In tattered ground surface, a disaster-developing slope 

usually consists of massive small fragments. To correctly 

monitor deformation and disasters in this type of areas with 

DSInSAR technique, it is essential to fast extract as many 

accurate DSs as possible. For this purpose, a fast and 

accurate distributed scatterer extraction (FADSE), as an 

improved DS extraction algorithm, is presented for 

monitoring tattered ground surface deformation. 

Nonparametric estimation and parametric estimation 

methods are combined into FADSE based on the 

characteristics of high accuracy of nonparametric 

estimation method and fast detection of parametric 

estimation method. The thresholds of homogeneous pixel 

number and correlation coefficient are adjusted to identify 

as many accurate DSs as possible. In the case of loess 

subsidence detection in Tongren county, Qinghai Province 

of China, the deformation detection experiment is carried 

out, and the comparison with KS and FaSHPS is performed 

to assess the result of the proposed FADSE approach [16]. 

Considering the advantages of KS and interval estimation 

method, we combine the two methods and propose the 

FADSE approach. The process of the FADSE approach can 

be divided into three sequential procedures. The first 

procedure is to detect the local SHPs with KS test 

algorithm in a small window called KS window (KSW). 

The second procedure is to identify SHPs, i.e. the DSC with 

interval estimation method in a big window called interval 

estimation window (IEW) around KSW. The third step is 

to extract the DS from DSC with coherence coefficients 

thresholds and SHP number thresholds. 

We have presented the FADSE approach that combines KS 

test and interval estimation algorithms. It is potential to 

monitor the deformation of tattered ground surface such as 

loess. A few of pixels are tested by time consuming but 

accurate KS method to form reliable local SHPs. 

Subsequently, time-serial information of pixel is fully 

measured on most of pixels by the fast interval estimation 

algorithm to derive SHPs. The DS detection experiment 

and the application in the monitoring of loess deformation 

show that FADSE is able to fast identify the largest number 

of reliable DSs by contrast with KS and FaSHPS. In the 

whole study area we detected 34.33% more DSs than the 

KS method and 3.19% more than the FaSHPS method; in 

the region of high deformation rate we detected 21.61% 

more DSs than the KS method and 8.20% more than the 

FaSHPS method. Also, using NDVI as an accuracy index, 

the KS and FaSHPS methods did have 10.20% and 8.88% 

more erroneous points, respectively, than FADSE. 

Consequently, deformations of more tattered ground 

surfaces and more detailed deformation features are 

meticulously revealed by FADSE. Our future work will 

focus on the extraction of DSs from the joint ascending and 

descending track data to resolve the DS detection problem 

resulted by geometric distortions generated in steep slopes, 

and thus more comprehensively extract the ground surface 

subsidence. 
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Fig. 8 Detection window schematic diagram. 

 

 
Fig. 9 Comparison of identified DSs in the area marked 

by the red dotted box using the three methods. This 

area is covered by flourishing vegetation (NDVI>0.2). 

Left column is the original results identified by three 

methods, and right column is the corresponding results 

refined by NDVI threshold 0.2. The patches noted as 

red ellipses indicate the significant difference between 

original result and refined result. (For interpretation of 

the references to colour in this figure legend, the reader 

is referred to the web version of this article.) 

 

 

Fig. 10 The highlighted eight deformation regions with 

absolute deformation rate larger than 0.5 cm/yr: (a) 

FADSE, (b) KS, (c) FaSHPS. 

 

 
Fig. 11 Deformation and DS distribution of region A. (a) 

FADSE, (b) KS, (c) FaSHPS. More DSs are extracted 

and more detailed deformation features are revealed by 

FADSE. 

 

3.3 Sequential modelling of earthquake 

 

With the increasing availability of multisource satellite 

observation data, the capability of coseismic surface 

deformation mapping has been significantly improved, 

promoting the quantitative understanding of complex 

seismic sequence. In this study, we investigate the 2016 

Central Italy earthquake sequence using multisource 

satellite data including the ALOS-2/PALSAR-2, Sentinel-

1A acquisitions and GPS data for sequential modelling of 

source mechanisms. The measured surface deformation is 

used to constrain the coseismic faulting models associated 

with the three major shocks. It suggests that the first 

Amatrice event is a predominantly normal dip-slip motion 

with slight strike-slip rupture. Two slip asperities with slip 

maxima of 0.79 and 0.64 m are identified in the source 

model. The second Visso earthquake is almost a purely 

normal rupture, and one main-slip concentration with an 

average slip of ∼0.6 m is found in its source model. For the 

third Norcia earthquake with the largest magnitude, the 

estimated faulting model shows that the event is mainly 

controlled by the normal dip-slip rupture of the 

seismogenic fault. The left-lateral strike-slip is identified 

within the 0–4 km depth, whereas the faulting motion 

transfers to the right lateral strike-slip below the depth of 5 

km. The Norcia rupture propagated up to the ground with 

the significant slip. The fault ruptures of the three-

earthquake sequence extended the active Mt Bove–Mt 

Vettore–Mt Gorzano normal fault alignment with a length 

of ∼50 km. 

The quantitative analysis of tectonic stress modulation over 

seismic zone is critical to the assessment of following fault 

rupture risk. Based on the estimated coseismic slip models, 

the induced coulomb failure stress (CFS) change by the 

earthquake sequence is determined. The locations of the 

latter quakes and most of the aftershocks are within the 

CFS increase zone, which indicates that the preceding 

events have positive effects on triggering the subsequent 

rupture. The quantitative analysis shows that the 

occurrence of the third Norcia event is predominantly 

influenced by the first Amatrice event rather than the 

second Visso event. The CFS drop is found in the overlap 

region of the seismogenic fault, owing to the stress release 

through the faulting motion of the events. The CFS change 

at the varying depths calculated using different receiver 

rake angles shows that the ruptures of the aftershocks are 

predominantly controlled by the normal slip. The CFS drop 
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predominantly affects the shallow crust of 6 km with minor 

aftershocks occurrence above ~6 km depth. The dense 

aftershocks concentrate within depths of 8–10 km, where 

the CFS increase is relatively more significant than the one 

at other depths. The stress regime at the seismogenic depth 

of 10 km in the surrounding fault zone modulated by the 

three earthquakes well explains the occurrence of 

aftershocks. More than 88.2 per cent of the aftershocks 

occurred in the range with the positive CFS change over 

0.1 bar. The rupture of three main quakes and dense 

aftershocks did partly release the accumulated strain on the 

fault alignment. However, the significant CFS increase 

zone in ~10 km SW of the Mt Bove–Mt Vettore–Mt 

Gorzano fault alignment with few aftershocks poses the 

further rupture risk. Besides, as the trend of the aftershock 

migration, the north extension of the Mt Bove fault is also 

the potential zone with the rupture risk. 

 

 
Fig. 12 Coseismic surface deformation for the 2016 

Central Italy earthquake sequence. Observations, 

simulations, and residuals related to the Amatrice 

earthquake from the Sentinel-1A ascending (a, b, c) and 

descending (d, e, f) tracks. Observed, modelled, and 

residual deformation of the Visso and Norcia 

earthquakes from the ALOS-2 ascending (g, h, i) and 

descending (j, k, l) tracks. Observed (m) and predicted 

(n) deformation caused by the Norcia earthquake from 

the ALOS-2 ascending track, and its residuals (o). 

 

 
Fig. 13 Coulomb failure stress (CFS) change caused by 

the combination of the three earthquakes at different 

depths and with different receiver parameters of rake 

angles. The CFS change at 6 km depth with different 

rake angles of −45° (a), −90° (b) and −135° (c). The CFS 

change at 8 km depth with different rake angles of −45° 

(d), −90° (e) and −135° (f). The third row (g, h, i), forth 

row (j, k, l) and fifth row (m, n, o) are the CFS change 

at depths of 10, 12 and 14 km, respectively, and the first, 

second and third columns are respectively for the rake 

−45°, −90° and −135°. The right-top percentage is the 

ratio of the aftershocks located in CFS increase zone. 

The red, black and grey stars indicate the locations of 

three sequential main shocks in turn. Green dots are the 

corresponding aftershocks according to each depth. 

The typical friction coefficient is here set as 0.4. 
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Fig. 14 CFS change at 10 km depth in the Mt Bove–Mt 

Vettore–Mt Gorzano fault system. (a), (b), (c) indicate 

the CFS change after the three events, respectively. Red, 

blue and purple stars denote the epicentres of the Mw 

6.2 Amatrice, Mw 6.1 Visso and Mw 6.6 Norcia 

earthquakes, respectively. White dots in (a) denote the 

aftershocks after the first event and before the second, 

grey dots in (b) are the aftershocks after the second 

event and before the third and green dots in (c) are 

aftershocks after the third event. 

 

3.3 Monitoring dynamics of glacier and the secondary 

landslide 

 

Due to the influence of global climate change, most 

glaciers in southeastern Tibet and Hengduan Mountains in 

recent years have been losing weight, deteriorating and 

thinning, which has caused the variation of glacier 

movement characteristics, resulting in frequent disasters 

such as debris flows and landslides. In order to break 

through the bottleneck of optical remote sensing restricted 

by climatic conditions, this work combines satellite and 

ground-based SAR technology and selects Hailuogou 

Glacier (HLG) Basin as a typical research area to carry out 

time series monitoring and analysis. Firstly, by using 38 

SAR images acquired by PALSAR1/2 satellites from 2007 

to 2018, the temporal and spatial variations and local 

surface displacements of HLG in Gongga Mountain were 

monitored by using the pixel offset-tracking (POT) method 

[17]. The average velocity of HLG No. 1 slowed down by 

7.27% per year in recent years, and the slowdown rate 

reached 15.57% per year in the ablation areas.  

At the same time, several unstable landslides were detected 

by POT and Stacking-InSAR methods at the moraine 

embankment on the side of the glacier. Statistical analysis 

confirmed that the movement of such landslides was 

strongly correlated with the melting of the glacier. The 

sliding speed reached its peak in summer every year. The 

maximum sliding speed in 2018 was 100 mm/d in the 

North-South direction and 5 mm/d in the East-West 

direction. Subsequently, by utilization of the high-

frequency real-time monitoring data of ground-based radar, 

it is further determined that the sliding speed reaches its 

peak value of 150 mm/d on July 9, 2018, and abnormal 

fluctuations occur with the subsequent collapse, which 

shows in detail the whole process of landslide creep to 

result in disasters. Relevant research data and the 

monitoring results can provide a reference for the study of 

the cryosphere and mountain hazards. 

 

 
Fig. 15 Average displacement rates in range, azimuth 

and vector composition directions. 

 

 
Fig. 16 The secondary landslides distribution in ice 

tongue area. 

 

 
Fig. 17 Average velocity profile of the topographic slope 

of HLG No.1 

 

3.4 Improved inversion of geodetic surface deformation 

observations 

 

In this study, an improved geodetic data inversion method 

considering topographic relief effect on the forward 

modeling of the surface displacement is developed and 

applied to determine the source model of the 2015 Gorkha 

earthquake with the constraints of descending, ascending 

track InSAR and GPS observations. The derived faulting 

model suggests that the thrusting motion occurs on a 

shallow low dipping (~6.2°) fault plane along a strike of 

288.8°. The rupture propagates from the northwest to 

southeast with a length of ∼140 km, but more than 90% of 

the seismic moment is released on the middle segment 

within a length of ~110 km, where the fault slip maxima 

reaches up to 6.7 m. The slip pattern around the hypocenter 

is dominated by thrust motion with an average magnitude 

of 0.58 m at depths of 6–10 km, and then it progressively 

transforms to a mixed mode of dextral slip and thrust 

motion with average magnitudes of 5.0 and 1.6 m, 

respectively, on the middle fault segment. On the southeast 
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fault segment, the rupture becomes the predominant thrust 

motion again with an average slip of 0.3 m, and the rupture 

finally ends at ~140km off the hypocenter. 

Two significant slip deficit zones located on the northwest 

and southeast of the fault are recognized from the slip 

model, one of which has been likely filled with dense 

aftershocks following the major quake. The shallow 

portion of the MFT fault with little slip is inferred as the 

lower edge of the locked zone, which plays an important 

role in accommodating the convergence between the 

Eurasia and India plates. The Coulomb failure stress 

change of aftershocks is determined from the source model, 

and the low percentage of positive CFS change suggests 

that the dynamic CFS change and pre-stress may be 

responsible for the triggering rupture of aftershocks. The 

significant CFS increase is also recognized in the slip 

deficit area and the locked zone in the Himalayan front. We 

infer that the seismic strain on the MHT fault has been 

partially alleviated by the 2015 Gorkha earthquake and a 

sequence of aftershocks, but will continue to balance the 

slip deficit and high stress increase zone, and drive the 

seismicity in the Himalayan front. 

 

 
Fig. 18 Modeled surface deformation for descending 

track InSAR and GPS (a) and residuals (b), ascending 

track (c) and residuals (d). Color represents LOS 

deformation magnitude, and vectors denote the GPS 

displacements. GPS sites outside the SAR ground 

coverage are not shown. 

 

 
Fig. 19 Fault slip model constrained by the InSAR and 

GPS data. a Total slip, b dip-slip, c strike-slip and d slip 

error on the fault plane. e Slip projected to the surface. 

The red star represents the epicenter of the main quake, 

black ellipses depict the two slip deficit zones marked 

by “SD-1” and SD-2,” and red solid circles are the 

epicenters of large aftershocks with magnitudes more 

than Mw 4.0. red solid line denotes the upper edge of 

the main shock slip, and pale red area indicates a locked 

zone. 
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Fig. 20 Change in Coulomb failure stress. Three 

significant negative CFS change areas of “A,” “B” and 

“C,” and three positive CFS change areas of “D,” “E” 

and “F” are recognized. Positive values indicate the 

stress increase with seismic potential, especially for the 

labeled “E” area. 

 

3.5 3D co-seismic deformation retrieving 

 

In this work, we reconstructed the 3D co-seismic 

deformation field of the 2017 Mw7.3 Iraq earthquake by a 

combined use of the line-of-sight (LOS) motion (detected 

by the DInSAR method) and the along-track (AT) motion 

(detected by the MAI method) from two spaceborne 

platforms. It should be pointed out that such a method is 

applied for the first time for the 2017 Mw7.3 Iraq 

earthquake. As mentioned above, multiple interferometric 

pairs for co-seismic deformation were collected both by the 

L-band ALOS-2 and C-band Sentinel-1A sensors. We 

selected suitable ascending and descending SAR image 

pairs to conduct deformation measurements around the 

epicenter. 

Above all, this work extracted the LOS and azimuth 

deformation fields for 2017 Iraq Mw7.3earthquake by 

DInSAR, MAI, and AZO technologies based on 

interferometric pairs of ALOS-2 andSentinel-1A (collected 

by both ascending and descending orbit).   After the 

comparative analysis between the MAI and AZO 

measurements, the 3D deformation field was reconstructed 

by a combined use of the LOS motion (detected by the 

DInSAR method) and the along-track (AT) motion 

(detected by the MAI method) from two spaceborne 

platforms through the weighted least square method. 

The experiments indicate the following main conclusions. 

Firstly, near the epicenter, the maximum value of uplift in 

lobe G and subsidence in lobe H were approximately 100 

cm and−30 cm in the ascending LOS co-seismic 

deformation maps; the maximum value of uplift in lobe G 

and subsidence in lobe H were approximately 50 cm 

and−50 cm in the descending co-seismic deformation maps. 

Besides, considering that the fringe density may be too 

high to accurately conduct phase unwrapping in a larger-

magnitude earthquake, the L-band ALOS-2 SAR sensor 

had better reliability in such severe deformation 

monitoring. 

 

 
Fig. 21 The LOS co-seismic deformation maps and 

differential interferograms of the 2017 Iraq Mw7.3 

earthquake based on the ascending and descending 

images of Sentinel-1A. (a, e) show the ascending and 

descending differential interferograms, respectively. (b, 

c, f, g) correspond to the differential interferograms in 

the black rectangles of (a, e), before and after 

refinement and re-flattening. (d, h) indicate the 

ascending and descending LOS co-seismic deformation 

maps, respectively. The yellow star represents the 

epicenter of the mainshock; the black line denoted by 

C–D is the profile; the black line denoted by A–B is 

deformation bound. The two blue solid squares 

represent the cities of Halabja and Sarpol-e-Zahab. 

 

 
Fig. 22 (a–i) are the real and model 3D co-seismic 

deformation maps and the corresponding residual, 

respectively. The black line denoted as A–B is the LOS 

deformation bound. The red line denoted as E–F is the 

profile. 
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4. CONCLUSIONS 

 
During the RA6 research period, we have carried out the 

research work on ALOS-2/PALSAR-2 data for ionospheric 

error correction, backscattering characteristics of PS/DS 

and their automated detection, sequential modelling of 

earthquake, monitoring dynamics of glacier and the 

secondary landslide, improved inversion of geodetic 

surface deformation observations, and three-dimensional 

co-seismic deformation retrieving. 

The main research conclusions of this project are as follows. 

i) We presented an integrated method that combines the 

ionospheric measurements obtained from the azimuth 

offset-based method and the RSS method to improve the 

ionospheric phase correction accuracy for InSAR. ii) A 

FADSE approach that combines KS test and interval 

estimation algorithms was proposed. It is potential to 

monitor the deformation of tattered ground surface such as 

loess. iii) The temporal image data from Satellite SAR and 

ground-based SAR systems were selected to reveal the 

dynamic changes of Hailuogou Glacier movement from 

different temporal and spatial scales based on POT and 

stacking-InSAR method. On this basis, the secondary 

landslide disasters caused by glacier degradation in the 

ablation area are detected, and the real-time monitoring and 

evolution trend analysis are carried out. iv) An improved 

geodetic data inversion method considering topographic 

relief effect on the forward modeling of the surface 

displacement is developed and applied to determine the 

source model of the 2015 Gorkha earthquake with the 

constraints of descending, ascending track InSAR and GPS 

observations. v) The experiment indicates that the ALOS-

2 satellite performs better than the Sentinel-1A sensor in 

larger-magnitude earthquake deformation monitoring. 

Furthermore, the MAI method based on phase differencing 

has a better performance than the AZO method based on 

SAR amplitude correlation, as long as the coherence of the 

interferograms is sufficient. 

Our future work will focus on the extraction of DSs from 

the joint ascending and descending track data to resolve the 

DS detection problem resulted by geometric distortions 

generated in steep slopes, and thus more comprehensively 

extract the ground deformation. 
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1. INTRODUCTION

The larger metropolitan area of Bandung, the capital of the 
West Java province of Indonesia, has a population of more 
than 8 million people, and a strong exposure to a variety of 
geohazards. Recurrent flooding is common in the plain 
which hosts most of the city, landslides are frequent in the 
surrounding mountainous area, subsidence is also known 
to be occurring, especially linked to industrial development 
areas, five active volcanoes surround the city within a 30-
km radius, and large earthquakes from nearby crustal faults, 
although infrequent, pose increasing concerns, given the 
rapid urban development. 
Three well known active faults are located around 
Bandung: the Cimandiri Fault Zone, the Lembang Fault 
Zone and the Barbiris Fault Zone. The closest volcanic 
centre to Bandung urban area is the Tangkuban Perhau 
volcano, about 20 km to the NW. It is a young volcano 
(10,000 yr) which has a history of repeated phreatic 
eruptions, up to recent times (2009). Flooding is common 
in the Bandung basin, due to the strong rainfall rates and 
favorable morphologic setting. In the last years, the 
flooding hazard has increased dramatically, exacerbated by 
the extremely high urbanization and industrial 
development rates, which causes widespread soil sealing in 
the basin, but also in the nearby slopes. Landslides 
commonly occur even on mild slopes, favored by the 
presence of unconsolidated volcanoclastic deposits, and by 
the high rainfall rates. Finally, ground subsidence induced 
by aquifer over-exploitation is a long-dated problem, 
especially in the western sub-basin, where hundreds of 
textile industrial plants are located, each extracting large 
amounts of  groundwater from the deep aquifer (deeper 
than 150m). During the last thirty years, the groundwater 
levels dropped up to 100 m in this area, and are still 
declining. 

2. ADOPTED METHODOLOGY

Satellite SAR data provide good basic information on 
ground deformation, needed to monitor and model the 
various sources of these hazards and to perform multi-
hazard risk analysis. In particular multi-temporal InSAR 
algorithms allow to retrieve the mean ground velocity and 
the relative displacement time series (along the sensor Line 
of Sight). As well known, traditional measurements of land 
subsidence rely on GPS and leveling data. Although these 
methods provide precise measurements, they are time 

consuming, costly, and only supply data at a few locations. 
Mapping land subsidence over extensive areas with high 
precision can be achieved using InSAR methodologies. 
In Indonesia, leveling and GPS observations have revealed 
that land subsidence is occurring in several cities. However, 
because of the limitations of these methods, the spatial 
pattern of subsidence remains unknown and the processes 
causing the subsidence remain unclear. 
Our project intended to contribute to the monitoring of the 
strong ground movements affecting the Bandung district. 
To this aim, we analyzed ground deformations detected by 
processing SAR data spanning the longest time interval 
possible through multi-temporal interferometry technique 
named Small Baseline Subset (SBAS) [1]. This is an 
Advanced InSAR approach that uses Distributed Scatterers 
to reconstruct the phase history of each coherent ground 
pixel in the temporal span covered by the considered 
acquisitions. All the selected datasets were processed using 
the Sarscape software (SARMAP) implemented into the 
ENVI interface (LSHarris). 
The algorithm consists on an initial interferometric stage in 
which each master and slave SAR images acquired with a 
certain temporal separation were combined to generate the 
interferograms. Ideally, a zero-baseline configuration 
would result in interferograms whose phase information 
would only be related to the LOS displacement in the scene. 
The orbital error contribution and atmospheric parameter 
were corrected during the SAR analysis, and the phase 
noise was reduced by applying an adaptive filter. In 
addition, the atmospheric correction was performed by 
estimating the statistical properties of SAR signals. An 
initial set of wrapped int interferogram-pairs was generated, 
and were subsequently filtered and used together with the 
coherence information to perform the phase unwrapping 
step. The wrapped interferograms were analyzed in order 
to discover unwanted behaviors or data problems such as 
inaccurate orbits, un-coherent pairs, atmospheric artifacts, 
phase jumps, phase ramps, etc. accuracies, together with 
large atmospheric artifacts were corrected by removing the 
residual phase frequency. The phase unwrapping was 
performed and the unwrapped interferogram pairs were 
evaluated to discard the interferograms affected by large 
phase jumps and ramps. Unwrapped interferogram phases 
were refined and re-flattened by the residual phase method 
to estimate and remove the remaining phase constants and 
phase ramps, in order to relate the changes in slant range to 
the real deformation. A double inversion step is applied in 
order to retrieve the surface displacement time series and 
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the mean velocity map. At this stage, also the atmospheric 
artifacts were estimated and removed using a two-steps 
filtering in the time and space domain (high and low pass). 
Finally using the DEM the geocoding step is performed to 
obtain the final products in the selected reference system. 
 

3. DATA 
 
We started processing two datasets of ALOS-1 (provided 
by the JAXA agency) data along the ascending and 
descending track and (Fig.1 and 2). In detail, we processed 
21 images spanning the July 2007 to March 2011 along the 
ascending track (Path 436 Frame 740) and resulting in 118 
interferometric pairs. Instead, along the descending orbit 
we considered 20 acquisitions in the time interval from 
September 2007 and March 2011 forming 97 pairs. 
 

 
Fig. 1 ALOS-1 ascending velocity 

 

 
Fig. 2 ALOS-1 descending velocity 

 

Due to the availability of both ascending and descending 
data, we were able to obtain the Up and East motion 
component for the ALOS datasets (Fig.3 and 4). The 
temporal interval spans from July 2017 to March 2011 and 
the processed datasets consists of 21 and 20 SAR Stripmap 
acquisitions forming 138 and 97 interferometric pairs for 
the ascending and descending orbit, respectively. 

 

 
Fig. 3 ALOS-1 East Component 

 

 
 

Fig. 4 ALOS-1 Up Component 
 

The retrieved results showed a huge and largely spread 
subsidence interesting the large part of the Bandung area 
with high displacement rates (order of ten centimeters per 
year). 
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To better  monitor the subsidence phenomenon, we decided 
to also analyze SAR data acquired from other sensors such 
as the COSMO-SkyMed constellation operated by the 
Italian Space Agency (ASI) in the X-Band wavelenght. To 
this aim, we submitted a proposal to ASI to get such data. 
The ascending (21 images, 20070717-20110312) and 
descending (43 acquisitions, 20130707-20150907) 
datasets were processed using the SBAS technique as well 
and obtaining very similar outcomes with respect of the 
ALOS ones confirming that the subsidence is still ongoing 
with same patterns and rates. 

 
Hence, we also considered ALOS-2 sensor data 

selecting 15 StripMap mode images. The covered temporal 
period was from September 2014 to January 2018 forming 
73 interferograms along the ascending orbit. Here below, 
we show the mean ground velocity map and an example of 
displacement time series for a pixel chosen in area affected 
by subsidence (Fig.5 and 6). 

 

 
Fig.5 - ALOS-2 Ascending Velocity map 

 

 
       Fig.6 - ALOS-2 Ascending Displacement time series 
 
The retrieved mean ground velocity map highlighted the 
already known soil movements, that is the evidence of a 
very strong and widespread subsidence in the Bandung city.  
 
 
 
 

To improve our investigation, we also selected 20 ALOS-
2 Wide Swath (Path 32 Frame 3750, Fig.7) acquisition 
along the descending track. 
 

Fig.7 – Wide Swath ALOS-2 Descending 
considered frame 

 

 
Fig.8 - Descending velocity map from ALOS-2 WD 

 
Finally, the availability of both the ascending and 
descending ground velocity maps with the relative 
displacement time series allowing us to obtain the ALOS-
2 E-w and Vertical component as already done for the 
ALOS-1 data (Fig.9 and 10). 
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Fig.9 – Up component from ALOS-2 data

 
Fig.10 – East component from ALOS-2 data 

 

 
Fig.11 – East (black dots) and Up time (red) series 

from ALOS-2 data for the (6°57'56.60S, 107°32'6.71E) 
point 

 
 

4. RESULTS & DISCUSSION 
 

InSAR time-series analysis using L-Band (and X-Band) 
imagery allowed to monitor in a detailed way the ground 

motions occurring in the Bandung basin, with a very good 
spatial resolution and temporal coverage. Moreover, the 
use of both ALOS-1/2 images permitted to retrieve a 
continuous coverage of the surface even for those areas 
where it is easy to get a loss of interferometric coherence 
such as vegetated and/or mountainous sites as visible for 
the X-Band CSK data. Furthermore, we can exploit at its 
top the capacity of the InSAR multi-temporal techniques to 
detect and monitor the different phenomena that can occur. 
In detail, we confirmed the presence of active subsidence 
phenomena at rates up to ~17 cm/yr for a long temporal 
period starting from at least 2007 and it is going on. 
Groundwater extraction for industrial use seems to be 
likely responsible for such rapid subsidence in Bandung 
district. Moreover, each year the area is interested by heavy 
rain thus increasing the probability to cause landslides and 
floodings. At this aim, by now our work is going on in the 
perspective to produce flooding scenarios exploiting the 
retrieved InSAR subsidence patterns and considering the 
displacement rates linear and constant in time for the next 
decades. This new objectives is performing by means the 
cooperation with colleagues from The Netherlands and 
considering high posting Digital Elevation Models. 
A first example of what we can expect in the next decades 
is showed in the figure below: 
 

 
 

Fig.12 – Flooding scenario at 30 years using alos-2 
data 
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1. INTRODUCTION

To realize the movement behaviors and precise 
displacements caused by ML 6.6 Meinong earthquake 
(occurred at about 35 km ESE of the Tainan city with a 
focal depth of 16.7 km on Feb. 6, 2016), GPS and DInSAR 
techniques have been utilized to in this event. Daily 
solution and kinematic positioning by GPS algorithms can 
determine the co-seismic displacements and ground 
motions, and the surface deformation information by 
DInSAR technique can fulfills the regional differential 
movement.  

The GPS daily solution (30 seconds sampling rate) 
presents the largest horizontal coseismic displacement 
reaching 64 mm with 308 in station GS32 which located at 
the lakeside of Hsin-Hwa district of Tainan city, 22 km 
away the epicenter center, and the largest vertical 
displacement provides 63 mm uplift in station LNCH 
which situated at the top of hill of Long-Chi district of 
Tainan, 15 km away the epicenter center. According to the 
result from DInSAR technique, the main deformation area 
occurs within 4 faults zone which are Hsin-Hwa fault, Zuo-
Jhen fault, Long-Cheun fault and Mei-Ling fault in an area 
144 km2, the deformation zone presents in a round shape 
with almost 100 mm movement in the south of the station 
LNCH. The outside of these faults show the subside 
behavior that is similar with the result acquired from the 
daily solution of GPS. 
For kinematic positioning applications, three outcomes 
have been estimated which are coseismic displacement, 
ground motion and ground acceleration in this study. To 
the co-seismic displacements, there is no obvious 
difference between the daily solution and kinematic 
positioning result. To the ground motion estimation, the 
largest peak ground displacement (PGD) reaches 260 mm 
in the northwestern with 30 km away the epicenter. 
Following the study of magnitude scaling properties of 
PGD, the Mw can be determined to 6.3. A slightly higher 
than that reported (Mw 6.1) by BATS (Broadband Array in 
Taiwan for Seismology), a few earthquakes have been 

investigated show the similar behavior in Taiwan. To the 
ground acceleration study, 10 Hz GPS record shows almost 
the same value as the seismometer result near the epicenter. 

 The ML 6.4 Meinong earthquake occurred on 
February 6, 2016 at 120.544°E 22.922°N with a depth of 
14.6 km, which is located at about 35 km east-southeast of 
the Tainan City, the fourth big city in Taiwan. (Figure 1). 
This earthquake is the first inland earthquake with 
magnitude larger than 6 in Taiwan during 2016 causing 
severe building damage and 117 deaths. To better 
characterize surface deformation and movement behavior, 
we use 30 seconds GPS data from 40 continuously 
operating reference station (CORS) for five days before 
and two days after the earthquake to estimate the coseismic 
displacement. In addition, differential interferometry 
synthetic aperture radar (DInSAR) technique for ALOS-2 
satellite images is used to infer regional coseismic 
deformation for this earthquake. Furthermore, high-rate 
GPS data (>= 1 Hz) are applied to estimated surface ground 
motion and ground acceleration for providing an 
alternative measurement of earthquake happened in this 
study. 

Over the past decade, high‐rate GPS positioning 
have been used for measuring coseismic displacement and 
ground motion since GPS receiver and data‐processing 
methodologies have been improved. Several large 
earthquakes were successfully recorded, which proves that 
high‐rate GPS positioning has been developed to obtain 
epoch-by-epoch positions for earthquake measurements 
and is capable of recording ground motions for large‐
magnitude events (Larson et al., 2003 and Bock et al., 
2004 for the 2002 Mw 7.9 Denali earthquake, Ohta et al., 
2006 for the 2004 Mw 9.3 Sumatra-Andaman earthquake, 
Shi et al., 2010 and Yin et al., 2010 for the 2008 Mw 8.0 
Wenchuan earthquake, and Sato et al., 2011; Yue et al., 
2011; Hung et al., 2013 for the 2011 Mw 9.1 Tohoku‐Oki 
earthquake). 

In this study, we utilize the GIPSY-OASIS 
software (Webb and Zumberge 1997) to estimate the 
coordinates in precise point positioning mode for daily 
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positioning (30 second sampling rate) and kinematic 
positioning (1 Hz sampling rate or higher). As the 
processing of GPS observations in the zero-differenced 
mode, several biases need to be mitigated such as satellite 
orbit and clock errors, atmosphere delay and receiver error. 
To reduce the errors above, we apply the International 
GNSS Service (IGS) final products in the data producers 
and estimated both the satellite and receiver clock biases, 
which are modelled as white noise. In addition, we apply 
two Synthetic Aperture Radar (SAR) images before and 
after the earthquake, produced by the phased array type L-
band synthetic aperture radar (PALSAR) sensor on the 
Advanced Land Observing Satellite-2 (ALOS-2) to 
determine the surface differential movement. Combining 
the results from GPS and DInSAR for the coseismic 
displacement estimations, the major movement is 
concentrated within four fault systems, which are Hsin-
Hwa fault, Zuo-Jhen fault, Long-Cheun fault and Mei-Ling 
fault in southwestern Taiwan. The largest coseismic 
displacement of 64 mm and 63 mm in the horizontal and 
vertical components occurred at 15 km northwest of the 
epicenter. 
For the ground motion estimation, the largest peak ground 
displacement (PGD) of 260 mm occurred at station GS31 
30 km northwest of the epicenter while its coseismic 
displacement is only 20 mm, we analyzed 40 CORS to 
estimate the magnitude scaling properties from peak 
ground displacement (Melgar et al., 2015). We calculated 
moment magnitude of about 6.3, which is slightly higher 
than that Mw 6.1 reported by the BATS (Broadband Array 
in Taiwan for Seismology). In this study we investigated 
some other earthquakes and they all show similar behavior. 
In order to compute the ground acceleration, we 
differentiated surface displacement twice to get the PGA 
value of each GPS station by using sampling rate of 1Hz, 
5Hz, 10Hz and 50Hz to compare with seismometers to find 
the suitable frequency for estimating PGA values from 
high-rate GPS record. We only use the horizontal 
component because the vertical component has large 
uncertainty. The result shows PGA values from 1-Hz and 
5-Hz GPS are smaller than PGA value calculated from 
seismometers, 50-Hz GPS data reveals huge value and 
more the background noise when differentiating from 
displacement to acceleration. Therefore, 10-Hz GPS record 
is the most suitable frequency for analyzing seismic 
acceleration, which shows almost the same value which 
seismometer record. 
  

2. DATA ACQUISITION AND PROCESSING 
 

To study the instantaneous surface ground motion and 
permanent displacement caused by the earthquake, we use 
GPS observations and SAR images to acquire the precise 
positioning coordinates and the differential movements for 
the area around the epicenter. Therefore, GPS can provide 
the displacement information at each station and SAR 
images can give us better spatial coverage of regional 
surface deformation. 
 
2.1 GPS observations and data procedures 
 

Taiwan’s CORS array is one of the densest networks 
in the world. There are more than 400 stations in the area 
of 36,000 square kilometers. To enhance the near real-time 
applications, most of the stations equip internet 

transmission and multi-recording functions of later 
generation dual frequency receiver. The data is mainly 
providing by the Central Weather Bureau (CWB), Ministry 
of Interior (MOI), Central Geological Survey (CGS) and 
Institute of Earth Sciences, Academia Sinica (IESAS) of 
Taiwan. 40 stations around the hypocenter are used in this 
study (Figure 1). In order to precisely determine the 
coseismic displacement and surface ground motion, we 
collected five days before and two days after the 
earthquake with two sampling rates of observations, which 
are 30 seconds and 1 Hz (or higher), to estimate the daily 
solution and kinematic positioning. 
 
 

 
 
Fig. 1 Location for 40 CORS (black triangles) and focal 
mechanism of the Meinong earthquake in southern Taiwan. 
 

The data processing procedure for the GIPSY-
OASIS in IESAS is listed below. 
(1) Employ the IGS final orbit and clock information to 
reduce the effects of the errors. 
(2) Utilize the antenna calibration table from IGS 
recommendations. 
(3) Form the ionosphere-free linear combination of carrier 
phase observation to mitigate the first order ionospheric 
bias. 
(4) Use the VMF1 (wet and dry based on Vienna) 
tropospheric mapping function and estimate the residual 
tropospheric delays. 
(5) Apply the ocean loading according to FES2004. 

 
Based on the values of the repeatability, the horizontal 

components represent 2-4 mm accuracy for daily solutions 
and 8-9 mm for kinematic positioning. It is satisfied for the 
purpose of detecting the coseismic deformation of the 
Meinoung earthquake. However, the standard deviations 
for the up component reach 20 mm for kinematic 
positioning in some stations, which cannot provide stable 
results to study the uplift behavior. 

 
2.1 DInSAR 
 

After the Meinong earthquake, ALOS-2 lunched by 
Japan Aerospace Exploration Agency (JAXA) passed over 
the Taiwan area for emergency purpose on February 14 and 
18 with ScanSAR mode and Stripmap mode, respectively. 
We use four SAR acquisitions to generate one ScanSAR 
descending interferogram (2016/01/31 - 2016/02/14) and 
one Stripmap ascending interferogram (2015/11/26 - 
2016/02/18). These two interferograms were formed by 
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using ROI_PAC software developed by the JPL/Caltech 
(Rosen et al., 2004) and one-arc-second resolution Shuttle 
Radar Topography Mission (SRTM) digital elevation 
model is used to remove topography phase component 
during interferogram processing. Finally, Snaphu version 
1.4.2 (Chen and Zebker, 2000) is applied to process the 
phase unwrapping 
 

3. COSEISMIC DISPLACEMENT 
 
Both of GPS observations and SAR images can estimate 
the coseismic displacements in the different temporal scale. 
We use 30-seconds sampling rate in daily solution mode 
and 1 Hz sampling rate in kinematic positioning mode to 
figure out the daily and high-rate solutions. We use two 
phases of ALOS-2 images to evaluate the surface change 
in the scale of a week. 
 
3.1 Daily solution 
 

The GPS data from 40 CORS collected 5 days before 
and 2 days after the main shock with 30-seconds sampling 
rate are determined to estimate the coseismic displacement 
(Table 1). According to the figure 2, horizontal velocity 
reveals a southwestern motion near the hypocenter and a 
fan-shape distribution with vectors toward the west. GPS 
station GS32 near the town of Hsinhwa shows maximum 
horizontal displacement of 64.4 mm in the direction of 
southwest. However, it has been proved that this large 
displacement caused by rupture of dam. For the vertical 
displacement, subsidence pattern exhibits at the eastern 
side the epicenter in the Central Range and uplift pattern at 
the western side of the epicenter in the Western Foothills. 
GPS station LNCH west of the Lungchuan Ridge shows 
the maximum uplift displacement of 92.7 mm. 

 

 
 

Fig. 2 Co-seismic displacements in Meinong earthquake. 
The symbol arrows present the horizontal displacement 
(black for kinematic and grey for daily solutions) and the 
symbol triangles show the vertical movement (red and blue 
for kinematic and grey for daily solutions). The epicenter 
denotes in the yellow star. 

 
3.2 High-rate kinematic positioning 

 
For the GPS kinematic positioning algorithm, the 

sidereal bias is the one of the main errors of the kinematic 
positioning. Therefore, we employ the sidereal filtering to 
decrease this effect. The sidereal filtering requires data for 
two or more days. In the beginning, high-rate positions are 
estimated on day one, assuming that the ground has not 
moved. These days one positions are low-pass filtered to 

remove high-frequency noise unrelated to the satellite-
receiver geometry, shifted by the sidereal period and 
subtracted from the estimated positions on the second day. 
This sidereal filtering is the basis for precise kinematic 
positioning results (Nikolaidis et al., 2001; Bock et al., 
2004). After removing the sidereal bias, the kinematic 
positioning can provide the coseismic displacements and 
surface ground motions of the earthquake. 

In order to remove the sidereal biases from the single 
epoch solution, the sidereal-day window (Bock et al., 2000) 
is applied in this study, and shown in Equations (1) and (2). 

i
2
i

k=d+1 k=d+1
(x )k

i d 2(s )k
k=d-1 k=d-1 i

1(mp ) =
(s )k
       

∑ ∑                   (1) 

filter
i d i d i(x ) = (x ) - (mp )d                        (2) 

where mp represents the sidereal periodic noise in each 
positioning components, i is epoch number, d is day 
number, ix  indicates the estimated position of the 

different components, and iσ  is the standard deviations. 
 

 The coseismic displacement determined by ten 
minutes before and ten minutes after the earthquake of 1 
Hz kinematic positioning is list in Table 2. After removing 
sidereal biases, the standard deviation of GPS waveform 
reduce efficiency. For example, GPS station GS76 reveals 
standard deviation reduce from 11.6 to 9.5 in the E-W 
component, 16.2 to 9.8 in N-S component and 51.6 to 29.3 
in vertical component. For the all 40 CORS stations, 
average standard deviation reduces from 8.7 to 7.6 in E-W 
component; 9.5 to 8.9 in N-S component and 24.4 to 20.6 
in vertical component. For the coseismic displacement of 
the daily solution result, GPS station GS32 shows the 
maximum horizontal displacement and GPS station LNCH 
shows the maximum uplift displacement. Figure 3 shows 
the residual between daily solution and high-rate kinematic 
processing result. The good fitness indicates there is no 
postseismic displacement in a few days after the main 
shock. 

 Figure 3 shows there is no obvious difference 
between the daily solution and kinematic positioning result 
since no prominent afterslip displacement have been found 
in two days after the earthquake. 

 

 
 

Fig. 3 Records of 1 Hz GPS data at station, LNCH, during 
the 2016 Meinong earthquake. A filter algorithm was 
applied to remove the sidereal repeat noises. The records 
of the following day (Day 37) of the earthquake were used 
for comparison to obtain the filtered data. 
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3.3 DInSAR result 

 
Figure 4 shows two coseismic interferograms from 

two ALOS-2 ascending stripmap mode images 
(2015/11/26-2016/02/18) and two descending Scan SAR 
mode images (2016/01/31-2016/02/14). According to the 
result from DInSAR technique, the main deformation area 
occurs far west the epicenter located around southwest of 
Zuo-Jhen fault, southeast of Hsin-Hwa fault, east of 
Houchiali fault, and northwest of Chishan fault. Both 
ascending and descending interferograms show range 
decrease with almost 100 mm to the south of the station 
LNCH with a N-S trending round-shape deformation area. 
Range increase presents to the east of the epicenter, 
especially in the descending interferogram. Moreover, a 
reverse range pattern (increase in ascending and decrease 
in descending) can be observed near Guanmiao area and 
Hsinhwa, which indicates pure westward movement in this 
area. 
 

 

 
Fig. 4 DInSAR results acquire from ALOS-2 satellite. The 
left graph denotes the Strip mode ascending pair and the 
right graph shows the ScanSAR mode descending pair. 
 

By combining ascending and descending 
interferograms, a 2.5-dimension (E-W direction 
component and Vertical component) coseismic 
deformation can be performed in figure 5. Compare with 
GPS daily solution from chapter 3.1, the most uplift area is 
located in the western part of the epicenter, and the increase 
los range distance cause by westward deformation not 
subsidence. All active faults such as Houchiali fault, 
Chishan fault, Zuo-Jhen fault and Hsin-Hwa fault in this 
area were not triggered by this event. On the other hand, 
the deformation is concentrated in Kutingken Formation, 
which implies the active tectonic in Kutingken Formation 
is the main control factor during this event.  

 

 
 
Fig. 5 2.5 dimension coseismic displacements converted 
from ascending and descending interferograms (red color 
represents eastward and uplift; blue color represents 
westward and subsidence). The symbol arrows present the 
GPS horizontal displacement and the symbol circles show 
the vertical movement. The epicenter denotes in the yellow 
star. 

4. SEISMIC GROUND MOTION 
 

High-rate GPS positioning techniques have been 
developed to obtain epoch-by-epoch positions and these 
solutions are capable of recording seismic motion, which is 
called “GPS Seismology.” In this study, we analyze the 
kinematic positioning result after sidereal filtering of 40 
CORS with 1 Hz or higher sampling rate to estimate the 
peak ground displacement and peak ground acceleration 
nearby the hypocenter. 
 
4.1 Peak ground displacement 
 

Following the study of magnitude scaling 
properties of peak ground displacement (Melgar et al., 
2015), Equation (3) is used to determine peak ground 
displacement, where N(t), E(t) and U(t) are the north, east 
and vertical displacement in each epoch, respectively. 
Figure 6 shows GPS waveforms and calculated PGD value 
in time series. After calculating the 40 CORS near the 
epicenter, almost all stations represent larger vibration in 
E-W component. The most peak ground motion value is 
recorded at GPS station GS31, which is located at northeast 
of Houchiali Fault. In addition, most GPS stations with 
large PGD value are concentrated in Hsinhwa area, south 
of Hsin-Hua Fault, where is also the locations of damage 
buildings (green triangles in Figure 7). 

( )2 2 2PGD = max N(t) + E(t) + U(t)                    (3) 

 
Fig. 6 Sample GPS waveforms used in this study. 
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Fig. 7 Peak ground displacement estimation for near 
epicenter CORS. The red circles present the peak ground 
displacement of each station. The green triangles indicate 
collapsed houses during this event. The epicenter denotes 
in the yellow star. 

 
After using the regression equation (4) to 

calculate the moment magnitude by using the scaling 
property between PGD and the hypocentral distance (R), 
we computed a geodetic moment magnitude of the 
Meinong Earthquake as 6.3, which is slightly larger than 
the centroid moment-tensor solution derived from 
inversion of BATS waveforms. (Mw 6.1). On the other 
hand, three more moderate magnitude events occurred 
around the Taiwan area were calculated by the same 
equation. Most of the Mw are close to but slightly smaller 
than Mw provided by seismometer (Figure 7). 

 
                                                                                A = - 4.434 0.141
log(PGD) = A + B Mw + C Mw log(R)    where  B =   1.047 0.022
                                                 

±
⋅ ⋅ ⋅ ±

                                C = - 0.138 0.003±

  (4) 

  
Table 1 Comparison the MW values derived from 
seismometer and GPS 

  IES BATS 
CMT 

Solution 

High-rate 
GPS 
PGD 

scaling 

No. of 
GPS 
Sites 
Used 

2016/0
2/05 

MW = 6.1 
(misfit = 

0.705 poor) 

MW = 6.3 
(STD = 
0.41) 

40 

2006/1
2/26 

MW = 6.7 
(misfit = 

0.651 poor) 

MW = 6.8 
(STD = 
0.19) 

15 

2006/0
4/01 

MW = 6.1 
(misfit = 

0.496 good) 

MW = 6.0 
(STD = 
0.10) 

5 

2003/1
2/10 

MW = 6.5 
(misfit = 

0.553 good) 

MW = 6.4 
(STD = 
0.26) 

12 

 
4.1 Peak ground displacement 

 
Peak ground acceleration (PGA) is equal to the 

maximum ground acceleration that occurred during 
earthquake shaking at a location. These values represent 
intensity of shaking behavior, which provides the index of 
seismic capability for building constructions. In this study, 
we differentiated surface displacement twice to get the 
PGA value of each GPS station by using sampling rate of 
1 Hz, 5 Hz, 10 Hz and 50 Hz, respectively. Then we 
compare the results with seismograms to find the suitable 
frequency for analyzing PGA values from high-rate GPS 
records. 

According to Wu et al., 2016 and Hsu et al., 2016, the 
maximum intensity of the Meinong Earthquake reached 7 
(PGA > 400 Gal) as recorded by P-alert seismic network, 
the MEMS accelerometers designed for Earthquake Early 
Warning and near-real-time shake maps using P-wave 
information. In this study, we only analyzed horizontal 
component and ignore the vertical component due to its the 
vast uncertainty. The result in figure 7 shows four different 
PGA value in different directions (NS and EW). After 
differentiated twice from GPS displacement results, the 
PGA values from 1-Hz and 5-Hz data show significant 

stand out value during shake, however it may 
underestimate due to its insufficient frequency. On the 
other hand, 50-Hz data represents huge value and more the 
background noise when differentiating. Thus, 10-Hz GPS 
record is more suitable for analyzing PGA values. Figure 7 
shows the 10-Hz GPS PGA values superposed on GPA 
shake map collected from P-alter system and NCREE 
(National Center for Research on Earthquake Engineering) 
real-time strong-motion networks. The coincidence also 
represent 10 Hz GPS data is proper frequency for shake 
map producing 

 

 
 

Fig. 7 The PGA value of SHWA GPS stations by using 
sampling rate of 1Hz, 5Hz, 10Hz and 50Hz, respectively. 
The PGA values are shown in each subplot. 
 

 
 
Fig. 8 The PGA value of GPS stations by using sampling 
rate 10Hz (colored triangles) superposed on ground shake 
map produced by Palter and NCREE’s on-site warning 
system (NEEWS) (black triangles). 
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1. INTRODUCTION

The coal mining in mountain area may cause secondary 
disasters, such as landslides, which seriously threaten the 
safety of the local residents. In particular, the Yunnan–
Guizhou Plateau and its surrounding areas are the largest 
karst mountain area in China and even in the world, with 
an area of about 6.2 × 105 km2 [1], a large number of 
landslides are caused by combined effects of natural and 
coal mining. Unlike other geo-hazards, the displacements 
of the underground mining induced landslides are most 
meter-level, small coverage (several square kilometers or 
even smaller), spatially discontinuous and temporally 
nonlinear. Such large gradient surface displacements 
render the loss of InSAR coherence, resulting in the loss 
of information by traditional InSAR method. Even for the 
coherent areas, the interferometric fringes are often too 
saturated and aliased to be recovered with any good phase 
unwrapping algorithm. Consequently, it is challenging to 
accurately monitor landslide deformation in mining 
regions. Therefore, the detection and monitoring of large 
gradient mining-induced landslide deformation is of great 
significance for the management and mitigation of 
geohazards. So, we took Guizhou Province of China as 
an experimental area, based on ALOS/PALSAR-2 images, 
combined InSAR and offset tracking methods to realize 
the detection and monitoring of the large gradient mining-
induced deformation. Furthermore, effective monitoring 
of some dangerous landslides was conducted. 

2. DETECTION OF POTENTIAL MINING-
INDUCED DEFORMATION IN GUIZHOU

PROVINCE 

Due to the vulnerable geological environment and 
frequent anthropogenic activities in Yunnan–Guizhou 
Plateau and its surrounding areas, China, more than 2800 
people have been killed by landslide disasters in recent 
decades. Most landslides are caused by underground 
mining. Therefore, we detected the potential mining-
induced deformation in Guizhou Province to achieve 
early identification of potential landslides. 
The average deformation rate map is often used to 
identify the mining-induced deformation with subtle 
deformation. The stacking interferograms method can be 
used to acquire the average deformation rate with high 
accuracy. As the atmospheric delay often causes 
temporally random errors in interferograms, it can be 
reduced by averaging the unwrapped interferograms as 
follows [2-4]: 

𝑝𝑝ℎ𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = ∑ ∆𝑟𝑟𝑖𝑖𝜙𝜙𝑖𝑖
𝑁𝑁
𝑖𝑖=1
∑ Δ𝑟𝑟𝑖𝑖

2𝑁𝑁
𝑖𝑖=1

   (1) 

where 𝑝𝑝ℎ𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟  is the average deformation rate in phase, 
𝜙𝜙𝑖𝑖  and 𝛥𝛥𝑡𝑡𝑖𝑖  represent the unwrapped phase and the 
temporal interval of 𝑖𝑖-th interferogram, respectively, and 
𝑁𝑁 is the number of interferograms. 
The mining-induced deformations were detected and 
mapped in Guizhou Province over 1.12× 104 km2 using 
the annual average surface deformation rate maps derived 
from ALOS/PALSAR-2 images between 2016 and 2019, 
as shown in Fig. 1. The red and blue areas are the mining-
induced surface deformation areas, and they can be 
considered as potential landslide areas. 

Fig. 1 The average annual deformation rate maps in 
parts of Guizhou Province, China. 

3. APPLICATION TO RETRIEVE THE MINING-
INDUCED PUSA LANDSLIDE IN GUIZHOU,

CHINA 

On 28 August 2017, the long-runout collapse initiated by 
the ridge-top rockslide in Pusa Village (see Fig. 2), 
Zhangjiawan Town, Guizhou Province, China, buried 
residential areas and caused 26 deaths with 9 missing [5]. 
This catastrophic disaster is a typical rock avalanche 
caused by combined effects of natural and underground 
mining in the Yunnan–Guizhou Plateau and its 
surrounding areas, China. In this area, the average 
temperature in a year is approximate 13.6 ℃ ranging 
from -4 ℃ to 32 ℃. And the annual rainfall is abundant 
from May to September, which accounts for 74% of the 
yearly cumulative rainfall ranging from 1200 mm to 1300 
mm. We used ALOS/PALSAR-2 dataset to generated
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coherence map and intensity maps, which were applied to 
identify the landslide boundary, source area, and buried 
villages, while deformation maps from ALOS/PALSAR-
2 were used to retrieve pre-event deformation. 
 

 
Fig. 2 Study area and synthetic aperture radar (SAR) 
images coverage. The yellow rectangle indicates the 
coverage of the ALOS/PALSAR-2. 
 
(1) Coherence estimation 
The coherence magnitude 𝛾𝛾  is the most common 
measure of coherence with the range of [0,1]. Under good 
SAR imaging conditions, it is close to 1 for bare surfaces, 
but close to 0 in dense or thick vegetation, such as forests 
or crops. Based on these characteristics, we investigated 
the region where there was a vegetation-covered area 
before the landslide occurred but was covered by 
deposition after the landslide. Accordingly, we could 
delineate the boundary of the landslide. 𝛾𝛾  can be 
calculated commonly using Equation (2) based on SAR 
image amplitude [6-7]: 

𝛾𝛾 =
�∑ 𝜇𝜇1

𝑛𝑛𝜇𝜇2
𝑛𝑛∗𝑁𝑁

𝑛𝑛=1 �

�∑ �𝜇𝜇1
𝑛𝑛𝜇𝜇1

𝑛𝑛∗�𝑁𝑁
𝑖𝑖=1 ∑ �𝜇𝜇2

𝑛𝑛𝜇𝜇2
𝑛𝑛∗�𝑁𝑁

𝑖𝑖=1

             (2) 

where 𝑁𝑁 is the number of pixels in a window, 𝜇𝜇1𝑛𝑛 and 
𝜇𝜇2𝑛𝑛 are the complex value of master and slave images at 
pixel 𝑛𝑛, respectively, ∗ denotes complex multiplication, 
|∙| denotes the absolute value of the complex. 
(2) Surface change detection with intensity maps 
To detect the small scale landslide, we adopted single-
look intensity maps acquired by ALOS/PALSAR-2 with 
a spatial resolution of 3 m. We filtered the intensity maps 
with the modified Lee filter algorithm based on 
statistically homogeneous pixels (SHPs). The images 
were filtered by using the modified Lee filter [8-9] as 
Equation (3). 

Î = I ̅+ 𝑏𝑏(I − I)̅              (3) 
where I = [𝐼𝐼1, 𝐼𝐼2, … , 𝐼𝐼𝑁𝑁] is a vector of intensity maps, 
I ̅ = [𝐼𝐼1̅, 𝐼𝐼2̅, … , 𝐼𝐼�̅�𝑁] is the mean value of intensity maps, 
which is calculated by averaging the intensity of the 
detected SHPs, 𝑁𝑁 is the number of SAR intensity maps, 
𝑏𝑏  represents the filtering weight, Î  is the intensity 
vector after filtering. After removing the effects of 
speckle noises, the ratio 𝑘𝑘 between two intensity maps 
can be calculated by using Equation (4) [10]. 

𝑘𝑘 = ∑ �𝜎𝜎1𝑖𝑖
0 �𝑛𝑛

𝑖𝑖=1
∑ �𝜎𝜎2𝑖𝑖

0 �𝑛𝑛
𝑖𝑖=1

                 (4) 

where �𝜎𝜎1𝑖𝑖0 � and �𝜎𝜎2𝑖𝑖0 � are backscatter coefficient values 
for pixel 𝑖𝑖 in two intensity maps, and 𝑛𝑛 represents the 
window size. 

We used coherence and intensity maps to identify the 
landslide boundary, source area, and buried villages. Fig. 
3 shows the coherence and intensity maps from 
ALOS/PALSAR-2 images of the Pusa landslide region. 
The boundary, source area and buried villages are marked 
in the Fig. 3. 
 

 
Fig 3. The boundary and source area of the Pusa 
landslide identified by coherence and intensity maps 
from ALOS/PALSAR-2 images. (a) The pre-event 
coherence map, (b) the post-event coherence map, (c) 
the on-site image after landslide occurred, (d) and (e) 
the pre- and post-event SAR intensity maps acquired 
on 6 August 2017 and 12 November 2017, respectively, 
(f) the ratio between (d) and (e). It is noted that the 
color shown in (a) and (b) represent the coherence 
value. The white and yellow dash lines represent the 
landslide boundary, while the green line shows the 
source area. The black polygon shown in (d) and (e) 
represents the buried villages. 
 
Fig. 4 shows the pre-event deformation derived from 
ALOS/PALSAR-2 SAR images, the local fringes were 
visible over and around the landslide source region, 
which indicates that the large mining-induced 
deformation in the sliding slope arose before the landslide 
occurred. The areas of three regions shown as black dash 
lines in Figure 4b–d were 0.123 km2, 0.242 km2, 0.310 
km2, respectively. 
 

 
Fig 4. Pre-event geocoded differential interferograms 
generated by ALOS/PALSAR-2 datasets. (a) The 
interferogram calculated by SM3 mode 
ALOS/PALSAR-2 data acquired on 4 September 2016 
and 22 January 2017. (b–d) The interferograms 
calculated by SM1 mode ALOS/PALSAR-2 data, (b) 
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14 May 2017 vs. 11 June 2017, (c) 11 June 2017 vs. 6 
August 2017, (d) 14 May 2017 vs. 6 August 2017. The 
red line indicates the landslide boundary, the black 
dash line indicates the deformation region. 
 

4. USING OFFSET TRACKING METHOD TO 
ANALYZE LARGE-GRADIENT DEFORMATION 
TIME SERIES OF THE JIANSHANYING MINING 

AREA 
 
The Jianshanying mining area at Faer Town, Shuicheng 
County, Guizhou Province caused by underground 
mining. This mining area mainly includes two 
deformation regions, namely 1# area and 2# area (see Fig. 
5). The surface deformation of 1# area is very large and it 
is beyond the deformation gradient can be observed by 
phase measurement, the offset tracking technique based 
on SAR amplitude can be used to monitor large gradient 
deformation. We used external DEM-assisted adaptive 
window offset technique to calculate two-dimensional 
deformation field in azimuth and line-of-sight (LOS) of 
large deformation 1# area [11], and acquired the 
deformation time series of this area refer to the basic 
principles of the small baseline subsets InSAR 
technology (SBAS-InSAR) [12]. 
 

 
Fig. 5 The drone image of Jianshanying mining area. 
 
We used 15 scenes ALOS/PALSAR-2 images from April 
16, 2017 to July 7, 2019 to monitor the deformation of 
this mining area, acquired annual deformation rate map 
in this area by stacking method. The deformation rate is 
shown in Fig. 6, in which the deformation away from the 
satellite direction is negative, and the deformation near 
the satellite direction is positive. It can be found that the 
mining area has a large deformation. The maximum 
deformation rate monitored by InSAR is located in the 
northwest area of the trailing edge of 1# area. The 
maximum deformation rate is -374 mm/y, and there are a 
large number of residents in the village at the foot of the 
slope. Therefore, this area should be monitored 
intensively. 
 

 
Fig. 6 Annual deformation rate map calculated by 
Stacking InSAR. 
 
The deformation tracking time series of the Jianshanying 
mining area are shown in Fig. 7. Fig. 7a is the 
deformation in azimuth direction, and Fig. 7b is the 
deformation in LOS direction. It can be seen that both of 
the azimuth deformation and LOS deformation have 
increased significantly from April 6, 2017 to July 7, 2019, 
the accumulative deformation have reached 15 m and 17 
m in azimuth and LOS directions, respectively. 
 

 
Fig. 7 Time-series SAR offset tracking results. 
 
In order to analyze the deformation evolution process of 
1# area in detail, we extracted the time series profiles in 
the large deformation area. The profiles location A-A’, B-
B’, C-C’ is shown in Fig. 7, and the results is shown in 
Fig. 8. As can be seen from Fig. 8, since April 16, 2017, 
the deformation of the points on the three profile lines in 
the azimuth and LOS directions basically shows an 
increasing trend, and in different position appears as 
different deformation features. 
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Fig. 8 Time-series profiles of SAR offset tracking 
results. 
 
Fig. 9 shows the deformation time series of three points 
extracted from three large deformation regions. The 
locations of these points are shown in Fig.7. The results 
show that the cumulative deformation of the three regions 
continues to increase with time, and they have significant 
acceleration stage. As shown by the blue shaded area in 
Fig. 9, there is a clear acceleration phase between the 
location of P2 between April 14 and July 7, 2019. 
Combined with field investigation data, the ground 
surface in this area is obviously broken, so the slope in 
this area has undergone considerable deformation during 
this period. The area where the P3 point is located has 
been in the stage of accelerated deformation since March 
3, 2019. Until July 7, 2019, the maximum azimuth and 
LOS deformation reached 15.85m and 12.79m, 
respectively. 
 

 

Fig. 9 Time-series of SAR offset tracking results for P1, 
P2, P3 (see Fig. 7). 
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PALSAR-2データを用いた山間地域における水害・土砂災害の 
コヒーレンス解析

PI No 3263
永井裕⼈ 

早稲田大学教育学部 理学科地球科学専修

1. はじめに

我が国及び周辺のアジア諸国では様々な災害が発⽣
し、⼈々の⽣命・財産が頻繁に脅かされている。特に
悪天候下の⼭間地域における⽔害・⼟砂災害は、発⽣
直後の光学衛星や現場からの情報が乏しいという問
題がある。迅速で安全な災害対応を実施するために
は、合成開⼝レーダによる被害情報の提供が特に重
要視される。そこで本研究では、PALSAR-2 データで
も既に利⽤されている災害前後 3 時期の観測データ
を⽤いたコヒーレンス解析について、特に⼭間部に
おける⽔害・⼟砂災害被害抽出⽅法の精度向上を⽬
的とした解析・検証を実施する。また災害前後におけ
る後⽅散乱係数の差分に基づく抽出など複数の⼿法
の⽐較・評価も実施し、コヒーレンス解析を含むさま
ざまな⼿法の⽔害・⼟砂災害への適応可能性を検討・
評価する。 

だいち 2 号搭載のＬバンド合成開⼝レーダである
PALSAR-2 は、2014 年春の運⽤開始以降、国内外で
発⽣したさまざまな種類の災害を観測し、合成開⼝
レーダの災害時利⽤の可能性を⽰し、被災状況の把
握および情報提供にも⼤きく貢献している。特に、降
⽔量の多いアジア地域では、天候に影響されず⽔害・
⼟砂災害を観測できる合成開⼝レーダの役割が重要
であることは⾔うまでもない。また、都市域は通信イ
ンフラが多くあり、被害情報についても⽐較的⼊⼿
しやすい⼀⽅で、⼭間部や過疎地域では⼀次的な情
報が乏しく、不確定な情報をもとに災害対応を始め
なければいけない場合がある。したがって、このよう
な悪天候時の⼭間部で迅速に正確な災害対応を実施
するためには、合成開⼝レーダによる状況把握の役
割が特に⼤きいと考える。 

PALSAR-2 の⼭間部観測では、斜⾯の倒れ込みなど

で⼲渉 SAR による変動量の算出が難しいことも想定
されるため、まずは地表⾯に変化があったかを検出
するコヒーレンス解析がより確実であると考えられ
る。より広範囲への適応も期待されるが、災害の規模
や地形条件は様々であり、標準的な抽出フローやパ
ラメータの確⽴には⾄ってない。⼭間部の観測はさ
らなる⼿法研究が必要である。PALSAR-2 は⼤幅に観
測能⼒が向上した運⽤中の L バンド合成開⼝レーダ
であり、研究期間中に実際に発⽣する災害の観測デ
ータから、最も合理的に被害域を抽出する⽅法を導
き出す。

災害時における PALSAR-2 の強みは広域での⼲渉
SAR 解析であり、地震の地殻変動量検出などに⼤き
く威⼒を発揮する。しかしながら PALSAR-2 を⽤い
た実際の災害対応では、⼲渉性がなく変動量が算出
できない場合が多々ある。そのような場合であって
も、少なくとも地表⾯変化の有無を空間分布として
⽰すことができれば、被害⾯積を素早く把握でき、災
害対応に⼗分に役⽴てることができる。この時に必
要なのは、災害の種類によって観測モードと解析に
⽤いるパラメータを適切に決定することであり、こ
れが迅速な意思決定および現場作業者の安全確保に
資すると考えられる。 

本研究で得られた知⾒を以下の事例ごとに分けて
報告する。 

2. ネパール・ゴルカ地震

2015 年 4⽉に発⽣したネパール・ゴルカ地震によ
って⽣じたヒマラヤ⼭岳域の⼟砂災害について、科
学技術振興機構ネパール地震関連国際緊急共同研
究・調査⽀援プログラム（J-RAPID）「ネパール・ラ
ンタン⾕における雪氷⼟砂災害の調査」の調査グル
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ープ（代表：藤⽥耕史 名古屋⼤学教授）から現地検
証データ（デジタル写真、UAS データ、GPS 測量結
果など）を⼊⼿し、コヒーレンス低下量画像の精度評
価の参照とした。 

災害前後の⼆時期（2015/2/21-2015/5/2）に取得され
た画像ペアのコヒーレンス（⼲渉性）低下を、災害前
の⼆時期（2014/10/4-2015/2/21）に取得された画像ペ
アのコヒーレンス低下量で正規化することによって、
普段から⽣じうるコヒーレンス低下を相殺し、災害
に起因するコヒーレンス低下のみを抽出する。抽出
されたコヒーレンス低下量の画像は閾値が定められ
ておらず、ノイズ状の災害とは関係のない画素が残
るため、そのままでは判読が難しい。そこで⾼い値が
集中している部分を、フォーカル統計を⽤いて抽出
する。すなわち、⼀定半径の円の内部に存在する画素
の平均値を中央の画素に当てはめることによって、
均等に散らばっている⾼い値を持つ画素を除去する。
ネパール地震によって⼭間部・ランタン地⽅で⽣じ
た⼤規模崩は、この⽅法によってほぼ的確に⽰すこ
とができた[1]。また周囲の⾼値領域も⼩規模な⼟砂
崩落であることが現地写真から確認された。 

 
Fig. 1 Normalized coherence decrease around the 

collapsed area in Langtang Valley [1]. (a) Original 

output image is processed into an image of focal 

statistics with (b) 15m circles for calculating the mean 

values. High-value parts are denoted on (p) the collapse 

area, (q) a glacier moraine, and (r) a tributary glacier, 

as well as (s) two places on the valley bottom. The 

background is an ALOS pan- sharpened image 

observed on 12 October 2008. 

 

3. 令和元年台⾵ 19号による⻑野県千曲川流域に 
おける浸⽔被害 

 
令和元年台⾵19 号によって⽣じた⻑野市周辺の千
曲川の浸⽔域を、SAR（合成開⼝レーダー）衛星で解
析した。災害観測は緊急に実施するものであり、同⼀
条件で観測された災害前画像が存在しないことがあ
る。この観測もそのような条件下で実施されたもの
であり、異なる軌道や異なる観測モードの災害前画
像を使⽤した場合には、どの程度の抽出精度が得ら
れるのかについて複数し⼿法を⽐較・考察した内容
である[2]。 

解析対象地域は、⻑野県千曲川流域（上⽥〜中野〜
飯⼭）であり、後⽅散乱係数の差分抽出においては、
災害前 (2015/9/29; Path19/Frame2880) および災害後
(2019/10/13; Path20/Frame2870)という異なる軌道から
の観測データを使⽤した。解析⼿法は以下の通りで
ある。 

1. 災害前後の画像を後⽅散乱係数(dB)に変換 

2. 平滑化フィルタ(φ10pix)処理 

3. ⽬視判定により⽔域をそれぞれ⼆値化抽出
（災害後：<-12dB; 災害前：<-15dB） 

4. 陸域から⽔域に変化したとみられる部分を差
分抽出 

5. 平滑化フィルタ（majority: φ15pix）により擬似
セグメンテーション 

6. 2,000 m2以下の領域を除去 

解析の結果、洪⽔域とみられる領域が河川周辺に
多く抽出できたが、国⼟地理院作成の参照データに
含まれる浸⽔領域の⼀部を抽出できていない結果と
なった[2]。しかしながらコヒーレンス解析と統合す
ることで、同軌道での抽出精度に近い 80%程度まで
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精度向上することが⽰された。 

 

Fig. 2 Comparison of the detection results for multi-

temporal overlay of all intensity and coherence results 

[2]. 

 

4. フロリダにおけるハリケーン浸⽔域 
 

ハリケーンなどによって引き起こされた⼤規模
洪⽔の際には、広い地域を対象とした洪⽔マップ
の迅速な提供が必要とされる。本研究では L バン
ド合成開⼝レーダ（SAR）である PALSAR-2 を⽤
いて、新しい洪⽔マッピングの⽅法を提案した
[3]‒[6]。 

まず、洪⽔前の PALSAR-2 画像（複数シーン）
から後⽅散乱強度の平均と標準偏差を表わす画像
を作成する。そして洪⽔後画像と平均値画像との
差を標準偏差画像で除算することで異常な⽔域を
強調する画像が得らる。これを正規化後⽅散乱強
度 変 化 （ NoBADi: Normalized Backscatter 
Amplitude Difference Index）画像と定義し、2017
年 9 ⽉にハリケーン・イルマによる洪⽔被害を受
けた⽶国フロリダ州⻄部に適⽤した。 

解析の結果、洪⽔域の抽出精度は洪⽔後観測
（2017/9/12）と同⽇に観測された⾼分解能光学

衛星画像によって妥当であることが検証された。
この⼿法では、抽出閾値を増減させることによっ
て、統計的に頻繁な浸⽔域であるのか稀な浸⽔域
であるのかを定量表現することが可能であり、フ
ロリダに⾒られるような潜在的な低湿地帯におい
ても柔軟に利⽤できることが⽰唆された。 

な お 本 研 究 成 果 は IEEE International 
Geoscience and Remote Sensing Symposium 2019
の招待講演として発表し[5]、令和元年度⽇本リモ
ートセンシング学会優秀論⽂発表賞を受賞した
[6]。 

 

Fig. 3 Spatial distribution of NoBADi on a part of 

inundation domain induced by Hurricane Irma, 2017. 

Flood outline is delineated from a high-resolution 

optical satellite image collected on the same day [5]. 

 

5. NoBADiの⽇本国内各種災害への適応 
 

前述で提案した NoBADi について、⽇本国内に
おいて⽣じた各種被害状況への応⽤可能性を検討
した。まず、平成 27 年 9 ⽉関東・東北豪⾬で発⽣
した茨城県常総周辺の浸⽔域について、後⽅散乱
係数と NoBADi それぞれの空間分布に対し、⼆値
化による浸⽔域抽出と精度検証を⾏った[7]。⽔⽥
域は浸⽔後も後⽅散乱係数、NoBADi のばらつき
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が⼩さく、kappa係数 0.499 の結果を得た。⼀⽅、
畑地域はその⼟地被覆特性により、浸⽔後も後⽅
散乱係数、NoBADi のばらつきが⼤きく、kappa係
数 0.110 という低い結果を得た。さらに、⾮都市
域に関して、⽔⽥域、畑地域の⼟地被覆別の浸⽔
域抽出により、常総市においては kappa 係数が
0.454から 0.460 に、わずかに精度が向上した。 

また、平成 30 年豪⾬で浸⽔した岡⼭県倉敷市・
総社市の浸⽔域について⼟地被覆に対して適応す
べきフィルタの検討を⾏った結果、⽔⽥域、畑地
域、都市域において「⾼度な Lee フィルタ；11 × 
11 pixelサイズ」が NoBADi 画像から最も精度良
く浸⽔域を抽出する事ができた[8]‒[10]。後⽅散
乱強度単画像は、⽔⽥域は Frost フィルタ 11 × 11
サイズ、畑地域及び都市域は⾼度な Lee フィルタ
11 × 11サイズが最も精度良く浸⽔域を抽出する
事が可能であった。今後の課題として傾斜⾓等で
⼟地を分類する事でさらに適した浸⽔域抽出⼿法
を提案する事ができると考えられる。 

さらに、2018年北海道胆振東部地震の⼟砂災害
域の⼀部を対象として、NoBADi、⼆時期後⽅散乱
成分差分画像、NDVI 差分画像の 3 つを⽤いた災
害領域抽出結果の⽐較を⾏った[11]。NoBADi 抽
出と⼆時期後⽅散乱差分抽出、NDVI 差分抽出の
kappa 係数はそれぞれ、0.138 と 0.127、0.327 で
あり、NoBADi の抽出精度は、⼆時期後⽅散乱差
分抽出に⽐べてわずかに⾼いが、NDVI 差分抽出
には⼤きく劣る。傾斜⾓に関して NoBADi 画像や
⼆時期後⽅散乱差分画像などの SAR 画像を⽤い
た解析は、傾斜⾓が 3°から 10°で⼟砂災害の抽
出精度が⾼かった。斜⾯災害に関しては、NoBADi
は他の 2 ⼿法に⽐べて⼤きな優位性は有しないと
いう結果となった。 
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1. INTRODUCTION

Oil thickness and oil-to-water emulsion ratios are the 
most critical information that first responders need to 
direct mechanical recovery equipment to areas where 
cleanup efforts will have the highest impact by removing 
the more harmful and recoverable oil in slicks. Because 
thousands of oil spills occur worldwide each year [1], 
maximizing the satellite imaging capability for spill 
response would provide benefits with global scope. In this 
context, synthetic aperture radar has mainly been used for 
spill detection, i.e., determining the location and extent of 
an oil slick, without characterizing the thickness or type 
of oil on the surface, which is the time-critical 
information most valuable for oil spill response.  
However, data collected over the Deepwater Horizon oil 
spill with the NASA L-band airborne UAVSAR sensor 
was used to demonstrate that low-noise L-band SAR can 
be used to measure the oil volumetric fraction (oil-to-
water ratio) [2] and thereby differentiate areas within an 
oil slick that contain emulsions from those containing 
only thin sheen layers [3]. L-band radar with ground 
resolution of 1- 10 m has been used to detect oil within 
coastal waterways and on vegetated shorelines [4]. More 
recently, data from UAVSAR was used to show that L-
band SAR can to used to identify zones of thicker oil 
within a slick [5].   Satellite SARs are generally limited 
by their signal-to-noise ratio and not very useful for 
characterizing oil slicks [6], although the C-band 
Radarsat-2’s quad-polarization mode, which has a low 
noise floor, has shown comparable performance to 
UAVSAR [7]. Mineral oil slick characterization (as 
opposed to slick detection only) with satellite SARs 
would be new and uniquely beneficial because of satellite 
SAR’s all-weather, day-night operability, and near global 
coverage.   

2. PROJECT DESCRIPTION

This project supplements a series of studies to develop 
and implement methods for utilization of SAR in general, 
and L-band SAR in particular (PALSAR-2, UAVSAR, 
NISAR) for more effective response to oil spill disasters. 
The studies investigate the relationship between ocean 
wave damping and slick thickness (applicable to slicks of 
any thickness, from sheen up) and reduction of the 
backscatter from a reduction of the dielectric permittivity 

in a thick oil layer, for which the thickness is a significant 
fraction of the electromagnetic radiation’s wavelength in 
the layer (~mm and thicker).  For the latter, the algorithm 
used is a fit of the measured co-polarized cross section 
ratio to the tilted facet Bragg scattering theory [2] [8].  

For the study, we planned to use data acquired over 
accidental mineral oil spills, natural mineral oil seeps, and 
planned releases of sufficient size to be imaged from space, 
focusing on times and locations for which there is available 
in situ information from which verification of zones of 
thicker or more emulsified oil is possible.  Prior work 
through JAXA’s research opportunity RA4 had used 
PALSAR data from the 2010 Deepwater Horizon oil spill 
and from a 2015 Norwegian spill and recovery exercise in 
the North Sea.  Studies funded through other mechanisms 
were either in review or accepted, which would provide 
UAVSAR images combined with other remote sensing 
assets (e.g., WorldView, Sentinel-1 & 2, drone-based 
infrared and visible imaging) and field measurements 
(samples for oil thickness).  The intended study sites were 
the Gulf of Mexico Mississippi Canyon Block 20 (MC20) 
and the 2019 Norwegian oil-on-water (OOW) exercise 
organized by the Norwegian Clean Seas Association for 
Operating Companies (NOFO).  In recent years, the 
Norwegian Clean Seas Association for Operating 
Companies (NOFO) conducts a controlled oil-on-water 
exercise in the North Sea annually in June. These exercises 
are unique in an international perspective in that they create 
a realistic oil spill scenario and exercise methods and 
equipment that will be deployed during emergency 
response, in addition to testing and validating new methods 
of oil recovery and removal. Oil of various kinds is released 
onto the surface, and most of it is recovered, either 
mechanically or by dispersing chemicals. Past exercises 
have provided data for comparing C-band and X-band slick 
detection and characterization capabilities [9] [10] and for 
tracking slick transport using L-band SAR [11] [12]. 

After the seep in the Gulf of Mexico MC20 was capped 
in early 2019, slicks formed less frequently and with 
significantly less oil at that site. The U.S. campaign was 
replanned for the Coal Oil Point seep field (COPSF) off the 
coast of California near Isla Vista and Santa Barbara.  The 
COVID-19 changed all plans and the COPSF campaign 
was rescheduled for the middle of 2021 and the next NOFO 
OOW exercise will not occur before 2022. 

To make use of the ALOS-2 RA6 opportunity we examined 
ALOS-2 scenes acquired over the CPSF to evaluate its 
capabilities in different imaging modes.   
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3. RESULTS 

 
The ALOS-2 archive contained only a few frames covering 
the COPSF.  Because most of the acquisitions over 
California in the Basic Observation Scenario are acquired 
in either Interferometric Wide Swath (IW) or StripMap-
10m (SM3) mode, those two were compared to optical 
imagery acquired over the same area.  Figure 1 shows the 
Worldview high resolution optical image, Figure 2 shows 
the ALOS-2 IW image, and Figure 3 shows the ALOS-2 
SM3 image.  The resolution of the IW mode is too low to 
identify features at the scale of the slicks.  The SM3 image 
shows the kelp bed near the coast and the slicks in the seep 
field.  This is more suitable for oil slick characterization 
although concurrently collect field and ALOS-2 data are 
needed to make that determination.  
 

 
Fig. 1 Worldview image of the Coal Oil Point Seep Field 
off the coast of California acquired on Dec. 18, 2020.  In 
the visible image, the mineral oil is brighter than the 
surrounding water.  (Credit NASA/Worldview) 

 
Fig. 2 ALOS-2 IW mode image of the Pacific Ocean off 
the California coast near Santa Barbara acquired on 
Dec. 13, 2020.  The extent of the scene in Fig. 1 with the 
Coal Oil Point Seep Field is shown by the red box.  
Many dark features are evident in the SAR image.  
These could be mineral oil or biogenic slicks, or even 
low wind areas or kelp beds, both of which reduce the 
surface roughness.  (Credit JAXA/METI) 

 
Fig. 3 ALOS-2 SM3 image of the same general area as 
in Fig. 1 and 2. The inset focusses on the area shown in 
Fig. 1. (Credit JAXA/METI) 

 
4. CONCLUSIONS 

 
The issues related to travel during the pandemic and the 
consequential delays, along with changing study areas for 
the airborne and field campaigns limited the use we could 
make of the data products provided by JAXA RA6.  In 
preparation for future field campaigns already funded, and 
in some cases scheduled, and in preparation for the NISAR 
mission, scenes acquired over the COPSF in modes used 
now for the ALOS-2 Basis Observation Scenario were 
examined.  The SM3 scenes are suitable for the study.   
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1. INTRODUCTION

The 2009 Morakot typhoon caused a major disaster in 
Kaohsiung's Xiaolin Village, buried by landslides, 
prompting people's awareness of disaster prevention. The 
government's disaster management must have a deeper 
understanding and effective prevention. In recent years, 
due to the rapid development of remote sensing technology, 
another opportunity to study slope disasters is different 
from the limitation of traditional monitoring technology in 
budget and application range. Remote sensing technology 
provides more comprehensive and low-cost observation 
methods and produces more massive surface information, 
which helps early-stage discover disasters' potential. 
In recent years, large-scale landslide signs have generated 
digital terrain through aerial photogrammetry or LiDAR 
technology and analyze the area of potential landslide 
through micro-topography identification. However, the 
activity behavior and landslide depth of slopes still have to 
rely on traditional monitoring. Therefore, the differential 
interferometric synthetic aperture radar (DInSAR) 

technology calculates the ground surface's deformation 
using the radar phase information in this study. The 
possible position of the damaged surface is calculated by 
inversion, which is used to evaluate the landslide volume. 

2. METHODOLOGY
This study area takes Dingyuan and Shouting areas in 
Qingjing of Nantou County as the analysis cases. This area 
has been designated as a potential large-scale landslide area 
by the Central Geological Survey, Ministry of Economic 
Affairs, numbered Nantou County-Renai Township-D057, 
Nantou County- Renai Township-D063, after years of 
essential data collection, geological survey and drilling 
operations, and several years of observation results. 

The Shouting area is roughly a cleavage-oriented slope, 
which can be divided into two layers from top to bottom, 
including a rock avalanche layer and a rock layer. The rock 
avalanche layer is about 3~30m thick, mainly composed of 
yellow-brown, brown, and gray cuttings and rock blocks. , 
The size of the rock block ranges from 2 to 20 cm. Among 
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ABSTRACT 
Taiwan is affected by the squeeze of the plates, resulting in fragmented geological phenomena. Due to its subtropical climate 
and intense rainfall patterns, slope disasters have become more frequent. How to assess the potential of slope disasters and 
formulate disaster prevention countermeasures has become an important issue. In recent years, remote measurement 
technology's rapid development has provided more diverse and effective monitoring methods, which can complement 
traditional monitoring methods and establish multi-scale monitoring modes. In this study, the differential interferometric 
synthetic aperture radar technology (DInSAR) was used to analyze the information on the surface deformation in Qingjing, 
Renai Township, Nantou County during the heavy rain in June 2017. This technology interfered with the phases of two synthetic 
aperture radar images with different timings. After the change and difference with the full phase map of high-precision digital 
terrain simulation, the surface deformation between the two-time series can be calculated by phase restoration. The results of 
the GPS measurement points are compared, and it is found that the change is the same as the DInSAR analysis. The results of 
the changes are consistent. Using the stratum dislocation model established by Okada (1985) with the theory of elastic semi-
infinite space, the upper sliding body and the base rock disk in the landslide area are regarded as two homogeneous elastic 
objects. A simple geological model is established after simplifying the stratum parameters. The surface deformation analyzed 
by DInSAR is used as the result of the model simulation to calculate the sliding surface's location inversely. After analysis, it 
is found that during the heavy rain event in June 2017, the sliding depth in the Qingjing area is about 170m, which is comparable 
to the measured value. After comparing the inclinometer monitoring, the sliding surface error is about 6.2%, and the sliding 
volume is about 19.03x107 m2, which proves that this model can be used for preliminary estimation of sliding depth. 
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them, at the top of the slope in the Shouting area, it can be 
seen that the terrain is relatively gentle and has terrace-like 
characteristics, as shown in Fig. 1. The Shouting area's rock 
formations can be subdivided into four layers A~D from 
bottom to top, mainly composed of slate and part of 
sandstone. (Central Geological Survey, Research on 
Development and Application of Landslide Observation 
Technology (4/4), 2018) 

 
Fig. 1 Geological plan of Shouting area, Renai 

Township, Nantou County (quoted from Research on 
Development and Application of Landslide 

Observation Technology (4/4), 2018) 

 
The sliding surface analyzed in this study is mainly the 
Shouting area, as shown in section A-A' in Fig. 1, and the 
other area of interest is the Dingyuan area, as shown in 
section B-B' in Fig. 1. 
 
In this study, DInSAR technology will be used to discuss 
surface displacements in the Qingjing Dingyuan-Shouting 
area and verify the measurement results of DInSAR 
technology. According to Okada's semi-elastic theory, the 
potential sliding surface in the Qingjing area will be 
derived with location, which will be used to assess the 
potential sliding volume in the study area. 
After the phase information is averaged in multiple looks 
and the images are combined, the coherence and 
interferogram are calculated. The phase difference in the 
interferogram due to terrain changes can be used to 
simulate the full phase with high-precision digital terrain 
and then remove it to obtain the differential interference 
fringe image. Finally, The surface deformation can be 
calculated after all-phase recovery, and the analysis 
process is as shown in Fig. 2. 
 

 
Fig. 2 The process flow chart of DInSAR 

 
Okada (1985) proposed to use green's function to analyze 
the surface deformation of a uniform elastic body caused 
by the shearing and stretching of a rectangular or point 
source. It is regarded as an elastic semi-infinite space. The 

stratum is a mean elastic object so that the soft surface can 
be simplified as a set of rectangular areas (Fig.3), E, N, U 
are coordinate information (X, Y, Z) respectively to 
estimate the length (Length), width (Width), depth (Depth), 
inclination (Dip), Azimuth angle (Strike), stagger angle 
(Rake), slip amount (Slip). This simulation of elastic 
behavior and model inversion can be performed through 
ground deformation information. The seismic model 
process of faults and surface displacements can be 
established accordingly. The seismic model can be derived 
from the DInSAR surface deformation. The surface 
deformation amount used in the Okada model mentioned 
above can be replaced by the surface deformation amount 
analyzed by the DInSAR technology to estimate the 
formation's soft surface. In this study, the Okada model 
uses ENVI. The nonlinear inversion calculation module of 
SARscape 5.2.1 is performed. 
 

 
Fig. 3 Okada elastic allocation model 

 
Deep-seated landslides are often presented in the form of 
arc failures. The avalanche area and volume are related to 
the sliding depth, and it can be assumed to be a standard 
ellipsoid (Cruden and Varnes, 1996; Marchesini et al., 
2009). ). If the triaxial length of the ellipsoid can be found, 
the collapse volume of the collapsed land can be calculated. 
 

 
Fig. 3 Schematic diagram of landslide volume 

geometry (redrawn from Nikolaeva, 2014) 

 
According to the hypothesis of Nikolaeva (2014), the 
volume of the landslide can be shown in Fig. 4. The volume 
between the landslide ground surface and the sliding plane 
is the initially estimated potential sliding volume in the 
hypothesis. Aerial images can find the landslide ground 
surface. The failure surface determines the major and 
minor axes of the two ellipsoids' centers, and the sliding 
surface is regarded as a section of the ellipsoid. After the 
Okada model is inverted, the section's major axis and 
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sliding depth can be obtained. According to the geometry, 
if the shape is a standard ellipsoid, its axial section should 
also be a standard ellipse. They are assuming that the 
sliding surface's depth is h and the sliding surface's length 
is a, then according to the standard formula (1) of the 
ellipse. After (a, h) is substituted into the shift term, the C 
axis length (2) can be obtained. That is to say, in the 
standard ellipse formula, we do not need to measure the 
length of C but can calculate it from the known A, a, and h 
to find the required C value. 
 

𝑋𝑋2
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+ 𝑌𝑌2

𝛽𝛽2
= 1  (1) 
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𝐶𝐶2
  

𝐶𝐶 = 𝐴𝐴ℎ
�𝐴𝐴2−𝑎𝑎2

 (2) 

 
After calculating the value of C, the depth z is replaced by 
the sliding depth h under the A and B axes' conditions so 
that the potential sliding volume V can be calculated. 
Volume V is calculated from the sliding ground surface 0 
and the sliding depth h. After integration, the potential 
landslide volume of can is expressed by equation (3). 
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Nikolaeva(2014) 
 
However, in Nikolaeva's (2014) assumption, the A and B 
axes' determination needs to rely on long-term ground 
deformation data. The A and B axes' length can be 
determined from the micro-topography interpretation, but 
multiple sets of slips in the landslide area. Each event 
drives the sliding surface, and sliding depth is different. It 
is difficult to express the potential landslide volume 
following the event, increasing the evaluation error. 
Therefore, the lengths of the A and B axes are selected in 
this study. The deformation range of the DInSAR event 
combined with the cliffs' location judged by the micro-
topography is used to determine the A and B axes' lengths. 
This method can simplify the selection of the ellipsoid axis 
length and reduce the difficulty of terrain interpretation. On 
the one hand, the sliding surface's potential sliding surface 
can be calculated from the estimation of the collapse range 
and sliding depth of the event, and the evaluation of the 
landslide volume can be more accurate. 
This study refers to the collapse area-volume relationship 
established based on the self-similar assumption of 
collapse to verify the method. This type of formula is 
widely used to evaluate landslide volume, but this model 
must refer to the sliding cases. Therefore, there are related 
restrictions on the use of the geological area, landslide area, 
landslide type, etc. Most of them are used for regression 
with an area less than 105m2 (Chen Shuqun et al., 2010; 
Bian Jiaxuan, 2014; Chen Yiqing, 2012; Shen Zhewei, et 

al., 2016), and the use restriction is consistent with the 
collapse-volume relationship equation with a large-scale 
landslide area of 105m2 or more, refer to the regression 
equation (4) established by Guzzetti et al. (2009) based on 
677 large-scale collapse events that occurred worldwide. 

V = 0.074 × AL
1.45  (Guzzetti et al. , 2009)  (4) 

 
3. DISCUSSION OF RESULTS 

 
3.1 Leveling difference 
There have been many records of sliding incidents in the 
Qingjing area in the past. According to the 1m resolution 
topography of the Ministry of the Interior, the hill shading 
map (Fig. 5) shows that there has been significant cliff 
collapses near the ridgeline. And many have been 
developed. There are obvious signs of subsidence in the 
upper layer in the second cliff and obvious collapse 
development at the toe of the slope, and several groups of 
erosion gullies have been developed, and they are also 
affected by riverbed sweeping. The blue cliff in the picture 
is a reference shade of sunshine. The map and simplified 
drawing of the geological plan of the "Research on 
Development and Application of Landslide Observation 
Technology (4/4)" (2018) of the Central Geological Survey 
Institute of the Ministry of Economic Affairs are used for 
subsequent analysis. 

 
Fig. 5 Hill shading map 

 
This research first conducts a preliminary inspection of the 
benchmarking points established by the National Land 
Surveying and Mapping Center in Taiwan. The first-class 
leveling points near the Qingjing area are located along the 
14A line of the central road station, and there are 21 first-
class leveling points in this research. Among them, 14 
leveling points with measurement records of 2000, 2009, 
and 2014 are used. The distribution of the leveling points 
is shown in Fig. 6. The value is the change of Z-direction 
of each leveling point in different periods, and the value is 
expressed as the degree of change in subsidence. 
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Fig. 6 The distribution of leveling points 

 
The leveling points were affected by the uplift of terrain, 
and elevation changes increased by about 20 cm from 2000 
to 2014. The annual increase rate in the first nine years of 
2000-2009 was roughly the same as that of the last five 
years of 2009-2014. Similarly, this is consistent with the 
situation of orogeny. However, it is not apparent that the 
three leveling points C044, C045, and C047 in the Qingjing 
area are uplifted. Because C047 is located in another 
sliding area, its changes are not considered for the time 
being. At the same time, C044 shows an obvious landslide 
situation, and its location is next to Qingjing elementary 
school, the upper middle area of this sliding area, C045 is 
located next to the Qingjing Visitor Center close to the 
upper edge of this sliding area. In order to calculate the 
relative level change in the sliding area and deducting the 
influence of terrain uplift, this study uses the average 
changes of C032, C034, and C035, which are located in flat 
areas, and their changes tend to be consistent, as the terrain 
uplift. The uplift values are calculated in two intervals from 
2000 to 2009 and 2009 to 2014. After subtracting this uplift 
value from the measurement results of other leveling points, 
each leveling point's relative change is calculated, as 
shown in Fig 7. 

 
Fig. 7 The changes pf elevation at leveling points 

 
It can be seen from Fig. 7 that the vertical change of the 2 
level points C044 and C045 in 14 years is about 
15cm~34cm, and the average annual rate of change is about 
-1.0cm/year~-2.2cm/year. The level point at Qingjing 
elementary school has the most apparent change. The 
sliding rate of this point between 2000 and 2009 was about 
-1.6 cm/year, while the sliding rate between 2009 and 2014 
increased to -3.8 cm/year, but between 2009 and 2014, the 
leveling points located in the sliding zone have apparent 
sliding growth rates. 

 
3.2 Potential Sliding analysis 
This study carried out a volumetric analysis of two 
torrential rain events in June 2017. The rainfall distribution 
of the month is shown in Fig. 8. Nantou County was 
affected by the stranded front from June 1 to June 4, 2017. 
Renai Township descended rainfall of 995.5mm (Renai 
Rainfall Station), and then 625.5mm (Renai Rainfall 
Station) was dropped from June 13 to June 18. The two 
showers of rain caused many landslides and rock flow in 
the territory, leading to road interruption and slope 
engineering facilities. The damage was also observed in the 
Qingjing area. In this study, GPS measurement, DSM 
image analysis, and tilting tube analysis were used to 
support the DInSAR analysis results, and the Okada model 
was used to inversely calculate the sliding depth and 
estimate the sliding volume more recently. 

 
Fig. 8 The rain conditions in June 2017 

(1) DInSAR deformation analysis 
In this study, two ALOS-2 SAR images on June 8, 2017 
and July 20, 2017 were used for DInSAR analysis, which 
crossed the time baseline for 42 days. Since the 
groundwater in the Qingjing area was not completely 
discharged after the rainfall on June 1. The rain continued 
after June 13, which raised the groundwater level again and 
made the slope unstable, causing surface displacement in 
the Qingjing area. Therefore, although the analysis interval 
of DInSAR only includes the second rainfall after June 13 
Rainfall event, the amount of deformation is still affected 
by the first rainfall and is more significant. 
The differential interferogram initially analyzed by 
DInSAR can provide the interpretation and reference for 
the surface deformation. If the topography of the two 
periods does not change, it means that the phase of the two 
images has not changed, and similar color areas will appear 
on the graph, and if the phase changes, it is necessary to 
judge the uplift or subsidence according to the direction of 
the phase change. From the differential interferogram with 
the topographic phase removed (Fig. 9), it can be observed 
that there is an evident phase change in the crown of the 
Qingjing deformation zone. The interference fringes in the 
upper part show a phase change towards -π, indicating that 
the area is sinking, the toe area changes towards +π, 
indicating that the toe part is bulging, and the black area 
covering the east and west indicates that it is affected by 
the topographical effect. This area's interference results 
have lost their reference in severe areas and will not be 
considered in the subsequent analysis. The interpretation of 
the differential interferogram change can be preliminarily 
determined that the slope deformation conforms to large-
scale collapse characteristics. The interferogram can only 
provide phase change information. In order to obtain the 
surface change, the next step of phase unwrapping is 
needed. 
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Fig. 9 Differential Interferogram of Qingjing Sliding 

Zone 

 
After the given control points and the phase unwrapping, 
the surface deformation map (LOS direction) from the 
satellite perspective is calculated. The cliff position drawn 
in Fig. 5 is overlaid to obtain Fig. 10. This figure shows 
that the slope changes represent the satellite perspective 
when the slope changes. It is found from the figure that the 
changing area is quite close to the location of the collapsed 
cliff judged by the hill shaded map. The primary source of 
error is the resolution of the ground deformation layer 
analyzed by DInSAR technology, about 10m. Therefore, 
there is a drop in the distribution performance, and from 
the distribution of surface deformation, the amount of 
variation caused by different cliff sliding at the crown is 
different. The maximum sliding is about 7.6cm. The two 
sides of the toe are affected by the existing landslide. 
Besides, part of the area was eroded and sliding. The toe 
was also uplifted by 4.6cm. Overall, the deformation zone 
showed the characteristics of the large-scale collapse of the 
crown and toe uplift. 
 

 
Fig. 10 Qingjing DInSAR surface displacement (LOS 

direction) 

 
(2) UAV digital terrain surface deformation 

measurement 
Continuous ground measurement and tracking for the 
Qingjing study area were using GPS measurement of 

ground control points were completed on November 4, 
2016 and February 2, 2018. The time interval between the 
two shootings included June 2017. There were two 
torrential rain events in the month, and the monthly 
accumulated rainfall in other months was below 400mm, 
which was relatively unaffected by other rainfall events. 
Therefore, the measurement results can reference the 
DInSAR analysis results of the rainfall events in June. The 
GPS measurement of ground control points in 2016 has 10 
points, and in 2018 has  42 points due to the broader area, 
14 of which are located in the deformation zone. There are 
three control points measured twice. The observation data 
is shown in Table 1. From the two measurement results, it 
can be found that the Z direction of the three control points 
all shows a downward trend, and the X and Y directions 
also move toward the outside of the slope, and they all face 
the slope toe. 
 

Table 1 GPS measurement results and DInSAR 
deformation at the same points 

NO P1 P2 P3 

X variation(m) 0.048 0.058 0.025 

Y variation(m) -0.008 -0.026 0.024 

Z variation(m) -0.049 -0.073 -0.04 

Horizontal variation(m) 0.048 0.064 0.035 

GPS horizontal azimuth(degree) 100 114 45 

Total variation(m) 0.069 0.097 0.052 

DInSAR Z variation(m) -0.028 -0.032 -0.042 
 
The DInSAR analysis data in Table 1 appears to be slightly 
lower than the GPS measurement results. The main reason 
should be that the GPS measurement time spans more than 
one year, and the groundwater level should have been 
raised during the first rainfall in June, driving the slope to 
slide deformation, however, the start date of DInSAR is 
June 8, and only the second rainfall event on June 13 can 
be analyzed. Therefore, the amount of deformation is 
theoretically smaller than the GPS measurement result. 
 
In addition to the GPS points, this research completed two 
UAV photogrammetry on 2016/11/04 and 2018/02/02 with 
orthophoto and digital surface model (DSM). The image 
data is as shown in Fig. 11 and Fig. 12. There is no 
significant change in the two phases of images from the 
orthophotography view except that the slope's new collapse 
is slightly enlarged and the brushing depth. Therefore, it is 
necessary to analyze and discuss separately from the DSM. 
Fig. 13 is obtained by subtracting the 2016 DSM from the 
2018 DSM, where the red indicates the stratum subsidence 
and the green indicates the uplift, and the east slope outside 
the deformation zone is affected by the boundary effect.  
The height calculation result is not accurate, so it will not 
be considered for the time being.  The error of terrain height 
will increase because of insufficient control points toward 
the southeast. 
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Fig. 11 The orthophoto of November 4 2016 

 

 
Fig. 12 The orthophoto of January 30 2018 

 

 
Fig. 13 The DSM variation of Qingjing area 

 
Since DSM includes the growth of vegetation on the 
ground, there will be a significant gap in elevation changes. 
Because of the large-scale development of the Qingjing 
area, most of them are areas of artificial activities such as 
construction and roads, and farmlands. Only the lower 
slopes are dense vegetation. Therefore, even if the ground 
objects are not removed, they can still provide practical 
interpretation information. From the topographic changes 

after the two-phase DSM subtraction, the yellow area is the 
area where the vertical change tends to 0m, and the closer 
the red is more significant the degree of terrain subsidence. 
From the top of the situation, the terrain has apparent 
subsidence in the flat area about 0 ~ -0.7m. The horizontal 
direction also moves to the southeast as the existing 
collapse at the slope toe. In the case of local enlargement, 
although the DSM produced by UAV photogrammetry 
with height changes has an error of about 10~30cm. From 
its deformation trend, its deformation range is still roughly 
the same as the deformation area analyzed by DInSAR. 
The coincidence can also support the analysis results of 
differential interference. 
 
(3) Sliding plane analysis 
We can already determine that the DInSAR analysis results 
on 2017/06/08 and 2017/07/20 are consistent with the 
GPS's actual terrain changes as mentioned above control 
points and DSM analysis. Therefore, the DInSAR surface 
deformation analysis results can be used for elastic 
displacement in the theoretical Okada model's inversion 
calculation. It is necessary first to outline the deformation 
area (as shown in Fig. 14). This value is used for 
subsequent inversion calculations. The upper slope in the 
deformation area has a sinking situation, and there is an 
uplift near the southeast slope. However, there are local 
areas close to the northeast with different changes. It is 
estimated that there may be more than one group of sliding 
surfaces sliding simultaneously. However, the whole can 
be estimated as a group of sliding surfaces first. 
 

 
Fig. 14 Deformation area identified from DInSAR 

 
Before the sliding analysis, because the slope moves to the 
southeast, it is assumed that the angle between the upper 
edge of the sliding surface and true north is 36 degrees, The 
misalignment angle (Rake) is assumed to be entirely off the 
slope, which is set to -90~-95 degrees and bring it into the 
inversion calculation model. The analysis results are as 
shown in Table 2.  The deformation amount simulated by 
the sliding surface is as shown in Fig. 15. The deformation 
amount of the sliding surface simulation and the 
deformation amount analyzed by DInSAR are analyzed 
from the sliding surface simulation. The sliding surface has 
a length of 950m, a width of 1522m, a maximum sliding 
depth of 125.5m, an inclination of 17.4 degrees, and a 
sliding amount of 0.13m. The inclination is close to the 145



slope of the geological formation here at about 23 degrees. 
Therefore, it can be regarded as the sliding surface parallel 
to the geological formation's surface, and the amount of 
sliding is along the slope. The displacement amount in the 
direction of 0.13m is also close to the total sliding amount 
of 0.05m~0.10m in the GPS measurement results in Table 
1. After preliminary checking of the sliding surface 
parameters, it can be determined that the sliding surface's 
length and width conform to the current situation. 
 

Table 2 The results of Okada simulation 
WIDTH 

(m) 
LENGTH 

(m) 
DEPTH 

(m) 
STRIKE 
(degree) 

DIP 
(degree) 

SLIP 
(m) 

1522.6 950 125.5 36.0 17.4 0.13 
 

 
Fig. 15 Sliding surface position and simulation 

quantity of Okada model 

 
From the simulation results in the above analysis, it is 
necessary to use the inclinometer's observation data for 
verification. Project the simulated sliding surface analysis 
results on the A-A' section in (Fig. 1), and use the Central 
Geological Survey(2018) drawn geological section map of 
the Shouting area in Renai Township, Nantou County as 
the base map. The drawing result is as shown in Fig. 16. 
The solid green line indicates the sliding surface's position 
calculated by the Okada model, and the green dashed line 
indicates the cliff where the sliding surface extends to the 
top. 
 
The simulated sliding surface position in the figure is 
roughly the same as that drawn in the "Research on the 
Development and Application of Landslide Observation 
Technology (4/4)". The predicted 125.5m in the model is 
the top sliding depth, and the sliding slope extends 
downwards. When the ST-B1 borehole was drilled, the 
sliding depth was about 170m. According to the 
observation results of the new inclinometer ST-B1 in the 
Shouting area of the Central Geological Survey in 2018 
(Fig. 17), the three observation records in 2018 have 
different sliding changes at 80m and 104m. However, from 
the observation of deformation, there is a deeper sliding 
surface exceeding 140m. It is estimated that there are at 
least three sets of sliding surfaces that have been included. 
Because ST-B1 does not have 2017 Year's slip 
measurement records, but from the 2018 observation 

results, the 170m-deep slip position predicted by the Okada 
model should be an undiscovered slip depth in the ST-B1 
 

 
Fig. 16 A-A' simulated sliding surface position 

Source: Research on Development and Application of 
Landslide Observation Technology (4/4) (2018) 

 

 
Fig. 17 2018 ST-B1 inclinometer measurement 

Source: Research on Development and Application of 
Landslide Observation Technology (4/4) (2018) 

 
In order to clarify the depth and relative position of the 
sliding surface, this study refers to the geological profile of 
the Shouting area, Renai Township, Nantou County, drawn 
by the Central Geological Survey (2016), and draws Fig. 
18 against the simulated deformation. The profile location 
corresponds to Fig. 1 B-B' section line. The solid green line 
indicates the sliding surface's position calculated by the 
Okada model, and the green dashed line is the cliff where 
the sliding surface is estimated to extend to the top. 
 

 
Fig. 18 Dingyuan simulated sliding surface compared 

with Dingyuan geological section 
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Source: Adapted from Research on Development and 
Application of Landslide Observation Technology 

(4/4) (2018) 

 
According to the "Research on the Development and 
Application of Landslide Observation Technology (4/4)" 
in the Qingjing District by the Central Geological Survey 
(2018), there were two boreholes DY-B1 and DY-B2, in 
Dingyuan New Village in 2016. Two borehole data 
measurement records from July 2016 to October 2017 have 
eight observation records as shown in Fig. 19 and Fig. 20. 
There was one measurement record on June 8, 2017, which 
happened to be analyzed by DInSAR. The demarcation 
point is located between the first rainfall event and the 
second rainfall event. From the observation records of DY-
B1 and DY-B2, it can be found that rainfall in different 
periods drives sliding surfaces of different depths. In 2017, 
the first sliding occurred from /05/24 to 2017/06/08, and 
the second sliding occurred from 2017/06/08 to 2017/07/12. 
On 2017/06/08 ~2017/06/20 DInSAR observation interval 
only observes the sliding amount caused by the second 
rainfall event, which explains the speculation as mentioned 
above that the DInSAR deformation is only half of the GPS 
measurement record. 
The sliding depth of DY-B1 during the two events is about 
88m. From Fig. 18, corresponding to the position of DY-
B1, the simulated sliding surface is about 121m deep with 
a gap of about 32m. The simulation results are too 
conservative. On the other hand, the simulated sliding 
surface is about 121m deep. DY-B2 occurs at a depth of 
about 85m. It should be noted that DY-B2 has a set of 
deeper sliding surfaces, and the sliding depth exceeds 
120m of the borehole, which is in line with the simulated 
sliding surface at about 122m. This shows that in the 
simulation results here, the simulated sliding surface angle 
may be insufficient, or there may be multiple groups of 
sliding surfaces sliding simultaneously. 
 

 
Fig. 19 2016~2017 Dingyuan DY-B1 inclinometer 

measurement 

Source: Research on Development and Application of 
Landslide Observation Technology (4/4) (2018) 

 

 
Fig. 20 2016~2017 Dingyuan DY-B2 inclinometer 

measurement 

Source: Research on Development and Application of 
Landslide Observation Technology (4/4) (2018) 

 
According to the event record observation, when the local 
water level drives the slope sliding, Dingyuan and 
Shouting's sliding surfaces will drive simultaneously. In 
this study, the sliding depth results of Okada's inversion of 
the entire area may be the same as deep sliding surfaces in 
the two secondary collapse areas of Shouting and 
Dingyuan. The sliding depth is about 125.5m deep at the 
top, but when the slope is close to ST-B1, the depth reaches 
about 170m. This sliding surface is similar to the current 
estimation. The deep sliding surface is the same. From the 
residual value distribution in Fig. 21, the crown and the 
slope toe's residual amount is more miniature, which is in 
line with the DInSAR analysis results. However, there are 
more simulated residuals in the Dingyuan area. There is a 
set of sliding surfaces with a sliding depth of about 80m in 
Dingyuan. The remaining simulated residuals in this study 
should be related to this sliding surface. 
The sliding surface analyzed in this study regards the 
Dingyuan and Shouting sub-sliding areas as one for the 
Okada model inversion results. The analysis results 
obtained under extremely simplified formation parameters 
and geological structure estimated the sliding depth is 
approximately 125.5m. The sliding angle is consistent with 
the current inferred deep sliding position, which means that 
the sliding plane's driving should cause the surface 
deformation caused by the rainfall after 2007/06/08. 
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Fig. 21 Residual deformation of Dingyuan-Shouting 
Okada model simulation 

 
(4) Sliding volume estimation 
The study is based on the assumption established by 
Nikolaeva (2014), collapse volume is regarded as a 
standard ellipsoid. After obtaining the sliding surface's 
length and depth information, it will use equations (2) and 
equations (3) under sufficient conditions to calculate the 
collapse volume. In this study, the long side is about 1800m, 
the long axis A is 900m, the short side is about 1185m, the 
short axis B is 592.5m, and the sliding depth h is 125.5m. 
The length of the simulated sliding surface is 1523m, and 
the major axis a of the sliding surface is taken as 761.5m. 
Substituting the above A, a, and h into equation (2), the 
ellipsoid's maximum depth C is calculated at about 235.5m. 
After substituting the above parameters into equation (3), 
the potential sliding volume is approximately 19.03×107m3. 
The range of this variant is the Area -Volume regression 
equation (4) by Guzzetti et al. (2009), the results of the 
regression landslide volume calculated with the same area 
are as shown in Table 3: 
 

Table 3 The comparison of potential sliding volume 
estimation 

 Qingjing 

Potential Sliding Area(m2) 1.6753×10  

Guzzetti et al.(2009) sliding volume 
regression (m3) 7.84×107 

Sliding volume estimated by this study (m3) 19.03×107 

Variance ratio (This stud/Regression) 2.43 

 
The evaluation result of the Qingjing area in this study is 
about 2.43 times the table's regression volume. This 
situation can be concluded for the following reasons.  First 
of all, the Area-Volume regression formula has its use area 
and regression area limitation. The calculation of the 
volume will have noticeable individual differences. Plot 
the evaluation volume of this study into the original 
analysis case as shown in Fig. 22 to mark the location of 
the analysis volume of Qingjing. The potential landslide 
volume evaluated in this study is still within a reasonable 
range. Second, the potential landslide volume inferred in 
this study by simulating the sliding surface will not wholly 
leave the event's slope surface.  Part of the landslide 
volume will eventually remain on the slope surface to form 
an avalanche layer. 
 

 
Fig. 22 Correspondence diagram of simulated and 

regression volume in this study 

Source: adapted from Guzzetti et al. (2009) 

 
 

4. CONCLUSIONS 
Slippage has been observed in the area of Dingyuan-
Shouting in Qingjing in the past. After further analysis of 
measurement information such as leveling points, GPS, 
DInSAR, etc. The average slip rate has been slightly 
increased, but this phenomenon may be similar to 
observations. Each event's time scale is related to the 
rainfall pattern, so follow-up observation must be 
continued. The purpose of this research is to use the 
DInSAR analysis method with a fixed period to determine 
the length, width, and depth of the sliding surface from the 
Okada model from the surface change information. In the 
case of information inversion, and the landslide area is 
regarded as a standard ellipsoid.  A rapid assessment of the 
potential landslide volume is completed, and the following 
points are summarized from the analysis case: 
(1) Using the surface deformation analyzed by DInSAR 

combined with the Okada model to infer the sliding 
surface reversely, the sliding block can be regarded as 
an elastic body when the sliding zone is still in the 
creeping stage is not destroyed without the formation 
parameters and geological structure. Thus we can find 
the sliding surface's possible depth through inverse 
deduction, which will be used for the preliminary 
assessment of potential slopes in the absence of ground 
observation data in the future. 

(2) Before the sliding depth simulation, a detailed 
interpretation of the surface micro-topography 
combined with the amount of surface deformation 
analyzed by DInSAR helps find the sliding block in 
the event, which is very important to provide the 
constraint range of the Okada model parameters. The 
procedure can effectively restrict and converge the 
parameter setting range. 148



(3) In the simulation process, it is found that if different 
sliding surfaces are driving at the same time. The 
Okada model can only estimate the essential sliding 
surface parameters, while other minor sliding surfaces 
will leave simulation residuals. If the simulation result 
is more in line with the actual situation, it is necessary 
to set multiple sets of sliding surface parameters, 
significantly increasing the inversion calculation 
complexity. The influence of each sliding surface must 
also be considered. Therefore, simplifying the sliding 
surface setting before the inversion calculation and in 
the simulation achieving a balance in rationality will 
be the next issue. 

(4) The Okada model is simulated under the conditions of 
simplified geological parameters. Although the sliding 
depth simulation results can be obtained, it must be 
noted that the simulated sliding surface is a plain 
rectangle. This simulation method is suitable for 
planar sliding.  There will be restrictions in the 
analysis of arc sliding. 

(5) In this study, a group of sliding surfaces in Qingjing 
were successfully analyzed. The two's sliding depths 
are relatively consistent after comparison with the 
inclinometer, but it must be noted that the simulated 
sliding surface has good prediction results at the top. 
The sliding surface at the extended part is easily 
distorted. 

(6) In the estimation of the potential landslide volume, 
simple geometric shapes are used for evaluation. The 
deformation area can be drawn directly with the 
DInSAR to quickly obtain information such as the 
landslide ellipsoid's length and width. In this case, the 
estimated potential landslide volume can better reflect 
a single event. The sliding situation of the potential 
landslide is helpful to the analysis of the collapse 
behavior. However, if the potential landslide is in a 
complex topographical change or the geometric shape 
is too different from the standard ellipsoid, the volume 
assessment's accuracy may be significantly reduced. 
Before the observation information in the ground is 
absent, this evaluation mode can still provide specific 
quantitative results for using relevant decision-makers 
such as engineering disaster prevention. 

(7) In the model of evaluating the amount of landslide by 
potential sliding surface, the potential sliding volume 
of Qingjing area is about "1.903×" 〖"10" 〗^"8" "m" 
^"3".  After verifying the amount of collapse, it is in 
line with the scope of the collapse of a large-scale 
landslide comparison with Guzzetti et al. (2009). This 
model will help to assess the limit of the amount of 
landslide in a single area. This evaluation model can 
still provide a certain quantification amount before the 
lack of ground and underground observation 
information.  
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1. INTRODUCTION

Recently, severe wildfires were reported worldwide, such 
as Australia in 2019, Brazil in 2019, wildfires in California 
in the recent years. Especially campfire event in California 
in 2018 was recorded as the most severe disaster in 2018 in 
terms of economic loss. Wildfire is one of the most severe 
disasters in the world. Even in Japan, more than 1000 
wildfire events occur every year, and its total burnt area is 
larger than several hundred ha. 
Fire severity is a term to describe one aspect of fire refugia, 
affecting tree mortality, soil erosion, and hydrological 
changes. And it varies by types of fire expansion, which are 
surface fire and crown fire. Surface fire burns only short 
vegetation and lower part of trees, but affection on leaves 
on trees are limited because frame length is low. However, 
crown fire is generated by much intense frame length [1]. 
Since detectability of satellite analysis is also affected by 
severity, it should be also evaluated using various ground 
truth. Satellite data hardly detect especially low severity 
area because the burnt surface is easily covered by leaf on 
trees if the tree canopy was not damaged [2,3]. But its 
disaster record was mainly for date, place, and burnt area, 
and severity is rarely investigated and recorded in the world. 
Even though many researchers studied remote sensing for 
severity [4,5,6], detailed evaluation is still required. 
PALSAR-2 uses L-band radar, which has four polarimetric 
data. Since L-band can penetrate the trees, volume 
scattering and surface scattering are different depending on 
polarimetric waves [7]. It could be used to detect forest and 
even wildfire-affected forests [8,9,10]. But different 
severity would have different scattering characteristics, 
and it should be still evaluated in detail. 
Therefore in this research, the response of the backscatter 
coefficient was evaluated based on different fire severities. 
The target wildfire event was the Kamaishi wildfire in 2017, 
which was the largest wildfire event in Japan within these 
25 years, and it was rare having various fire severity areas 
in the same burnt area.  

2. STUDY AREA

The target area was the burnt area by the Kamaishi wildfire 
on May 8th, 2017 (Fig.1). It was the largest wildfire in 
Japan after 1995; the total burnt area was 413ha, more 
extensive than 384ha, a total burnt area in Japan in 2016. It 
was affected by 30-40% lower precipitation in the winter 
in 2017 and 25.9m/s of peak gust speed which was fastest 
in May at the Kamaishi observation station in the Japanese 
Meteorological Agency. And additionally, the road in the 

area was not for large vehicles, which hindered the fire 
extinguishing [11]. 
The triggered point was thought to be A point in Fig.1, 
along the forest road near the Aodashi Beach, but the fire's 
cause was not still specified. Redline in Fig.1 is the border 
of the burnt area investigated by the Kamaishi fire station, 
where there are no houses except the Ozaki Shrine located 
in B point in Fig. 1. Therefore, only forest is located inside 
of the burnt area. It was a mixed forest with planted forest 
and natural forest, consisting mainly of Pinus densiflora, 
Larix kaempferi, Cryptomeria japonica in a planted forest, 
and a broadleaf tree Japanese beech grows in natural forest. 
The terrain is steep on the ria coast, the coast is a cliff, but 
some small bays are formed, such as Aodashi Beach on the 
north side and Komatsu Beach on the east side. 
Fig.1 shows only burnt area, but severity varied. The only 
limited region was severely burnt until the plants' top, but 
only surface vegetation and lower part of the trees were 
burnt in most areas. Fig.2 shows the difference in burnt 
severity. Fig.2 (a) and (b) are severely burnt areas located 
on the eastern slope of Takanosu Mountain; fire reached 
the top of trees implying high fireline intensity. But Fig.2 
(c) was low severity trees near the triggered point where
the only lower part was burnt, and the fire didn't reach
canopies. As a whole, planted forests with many conifers
tended to have more variation in severities than natural
forests, and most of the broad-leaved areas had low burnout. 

Fig. 1 Burnt area of Kamaishi wildfire in 
2017 (Red Line: Border of the burnt area recorded 

by Kamaishi Fire Station) 
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3. GROUND TRUTH 

 
It was rare to have a large high severity area in Japan, 

and the sensitivity of satellite data should be evaluated 
based on diverse data of fire severities. We performed 
multi-point observation of fire residual on trees over the 
entire area. As shown in Fig.2, burnt severities were 

recorded on trees as residual, indicating fireline intensity 
and frame length. Since fire severity drastically changed  
place by place, the residuals were observed every 30m, on 
which severity seemed representative in the surrounding 
area. 673 points were measured in total to cover the whole 

 
(a) High severity zone near Takanosu Mountain 

(June 22th 2017) 

(b) Trees in high severity area located in the south 
part of Komatsu Beach (June 7th, 2017) 

 
(c) Trees in low severity area near triggered point 

(June 20th, 2017) 

Fig. 2 Burnt trees by the wildfire 

 

 

Fig. 4 Observed stem bark char height 

 

Fig. 5 Observed crown scorch height 

Fig. 3 Observed components 
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burnt area. The observation was performed from August 
30th 2017 to September 10th 2017. 

 Fig.3 was observed components, measured by 
TruPulse360. Two types of fire severities were recorded, 
which are stem bark char height and crown scorched height. 
The height of stem bark char height hc was different at the 
opposite sides as shown in Fig.3, and crown scorched 
height hs was usually higher than hc, and couldn't be seen 
when fire severity is low and only surface was burnt. 

As observed severity index in this research, these hc and 
hs were utilized, calculated by following two formulas. 

 

ℎ𝑐
𝐻 𝐻
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𝐻 𝐿
2

 

 

ℎ𝑠 𝐻
𝐻 𝐿
2

 

 

where H1 is the lower height of scar on stem bark, H2 is the 
higher height of scar on stem bark, H is the height of the 
surface at the higher side, L is the height of the surface at 
the lower side, and H4 is the height of highest burnt scar on 
leaves. 
Observed 673 points of hc and hs were shown in Fig.4. Fire 
severity was high near Komatsu Beach and the east slope 
on Takanosu Mountain. hs could be observed only hc is 
high enough for the fire to reach the canopy layer. 
Since this research's objective is to evaluate the sensitivity 
of the backscatter coefficient of PALSAR-2 on fire severity, 
only points for needle leaf were utilized, which has various 
severities. Tree types data was from JAXA Earth 
Observation Research Center (EORC) ALOS/ALOS-2 
Science Project and "Earth Observation Priority Research: 
Ecosystem Research Group" released as High-Resolution 
Land Use and Land Cover (HRLULC) [12]. After 
excluding broad leaf points, 594 points of needle leaf trees 
are in use for this research. 

 

 
 

  
(a) HH (b) HV 

Fig. 6 Difference of backscatter coefficient before and after the wildfire 

  
(a) HH (b) HV 

Fig. 7 Correlation coefficient of backscatter coefficient before and after the wildfire 
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4. ALOS PALSAR-2 DATA 
 
Stipmap2 observation mode was utilized to evaluate 
polarimetric SAR data, which has full polarimetric (HH, 
HV, VH, VV) with 6m spatial resolution. Images were 
from the right side of ascending orbit, and the off-nadir 
angle was 32.7 degree. The pre-fire image was taken on 
September 15th 2016, and the post-fire was on September 
14th 2017. Therefore the effect of seasonal plants' growth 
can be ignored in this analysis. After the wildfire in May 
2017, several burnt trees were cut to test after the end of 
August. However, this effect was limited because the only 
limited area was cut and because ground truth in chapter 3 
were observed from August 30th 2017 to September 10th 
2017, so cut tree couldn't be included. 
SAR image was downloaded as level 1.1 data. And they 
were processed for calibration, multilook, Speckle 
Filtering, Terrain correction using SNAP. Copernicus 30m 
Global DEM was utilized for terrain correction. 
Fig.6 was the difference of backscatter coefficient between 
post-fire and pre-fire for HH and HV. As a result, the 
difference was slight in most burnt areas, but only high 
severity zone was reduced in both HH and HV. And the 
decreasing trend was significant in HV image. 
And Fig.7 shows a correlation coefficient of surrounding 
mesh nearer than 50m of each mesh. The difference 
between HH and HV was slight, but the correlation 
coefficient was also lower only in high severity areas. The 
backscatter coefficient changed significantly only in high 
severity areas.  
 

5. RESULTS 
 
In this chapter, the backscatter coefficient was compared 
with measured ground truth. Utilized ground truth were 
two types of severity index hc and hs at 594 points at needle 
leaf trees among all 673 points. Since the backscatter 
coefficient varies even at the same severity level, compared 
results were shown as box plots in Fig.8 and Fig.9. Stem 
bark char was categorized every 2m, and crown scorch 
height was every 4m, and negative means unburnt.  
In most cases, the backscatter coefficient was reduced, 
consistent with other research for reducing forest. When hc 
was higher than 6m, or when hs was not -1 which means 
crown was affected by fire, fireline intensity was strong 
and regarded as middle severity or high severity. Reducing 
trend was significant in these severity cases. The reducing 
trend was stronger in HV and VH than HH and VV, which 
implies volume scattering decreased significantly. 
On the other hand, in the low severity area where only 
surface was burnt, both HH and VV didn't change when hc 
was lower than 4m, while HV and VH were slightly 
reduced. Considering this reducing trend in HC and VH, 
the unburnt area should also be evaluated as future research. 
Furthermore, when hs is higher than 16m meaning the tree 
was extremely damaged, both HH and HV increased. Since 
hs could be such high only on limited trees, Fig.6 can't 
show the increased area well, however, it needs further 

consideration to evaluate the reason based on further 
observation at other wildfire events. 
 

6. CONCLUSIONS 
 
In this research, the sensitivity of full polarimetric data on 
wildfire burnt areas was evaluated. Target was the 
Kamaishi wildfire which was the largest in these 25 years 
in Japan, having various fire severities on trees. 673 points 
of measured fire severity were used as ground truth 
covering the whole area. The ground truth were utilized to 
be compared with the backscatter coefficient from 
PLASAR-2. 
As a result, in the middle severity and the high severity area, 
indicated by hc higher than 6m and hs was not -1, 
backscatter coefficient has reduced in all polarimetric data. 
However, HH and VV didn't change in ower severity, 
while HV and VH slightly reduced, which implied a 
reduction of volume scattering. Furthermore, in extreme 
high severity areas where hs was higher than 16m, the 
backscatter coefficient increased, it needs further 
consideration based on observation for other fire events. 
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(a) Comparison between HH and stem bark char height (b) Comparison between HV and stem bark char height 

  
(c) Comparison between VV and stem bark char height (d) Comparison between VH and stem bark char height 

Fig. 8 Comparison between the difference of backscatter coefficient and observed stem bark char 
height (Value in horizontal axis means a minimum of severity range. -1 means unburnt.) 

  
(a) Comparison between HH and crown scorch height (b) Comparison between HV and crown scorch height 

  
(c) Comparison between VV and crown scorch height (d) Comparison between VH and crown scorch height 

Fig. 9 Comparison between the difference of backscatter coefficient and observed crown scorch 
height (Value in horizontal axis means a minimum of severity range. -1 means unburnt in a crown.) 
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1. INTRODUCTION

Japan is famous as one of the volcanic countries in the 

world, with 270 volcanoes among which almost 110 are 

active. 

The aim of this project is to validate the suitability of SAR 

Interferometric Time Series analysis based on PALSAR-2 

data for the monitoring of volcanic activities in Japan and 

for estimating risks related with volcanic eruptions, 

through the exploitation of adequate geophysical 

modelling techniques. 

This project implementation concerns one of the “Priority 

Themes” set by JAXA for this Research Announcement, 

namely “Monitoring to predict natural disasters and to 

grasp its damage situations”, and, in particular, all hazards 

related with volcanic activities. 

This topic is actual both from the study area point of view, 

considering the continuous volcanic activities in Japan and 

the associated very high risks, and from the research and 

technology point of view, referring to the above timeline. 

The project was focused on two volcanoes in Japan. 

Sakurajima and Aso-san, which have had significant 

activities and eruptions in the recent years. 

Interferometric time-series analysis was performed by 

exploiting the SBAS algorithm. A comparison of results 

obtained from Palsar-2 results and Sentinel-1 data was 

carried out for both the study areas. 

The aims of this study are: i) to validate the suitability of 

SAR Interferometric Time Series analysis based on several 

sensors and datasets for monitoring of Aso and Sakurajima 

volcanic activities and ii) to define adequate geophysical 

models leading to an operational forecasting tool 

2. CASE STUDIES

Two different volcanoes, Aso and Sakurajima, both located 

in Kyushu Island, have been considered. Their location is 

shown in Figure 1. 

Fig. 1 Location of Aso and Sakurajima Volcanoes, 

Kyushu Island, Japan 

2.1. Aso Volcano 

Aso volcano, located in the central part of Kyushu island, 

stands out for its large caldera (18 km x 25 km) and 

intracaldera volcanic central cones. This system lies  on the 

E-W Beppu-Shimabara graben fault system and it is

younger than 0.1 Ma. Among 17 cones, the only crater

which has been active for 80 years is Nakadake, composed

by seven craterlets. In the considered time span (2014-

2018), only few eruptions occurred. Despite the low

intensity activity, ground displacements, detectable

through different satellite sensors, can reflect the inflation-

deflation cycles of the plumbing system below one of the

main inactive crater (Kusasenri) [1], [2]. A dramatic

seismic event occurred during the investigated period, the

Mw 7.0 Kumamoto earthquake happened on April 16,

2016, 60 km far from the caldera rim.

Sakurajima 

Aso 

50 100 km 
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2.2. Sakurajima Volcano 

Sakurajima volcano is one of the most active volcanoes in 

Japan and caused the most powerful eruption in Japan in 

the last century (1914). Volcanic eruptions are often 

preceded by ground deformations. It is located inside 

Kagoshima Bay, Southern Kyushu, on the southern rim of 

the Aira caldera. This structure was formed following a 

catastrophic ignimbrite eruption that occurred 29,000 years 

ago and it lies in the N-S Kagoshima graben fault system 

[3]. Sakurajima volcano is composed of two overlapping 

stratovolcanoes (Kitadake and Minamidake) [4]. Since 

1955, the vulcanian and strombolian activity is ongoing in 

Minamidake crater. Moreover, since 2006, eruptive 

activity has also resumed in Showa crater, which is situated 

in the eastern flank of Minamidake. The plumbing system 

is composed by one main reservoir located beneath the Aira 

caldera at 10 km depth and two shallower beneath the 

central cone (<4 km) [5]. Originally, Sakurajima was an 

island but now it is connected to the Osumi Peninsula by 

an isthmus formed by a lava flow erupted during the 1914 

plinian eruption. This event, Taisho eruption, has been the 

Japan’s highest intensity and magnitude eruption of the 

twentieth century. The recent activity of the volcano is still 

particularly prominent. In fact, several eruptions were 

registered in the last ten years, and a rapid dike intrusion 

occurred on August 15, 2015 generating strong 

deformations [6]. 

 
3. DATA AND METHODS 

 

Multi-temporal interferometric analysis is performed, 

applying SBAS algorithm [7], on stacks of Palsar-2 and 

Sentinel-1 data to obtain precise measurements of the 

displacement of the calderas that occurred over the 

observed time-period. In addition, temporal evolution of 

surface deformation has been retrieved to investigate its 

correlation with events like eruptions and diking. The 

availability of different datasets enables the reconstruction 

of deformation time series and supports a comparison of 

data with different ground resolution acquired with 

different microwave bands. 

Displacement time series are calibrated by exploiting 

continuous GNSS measurements of the Earth Observation 

Network (GEONET) stations. Validated measurements are 

analyzed to identify rapid variation of the deformation rate, 

pointing out the most interesting events to be considered 

for geophysical modeling. 

In case of Aso volcano, both SAR and GPS time series 

have been analyzed before and after the 2016 Kumamoto 

earthquake, to exclude the co-seismic effects and to 

estimate the deformation trends connected to the volcanic 

activity. 

Inverse modelling is applied on Sakurajima 

displacement fields spanning the rapid dike intrusion of 

August 15, 2015, in a two-step approach [8]: the location 

and geometry of the geophysical sources are identified 

through non-linear inversion of the displacement rates, 

while linear inversion provides an estimation of the 

distribution of the opening induced by the magma 

intrusion. The model considered in the inversion process is 

the Okada model [9] [10], which is the most adequate to 

reproduce faults, sills and dykes behavior. The dike 

intrusion is modeled considering the displacements 

obtained from three interferometric pairs, respectively a 

Palsar-2 descending couple (10/08/2015 - 24/08/2015), a 

Sentinel-1 descending pair (31/07/2015 – 24/08/2015) and 

a Sentinel-1 ascending one (12/07/2015 – 29/08/2015). 

 

4. RESULTS AND DISCUSSIONS 

 

Aso volcano post seismic mean velocity maps are shown 

in Figure 2, where Sentinel-1 results have been projected 

along the vertical and East-West directions, while Palsar-2 

descending results refer to the satellite Line-of-Sight 

(LOS). Sentinel-1 results (Figure 2A and 2B) show a 

general deflation of the main Nakadake crater and an uplift 

on the southwestern rim. Palsar-2 results (Figure 2C) show 

a better spatial coverage. In the central part of the caldera a 

deflating activity is dominant, while the southwestern part 

is interested by an uplifiting. Both Sentinel-1 and Palsar-2 

velocity maps clearly detect the Futagawa-Hinagu and the 

Idenokuchi faults, as a result of seismic and post-seismic 

effects.  

 

 

Fig. 2 Aso volcano. Sentinel-1: Vertical (A) and 

horizontal (B) velocity maps (2016-2018); Palsar-2 LOS 

velocity map (2016-2018) (C); time series of 

deformations of a point located between the main 

craters (D). 
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Fig. 3 Sakurajima volcano. LOS mean velocity maps 

obtained from the SBAS processing referred to 

Sentinel-1 datasets, respectively ascending (upper left) 

and descending (upper right) stacks. The black star 

showed on the Sentinel-1 descending mean velocity map 

correspond to the point plotted below, representing the 

LOS time-series of displacement obtained from Palsar-

2 descending data (red line) and Sentinel-1 descending 

data (green line). 

The small fluctuations due to the volcanic activity and to 

the hydrothermal system can reflect where the position of 

the plotted point is, with respect to the magma chamber 

(Figure 2D). 

Sakurajima mean velocity maps obtained from SBAS 

multi-temporal processing of Sentinel-1ascending and 

descending datasets are shown in Figure 3. Actually, the 

rapid variation of the volcano deformation rates is not 

significantly described through the mean velocities, 

especially if related to long time intervals, characterized by 

significant inflation and deflation of the volcano. 

Therefore, Figure 3 also shows time-series of deformation 

referred to the two analyzed descending datasets, Palsar-2 

and Sentinel-1, plotted for a single point (black star). The 

plots show a dramatic rise of both the time-series during 

the period July 2015 – September 2015, spanning the dike 

intrusion occurred on August 15, 2015. Even if Palsar-2 

SBAS results still have to be calibrated through GNSS 

information, the velocity variation of the two time-series 

shows a comparable rate, even considering the different 

incidence angles of Palsar-2 and Sentinel-1 and therefore 

the different LOS displacement projections. 

 

Fig. 4 Sakurajima volcano. Filtered interferograms obtained using: Palsar-2 data in descending mode (10/08/2015 - 

24/08/2015) (A), Sentinel-1 data in descending mode (31/07/2015 – 24/08/2015) (B), Sentinel-1 data in ascending mode 

(12/07/2015 – 29/08/2015) (C). Sub-sampled displacements observed using: Palsar-2 data (D), descending Sentinel-1 data 

(E), and ascending Sentinel-1 data (F). Modeled displacement referred to Palsar-2 acquisition geometry (G, H). 

Distribution of the opening in the source (I). 
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Results of Inteferometric analysis of three SAR pairs 

over Sakurajima, Palsar-2 descending and Sentinel-1 

descending and ascending, spanning the event of August 

2015, are shown in Figure 4. The three filtered 

interferograms (Figure 4 A, B and C), once unwrapped, are 

converted on the displacement induced by the dike 

intrusion. The three displacements are then under-sampled, 

using a 100-m resolution, to create the displacement grids 

to be inverted (Figure 4 D, E and F). The location of the 

source, obtained from the non–linear inversion step, is 

below the Showa crater, with a depth of the upper-margin 

of 590 m. The source is approximately 300 m wide and 

1400 m long, having strike, dip and rake angles 

respectively of 32°, 70° and 92°. The results are 

comparable with the model presented in [6]. The mean 

opening value is 2.9 m, but the discretization of the source 

provided the opening distribution on the source. Patches of 

50 m x 50 m have been defined, extended the source 

dimensions to 2000 m x 1000 m (Figure 4-I) to avoid edge 

effects on the final opening distribution. The result of the 

linear inversion, shown in Figure 4-I, corresponds to a total 

volume increase of 1.5 x 106 m3. Modeled displacement 

fields, obtained from the defined source, properly 

reproduced the observed displacements of the three 

inverted datasets. An example of the modeled 

displacement, related to Palsar-2 data, is shown in Figure 

4-G and 4-H, through a 3D view of the modeled 

displacement field and the source location. 

 

 

 

 

5. CONCLUSIONS 

 

The availability of SAR data acquired from different 

sensors allows obtaining deformation fields and their 

evolution over Aso and Sakurajima volcanoes, in different 

time intervals and with different ground resolutions.  

Aso volcano is situated in an area affected by a 

complex tectonic component, which masks low intensity 

activity in the time-series of deformations and makes 

difficult the identification of the magma reservoir effects. 

Moreover, the characteristics of the sensors employed, as 

the revisiting time, the number of available images and 

wavelength used, can influence the coherence and the 

coverage and accuracy of the detected displacements and, 

consequently, the possibility to relate ground deformations 

with the behavior of the volcanic apparatus. Nevertheless, 

it was possible to identify a strong post-seismic activity all 

along Futagawa-Hinagu and Idenokuchi faults. 

Sakurajima analysis shows a clearer correlation 

between surface deformations and the intense volcanic 

activity. Furthermore, results present a good 

correspondence between the registered dike intrusion of 

August 2015 and the strong acceleration of time-series on 

the area affected by this event. 
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3324 Czech republic 28th April 2019

The collaborative project didn‘t achieve expected results.
We have downloaded ALOS-2 data over several areas of our interest. Several
interferograms were generated in order to try to identify active landslides.
In case of Czech area, the displacements were not clearly visible, especially due to
decorrelation (long temporal difference between images in densely vegetated area).
Similar result was achieved over Georgian landslides.
None of our results were published within the project.
Due to personal changes within the collaborative group, we did not manage to keep
processing activity ongoing. We have reactivated our collaboration lately and were
ready to order last stack of data that would be important for distributed research
(including identification of landslides over El Hierro volcano, middle Turkey,
Spain, Uzbekistan, El Salvador, Portugal and Greece). We have downloaded in this case
74 ALOS-2 images. Unfortunately these images were of Level 1.5, not SLC (level 1.1).
We have realized this after 31st March 2019, i.e. after the end of our agreement.

Conclusions

We have prepared several ALOS-2 interferograms using software SNAP and SARproZ.
These interferograms did not show expected displacements due to noise.
We have no publications created within the project scope.

Users feedback

We had problems using AUIG2 system. It was working only in 20% of computers due to
non-standard Microsoft Silverlight as the main core.
We have failed several times to order 1.1 (SLC) level data. This could have been
caused either by our ordering staff or during the download process (we used
Linux command line utility to download data from AUIG2 directly, not the GUI).
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1. INTRODUCTION

The 2015 M8.3 Illapel, Chile earthquake took place at 

22:54:33 UTC on September 16, 2015. The epicenter is 

located about 8 km offshore and 230 km from the capital 

city, Santiago [USGS, 2018; Yin et al., 2016]. The rupture 

was resulted from mainly thrust faulting with seismogenic 

slip up to 8 m [Melgar et al., 2016b]. The low-angled fault 

is oriented along the North-South direction with strike ~6o 

and dip ~19o [USGS, 2018]. This earthquake occurred on 

the tectonic margin between subducting Nazca Plate and 

the overriding South American Plate along the Peru-Chile 

Trench with a slab convergent rate of about 66 mm/yr 

[Angermann et al., 1999; Tilmann et al., 2016]. Its focal 

depth is about 22 km from surface and the aftershocks tend 

to spread onshore to greater depths [USGS, 2018].  The 

tsunami alerts/advisories have been issued for entire 

Pacific coast of the islands, including California Coast, 

Chile and Peru [Calisto et al., 2016; Inazu et al., 2016; 

Melgar et al., 2016a; Tang et al., 2016]. The coseismic 

displacements associated with the Illapel earthquake are 

recorded by InSAR observations (Figure 1) [c.f. Liang, 

2015]. The reliability of interpreting coseismic 

displacements largely depends on how well the elastic 

models simulate the lithospheric environment near the 

epicenter [Hearn and Bürgmann, 2005; Masterlark and 

Hughes, 2008; Moreno et al., 2009; Okada, 1985; Trasatti 

et al., 2011]. Tung and Masterlark [2018b] highlights it is 

essential for these models to account for the distinctive 

material contrast between the lighter continental crust and 

the denser oceanic slab when imaging earthquake slip with 

geodetic measurements near subduction zones. Regarding 

the complex geological configurations of subduction 

zones, the analytical Okada solution of fault dislocation 

calculated within a homogeneous half-space would either 

overestimate or underestimate surface deformation in rigid 

and weak zones respectively [Masterlark et al., 2012; 

Masterlark and Hughes, 2008]. Solution sensitivity toward 

elastic heterogeneity is also found in other subductive 

settings [Hearn and Bürgmann, 2005; Williams and 

Wallace, 2015]. Moreover, it is also known that numerical 

artifacts of slip solutions and stress calculation could be 

significant when the modeled fault geometry is over-

simplified as a plane along a curved structure [Mildon et 

Figure 1. (a) Seismotectonics of the 2015 M8.3 Illpael earthquake, (b) the co-seismic LOS displacements and (c) the 

nearfield quadtree data decomposition. 
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al., 2016; Moreno et al., 2009; Tung and Masterlark, 

2018a]. Finite element models (FEMs) are one of the best 

numerical tools to simulate both of the above tectonic 

complexities [Hughes et al., 2010; Kyriakopoulos et al., 

2013] (Figure 2), which cannot be readily assembled in an 

analytical half-space [e.g. Okada, 1985]. 

 

2. DATA AND METHOD 

The line-of-sight (LOS) displacements associated with the 

Illapel earthquake is observed by the InSAR data obtained 

between 24 August and 17 September 2015 [Liang, 2015]. 

A maximum coseismic subsidence of 1.5 m is observed 

north of the epicenter. Furthermore, the subsiding signals 

are smeared near the shore (Figure 1), implying seafloor 

deformation (Figure 1a). Because there are only few GPS 

stations near the epicenter [UNAVCO, 2018], we do not 

include any GPS data in our analysis to avoid data-size 

imbalance with the InSAR observations. To decompose the 

data with quadtree reduction, we maintain the intra-quad 

sigma to be 2.0 cm to smooth the local variation of LOS 

displacements (Figure 1b and c). 

 

For simulating the earthquake deformation of the Illapel 

earthquake, a FEM is constructed by a commercial code, 

Abaqus Standard module (Figure 2). The numerical 

domain (3989 x 3989 x 300 km) contains 37338 nodes and 

183778 1st order tetrahedral (T4) elements (Figure 2d) with 

surface topography (Figure 2c). Maximum and minimum 

mesh intensity are assigned over the fault surface and 

domain boundary respectively, such that the elements 

saturate the 3D domain in a non-structural manner. A fine-

mesh region (FMR) (798 x 798 x 136 km) further refines 

the mesh near the domain center for extra resolution 

(Figure 2b). A total of 2464 node pairs are configured along 

the slab section (Figure 2a). The elastic rock properties of 

each element are quantified by (Figure 2e) Young 

Modulus, E, and (Figure 2f) Poisson’s ratio, ʋ, according 

to  

𝐄 =
𝛒𝐕𝐬

𝟐(𝟑𝐕𝐩
𝟐−𝟒𝐕𝐬

𝟐)

𝐕𝐩
𝟐−𝐕𝐬

𝟐        &     ʋ =
𝐕𝐩

𝟐−𝟐𝐕𝐬
𝟐

𝟐(𝐕𝐩
𝟐−𝐕𝐬

𝟐)
  

      (1) 

where Vp, Vs and, ρ are the p-wave velocity, s-wave 

velocity and density respectively.  To increase computation  

efficiency, elements of similar material property are 

partitioned into element sets. In general, ʋ decreases with 

depth while E increases with depth (Figure 2e and 2f). The 

elastic dislocation is formulated by the kinematic 

constraint equations [c.f. Masterlark, 2003] and governed 

by the equations of elastic theory [e.g. Turcotte and 

Schubert, 2014]. 

 

3. RESULTS 

 

Our results show that there exists a physical solution with 

a small error of 0.21 m2 at a roughness of 3699 m2 , sharing 

a moment magnitude of 8.22 similar to the seismological 

estimate [USGS, 2018]. Its small GCV value of 0.0001 

indicates a good trade-off between weighted misfit and 

solution roughness. The optimal solution is selected with 

βstrike and βdip of 0.63 and 0.02 respectively such that the 

slip attains a mean fault rake of 84.4o. Such solution 

predicts up to 7.75 m of reverse faulting and up to 0.28 m 

of left-lateral strike slip, indicating a trench-breaking event 

which is coherent with the issues of tsunami warning. This 

slip solution is very similar to the finite-fault model derived 

by Hayes [2015] in terms of magnitude and pattern but with 

a higher resolution thanks to InSAR observations. The 

observed LOS displacement is well recovered by the 

optimal solution, yielding negligible residuals whose 

magnitude is only 1% of the averaged LOS displacements 

(Figure 3).  Furthermore, the residuals appear to follow a 

normal distribution with a mean of 0.008 m and a standard 

deviation of 0.014 m. The statistical quantile-quantile plot 

 
 

Figure 2. Model configurations of the FEM and the distributed material properties. 164



shows coherence in the lower tail but a larger departure in 

the upper tail, revealing that there are excessive locations 

of over-estimated LOS displacements. 

 

3. CONCLUSION 

 

A new generation of elastic fault model is employed to 

interpret the earthquake deformation caused by the 2015 

Illapel earthquake. InSAR data records the geographical 

pattern and magnitude of such deformation and enable 

imaging the fault rupture distribution. A new approach of 

regularization regime smooths the solution over a curved 

fault slab. The result highlights a thrust-dominated source 

with a maximum slip of 8 m and a magnitude of 8.22. This 

study demonstrates how the FEM can be used to simulate 

the realistic tectonic environment along the subduction 

margin and resolve the earthquake slip pattern with InSAR 

observations. 
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1. INTRODUCTION

The probability of a large earthquake within the Marmara, 
Turkey has been estimated to be about 44±18% over the 
next 30 years [1] GPS observations of secular strain around 
the Marmara provide an internally consistent set of fault 
slip rates for the major branches of the westernmost North 
Anatolian Fault (NAF). This deformation pattern indicates 
that those branches that have generated M> 7 earthquakes, 
are accumulating strain and are the most likely branches to 
generate future earthquakes. The geodetic results are 
consistent with historic earthquake studies that report 
multiple M>7 events on the Princess Island segment (5-6 
km from the center of Istanbul) and the Ganos Fault (60 km 
west of the border of Istanbul) [2] (Figure 1). All the 
significant seismic sources have the potential to generate 
damaging levels of ground motion in the İstanbul, one of 
the major cities of the World. Because of the proximity of 
the Marmara segments to the megacity of Istanbul with a 
rapidly growing population of > 18 million, and the 
cultural, financial, and industrial heart of Turkey, the 
Marmara has been designated a “Permanent Supersite” by 
the CEOS under GEO Geohazard and Natural Laboratories 
Initiative (GSNL) in 2014. In this frame, we investigate the 
surface displacements affecting the Marmara via the 
TerraSAR-X, CosmoSkyMed and ESA/SENTINEL-1 A/B 
constellation. However, these sensors are rather noisy in 
the vegetated regions and thus the estimation of low 
velocity deformation rates is not possible. The main issue 
expected from ALOS-2 (L-band) is the large capacity to 
capture deformation in vegetated areas in contrast to X- 
and, C-band missions due to its reduced sensitivity to 
decorrelation effects. ALOS-2 would be a key tool for 
deformation monitoring in Marmara, which is heavily 
populated and vegetated region of Turkey. Especially, one 
frame of ALOS-2 L-band wide-swath ScanSAR data (350 
km swath width) covers the whole Marmara Region and  
its wide-swath images seem as attractive for the long-term 
monitoring. 

Figure 1. The active faults in the Marmara area (red 
and black lines), compared to the extent of the Istanbul 
municipality (blue lines). The sources more likely to 
generate strong damage in the Istanbul area are shown 
in red. 

In the first years of the project, the organization of ALOS-
2 ScanSAR project archive has been established and the 
processing tools has been prepared. Then, we focused to 
analyze the ALOS-2 ScanSAR data in the last year. 
Different codes checked and the last version of ISCE used 
[3] used, successfully.

In this report, we present our key results to demonstrate the 
advantages and limitations of ALOS-2 ScanSAR data, 
usage in Marmara permanent Supersite.   

2. DATA PROCESSING

ALOS-2 ScanSAR data can be downloaded in two 
different focused formats. In one of them, the data is 
focused burst by burst and, data can be processed for each 
burst, directly. In second one, the data is focused by full-
aperture algorithm and the result can be used as a 
continuous stripmap-like image.  

In the project, at first, we downloaded Level 1.1 burst mode 
data between 2014-2021 interval on descending track 
2805. But we didn’t process them in available open codes, 
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successfully. After the negotiation with JAXA and 
comments in [3], we re-downloaded full-aperture images 
for the same track. In this format, burst gaps fill with zero 
echoes and focusing realize. But, the removal of non-
overlap spectra caused by Doppler centroid frequency 
difference and burst misalignment, still remains a problem 
[4].  

Additionally, before mid-February, 2015, the bursts have 
serious alignment problems [5] and we removed this part 
from our archive. Figure 2 shows the baseline plots of 
available data sets (52 images). 

 

Figure 2. Baseline plot of the 52 ALOS-2 ScanSAR 
images. It shows all available data for the study area. 
Red star shows the location of the reference date 
(20191103). 

We decided to use the JPL ISCE [6] InSAR processing 
software. Because, ALOS-2 ScanSAR workflow 
implemented in JPL ISCE [6] (version > 2.5) [4] and 
alosStack workflow of ISCE is available for the mass 
product routine analysis. After a series of the test process, 
the best reference date selected as 20191103 and 261 pairs 
obtained.  At the final stage, percent of burst sync rate was 
between 64%-98%. Then, we dropped 16% of the whole 
data set under the 90% of burst sync rate [4], to obtain the 
reliable InSAR analysis. 

As well-known problem of L-band SAR data, 
minimization of the ionospheric anomalies is one of the key 
problems. This workflow, also, improve the ionospheric 
correction. Figure 3 indicates the performance of 
ionosphere correction, based on 160911-170226 pair. 

 

Figure 3. Example ionosphere correction for 
Interferogram: 160911-170226 in radar coordinates. 

To estimate the velocity and time series analysis, Minty [7] 
toolbox used.  The Minty toolbox is a Python 3 software 
for small baseline InSAR time series analysis. The input is 
a stack of differential interferograms that form a fully 
connected network. 

Figure 4 shows the correlation history of all pairs, 
transferred to Mintpy from ISCE stack. The correlation 
between images is very low than expected threshold (<0.7) 
of the crustal deformation monitoring studies by InSAR 
times series.  During the selection of reference frame, we 
tested different filter parameters but we couldn’t improve 
the coherence levels. Then, we decided to use the 
coherence level as 0.5 in order to use the maximum number 
of pairs in time series analysis (~68% of the pairs dropped) 
(Figure 5). Usage of the lower than this value, our Mintpy 
workflow failed. 

 

 

Figure 4. Correlation history of all available pairs. 

 

Figure 5. Coherence Matrix. It shows the number of 
pairs, used in Mintpy workflow. 
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To remove the tropospheric phase contribution, Mintpy 
package has several methods.  We tested them and realized 
that each of these has advantages and disadvantages. 
Generally, while GACOS corrections [8] work well on 
65% of interferograms and the phase-elevation corrections 
[9] works well in others. Then we decided to use the 
GACOS correction to mitigate the tropospheric phase 
noise.  

Mintpy workflow, also, correct or exclude phase-
unwrapping errors using different methods [7]. However, 
due to the low-level coherence between the pairs, none of 
them gave high quality outputs and the final products have, 
serious unwrapping noise.  

 

3. RESULTS AND DISCUSSION 
 

Our target is to analyze the deformation field in order to 
understand the interseismic response of the region. Then, 
we focused to the LOS velocity field (Figure 6), estimated 
from Mintpy workflow. As expected, LOS velocity field 
separated by two zones along the northern branch of NAF 
and marks it as the main deformation zone (90% of the slip 
occurs along this branch [10]) in the Marmara region. 

 To interpret the LOS velocity field, we analyzed the 
critical zones on the Figure 6.  Each of them is related with 
different tectonic/geologic features of the Marmara region. 
In the following, we introduce each zone in Figure 6; 

(A) At the southwest branch of the Biga Peninsula in 
Ayvacık, Turkey, an earthquake swarm occurred in the first 
two months of 2017. This swarm activated on 14 January 
2017 with Mw=4.6 and ended on 24 March 2017 
(Mw=4.3). There were 24 earthquakes in this period 
(4.3<Mw<5.5). The biggest one occurred on 6 February 
2017 (Mw=5.5). Its depth was very shallow (~4km) and 
ALOS2 ScanSAR data captured the coseismic deformation 
of this earthquake. Figure 7 shows the details of Figure 6A.  
LOS velocity profile on Figure 7 characterizes the fault 
structure, very well and compatible with fault plane 
solution of KOERI [12]. 

(B)  Figure 8a shows the fault perpendicular velocities on 
the İzmit (Figure 6B). Many researchers mapped a creep 
zone at this location, related with postseismic deformation 
of 17.8.1999 (Mw7.4) Izmit earthquake [15][16].   This 
figure indicates a strong velocity jump as the signature of a 
creep and supports the published studies. However, data is 
too noisy and LOS velocity jump is bigger than published 
ones (~5-6 mm/yr.). This result reflects the low coherence 
between the pairs, coregistration [3] and unwrap errors.  

(C) Figure 8b shows fault perpendicular velocities on the 
Ganos (Figure 6C). Researchers agree that Ganos section 
of the northern branch of the NAF locked [1][10] and our 
result indicate slow deformation accumulation, roughly. 
But, similar to Figure 8a, scattering is dominant and the 
amplitude range is bigger than our expectations [1][10]. 
Similar to İzmit profile, the main reason is low coherence 
level of the pairs. Also, due to the coregistration and 

unwrap errors in the LOS velocity field, finding the stable 
zone and the selection of the reference was difficult. 

 

 
Figure 6. LOS velocity field, estimated from Mintpy 
workflow, using ALOS-2 ScanSAR data sets.  Black 
square indicates the location of the reference point. 
Thin black lines show the main active fault zones 
(branches of North Anatolian Fault in the Marmara 
Region) [11]. Critical anomalies (A-D) marked with red 
rectangles and discussed in the text. Blue circles on (B) 
and (C) rectangles show the starting position of the fault 
perpendicular LOS velocity profiles in Figure 8. Color 
scale adjusted to show the long period deformations, 
instead of the local ones. 

 

 

 
Figure 7. The coseismic field of Ayvacık earthquake, 
Turkey (02.06.2017, Mw5.5) along LOS velocity field on 
Figure 6A. Black square indicates the location of the 
reference point. Thin white lines show the simplified 
version of the main active fault zones (branches of 
North Anatolian Fault in the Marmara Region) [11].  
Blue line shows the location of the profile on the subset 
profile figure. Fault plane solution (red) obtained from 
KOERI [12]. Profile data seems as compatible with the 
fault plane solution. To identify the region for non-
experts about the Marmara, map prepared in Google 
Earth [14].  
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Figure 8. Fault perpendicular LOS velocity profiles 
show on Figures 6B and 6C. (a) left panel shows İzmit 
profile and (b) right panel shows Ganos fault profile.  

 

(D)     The anomaly on Figure 6D is related with subsidence 
at the Bursa plain, Turkey and well-studied by [17]. Their 
interpretations indicate that the source of subsidence is 
mainly due to anthropogenic activities rather than tectonic 
motion.  

 
6. CONCLUSION 

 

The results showed that ALOS-2 ScanSAR data is capable 
of detecting from moderate size earthquakes (Mw~5.5) to 
predict interseismic velocities (order of 20mm/year). 
However, avaliable data has serious limitations due to low 
coherence in time and space. Coregistration was another 
problem. We applied all available procedures in the 
workflow but we saw big coregistration error in the final 
pairs [3][4].  Then, the results have unwrapping errors and 
bias in range and azimuth. In our analysis, this causes the 
insufficient estimation of deformation amplitudes and 
difficult interpretation of the deformation anomalies due to 
the strong noise contribution. 

However, this limitation can be overcome by obtaining 
longer time series with high correlation data sets and 
improving of the software codes. Also, we can mention that 
burst sync rate problems are getting smaller in time, based 
on our expanding archive. 

In conclusion, with its wide detection capacities, ALOS-2 
ScanSAR data seems to be an important set for Marmara 
Permanent Supersite. In the future, a region-specific 
process workflow will be created to analyze the data set 
more effectively, and the correlation level with new data 
sets will be increased in space and time. 
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1. INTRODUCTION

The seasonal snowpack is an important natural factor in 
regions of temperate and northern latitudes. Snow greatly 
influences the climate, hydrological and soil processes, 
plant, and animal life, as well as human activity. The main 
quantitative features of a snowpack that can be remotely 
sensed are its depth and Snow Water Equivalent (SWE). 
They determine its impact on the natural environment [1]. 
SWE is the total amount of water contained in the 
snowpack. In particular, in the case of homogeneous snow 
with a constant depth, SWE is calculated as the product of 
the snowpack depth d and its density ρs relative to the 
density of water ρw, and it is expressed in units of length. 

The possibility of directly measuring SWE with the 
help of differential interferometry was considered for the 
first time in [2], where an approximately linear relation was 
found between the interferometric phase and SWE value. 
The presented work is the result of investigations that have 
been started in [3, 4]. For the first time, the effect of 
backscattering from the ‘air–snow’ interface on the 
amplitude and phase of microwaves is estimated. A more 
general interferometric model of backscattering is 
proposed [5]. The paper presents the results of an 
experimental study that used the interferometric method 
for the determination of SWE, which was first carried out 

in the L-band by means of Advanced Land Observing 
Satellite – 2 (ALOS-2) Phased Array type L-band 
Synthetic Aperture Radar – 2 (PALSAR-2); a comparison 
between experimental and numerical data are also provided. 
Experimental results were obtained at the test site near 
Lake Baikal, located in Eastern Siberia, Russia.  

2. DATA AND METHODS

Investigations of the snow impact on the results of 
microwave remote sensing and the determination of snow 
parameters on the basis of these results were carried out at 
a test site located near Lake Baikal (Figure 1). The site is a 
relatively flat field with a size equal to 2 km x 1 km covered 
by sparse grass. The relief height differences are less than 
7 m. Figure 2 shows a view of the test site with a corner 
reflector mounted on it when there is a snowpack on the 
ground. 
We used data from the Japanese L-band (centre frequency 
is 1236.5 MHz, wavelength λ is 24.2 cm) synthetic aperture 
radar PALSAR-2 aboard the ALOS-2 satellite. For 
processing and analysis, we selected an interferometric pair 
of images obtained on 21 September 2016  

Fig. 1 Test area location in (a) Google earth map and (b) Geocoded amplitude image of ALOS-2 PALSAR-2, with the 
test site outlined by the red line. 

Final Report on the 6th ALOS-2 Research Announcement 

172



 

 
Fig. 2 Trihedral corner reflector settled on the test field 

 (scene ID: ALOS2125911040-160921), in the absence of 
snow and on 8 February 2017 (scene ID: 
ALOS2146611040-170208), in the presence of a snowpack 
and frozen soil. The incidence angle of microwaves on the 
ground surface in both cases is equal to 28.6. The 
perpendicular baseline of the interferometric pair is equal 
to 68 m. We used a DEM generated from the bistatic 
TerraSAR-X/TanDEM-X interferometric pair imaged on 8 
September 2015, with a perpendicular baseline of 1356 m 
as a reference. The TerraSARX/TanDEM-X differential 
interferogram was filtered using Goldstein’s technique 
with a 7x7 pixel window to eliminate speckle noise. The 
final reference DEM has a 10 m spatial resolution for areas 
with a coherence greater than 0.3. This coherence threshold 
allows us to neglect the influence of forest vegetation, thus 
excluding the forest areas bordering the field from 
consideration. Also, the water surface of Lake Baikal was 
omitted from the treatment because of the low coherence 
values. It should be noted that all image processing was 
done with the help of Sarmap SARscapeTM software. 

For the validation of radar images, coherent scatterers in 
the form of trihedral corner reflectors with a leg length of 2 
m were used (Figure 2). 

The climatic conditions of the study area are 
determined by its location in Buryatia (Eastern Siberia, 
Russia), which features a sharp continental climate. In the 
cold season, the Siberian (Asian) anticyclone occurs. 
Therefore, a large number of sunny days and low air 
temperatures mark the winters in Buryatia. Winters feature 
negative temperatures ranging from −10 to −35 C with no 
thaws, and the snow is dry until the end of the thawing 
period (March–April). In February, the soil freezes to a 
depth of more than 2 m. Figure 3 shows the structure of 
snow on the field on 8 February 2017, on the day of the 
satellite survey. Because there were no thaws, there were 
no ice layers in the snowpack. There were only 1 or 2 layers 
that were slightly compacted with a thickness of less than 
1 cm as a result of winds. The snow between layers was 
crumbly, and the density of the snow between the layers 
varied from 0.20 to 0.23 g cm 3. The density of the 
compacted layers was not greater than 0.30 g cm−3 and, 
because their thickness is small, they had little effect on the 
average snow density. The average snow density equaled 

0.22 g cm−3 according to the results of measurements at 10 
pits. 

 
Fig. 3 Typical snow structure at the test field 

We measured the roughness of the soil surface and that 
of the snowpack using a laser profilometer at 1 m lengths, 
corresponding to the length of the profilometer guide. 
These measurements of 12 segments located in different 
parts of the test site showed noticeable statistical parameter 
variation in the roughness of both the soil surface and the 
snow surface, even within the same seemingly 
homogeneous local spot (see Table 1). The standard 
deviations and correlation radii of snow surface roughness 
turned out to be less than the corresponding values of soil 
surface roughness. Therefore, we can state that while 
making measurements, the effect of backscattering from 
the snow surface was less than that when the statistical 
parameters of the soil and snow were equal [5]. 

Table 1. Roughness statistical parameters of soil and 
snow. 
 Min Max Average 
Soil roughness RMS (mm) 6.4 17.0 11.3 
Correlation radius of soil (cm) 5.0 19.0 9.0 
Snow roughness RMS (mm) 7.2 18.0 10.8 
Correlation radius of snow 
(cm) 

3.0 13.7 6.0 

The volumetric soil moisture content on 21 September 
2016, in the upper layer, which was 5 cm deep, was 
measured at three different points of the test site. It varied 
from 12 to 15%. The volumetric moisture content of frozen 
soil was in the range of 9% to 14% (8 February 2017). The 
air temperature during image acquisitions was equal to +7 
C on 21 September 2016, and −17 C on 8 February 2017. 
The soil temperature was +9 C in the first case and −14 C 
in the second case. 

 
3. RESULTS AND DISCUSSION 

 
Figure 4 shows the geocoded amplitude radar images of the 
test site taken on 21 September 2016 and on 8 February 
2017. The arrows in Figure 12 show the location of the  
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Fig. 4 Geocoded amplitude radar images of the test site in different seasons. (a) 21 September 2016; (b) 8 February 

2017. 

 
Trihedral Corner Reflector (TCR). The corner reflector was 
in the same position during both surveys. We also mounted 
other corner reflectors at the test site, but they are not used 
in the interferometric analysis because their locations in the 
images are inconsistent with each other. 

Figure 5 shows the spatial distribution of the 
backscattering coefficient and the interferometric phase 
along the line (labeled as A in Figure 4(b)) crossing the 
TCR location. The average values of the backscattering 
coefficient are equal to −20 dB in the absence of the 
snowpack and −22 dB in its presence. Notice that the 
amplitude data in Figure 5 are without filtration. The 
amplitudes of the signals scattered by the corner reflector 
exceed the signals from the neighboring pixels by 20 dB, 
ensuring high accuracy of the interferometric phase 
determination. 

The filtered interferometric phase is represented by the 
blue-dotted curve in Figure 5. The phase difference 
between the signals from the TCR is unaffected by the snow 
layer formed on the ground between surveys. The phase 
difference from the corner reflector is less than the phase 
difference from the surrounding pixels by values in the 
range of 2.9 to 3.9 radians. This difference is due to the 
radar wave passage through the snow layer in the second 
survey. 

 
Fig. 5 Backscattering coefficients and interferometric 

phase along the line crossing the TCR location 

Figure 6 shows the interferogram and amplitude image 
composite; the latter is used as the background layer for  

 
Fig. 6 Interferogram and amplitude composite image 

in the radar coordinates 

areas with low coherence. The image is presented in the 
radar geometry. The corner reflector is in the white circle. 
Ground-based measurements of the snow depth were taken 
at the test site immediately after radar survey on 8 February 
2017. Therefore, the unavoidable disturbance of the snow 
cover in the form of a chain of man’s traces conducting the 
measurements did not affect the satellite observation. The 
snow cover violations during TCR installation did not 
exceed several percent of the pixel size of 10 m  10 m, so 
they can be ignored. Measurements showed that snow 
depth values are notably variable even on relatively flat 
areas. Figure 7(a) depicts the relief and snow depth profiles 
along a line (labeled as B in Figure 4(b)) with a length of 
400 m. We measured the snow depth every 20 m by means 
of a ruler. It is clear that the snow depth varies from 14 cm 
to 35 cm with an average value of 25 cm. The correlation 
between the relief height and the snow depth is small, and 
the correlation coefficient is 0.14. We obtained similar 
results for other profiles. 
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A higher correlation is revealed between the snow depth 
and the interferometric phase (Figure 7(b)). The correlation 
coefficient in this case is equal to 0.58. For other profiles 
shown in Figure 8, the correlation coefficient between the 
snow depth and the interferometric phase is smaller. Both 
the relief and snow surface slopes on the test area are 
relatively small. Therefore, variations in incidence and 
refraction angles are insignificant. The relief and snow 
surface slopes are less than 1.5 and 0.5, respectively. 

 
Fig. 7 Comparison of snow depth profile with (a) relief 
heights and (b) interferometric phase relative to TCR 

phase 

The boundary surfaces of ‘air – snow’ and ‘snow – soil’ 
can be described as random fields depending on horizontal 
coordinates. Random snow drifts caused by wind ensure 
these fields to be independent. Therefore, correlation 
between snow depth, interferometric phase and relief 
virtually absent. However, it is possible to obtain snow 
depth from interferometric measurements using their 
average. 

Thus, the calculated result is in good agreement with 
the measured value of the interferometric phase, and the 
relative error of its determination is 4%. We can observe 
the same error when determining the SWE value 
accordingly. Notice that the interferometric phase that is 
equal to 2 corresponds to snow with a 64.4 cm depth. 

Let us compare now the SWE values obtained by 
satellite and ground measurements on other profiles. Figure 
8 shows the SWE map for the test area obtained using the 
ratio [5], which converts the interferometric phase to SWE 
values. Eleven numbered profiles are depicted as solid 

black lines on this figure, where snow depth ground 
measurements were performed. The profiles are 200 m 
long. On profiles 1, 3, and 5, depth measurements were 
made at 1 m intervals. On other profiles interval was 20 m. 
The average value of snow depth was found for each 
profile. SWE was calculated from these average values and 
compared with the SWE average values on the same lines 
obtained from interferometric measurements. Table 2 
shows these results and the differences between satellite 
and ground measurements. 

 
Fig. 8 SWE map for the test area, calculated from 

interferometric phase. 

The table shows that the maximum relative error exceeds 
the error of the above example and reaches 32%. Obviously, 
with such error, the effect of the ‘air–snow’ interface can 
be ignored. The calculated coefficient of mutual correlation 
between satellite and ground SWE values was equal to 0.82. 
The average SWE values based on ground-based and 
interferometric measurements were 5.16 cm and 5.89 cm, 
respectively. Average relative error was 14.9%. Let us note 
that SWE values, calculated from interferometric phase are 
always overestimated in our case. Taking into account the 
error due to scattering from the snow surface and linear 
approximation of the interferometric phase the resulting 
average relative error will be approximately 22%. 

Table 2. Ground and interferometric measurements comparison. 
Profile Number 1 2 3 4 5 6 7 8 9 10 11 

SWE (cm), Ground 5.06 5.43 4.42 5.37 4.86 5.59 5.57 4.90 5.81 5.61 4.20 
SWE (cm), Interferometric 5.88 5.97 5.59 6.03 5.93 6.01 5.80 5.98 6.05 6.03 5.53 

ΔSWE (cm) 0.82 0.54 1.17 0.66 1.07 0.42 0.23 1.08 0.24 0.42 1.33 
Relative error (%) 16.3 9.9 26.6 12.4 22.0 7.5 4.2 23.0 4.2 7.5 32.0 

 
 

4. CONCLUSION 
 

We obtained an approximate equation that links the 
interferometric phase and SWE by a linear law [5]. The 
impact of waves backscattered by the roughness of the 
snowpack on the amplitude and phase of the resulting 
backscattering field was analysed. An experimental 

investigation was conducted to determine the depth of the 
snowpack on a test site located near Lake Baikal. We used 
radar differential interferometry using ALOS-2 PALSAR-
2 data obtained in the absence of the snowpack (21 
September 2016) and later when it had formed (8 February 
2017). The effect of the relief was eliminated with the help 
of the TerraSAR-X/TanDEM-X digital elevation model 
with a spatial resolution of 10 m. A trihedral corner 
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reflector with an unaltered location during radar surveys 
was used for phase calibration. A comparison between the 
calculated and experimental results showed satisfactory 
agreement, and the estimated error of the SWE 
determination was 22%. 
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1. INTRODUCTION

Crustal deformation induced by the motion of tectonic 

plates produces a wide variety of landforms at the surface 

of the Earth and their size depends on the duration of the 

process involved in their formation. The deformation 

associated with an earthquake takes place over periods of a 

few seconds (co-seismic) to several days and months (post-

seismic), and produces fault scarps and surface 

displacement ranging from a few centimeters to several 

meters in magnitude. In present report, We analyzed 

coseismic deformation due to three earthquake occurred 

namely 5th April2017 Mashhad-Iran Mw 6.1, 12th 

November 2017, an MW 7.3 Halabjar earthquake struck 

the border region between Iran and Iraq, and an earthquake 

of Mw5.3 occurred on June 14, 2020 in the Kachchh Rift 

Basin (KRB) in the western margin of peninsular India. All 

recent earthquake was accompanied by ground cracking 

and was followed by a complex aftershock sequence. In 

this paper, we utilized ALOS-2 interferometric synthetic 

aperture radar (InSAR) data to examine possible 

dislocation model for the event that dictated the ground 

rupture and the aftershock sequence, which helped 

recognize a preferred source mechanism. Our study shed 

enough light on the constraint of estimating the source 

parameters of the mainshock in sense that the nature and 

extent of future seismogenesis and earthquake risk 

potential can be estimated through the apt characterization 

of the earthquake source region and of the region of 

analogous seismotectonic settings, elsewhere in the world. 

It is worth to mention that the study regions are the most 

populated region, besides it has high seismic potential 

associated with deformational history of the regions that 

has experienced large earthquakes (M ≥ 7) in  last two to 

three decades [1-6] that augments the fact that any region 

associated with such factors make it seismically vulnerable 

to promote high degree of earthquake risks. 

Hence, due to availability  of ALOS -2 data has provided 

the opportunity to study the April 2017 Mashhad 

earthquake, November 2017 Halabjar Earthquake and June 

2020 Bhuj earthquake  induced coseismic deformation. 

The source model and slip distribution of the event were 

determined from inversion of InSAR measurements based 

on an elastic dislocation model [7]. In addition, coseismic 

Coulomb stress changes on the source fault and 

neighbouring active faults were explored to understand the 

stress change between aftershock distribution and different 

fault planes. The triggering relationship between most 

recent events and stress changes on different fault planes 

.   

2  TECTONICS OF THE REGION 

(i) Tectonics of the Mashhad Region

This event occurred on the NW-SE active thrust fault zone 

named Kashaf rud fault, extending between the Kopeh 

Dagh and Allah Dagh-Binalud mountain ranges as shown 

in Fig. 1. The study region is seismically most active [8] 

region of northeast Iran, which has undergone crustal 

shortening due to convergence between Arabian and 

Eurasian plate (Fig.1). Their convergence is principally 

taken up by the active Makran subduction zone to the 

South. The estimated GPS-derived rate of the of Arabia 

plate with respect to Eurasia is 22±2 mm/yr [9-12]. At the 

southern boundary of the Iranian plateau, the active 

Makran subduction zone is accommodating a significant 

portion of the convergence at a rate of 13-19 mm/yr [11].  

Based on the seismicity and regional geological studies, the 

study region is associated with predominantly with active 

thrust faults (Kopeh Dagh and Allah Dagh- Binalud 

mountains) parallel to the strike of the isolated deforming 

zone without significant strike-slip faulting[3, 13-14]. In 

recent time, there is no evidence of occurrence of 

earthquakes of magnitude ≥ Mw 6.0, however, July 1673 

witnessed most destructive earthquake that occurred in 

Mashhad region of Iran, which destroyed two-third of 

Mashhad city [2]. Paleo-seismological study revealed that 

a total of four earthquakes (M 7.0) occurred between1209 

and 1405, which were located significantly away from the 

present source zone and confined to the west of the 

Mashhad region of the Iran [3].  

(ii) Tectonics of the Halabjar Earthquake

The epicentre of the 2017 Halabjar Earthquake is close to

the Zagros Mountains initiated by the northward collision

between Eurasian and Arabian plate [15-16]. These two

plates converge at the Main Recent Fault and Main Zagros

Reverse Fault which both bounded the Zagros fold and

thrust belt [17]. The Zagros Main Recent Fault (MRF), the

High Zagros Fault (HZF), the Zagros Mountain Front Fault

(MFF) and the Zagros Foredeep Fault (ZFF) are major

faults in this region, as shown in Fig. 2. Several moderate

to large historical earthquakes have been reported in the

this region. A total of 13 previous earthquakes with

MW>6.0 occurred in this region, and only two of them had

a magnitude of over 6.5. The earliest recorded earthquake

(MW 6.5) struck on the MRF on 13 December 1957,

followed by another two major earthquakes with a peak

magnitude of 6.7 in 1958 in the same area, about 190 km

SE of the Halabjar  Earthquake.

(iii) Tectonics of the Bhuj Region

The region is quite complex in terms of seismotectonic and

geology [18]. Seismotectonics of the KRB has been studied

Final Report on the 6th ALOS-2 Research Announcement 
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by several researchers [e.g., 19-21]. The major structural 

units of the Kachchh region include several east-west 

trending faults such as NPF: Nagar Parkar Fault; ABF: 

Allah Bund Fault; KHF: Katrol Hill Fault; KMF: Kachchh 

Mainland Fault; GF: Gedi Fault; BF: Benni Fault; SWF: 

South Wagad Fault and IBF: Island Belt Fault. The 2001 

Bhuj earthquake had occurred to the north of the KMF (Fig. 

3). The region has also witnessed two most damaging 

historical earthquakes, such as, Mw7.8 in 1819 and Mw7.7 

in 2001. In addition to many moderate events of M ≥ 6.0 

[22-23] has been reported. 

 

3 INSAR DATA ANALYSIS   

The dataset for this study consist of two SAR 

image pairs from ALOS-2 satellite (L-band) operated by 

the Japan Aerospace Exploration Agency (JAXA). Table 1 

provides detailed information for each pair of images, and 

Fig. 4 shows their spatial coverage. To examine the ground 

displacements associated with this earthquake sequence, 

we prepared interferograms using SAR data acquired by 

the ALOS-2 (L-band radar, wavelength ~24 cm). We 

assimilated ascending and descending interferograms of all 

the event as mentioned in Table 1 and process the image 

using GMTSAR software [24-25]. The topographic phases, 

derived from the 3 arc-second Digital Elevation Model 

(DEM) from the Shuttle Radar Topography Mission 

(SRTM) [26], were used for removing the topographic 

effects. Interferograms were subsequently filtered using 

Goldstein Adaptive Filter [27]. A linear function, 

consisting of slant range coordinate (range, azimuth) and 

error phase was estimated afterwards, with observations on 

the non-deforming areas to remove the residual phase and 

orbital error. Once this step was completed, the 

interferograms were unwrapped and geocoded to the 

WGS84 geographic coordinates for ALOS-2 pairs for all 

events. Decrease in LOS corresponds to motion toward the 

satellite whilst increase in LOS indicates motion away 

from the satellite. We observed that there exist distinct 

differences in co-seismic fringes appearing in ascending 

and descending interferograms because of differences in 

the imaging geometry between the two acquisitions. Two 

elliptic deformation areas were observed in the case of 5th 

April 2017, Mashhad and 12th Nov 2017 Halabjar 

earthquake (Fig. 5a, b). For the Bhuj earthquake which 

occurred on 14th June 2020 could not produce well 

deformation areas might be due to small magnitude or due 

to atmospheric effect. Therefor, we remove the 

atmospheric effect by using the Generic Atmospheric 

Correction Online Service for InSAR (GACOS) developed 

at Newcastle University. 

As one of the major sources of error for InSAR is the phase 

delay in radio signal propagating through the atmosphere 

(particularly troposphere), on account of which a few 

centimeters of precision may reliably be achieved in 

displacement retrieval in a relatively quiet atmospheric 

environment [28-29]. The tropospheric delays often found 

to be correlated to the topography in the study area and has 

a coupling with strong turbulent signals that pose difficulty 

in distinguishing the changes due to deformation [29-30]. 

Nevertheless, the tropospheric delays are typically ignored 

in the modelling as they are much smaller than the 

magnitude of the co-seismic signals caused due to a 

moderate earthquake [31-32]. In the present study, the 

tropospheric effects on Sentinel-1A interferograms were 

corrected GACOS, which employs the high-resolution 

weather model outputs from the European Centre for 

Medium-Range Weather Forecasts (HRES-ECMWF) to 

generate high-resolution tropospheric delay maps for 

InSAR atmospheric correction [29,33].  

Fig. 6a-c depicts interferograms with (i) original 

unwrapped phase, (ii) atmospheric corrections without 

trend removal, and (iii) atmospheric correction with rend 

removal, respectively. A clear atmospheric effect observed 

especially in the elevated areas. We also observed the 

global atmospheric models to be of coarse resolution and 

not much reliable in correcting the atmospheric artefacts 

for the localized deformation associated with a moderate 

earthquake. Incidentally, in the region of source zone of 

June 2020 mainshock, the topography is quite subdued and 

has negligible chance for topography related atmospheric 

artefacts.  The descending interferograms after the 

corrections show a clear signal (Fig. 6c) demonstrating the 

co-seismic ground deformation (~3-6 cm) closer to the 

epicentre of the mainshock. The main phase feature in 

descending interferograms is found to be an elliptical 

shaped area with range decreasing towards the epicenter. 

 

4 COSEISMIC SLIP MODEL   

We estimated fault-slip distribution of the 5th 

April 2017 Mashhad mainshock (Mw 6.0) from the co-

seismic displacement using InSAR observational data. In 

order to visualize the ascending and descending Sentinel-

1A (S1A), synthetic aperture radar (SAR) data have been 

utilized as the principal data source for mapping the 

coseismic surface deformation. We presume that the 

InSAR data account for the deformation only due to slip on 

the active thrust fault. We choose a rectangular fault plane 

that follows the trace of fault of 60 km, extending in down-

dip of 30 km. The dip angle of the plane found varied from 

40° to 60°.  

In order to estimate the source depth, we calculated the 

Green function using dislocation theory [7] in the multi-

layered earth model (CRUST 2.0) of [34] with varying 

impedances. We adopted the inversion scheme of [35] that 

involved Steepest Descend approach (SDM) for 

constrained least-square optimization, which is an iterative 

algorithm used for making estimate of source parameters 

in this study. The physical constraint is introduced to get a 

smooth slip model, which is realized through a roughness 

term that gets minimized with respect to misfit of data. The 

smoothening is applied to stress-drop on the whole fault by 

assuming a fairly smooth stress drop within slip asperities. 

The strike (315°) and dip (50°) of the rupture plane is 

assumed to be consistent with the fault plane solution of the 

mainshock. We considered slip distribution on a 60 x 30 

km2 rupture, which has sub-faults of size 2x2 km2. The slip 

on each of the sub-faults is assumed to be uniform. We 

allowed the rake of slip on each sub-fault with variability 

of ±10°. As discussed above, one of the requirements in the 

inversion scheme is to estimate the smoothening 

parameter. We chose the smoothening factor based on the 

trade-off curve between the stress roughness of the model 

and the fitting residual (Fig. 7). Based on this, we found 

our appropriate smoothening factor is of 0.02 at the point 

of very sharp changes in the pattern where the maximum 

curvature forms (Fig. 7) that helped obtain our final slip 

model. We found that the higher value of smoothening 

factor, more than 0.02 provides higher misfit, but smoother 

slip distribution. In contrary to that the lower value of 

smoothing factor did not improve the misfit, while the slip 
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distribution becomes more discrete. In order to validate our 

estimated co-seismic deformations from the descending 

interferograms are compared with those simulated using 

the initial fault parameters as shown in Fig. 8. The best fit 

model for the earthquake is found to be happened for Mw 

6.0, and the rupture produced maximum slip of about 0.35 

m that found concentrated at a depth of 8 km with the 

distance of about 6 km west to the epicenter (Fig. 9). It may 

be noted that depth estimate of the mainshock made earlier 

using seismological data by other agencies was 

significantly different (~12 km) for Mw 6.1 (Table 2). It is 

observed that the slip on rupture extended toward south-

west in the up-dip direction with respect to the strike of the 

Kashaf rud fault. 

Coseismic slip model for Halabjar earthquake is done in 

detailed [36]. Kuang et al., 2018 suggest a blind reverse 

fault with a relatively large right-lateral component, 

striking 353.5° NNW-SSE and dipping 16.3° NE is the 

source fault for the 1th Nov 2017 event. The maximum slip 

was up to 3.8 m at 12-14 km depth and the inferred seismic 

moment is 1.01×1020 Nm, which is corresponding to MW 

7.3, and consistent with seismological solutions. 

 

5 COMPUTATION OF COULOMB STRESS 

 In order to confirm the causative fault as the source of the 

mainshock and its aftershocks activity in perspective to 

future seismogenesis, we examined the coulomb stress 

change associated with the mainshock of 5th April 2017 

Mashhad earthquake and 14th June 2020 Bhuj earthquake. 

A series of studies during the past years showed that the 

static stress interactions among earthquakes control the 

occurrence and timing of future events [37-39]. 

Earthquakes tend to occur on faults where failure has been 

encouraged by previous events (stress triggering) and tend 

to avoid faults where failure has been discouraged by this 

trend [40]. Whether failure of a fault has been encouraged 

or discouraged that can conveniently be measured in terms 

of the Coulomb failure stress change. Δσf = Δτ +µσn, with 

Δτ the shear stress change on the fault (positive in slip 

direction), Δσn the normal stress change on the fault 

(positive if the fault is normal stress) through unclamping 

that encourages the failure to occur.  

The Coulomb failure stress change occurs due to 

the occurrence of the mainshock and its aftershocks in the 

source zone as shown in Fig. 10a,b. We used the main 

shock dislocation parameters derived by finite slip model 

for Mashhad earthquake and uniform slip model derived 

from seismic waveform inversion for Bhuj Earthquake.  It 

can be seen from Figure 10a,b that most of the aftershocks 

occurred in an area where the Coulomb failure stress was 

high, suggesting that those aftershocks might have 

triggered by the mainshock, which is confirmable to our 

model derived from InSAR data. Our estimate of maximum 

slip at the depth of 8 km is also found concentrated in the 

high-Coulomb stress zone for Mashhad earthquake. 

 

6 DISCUSSION  

In the report, We analyzed ALOS-2 INSAR data due to 

three moderate earthquake occurred during 2017 to 2020 

(Table 1) to get the coseismic deformation. The all three 

events was occurred on blind fault as there was no 

significant surface faulting along the region of the 

earthquake, but there were some secondary cracks and 

fractures has been reported. To confirm the causative 

source we model the InSAR data for source parameters and 

slip distribution due to Mashhad earthquake and further 

computed the Coulomb stress due to Mashhad earthquake 

and Bhuj earthquake to understand the aftershock 

distribution and Coulomb stress change on the causative 

fault and the neighboring active fault systems as well as the 

impact of stress change caused by this earthquake on 

neighboring active faults. 

Using SAR offsets we have extracted a synoptic view of 

the surface displacements covering the whole epicentral 

area of the Mashhad, Halabjar and Bhuj epicentral region. 

Interferometric analysis of from an ascending and a 

descending track reveal coseismic ground deformation 

over an elliptical deformation areas were observed in all 

the deformation maps. The maximum line-of-sight (LOS) 

deformation was 10 cm, 91.8 cm and 3 cm for ALOS-2 

ascending and descending pairs, for Mashhad, Halabjar 

and Bhuj epicentral region respectively. The availability of 

interferograms provided a good constraint for modeling as 

they capture the deformation from different directions, 

with Line of Sight (LOS) unit vector. (Figure 5a,b and 6c). 

From simple elastic modelling and assuming that the 

rupture occurred as a planar uniform slip dislocation in an 

elastic half space an inversion strategy was employed to 

determine its source parameters and variable slip 

distribution which comprises a nonlinear inversion for 

determining the fault geometry and estimating the slip 

distribution along the ruptured fault plane for 5th April 2017 

Mashhad earthquake. The model suggest the maximum  

slip of 0.35 m, strike of N315E, 52 dip, with dimensions of 

40 ± 3 km along-strike and 30 ± 3 km downdip (Fig. 9) and 

reproduce the main features of the observed displacement. 

The location of our preferred rupture plane suggests that 

the mainshock occurred at its northeast corner and 

propagated towards southward.  The slip model is 

supported by Coulomb stress transfer model simulations 

which suggest the southward movement can be clearly 

observed, suggesting that the event occurred on a NE-

dipping thrust fault. We also examined the depth of 

maximum slip along the NW-SE fault plane. The model 

suggest the maximum slip occurred at a depth of ~ 8.0 km.  

Based on rigorous analysis, we assimilated a schematic 

model of stress changes due to occurrence of the 

mainshock of Mashhad  and Bhuj earthquake (Mw 6.0 and 

Mw 5.3) with µ = 0.06 as β =0.2 on a fault responsible for 

generating the event with finite and uniform slip 

respectively. We calculated coulombs stress (Fig.10a,b),  

which demonstrates the inter-relationship between 

distribution of earthquakes (2.0 ≤ M ≤ 5.0) and the 

structural heterogeneity of the source region.  On the other 

hand, stress decrease (negative stress changes) areas were 

identified at the middle of the source fault plane, coinciding 

with the occurrence of the main shock. Hence, high loaded 

stress areas are consistent with the aftershock distribution. 

 

 

7 CONCLUSION 

InSAR is an ideal technique to identify the blind fault 

system in quaternary tectonically active region.  In Present 

study, using information from both ascending and 

descending tracks of ALOS-2 data, we have identified the 

source mechanism for the ground deformation associated 

with Mashhad, Halabjar and Bhuj earthquake. We clearly 

mapped the causative source of all the events which is 

further supported by coseismic slip model and coulomb 

stress. We also find the magnitude of the coseismic event 
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as constrained by the InSAR data, which is almost 

consistent with the magnitude estimated from seismic   

studies. The aftershocks seismicity occurred after the  

mainshocks over the enhanced stress region and depth of 

the maximum slip/stress pattern confirmed from the ΔCFF.  
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TABLE 2. Source Parameters of the 5th April 2017 

Mashhad, Iran Earthquake (Mw 6.0) estimated by various 

agencies. 
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Fig. 1: Shaded relief map of eastern Iran showing major 

faults. Black squares show major cities of eastern Iran. Red 

star show the Mashhad earthquake occurred on 5th April 

2017. Black solid line shows the major and active fault of 

NE and Central Iran.  

 

 
Fig. 2: Tectonic setting of the 2017 Mw 7.3 Halabjar 

earthquake modified after [41].  
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Fig. 3: : Distribution of precisely located earthquakes in 

the Kachchh Rift Basin, western India occurred during the 

period of 2006 to 2019. Major tectonic features are also 

shown. The thick lines show faults, which are identified by 

geological, geophysical and seismological investigations. 

These faults are NPF: Nagar Parkar Fault; ABF: Allah 

Bund Fault; KHF: Katrol Hill Fault; KMF: Kachchh 

Mainland Fault; GF: Gedi Fault; BF: Banni Fault; SWF: 

South Wagad Fault and IBF: Island Belt Fault. Stars show 

the 2001 Bhuj earthquake and recent June 2020 

mainshocks with their focal mechanisms.  Inset: the area at 

lower right corner of map shows the location of the study 

region in the map of India. 

 

 

Fig. 4: The Red boxes represent the spatial coverage of 

ALOS-2 SAR image pairs for Mashhad (Left), Halabjar 

(Right) and Bhuj earthquake( Bottom). 

 

 
 

 

  

 

 

 

 

 

 

 

 

 

 

 

Fig. 5: Line-of-sight (LOS) displacements shown use the 

convention that positive motion is towards the satellite. (a) 

Detail of unwrapped descending line of sight 

interferograms of Mashhad earthquake (b) Unwrapped 

ascending  line of sight interferograms of Halabjar 

earthquake. 

  

 
Fig. 6: SAR interferogram of descending track without 

atmospheric correction showing line of sight (LOS) 

displacements caused by 14th June 2020 Bhuj event (Left). 

(b) With GACOS atmospheric noise correction without 

trend removal (Right). (c) With GACOS atmospheric noise 

correction with trend removal (Bottom). 

 

 
Fig. 7: Variation of roughness with average misfit between 

the observed and calculated values of Co-seismic offsets 

for Mashhad earthquake. The inflection point in the graph 

corresponds to the optimum value of the smoothing 

parameter.  

 

 
 

Fig. 8: Best-fitting uniform slip model of the Mashhad 

earthquake. (a) Observed, Modelled and residual using 

descending interferograms 
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Fig. 9: Slip distribution model for the 5th April 2017 

Mashhad earthquake obtained from simultaneous inversion 

of  descending InSAR data. 

 

 

 
Fig. 10: (a) Static Coulomb stress changes (in bars) due to 

the main shock of magnitude Mw 6.1 calculated at a depth 

of 10 km with µ = 0.6 and B = 0.2 onto a prescribed 

receiver fault obtained from uniform slip model (Top). The 

grid size has been taken as 0.5 km x 0.5 km for coulomb 

stress calculation. The best located aftershocks obtained 

from USGS (yellow circles) are also shown in this figure, 

the majority of them being concentrated in stress enhanced 

area. (b) Maps of Coulomb stress for 14th June 2020 M 5.2 

Bhuj earthquake.CFF are calculated by resolving the 

stress perturbation onto the rupture plane of event derived 

from fault plane solution (dipping south plane) at a depth 

of 15 km. The black circle is the aftershocks of the events. 

The red lobe (positive CFF) and blue (negativeCFF) 

(Bottom).  
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Application of the PALSAR-2 Along Track Interferometry to the water 

coverage estimation 

PALSAR-2 Along Track Interferometryの機能評価と洪水域推定 

PALSAR-2 Along Track Interferometry (ATI)による移動体検出について 

RA6-3406 

島田 政信
Masanobu Shimada 
東京電機大学

Tokyo Denki University 

1. はじめに

This paper shows a quick evaluation results of the 
ALOS-2 Along Track Interferometry (ATI) on capturing 
the moving target. ATI measures the phase difference of 
the moving target within the synthetic aperture time and 
the InSAR coherence between the shortly displaced 
SAR antennas. Using the ATI data acquired in the 
calibration purpose, we qualitatively evaluate the 
L-band SAR ATI performance in this paper.

2. PALSAR-2 Along Track Interferometry
ALOS-2/PALSAR-2 は、受信アンテナ（3m x 10m）

を衛星進行方向に２分割でき、非定常モードとして

アロングトラック干渉（Along Track Interferometry:
ATI）機能を持たせることができる。ATI は SAR 観

測モードの一つであるが、映像化という点では他の

ストリップモードと何ら変わりはない。SAR 映像化

は、観測対象物が地球表面に存在すること（不動）

を前提とし、移動体は速度に応じた位置ずれや、焦

点ぼけを受ける。前者の特徴を利用すると対象物の

速度（衛星方向の）を推定できるが、対象物は高速

道路上の車、線路を通る列車、あるいは航跡を残し

て進む船舶等運動の軌跡が既知のものに限定され

る。それに対して、ATI は移動体の速度を干渉処理

を通して、直に検出でき、通常の SAR に比べて強

力な面がある。ATI には３種類の実現方法がある１）。

１）１系統の送信機＋２系統の受信機で構築する方

法、２）２系統の送信機と２系統の受信機が交互に

対象物を観測する方法（ピンポン）、３）２系統の

（送信機＋受信機）の各々が対象物を同時に観測す

る方法である。PALSAR-2 では、１）の送信を一系

統で、受信を２系統で行う方式を採用する。干渉処

理はいわゆる片道干渉であり、地上対象物からアン

テナまでの経路間の２受信機間の位相差検出を行

う（Fig１）。 

Fig.１ ATI's imaging block diagram 

処理は、アンテナ（受信機）1 で得られる信号 s1と
アンテナ（受信機）2 で得られる信号 s2の相互相関

処理で得られ(1)、その位相差は(2)となる。

(1) 

(2) 

ここに、gは干渉性（複素数）である。移動体の

Ambiguous な移動速度は以下で表現される。 

 (3) 

また、位相の角度分解能を 30 度とすると、検出速

度分解能は（4）となる。 

(4) 

ここに、ここに�は波長、B はベースライン、Vgは

γ =
s1 ⋅ s2

*

s1 ⋅ s1
* s2 ⋅ s2

*
= γ ⋅exp − j 2π

λ
B
Vg
U

⎛

⎝⎜
⎞
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φ = tan−1 Im γ( ) / Re γ( ){ }

Uo =
λ
B
Vg

ΔU = λ
12 ⋅B
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対地速度である。波長を24cm、Bを5m、Vgに6700m/s
とすると、U0は 321m/s（1155km/h)、DU は

26.8m/s(96.3km/h)となり、ともに非常に大きい。 
角度分解能として 30 度を用いたが、SNR が高けれ

ば、さらに小さく設定できる。 
高速で移動する衛星搭載 ATI の移動速度検出能力

はこのように高くない。波長を X バンドに設定した

ところで 5m/s 程度である。理由は対地速度が大き

すぎることである。一方、コヒーレンスについては、

別の見方ができる。移動体については干渉性が落ち

るのに対して、静止体については、散乱係数が小さ

くても干渉性が高くなる可能性があり、そのような

場合には、流れる川の検出、洪水域の抽出につなが

る可能性がある。 
 

3. ２つの事例 
 定常モードとして定義されてないために、観測デ

ータ数は非常に少ない。これまでの観測数は 10 パ

スに満たない。代表的な二例を紹介する。 
 
 
 
 

3.1 大型移動体の場合 
最初の事例はカリフォルニア州北部を降交軌道で

進行方向右側を観測した事例である。穀物地帯が広

がり、一部河川も見られる（Fig.2 左）。干渉性（Fig.2
右）は非常に高く、ほぼその濃淡が振幅画像と対応

する。最後に、位相差画像を示したものが、Fig.3
である。一面に水色（位相差ゼロ）に広がる中に、

○点近くに紫色の像が見られる。位相差から、

-160m/s が読み取れ、衛星から遠ざかることがわか

る。入射角補正を行うと、西方向移動成分は-320m/s
となり、高速で移動する航空機かと思われる。本来、

移動体は fdd, fdが静止体と異なることから、対象物

は焦点位置が移動し映像はディフォーカスする。計

算によると�fd=-2/l*160=1333Hz, Dfddは約 26Hz/s で
あり、本来の画像から衛星後方に約 15km ずれると

ともに、画像は焦点がかなり甘い。 

 

Fig.2 Amplitude image(left) and coherence (Right) 

 
Fig. 3 ATI image example at the farmland area near 
Hamilton City of California, USA. 
 

3.2 湖沼域の事例 
第２例としてフロリダ州キーウェストの画像を示

す。海岸に沿って高速道路が東西方向に走る。高速

道路上の自動車はクロストラック方向に動くため

に衛星進行方向に沿って位置がずれる。今、仮に速

度が 100km/h とすると、ドップラ周波数は約 100Hz
であり、200m ほど左右方向に見られるはずである

が、残念ながら、確認できない。振幅画像にも、干

渉画像にも、また ATI 画像にも現れない。この理由

として反射係数が小さいことが挙げられる。また、

その割には fdd の固定の値からずれが大きく、映像

のフォーカスを大きく妨げていることが挙げられ

る。 

 
Fig. 4 ATI image at Key West, Florida, USA. 
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4. 結論 

 ALOS-2 の PALSAR-2 の ATI モードの解析事例を

紹介した。ATI は移動体抽出に特化した観測モード

であり、L-band SAR では使用するマイクロ波の波

長が長いことから、移動体検出感度についてはやや、

難点があることが予測されていた。PALSAR-2 のデ

ータを用いた実例でも、散乱断面積の大きな高速移

動体（航空機と思われる）に限って検出することが

できた。ATI の今後の検討課題としては、干渉性が

移動体や流体にどう対応するかという点であり、水

害域の抽出に応用できる可能性はあると思われる

ものの、ATI モードでの運用が限定されることと、

合わせて現地データの入手が不可能であったこと

から災害行きの抽出への検討は実施できなかった。 
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1. INTRODUCTION

Forest monitoring forms a very important component of 

ecological systems management. Agroforestry, an 

increasingly popular practice, is also important as it is 

ecologically sustainable. The forest stand height, forest 

above-ground biomass, and tree structure of forests and 

agro-forests are closely related to the health of these 

ecosystems. Remote sensing techniques, with their 

synoptic coverage, provide a suitable complementary 

method for forest parameter retrieval. Various active- and 

passive remote sensing techniques have been widely used 

for AGB mapping. Optical sensors are sensitive only to the 

top-of-canopy vegetation layers and are affected by 

weather conditions [1], making them less effective in 

tropical regions with persistent cloud cover. Synthetic 

aperture radar (SAR) remote sensing is almost weathered 

independent and has higher penetration through vegetation 

layers (at lower frequencies), making them suitable for 

forest biophysical parameter retrieval. Effective forest 

monitoring can be implemented using bio-physical 

parameters estimated from satellite-based Synthetic 

Aperture Radar (SAR) data. This research project work 

aims to address the gap and develop robust techniques 

which mitigate the limitations of space-borne SAR 

acquisitions and provide accurate forest biophysical 

parameters [2]. The next sections provide more details on 

advanced SAR remote sensing employed in this research 

work. 

2. OBJECTIVES AND NOVELTIES

This study aims to utilize the Advanced Land Observation 

Satellite (ALOS-2) based Phased Array L-band type SAR 

(PALSAR) full polarimetric PolSAR and PolInSAR data 

for estimation of forest biophysical parameters for effective 

forest monitoring. The major objectives are: 

1. Development of techniques for forest cover, forest type,

and major species identification using fully polarimetric

SAR systems.

2. Development of PolInSAR inversion algorithms for

accurate estimation of tree stand height, above-ground

biomass, and forest structure.

3. Validation of the developed techniques through

extensive field measurements.

The research effort made to accomplish these research 

objectives has led to certain research contributions and 

innovations. A complete list of outcomes and contributions 

follows hereafter.  

1. Effects of phenological changes such as forest

leaf-fall on PoSAR inversion accuracy are

demonstrated. The leaf-fall in Indian tropical

forests are shown and forest species are classified.

2. The potential of all available space-borne

PolInSAR sensors at L-, C- and X-band for

tropical forest height mapping have been

evaluated with careful analysis of each of the

decorrelation processes. Temporal decorrelation

and penetration depth due to larger wavelengths

play an important role in PolInSAR inversion [3].

3. A novel multi-parametric technique is proposed

for forest biomass and carbon content retrieval.

The main advantage of this technique is the

combination of PolSAR target scattering

information [4], [5] and PolInSAR based structure

information [6]. The technique shows potential

for cross-site applicability and large-scale

biomass mapping

4. METHODOLOGY

POLSAR and PolInSAR Methods for Forests Study 

Fig. 1 shows the methodology followed for PolSAR data 

analysis. This section explains each processing and 

analysis step in flow charts. The fully-polarimetric SAR 

data is acquired in SLC format. The PolSAR data measures 

the complete target scattering information [2], [4], [5].  

Fig. 1: POLSAR data processing and decomposition 
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The overall methodology for PolInSAR based forest height 

retrieval [6] is illustrated in Fig. 2. 

 

 
Fig. 2: Flow chart depicting the methodology followed for 

PolInSAR data processing for forest height retrieval 

 

Forest Above-ground biomass estimation 

 

In this section, the SAR data sets are processed to retrieve 

the backscattering coefficient from PolSAR data sets over 

the forest region. The generated products are related to 

field-measured forest AGB to assess their significance. 

Further, the developed regression analysis-based models 

are introduced and the methodology followed to train, 

validate and analyze the models is explained in detail.  The 

overall methodology and steps are summarized and 

demonstrated in Fig. 3 

 

 
Fig. 3. Flow chart detailing the methodology followed for 

forest AGB retrieval. Relation between PolInSAR height 

(left) and DEM estimated height (right) as a function of 

AGB. The PolInSAR heights are estimated from three 

TanDEM-X acquisitions and DEM estimated heights are 

from 12 m and 90 m TanDEM-X Global DEM and 

interpolated DTM. 

 

Interesting trends are observed which relate the ALOS-

2/PALSAR-2 backscatter, PolInSAR, and pseudo forest 

height with field measured AGB. Some of the interesting 

observations are 1) All three polarization (HH, HV, and 

VV) backscatter is correlated with AGB, while the 

backscatter ratios (HH/VV, HV/VV, and HV/HH) are not 

correlated with AGB, 2) PolInSAR and pseudo forest 

height have a positive correlation with AGB with larger 

variance and 3) Temporal variation of backscatter is 

highest for HH-polarization and lowest for HV-

polarization backscatter Based on these trends, multiple 

combinations of backscatter and forest heights were 

analyzed to retrieve forest AGB. In total seven 

combinations have been proposed to evaluate forest AGB 

retrieval. Each formulation is expressed as a model to 

retrieve AGB. All seven combinations represent seven 

models denoted as M1, M2, M3, M4, M5, M6, and M7 

indicating Model 1, Model 2, Model 3, Model 4, Model 5, 

Model 6, and Model 7, respectively. These seven models 

(M1-M7) provide interesting observations and are 

consistent in AGB estimation for all five ALOS-

2/PALSAR-2 data sets. These models are developed and 

discussed in this section. These models utilize linear 

regression analysis to relate the 𝛾0 backscatter and 

PolInSAR/pseudo forest height with AGB. 

 

We start with a simple model relating the cross-polarized 

backscatter to AGB [7]–[9]. Model M1 is given by 

𝑊𝑀1 = 𝑎0 + 𝑎1 ∗ 𝛾𝐻𝑉 

where 𝑊𝑀1 = ln(𝐵)  is the natural logarithm of AGB 

estimated (B) using the M1 model, 𝑎0 and 𝑎1 are the model 

parameters, and 𝛾𝐻𝑉 is the ground range, terrain corrected 

backscatter (in dB) in HV polarization. 

 

We observed that co-polar channels also have a good 

correlation with AGB. The next two models add the co-

polar channels to obtain the linear regression models which 

utilize the complete polarimetric information [7], [10], [11] 

 

𝑊𝑀2 = 𝑎0 + 𝑎1 ∗ 𝛾𝐻𝑉 +𝑎2 ∗ 𝛾𝑉𝑉 

Or 

𝑊𝑀2 = 𝑎0 + 𝑎1 ∗ 𝛾𝐻𝑉 +𝑎2 ∗ 𝛾𝐻𝐻 

and, 

𝑊𝑀2 = 𝑎0 + 𝑎1 ∗ 𝛾𝐻𝑉 +𝑎2 ∗ 𝛾𝑉𝑉 +𝑎3 ∗ 𝛾𝐻𝐻 

Next, the estimated forest stand height is evaluated for its 

utility in AGB estimation. 

𝑊𝑀4 = 𝑎0 + 𝑎1 ∗ 𝐻𝑒𝑖𝑔ℎ𝑡 
Where Height is from TanDEM-X or TerraSAR-X 

PolInSAR height. 

 

Here, we propose the models M5 to M7, which combine 

the inputs of L-band backscatter and X-band forest height 

to model the forest AGB, these combined models (M5 to 

M7) utilize the forest height estimated from PolInSAR or 

pseudo forest height with backscatter in different 

polarizations. The cross-pol (HV) and co-pol (HH or VV) 

backscatter is added in steps to assess any incremental 

improvement with multi-polarimetric data. 

𝑊𝑀5 = 𝑎0 + 𝑎1 ∗ 𝛾𝐻𝑉 +𝑎2 ∗ 𝐻𝑒𝑖𝑔ℎ𝑡 
𝑊𝑀6 = 𝑎0 + 𝑎1 ∗ 𝛾𝐻𝑉 +𝑎2 ∗ 𝛾𝐻𝐻 +𝑎3 ∗ 𝐻𝑒𝑖𝑔ℎ𝑡 
𝑊𝑀7 = 𝑎0 + 𝑎1 ∗ 𝛾𝐻𝑉 +𝑎2 ∗ 𝛾𝐻𝐻 + 𝑎3 ∗ 𝛾𝐻𝐻 +𝑎4

∗ 𝐻𝑒𝑖𝑔ℎ𝑡 
These three models are implemented and the results are 

shown and discussed in the next section. 

 

4. RESULTS 

 

The forests and their seasonal variability are mapped using 

PolSAR data; the potential of spaceborne SAR data for 

PolInSAR based height inversion shows the importance of 

SAR acquisitions with low temporal decorrelation. The 189



POLSAR methods are explored for forest biomass 

estimation and forest dynamics characterization. 

 

Forest type/species identification  

In the test site (Haldwani, Uttarakhand, India), the 

deciduous species of Teak exhibit leaf-fall during January-

February. However, the Teak plantations in Haldwani do 

not exhibit complete loss of leaves, but a thinning of the 

canopy. Eucalyptus and mixed-species are non-deciduous 

and do not exhibit leaf fall. The analysis was carried out 

using PolInSAR acquisitions acquired in 2014 and 2015. 

Nine TanDEM-X full POLSAR data sets are acquired 

every 11 days from 09 Dec 2014 till 07 March 2015. A 

further three acquisitions in October-November 2015 are 

analyzed. These acquisitions provide data in both the leaf-

fall period (January-March) and leaf-on period in winters 

(October-December). G4U decomposition was applied and 

the normalized scattering powers Ps, Pd, Pv, and Pc were 

obtained [4]. Fig. 4 shows the G4U RGB images during 

leaf-on and leaf-fall seasons. The temporal variation of the 

G4U scattering powers is seen for the three major forest 

stands. This shows that changes in tree canopy structure 

due to leaf-fall leads to change in the polarimetric signature 

observed. The effects on PolInSAR based height inversion 

accuracy are analyzed. 

A new 6-component scattering power decomposition 

(6SD) method is also proposed and tested with AOS-

2/PALSAR-2 data sets [5]. The proposed 6SD and existing 

decompositions methods are also compared by 

implementing fully polarimetric ALOS-2/PALSAR-2 and 

TerraSAR-X over the Haldwani Forest test site. The color-

coded images of the S4R, the G4U, and the proposed 6SD-

method resulting from the ALOS-2/PALSAR-2 and 

TerraSAR-X data sets are shown in Fig. 5 and Fig. 6, 

respectively.   

 

 
Fig. 4. TanDEM-X G4U RGB image of Haldwani forest 

range acquired on (a) 09 December 2014 (Leaf-on season) 

and (b) 07 March 2015 (Leaf-fall season 

 

A comparison of decomposition results with X- band and 

L-band POLSAR data has been investigated for vegetation 

(volume scattering dominant areas) and for the mixed 

forest plots. The mixed dense forest area (enclosed within 

the white box in Fig. 5) represents the volume scattering 

dominant area with some contribution of double-bounce 

scattering from ground-stem interaction and ground 

scattering from the surface for L-band (Fig. 7). However, 

due to the limited penetration capability of the X-band and 

its attenuation at the top of the canopy, both volume and 

surface scattering contribution from the canopy can be 

produced over the white line patch (Fig. 6) with no double-

bounce contribution for X-band measurements (Fig. 7). 

Some dense vegetation plots display however the surface 

scattering dominance from the top of the canopy at X-band. 

These phenomena are well demonstrated in Fig.s 7 and 8.  

 

 
Fig. 5. Decomposition RGBs of ALOS-2/PALSAR-2 of 

March 22, 2016, with 10 × 6 multi-look (azimuth × range) 

factors over Haldwani, India {the color-coded RGBs for 

S4R, G4U, and 6SD: Red: double-bounce scattering, 

Green: volume scattering, Blue: surface scattering}. In all 

images, the illumination direction is from left to right.  

 

 
Fig. 6. Decomposition RGBs of TerraSAR-X of March 07, 

2016, with 8 × 21 multi-look (azimuth × range) factors over 

Haldwani, India {the color-coded RGBs for S4R, G4U, and 

6SD: Red: double-bounce scattering, Green: volume 

scattering, Blue: surface scattering}. In all images, the 

illumination direction is from left to right.  

 

 

 
Fig. 7. Decomposition means power statistics over the 

Mixed Forest in Haldwani data: (top row) ALOS-

2/PALSAR-2 (acquired on March 22, 2015) and (bottom 

row) TerraSAR-X (acquired on March 07, 2015) for white 

line patch in Figs. 5 and 6. 
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Fig. 8. Decomposition means power statistics over the row-

wise Eucalyptus plantation plots in Haldwani data: (top 

row) ALOS-2/PALSAR-2 (acquired on March 22, 2015) 

and (bottom row) TerraSAR-X (acquired on March 07, 

2015) for yellow line patch in Figs. 5 and 6. 

 

Another example is shown over the common vegetation 

plots (row-wise Eucalyptus plantation) area (yellow line 

patch on Figs. 5 and 6).  The statistics of the scattering 

power contribution is shifting from volume scattering 

(yellow line patch in Figs. 5 and 6) at X-band to double-

bounce and other scattering components in L-band as 

shown in Fig. 8.  It is because of 8 times larger penetration 

capability of L-band than the X-band in the volume media 

and nearly 13.80 lower incident angle of the acquired 

ALOS-2/PLASAR-2 data (30.40) than the angle of 

incidence of the acquired TerraSAR-X data (44.20).   

The present study also characterized the different species 

present in Bhakda Forest using General-four component 

(G4U) and six-component (6SD) decomposition 

techniques. An enhancement from G4U to 6SD in the 

double-bounce scattering power was observed (Fig. 9). A 

decrease in the over-estimated volume scattering 

component along with a significant contribution from 

oriented dipole and compound dipole scattering powers 

were observed because of accounting for the T13 element 

of the coherency matrix in 6SD. Double-bounce scattering 

was observed dominantly in Teak and volume scattering 

from mixed species. A considerable increase in surface 

scattering and little or no change in helix scattering 

components were observed.  

An extensive field survey was carried out during 2015 and 

2017 in the Haldwani forest region. Species identification 

was done on round with the help of the State Forest 

Department and their forest species maps. Most of the plots 

in the Bhakda forest area due to homogeneous plantations, 

field plots were laid in the homogeneous patches 

containing Teak, Eucalyptus, and Mixed and Poplar 

plantations. The plantations were observed to be in 

compartments as is typical of a managed forest. The plant 

species undergo many changes every year, these observed 

changes were updated accordingly in the field data, Forest 

Survey of India maps, and image interpretation of 6SD 

(Fig. 10).  

The obtained decomposition images were classified using 

supervised SVM classification based on a machine 

learning algorithm. The classification was carried out 

separately on the decomposition images with three-

scattering components, with four-scattering components, 

and all the six-scattering components (Fig. 11). Teak, 

Eucalyptus, Mixed, and Poplar were distinctly classified in 

6SD. The overall classification results of G4U and 6SD are 

74.3% and 76.06% with kappa coefficients of 0.64, 0.66, 

respectively.  

 

 

 
 

Fig. 9. Decomposition RGBs of ALOS-2/PALSAR-2 of 

March 05, 2017, with 10 × 6 multi-look (azimuth × range) 

factors over Bhakda range, Haldwani, India. (top) G4U, 

(bottom) 6SD. In all images, the illumination direction is 

from left to right.  

 

Forest Tree Stand Height  

Forest stand height map generated using all the four 

acquisitions as shown in Fig. 12. The heightmap is overlaid 

on the HH backscatter image. The forest stand height is 

accurately estimated by TanDEM-X and ALOS-

2/PALSAR-2 (Fig. 13) acquisitions. TerraSAR-X data set 

is affected by temporal decorrelation, leading to inaccurate 

height inversion. TerraSAR-X height map does not show 

any sensitivity to forest height variability [6]. Validation 

over a broader region with higher variation in the field plot 

heights is required to capture the uncertainty in height 
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estimation accuracy. In the case of Lidar data, it is possible 

to validate over varying forest height regions as well as 

bare lands in the forest range. From Fig. 13, it is observed 

that very few field plots have H100 lower than 20 m. In this 

study, to have a broader understanding of the efficiency of 

repeat-pass PolInSAR, we estimate the RMSE over the 

complete Barkot forest range, Uttarakhand, India with the 

height generated from TerraSAR-X/TanDEM-X as 

reference.  

 

 
Fig. 10: Forest Species Map of Bhakda range: updated by 

using field campaigns during 2015 to 2017, Forest Survey 

of India map and interpretation of RGB images of 6SD. 

[Red color: Teak (Tectona grandis); Green color: 

Eucalyptus (Eucalyptus sp.); Blue color: Mixed species; 

Cyan Color: Poplar (Populus)]. Ground truth samples are 

indicated by light pink colored (training) and black colored 

(testing) boxes. 
 

Above-Ground Biomass  
It is observed that combining PolSAR and PolInSAR 

information in the form of temporally averaged backscatter 

and height lead to improved AGB modeling with the 

combined models (M5 to M7) showing improvement when 

compared with backscatter-based models (M1 to M4) (Fig. 

14). In this section, the models are applied to the data, and 

biomass maps are generated for qualitative analysis. The 

L-band ALOS-2/PALSAR-2 backscatter γ0 is generated 

after radiometric calibration, topographic correction, co-

registration, and geocoding. After multi looking the data to 

30×30 m pixel size, speckle is also reduced. The TanDEM-

X PolInSAR height and the TanDEM Global DEM 

estimated pseudo forest height (TDM12m and TDM90m) 

are generated and resampled to 30×30 m pixel size. This 

pixel size was selected to approximately match the field 

plot size of 0.1 ha or 31.67×31.67 m. Fig. 15 shows the 

AGB maps temporally averaged backscattering coefficient 

for HH and HV polarizations and forest stand height 

(PolInSAR and Pseudo) along with RGB map generated 

using G4U decomposition [4] for ease of interpretation of 

Haldwani forest range. The agriculture fields surrounding 

the forest are identified by the surface (blue color) and 

dihedral (red color) scattering due to bunding. The different 

compartments within the range have differing scattering 

information with increased volume scattering (green color) 

indicating forest stand density. In the case of Teak 

plantations, the leaf-fall leads to volume and dihedral 

scattering. The teak plots can be observed in the northern 

region of the Haldwani range and generally have high AGB. 

The central region of the Haldwani range subset is 

dominated by low-AGB poplar plantations. These poplar 

plantations are leaf-less during the acquisitions and lead to 

dominant dihedral and surface scattering in the RGB map. 

The bare and grassland regions have a dominant surface 

scattering as the L-band microwaves penetrate through the 

grass. 

 

 
Fig. 11 Classification maps of G4U (top) and 6SD (bottom) 

[Red color: Teak (Tectona grandis); Green color: 

Eucalyptus (Eucalyptus sp.); Blue color: Mixed species; 

Cyan Color: Poplar (Populus)]. 
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Fig. 12. A section of the forest stand height map derived 

using (a) ALOS-2/PALSAR2, (b) TanDEM-X and (c) 

TerraSAR-X. The color bar for each acquisition shows the 

variation of height 

 

 
Fig. 13. Validation plots with field measured height versus 

PolInSAR Inversion heights inverted from (a) ALOS-

2/PALSAR-2, (b) TerraSAR-X, and (c) TanDEM-X 

acquisitions. The dotted line is a ±3m region 

 

 

 

 
Fig. 14. Comparison of the four models with Training and 

validation carried out using temporally average backscatter 

data and forest stand height. Forest stand height input is 

obtained from PolInSAR, TDM 90m DEM. The central 

black dash line represents 1:1 correlation, while the gray 

dash lines represent a 10% error limit 

 

 
Fig. 15. AGB Maps generated for HH+HV+VV 

polarization and forest height (Ht) and corresponding 

ALOS-2/PALSAR-2 G4U RGB.  

 

Forest Dynamics 

In this study, forest dynamics comprising growth, harvest, 

and afforestation with distinct patches of Eucalyptus, Teak, 

and Mixed species were analyzed using physics-based 

scattering algorithm G4U decomposition (Fig. 16). A 

comparison of normalized scattering power with varying 

forest conditions for each species was performed for a 

period of 10 years. The obtained scattering parameter trend 

is utilized to develop a two-tier rule-based classification 

and a classified forest dynamic map derived. Results of this 

study demonstrate the potential and sensitivity of L-band 

derived G4U components to distinguish different forest 

dynamics conditions and, characterize forest based on it. 

 
Fig. 16: RGB composite of G4U decomposition scattering 

powers (dihedral, volume, and surface scattering) for the 

time series- a) 2007, b) 2010, c) 2015 and d) 2017. Red 

polygons indicate eucalyptus samples, Black polygons 

represent mixed plantation and yellow polygons represent 

teak 

 

Based on the two-tier rule-based classifier, the study area 

was classified into Forest/Non-Forest (F/NF) maps, and 

then these F/NF binary data were utilized in the second-tier 

classification. A set of thresholds were defined based on 

the polarimetric analysis detailed above. Three child 

parameters of G4U decomposition (surface (Ps), dihedral 

(Pd), and volume (Pv) scattering power) were used in the 
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classifier. All those pixels which satisfy the following 

condition Ps > 0.25 and Pd < 0.2 and Pv < 0.3 were 

assigned the Non-forest class and the rest as forest class. 

Forest class comprises compartments with young and 

mature vegetation, while Non-forest class was composed 

of disturbed (harvested and selectively logged) 

compartments.  

The periodic F/NF maps were further used to classify the 

forest into stable, very young, harvested, and 

barren/agriculture classes. Based on the categorization of 

the time series F/NF maps, a classified forest dynamics 

map was generated, distinguishing stable, young, and 

harvested compartments (shown in Fig. 17). An accuracy 

assessment was performed on the classified maps using 

ground truth data collected during the field campaign 

conducted in 2015, 2017, and 2018 respectively. Random 

compartments were selected for each class (stable, young, 

harvested, and barren) and test polygons were generated for 

accuracy assessment. The two-tier classifier resulted in an 

overall accuracy of 85.39% with a kappa coefficient of 

0.8039. 

 
Fig. 17: Classified maps showing different forest 

conditions- Barren/Agriculture, Stable forest, Young 

plantation, and Harvested 

 

5. SUMMARY AND CONCLUSION 

 

• The G4U/6SD decomposition child parameters 

showed the gradual change in scattering 

mechanisms during leaf-on and leaf-fall seasons 

for deciduous species such as Teak.  

• In this context, the height estimation task of this 

research work focused on assessing the utility of 

existing space-borne PolInSAR acquisitions for 

stand height retrieval over tropical forests in 

India. The approach entailed utilizing full-

PolInSAR acquisitions at L-band (ALOS-

2/PALSAR-2) and X-band (TerraSAR-X and 

TanDEM-X). 

• The bistatic TerraSAR-X/TanDEM-X system 

provides the best inversion performance with r 2 

of 0.77 and RMSE of 1.86m, closely matched by 

repeat-pass L-band ALOS-2/PALSAR-2 data set 

with r 2 = 0.75 and RMSE of 1.94.  

• The major non-volumetric decorrelation 

contribution is temporal decorrelation due to the 

repeat-pass duration. It is shown that for longer 

wavelengths, the repeat-pass duration of ALOS-

2/PALSAR-2 (14 days) can be sufficient for forest 

height mapping.  

• An interesting trend is observed for height 

inversion accuracy as a function of forest AGB. 

The height retrieval accuracy improves for higher 

AGB plots across all frequencies. This trend 

suggests the validity of the RVOG model for 

dense forests as compared with a shrub or low-

AGB forests. 

• The final objective of this research work is the 

development of algorithms for large-scale forest 

AGB retrieval and carbon stock mapping 

(approximately half of AGB is Carbon). This 

objective was approached using all the three SAR 

techniques of PolSAR and PolIn-SAR. L-band 

ALOS-2/PALSAR-2 acquisitions are used for 

PolSAR based AGB retrieval. Four extensively 

utilized linear regression models are selected from 

literature, providing reference models for 

comparison. It was observed that L-band 

backscatter saturates around 150 Mg/ha. Multi-

sensor linear regression models are developed 

which combine the polarimetric SAR backscatter 

and PolInSAR height from ALOS-2/PALSAR-2 

and TerraSAR-X/TanDEM-X respectively. The 

models are extensively tested and analyzed using 

multiple L-band backscatter and X-band heights.  

• The 12 m TanDEM Global DEM and 90 m open-

source TanDEM Global DEM are utilized to 

generate a DSM. The height difference between 

DEM and DSM provides the vegetation height 

bias considered in this paper as a pseudo height 

indicator.  

• The combined models perform significantly 

better than published reference backscatter-based 

models with an improvement in AGB retrieval 

accuracy.  

• The studied models show sensitivity to variations 

in backscatter across different acquisition dates. 

The temporally averaged backscatter performs 

consistently better than individual acquisition. 

Periodic observation of L- band data from the 

ALOS series was utilized and scattering 

phenomenon concerning forest dynamics was 

studied. Based on the scattering properties of 

different forest dynamic conditions, a two-tier 

classification algorithm was developed to 

characterize forest dynamics state. The 

classification algorithm classified the land cover 

into Forest (F) and Non-Forest (NF). The time 

series F/NF maps were utilized in the second-tier 

classification to map the forest into four distinct 

classes as Young plantation, mature plantation, 

harvested, and barren land respectively. The 

overall accuracy of G4U based map was 85.39 % 

with a kappa coefficient of 0.8. This study 

highlights the potential of L- band Polarimetric 

SAR (PolSAR) parameters to monitor different 194



forest conditions which could serve as key inputs 

for better forest management and silvicultural 

practices. 
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1. INTRODUCTION

A key aim of the ALOS PALSAR and ALOS-2 

PALSAR-2 platforms is to prove the concept and then 

normalize the use of L-band Synthetic Aperture Radar 

(SAR) data for the remote sensing of forest properties and 

forest change. Due to its ability to penetrate through the 

top of the canopy and obtain information from the 

branches and stems, L-band SAR has a unique capacity 

among currently orbiting satellites for giving information 

on the properties of forests. 

During this RA6 project, we tested the ability of two 

different modes of ALOS and ALOS-2 data to detect 

forest properties and forest change.  

First, we investigated the capabilities of the Fine Bean 

Dual (FBD, ALOS PALSAR, ~20 m resolution) and  

Stripmap Fine (ALOS-2 PALSAR-2, ~10 m resolution) to 

map forest biomass and forest change, testing these 

against field plots from landscapes in Europe (Spain, 

Denmark) [1], Sarawak (Malaysia), and the Miombo 

woodland belt of southern Africa, including field plots in 

Tanzania, Mozambique and Malawi [2]. In the latter case, 

the more limited scenes available from this RA6 project 

were used to develop and refine algorithms ultimately 

applied across a very large region (7 countries) using the 

JAXA-produced 25 m resolution seamless mosaics of the 

same data (ALOS Kyoto and Carbon Initiative Project, 

[3]).  

Secondly, we investigated the utility of ScanSAR mode 

data. This is collected in much wider swaths, at a coarser 

resolution (~100 m), but with high temporal frequency 

across much of the world, giving it opportunities to map 

landcover change and the flood level of water under 

forests that would not be possible with higher resolution 

L-band products currently. We tested this in swamp forest

basins in Amazonian Peru and central Congo, however we

have not yet obtained results due to difficulties in

processing the ScanSAR data, issues which we are still

working to resolve.

In this paper we will first present our published results 

from RA6, which were presented in Scientific Reports [1] 

and Nature Communications [2], and then present some 

as-yet unpublished results too.  

2. FOREST BIOMASS AND SATURATION

It has long been known that the backscatter from L-band 

SAR can be used to map forest biomass directly, with 

particular utility for cross-polarised data. In the case of 

ALOS PALSAR and ALOS-2 PALSAR-2, this is 

normally the HV polarisation. Previous research by the 

authors, supported by JAXA grants, has shown this for 

ALOS PALSAR data [4,5].  

However, we know that the relationship between L-band 

SAR data and forest biomass reduces in strength as 

biomass increases, and ultimately saturates at some point, 

often put at between 100 and 150 Mg ha-1 [4,5]. But the 

reason for this saturation is less clear, and without 

knowing what is driving it is hard to know how universal 

it is between forest types, stem densities, and types of 

change. This knowledge would be helpful for assessing 

where direct HV backscatter can be used to map biomass 

and biomass change, and where it can’t. 

We set out to test this using extensive field plot networks 

and country/region-wide aircraft-derived small footprint 

LiDAR data covering Denmark (4.2 million ha) and the 

autonomous community of La Rioja, Spain (500,000 ha).  

We used 108 Level 1.1. ALOS PALSAR FBD scenes, 

which we processed using ASF MapReady 3.1, and 

compared the backscatter to forest structure variables 

from the field plots and LiDAR. 

Looking at raw backscatter compared to aboveground 

volume (which should relate directly to biomass, but 

lacking wood density data from these sites we used this 

unit throughout this study) from the field plots, we found 

initial sensitivity and then saturation as expected, but with 

significant offsets for different forest types, which were 

especially clear in Denmark (Fig. 1) [1]. 
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Fig. 1 Forest Aboveground Volume (AGV) 

compared to ALOS PALSAR FBD backscatter in the 

HV polarisation over different forest types in La Rioja 

and Denmark  

We then developed Geralised Linear Models to explain 

the impact of mean stem size (mean diameter at breast 

height), stem number density, and mean stem height, on 

backscatter, if biomass was held constant. The large size 

of our dataset (thousands of plots) enabled this possibility, 

because there was sufficient variation in these variables at 

each point in the curve. These are shown in Table 1 as 

slopes in units dB ha/m3, the units of the slopes in Fig. 1.  

 

These show that mean stem size is positively correlated to 

backscatter, if AGV is held constant, with this impact 

increasing as AGV increases. This is purely due to the 

influence of increasing stem sizes, independently of 

everything else. Stem density similarly increases 

backscatter as it increases, if AGV is held constant. Stem 

height is however only shown to be important at low 

values of AGV. The combined effect of all these means 

that the differences seen between conifers and 

broadleaves in Fig. 1 can be entirely explained by stem 

density, size and height: no different model between the 

two tree types is necessary to explain their relationship 

between biomass and volume. 

 

 
Table 1 The impact of other variables on the slope of 

the Aboveground Volume (AGV) and ALOS PALSAR 

backscatter slope. 

 

Overall, the study suggested that explaining signal 

saturation due to attenuation, as is commonly assumed, is 

potentially incorrect. hat structural changes occurring 

simultaneously as forests age may both increase and 

decrease backscatter, cancelling out and masking any 

differences in the SAR signal. Backscatter is constrained 

within certain bounds due to the trajectory of 

development of forest structure, which is governed not 

only by natural biophysical factors but also by various 

anthropogenic practices, contributing to the apparent 

saturation of the AGV-backscatter curve. This warrants 

further investigation, using empirical studies like these as 

well as modelling and experimental studies. 

 

3. LARGE SCALE BIOMASS CHANGE MAPPING 

 

Using the knowledge we gained using the data from this 

RA6 project and data from a RA4 grant, in addition to 

extensive field data collected, we believed we would be 

able to create biomass and biomass change maps across 

southern Africa. This was because this is a region of the 

world where most of the forest is well below the 

saturation point of 150 Mg ha-1, but still extensive enough 

to contain very large amounts of carbon.  

 

While the ultimate maps were produced using the Kyoto 

and Carbon Mosaic data from JAXA, much of the 

development and calibration was done using individual 

scenes downloaded through this grant, in particular to 

learn how to select scenes at different times of year to 

avoid moisture impacts. 

 

The algorithms developed and details of the methods are 

shown in [2], focusing on producing relationships 
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between biomass and HV backscatter, and applying these 

to 2007 and 2010 ALOS PALSAR layers, and quantifying 

change in a statistically sensible way. Figure 2 shows a 

biomass map for 2007 produced in this way. 

 

 
Fig. 2 Spatial distribution of Aboveground Carbon 

(AGC) estimated using ALOS PALSAR data for 2007 

 

But one very interesting finding was the relationship 

between observed Aboveground Carbon (AGC) density 

change and the change in soil moisture between the 

observations in 2010 and 2007, as shown in Fig. 3 below. 

 
Fig. 3 Observed Aboveground Carbon (AGC) change 

by the soil moisture difference between 2007 and 2010 

 

We used these relationships to correct the map, producing 

a biomass change map that was not impacted by soil 

moisture (Fig. 4). Some strips were too different in soil 

moisture between the two years for the correction to be 

effective though, so these were removed from the final 

map. 

 

 
Fig. 4 Change in AGC stocks from 2007-2010  

 

Overall these methods show great potential for using L-

band SAR data to map forest carbon stocks, and changes 

in those stocks, across low-to-medium biomass 

woodlands.  

 

4. BIOMASS MATCHING FOR CONCENSUS 

CHANGE DETECTION 

 

We have tested a method for quantifying changes in 

carbon stocks using dense stacks of PALSAR and 

PALSAR-2 data. This is still in development, and we do 

not want to reveal details of the method before it has gone 

through peer review. However in summary the ‘biomass 

matching’ approach reduces the need for in-situ ground 

inventory plots. Regression coefficients for the 

relationship between the radar cross section and biomass 

are defined for a single SAR scene. The iterative biomass 

matching algorithm then identifies regions where no 

statistically significant change in AGB has occurred 

across the timeseries and uses these regions to determine 

the scene specific regression coefficients for the 

remaining scenes. 

 

We are still working on finalizing this method, and have 

drafted a peer review publication but not yet submitted it 

to a journal. However, an initial image showing the type 

of results that could be anticipated is shown below as Fig. 

4.  
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Fig. 5 Significant losses and gains in AGB stocks 

detected at the Sabaju and Sebungan Oil Palm 

Estates, Sarawak, Malaysia between 09/05/2008 and 

07/09/2017.  

 

5. SCANSAR DATA 

 

As described previously, a key focus of this grant was to 

test the utility of ScanSAR data, particularly in tropical 

wetland areas, to map swamp vegetation characteristics, 

peat degradation, and land use change.  

 

This has a lot of potential, but we are having issues with 

the data processing that are delaying this piece of work. 

We hope to conclude it in the next few months, and will 

update JAXA when we have firm results. Again, we 

expect this to result in at least two peer review 

publications.  
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1. INTRODUCTION

The original objective of the activity was to extent the 

Sonnblick monitoring program within the framework of 

Global Cryosphere Watch (GCW) by utilization of satellite 

data for cryosphere themes. There is especially a lack of 

studies with satellite data for the topic permafrost, as it is a 

subsurface phenomenon. Surface indicators can however 

aid modelling and long-term change studies [1]. 

  The Sonnblick observatory in Austria is one of the 36 

Global Cryosphere Watch CryoNet sites and received the 

status of an integrated site. Sonnblick Observatory is 

located in the Austrian Central Alps at an elevation of 3100 

m a.s.l. The Sonnblick Observatory was built in 1886 at the 

summit of Sonnblick Mountain, motivated from the need 

for information on meteorology in higher altitudes of the 

atmosphere. Today, Sonnblick is a station of 

interdisciplinary research covering the atmosphere, the 

cryosphere, the biosphere, the lithosphere, and the 

hydrosphere. 

So far, microwave remote sensing had not been applied 

within the Sonnblick monitoring scheme. Specific focus of 

a PhD project within the framework of the DK GIScience 

(Salzburg University) was on the identification of spatial 

and temporal patterns of thawing and refreezing, and its 

impact on snow, permafrost and glacier properties. The 

objective was to evaluate coarse resolution microwave 

satellite records (scatterometer, radiometer) which are 

commonly used for freeze/thaw detection with synthetic 

aperture radar data in complex terrain and heterogenous 

environments, including the Sonnblick region. 

A major challenge for this application is data 

availability as dense time series are needed to capture the 

freeze/thaw process. During the PI-activity further studies 

beyond the original proposal have been therefore made 

which are less demanding regarding repeat intervals and 

have potential to support permafrost related studies. They 

focused on comparisons of C-band and L-band in relation 

to water:  

(1) lake ice anomalies and

(2) coastal erosion in the Arctic.

Fully polarimetric data have been used in the first case and 

a combination of PALSAR- 1 and PALSAR-2 fine beam 

data in the second case to go back in time. 

2. IN SITU DATA COLLECTION FOR

FREEZE/THAW 

The area of interest for the original objective is the Hohe 

Tauern mountain region around Sonnblick (Figure 1). A 

network of temperature sensors was required for the 

research project. It has been established as planned in 

summer 2016. In total, 21 sensors have been deployed 

representing an altitudinal transect from 1731 m to 2720 m 

a.s.l. As the aim of the project was to combine SAR

information with coarser scatterometer data, a radius of

12.5 km has been considered. The distribution of the

sensors is shown in figure 2. The sites represent different

vegetation zones, starting in forested areas and the highest

one represents bare ground on the summit. Different

expositions were considered to investigate the influence of

orientation of the mountain slope towards the sensor on the

freeze/thaw detection.

Fig. 1: View of Sonnblick mountain slope which is 

represented by in situ measurements (Photo: H. 

Bergstedt 2017)  

Data has been read out first time in July 2017 and a 

second time in end of July 2018. Figure 3 shows all 

obtained records. The data are published open access on 

PANGAEA (see Appendix). There has been sensor failure 

in 32 % cases, but several continuous records are available. 

In addition, soil moisture has been recorded at all locations 

with a handheld probe. 

All sites which overlap with the processed ALOS-2 

acquisitions are listed in table 1. They represent almost one 

thousand meters in altitude range as well as different 
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vegetation zones. They start in the area of the treeline and 

include the summit zone.  
 

 

Fig. 2: Subset of ALOS-2 dataset (21.08.2015) and 

location of in situ records 

 

 

Fig. 3: In situ temperature datasets for all sites in the 

Sonnblick region and all years. The location of sites is 

shown in figure 2 & 4. The properties of sites used for 

initial comparison with ALOS 2 are listed in Table 1. 

Fig. 4: ALOS-2 dataset (30.09.2016) over the study 

area and location of in situ records 

 

Table 1: Description of in situ sites used for 

assessment of ALOS-2 records  

ID Elevation 

[m] 

Description Soil 

moisture 

[%] 

08.08.2018 

418 1852 Alpine meadow 

with shrubs and 

single spruce trees 

n.d. 

419 1880 Alpine meadow 

with shrubs and 

single spruce trees 

77 

420 2046 Alpine meadow 60 

426 2172 Alpine meadow, 

scattered rocks 

34 

425 2263 Alpine meadow, 

scattered rocks 

62 

423 2424 Alpine meadow, 

50% rocks, below 

rockwall 

31 

422 2602 Depression with 

95% rocks 

29 

421 2720 Summit with 

boulders, mostly 

bare ground 

61 

 
 

3. DATA ANALYSES TOWARDS FREEZE/THAW 

DETECTION 

 

Fine beam acquisitions available for 2015 and 2016 

have been preprocessed (calibration, orthorectification) 

and compared to in situ data. The 10 m national elevation 

model of Austria has been used for orthorectification. A 

filter window size of 5x5 has been applied. For the period 

of in situ data availability (2016), the frozen and unfrozen 

acquisitions have been available at opposing viewing 

directions only (Tab. 2). A further constrain is the limited 

spatial coverage of the 2016 acquisitions. Only a subset of 

the in situ data could be used (Fig. 4). 

 

Table 2: Description of used ALOS-2 fine beam 

acquisitions  

Type Date  Comments 

PALSAR-2 

ASC 21.08.2015 

Above 0°C across 

scene 

PALSAR-2 

ASC 02.10.2015 

Just below to around 

0°C at summit 

PALSAR-2 

ASC 30.09.2016 

Above 0°C across 

scene 

PALSAR-2 

DESC 31.10.2016 

Around 0°C at summit 

 

The analyses have been extended to Sentinel-1 C-band 

SAR data due to better data availability (several 

observations per week) and the comparability to C-band 
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scatterometer observations [5]. Metop ASCAT (advanced 

scatterometer) data have been obtained in addition in this 

case from the data repository of the European Organization 

for the Exploitation of Meterological Satellites 

(EUMESAT) which provides ASCAT backscatter data at 

C-band as part of the ASCAT soil moisture data product. 

 

4. RESULTS OF FREEZE/THAW TARGETED 

ANALYSES 

 

The impact of soil moisture during unfrozen conditions 

on the backscatter has been analyzed in a first step. 

Freeze/thaw detection capability is expected only at sites 

where there is an influence by available water in the soil. 

The gradient of vegetation and geomorphology among 

the in situ record locations is reflected in the HV and HH 

polarizations (Figure 5). The average backscatter 

difference between the acquisitions in August 2015 and 

2016 was about -0.5 dB what suggests similar conditions. 

The comparison of the 2018 in situ data of near surface soil 

moisture with the 2015 and 2016 backscatter also provides 

evidence of similar conditions from year to year (Figure 6). 

Low backscatter partially corresponds to low soil moisture 

and vica versa.  

Backscatter is lower for medium altitude sites which are 

partially covered by loose rocks (figure 5 and table 1). HV 

is more sensitive to this and backscatter drops already for 

sites which have only scattered rocks. Backscatter 

increases again towards the summit where soil moisture is 

also higher (although in patches) as well as rock coverage 

(but with low vegetation/soil coverage, mostly boulders). 

A time series analyses for frozen conditions was not 

possible as the orbit for the October 2016 acquisition is 

available at descending orbit and all other data at ascending 

orbit what is problematic for the very steep slopes in the 

area. A lower backscatter for mostly frozen conditions 

across the scene can be however observed for the wettest 

site (#419, Fig. 6, Tab. 1). As this is the lowest altitude site, 

wet snow could also play a role, but snow conditions at this 

site are unknown. 

 

 

 

Fig. 5:  Altitudinal relationship of backscatter at 

different polarizations (ascending acquisitions only, 

western part of study area which corresponds to north 

to east facing slope of Sonnblick mountain). 

 

 

Fig. 6: Comparison between ALOS-2 backscatter and 

in situ. Years differ, but moisture measurements 

reflect general moisture level at the sites for August 

and September. Temperatures have been slightly 

below 0°C in October 2016 (blue dots). 

 

 

4. DISCUSSION AND ADDITIONAL STUDIES 

 

This section briefly discusses the freeze/thaw targeted 

analysis and summarizes the additional studies on lake ice 

and coastal erosion in permafrost environments. 

 

4.1 FREEZE-THAW DETECTION 
 

The results confirm previous studies on suitability of the 

data to detect soil wetness differences and subsequently 

feasibility of freeze/thaw detection. The number of 

acquisitions available to describe the freeze/thaw process 

in such a complex topography are however too low. 

Sentinel-1 has been also investigated as an alternative and 

an algorithm to derive frozen fraction from Metop ASCAT 

could be successfully implemented using the collected in 

situ records [5]. A similar approach could be followed for 

L-band in the future in case of better data availability. 

 

4.1 LAKE ICE ANOMALIES 

 
Regions of anomalously low backscatter in C-band 

Synthetic Aperture Radar (SAR) imagery of lake ice in 

northwestern Siberia have been suggested to be caused by 

emissions of gas (methane from hydrocarbon reservoirs) 

through the lake's sediments. Holes of several meter 

diameter can be identified with very high resolution 

satellite data. The surroundings of these holes appear as 

backscatter anomalies in the SAR data extending beyond 
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the area of the holes themselves. The hypothesis was, that 

the structure below the ice/snow could be explained using 

polarimetric SAR analyses. One fully polarimetric 

PALSAR-2 acquisition is to date available for winter 

conditions of Lake Neyto. Our analyses of this L-band 

scene [6] suggests that the C-band backscatter anomalies 

might be caused by expanding cavities in the lake ice, 

formed by strong emissions of gas. 

 

4.3 COASTAL EROSION QUANTIFICATION 
 

We have investigated data acquired at three different 

wavelengths (X-, C-, L-band; TerraSAR-X, Sentinel-1, 

ALOS PALSAR 1/2) to quantify coastal erosion in 

permafrost regions [7]. Four regions across the Arctic 

which feature high erosion rates have been selected. 

Erosion rates have been derived for a 1-year period (2017–

2018, PALSAR 2) and in case of L-band also over 11 years 

(2007–2018, PALSAR 1/2). In total 12 PALSAR 1/2  

acquisitions have been analyzed. Increased recent erosion 

rates could be quantified what is in line with other studies 

and increasing ground temperatures [8,9]. Results indicate 

applicability of all wavelengths, but incidence angle 

dependencies need to be considered for discrimination of 

the land-water boundary in case of L- as well as C-band. 

However, L-band has the lowest sensitivity to wave action 

and relevant future missions are expected to be of value for 

coastal erosion monitoring. 

 

 

5. CONCLUSIONS 

 

There is potential for detailed characterization of the 

freeze/thaw process in complex terrain with L-band data 

but the full capability could not be demonstrated due to 

limited repeat intervals.  

Fully polarimetric L-band SAR data are of high value 

for characterization of lake ice anomalies with respect to 

monitoring of methane seeps. More such observations are 

however needed to fully clarify the mechanisms. 

L-band SAR has been shown to be of utility for coastal 

erosion monitoring in the Arctic, specifically the ALOS 

missions, as it is possible to go back in time with sufficient 

spatial resolution. 
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1. INTRODUCTION

DEM represents the topography of the Earth surface and is 
an important fundamental data to various applications. For 
example, highly accurate DEMs are prerequisite in 
prediction of geohazards, management of resource 
exploration and simulation of flood inundation. However, 
when using traditional surveying methods to measure 
topography, it is difficult to remove vegetation height at a 
large spatial extent. Synthetic Aperture Radar (SAR) 
systems work at “penetration observation” mode, which 
can penetrate into forest layer and record forest vertical 
structure. Furthermore, after combing interferometry 
(Interferometric SAR, InSAR), the SAR system is able to 
measure height.  
Compared to short-wavelength SAR (e.g., X-band or C-
band), L-band ALOS PALSAR can penetrate through the 
land coverage (e.g., dense vegetation, ice and snow, desert). 
And, it is able to acquire multi-polarization (dual- and 
quad-) SAR data which can increase the observation space 
of InSAR. In addition, a rather short time baseline of 
ALOS-2 (14 days) provides an opportunity for extracting 
interferograms with high quality. Based on these 
advantages, we had proposed a polarimetric SAR 
decomposition method using ALOS-2 PALSAR 
polarimetric data, which has a superior ability to describe 
the scattering process from vegetation; subsequently, we 
had studied the forest parameters inversion using multi-
baseline ALOS-2 PALSAR data, which includes forest 
height inversion and t growing stack estimation; finally, we 
estimated the sub-canopy topography by fusing the ALOS-
2 PALSAR coherence and external LiDAR altimetric data. 
And the obtained results in this project have been verified 
based on the external reference datasets. 
Based on the above researches, we fully exploit the multi-
polarization information provided by ALOS PALSAR data. 
After investigating how the identical atmospheric delay 
error phase can be expressed in different polarimetric 
interferograms, a new atmospheric correction method is 
proposed. In addition, we also verify the penetration depth 
of L-band SAR signals in desert areas. 

2. SCATTERING MECHANISMS WITH ALOS-2
PALSAR AND MODEL-BASED POLARIMETRIC

DECOMPOSITION [1] 

Model-based decomposition of polarimetric synthetic 
aperture radar (PolSAR) is a powerful technology that can 
be used to investigate the scattering mechanism of ground 
targets [2]. Among the model-based decomposition 
methods, the pioneering approach is Freeman–Durden 
decomposition, which describes the scattering processes of 
ground targets by three scattering mechanisms [3]. 
However, Freeman–Durden decomposition is based on the 
reflection symmetry assumption and can only account for 
five terms out of the nine polarimetric parameters in the 
coherency matrix T3. As a result, the obtained scattering 
mechanisms cannot match the ground truth well. To 
describe the polarimetric scattering information of the real 
part of T23 in the coherency matrix, we propose a new 
scattering model by combining the dihedral corner reflector 
scattering model and the polarimetric orientation angle 
(POA). The framework of the proposed model is 
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Then, the proposed method was validated by polarimetric 
synthetic aperture radar (SAR) data sets acquired by the 
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ALOS-2 PALSAR data. Fig. 1(a) displays the color-coded 
image of Pauli decomposition. As shown in Fig. 1(b), the 
red polygon, rectangle, and circle areas correspond to 
highly oriented buildings (~40°), moderately oriented 
buildings (~25°), and a forest area, respectively. One can 
observe from Fig. 1(c) that the ratio of cross-polarization 
HV power to the total power in the highly and moderately 
oriented building areas is as high as in the forest area, 
which makes it difficult to distinguish the building and 
forest areas. Fig. 2 shows the color-coded images of the 
decomposition results derived by GMD [4], 6SD [5], 7SD 
[6], and the proposed method. The results show that, 
compared with the existing decomposition methods, the 
proposed method has a superior ability to distinguish 
oriented buildings from vegetation. 

 
Fig. 1 ALOS-2/PALSAR-2 PolSAR data acquired over 
San Francisco, USA. (a) Pauli color-coded image (red: 

2 / 2HH VVS S− ; green: 22 HVS ; blue: 2 / 2HH VVS S+ ). (b) 
Polarimetric orientation angle. (c) The ratio of cross-
polarization HV power to total power. 

 
Fig. 2. Results for the ALOS-2/PALSAR-2 SAR data 
acquired over San Francisco, USA. (a)–(d) 
Decomposition results of GMD, 6SD, 7SD, and the 
proposed method (red: double-bounce Pd and rotated 
dihedral scattering Prid [mixed dipole scattering Pmd]; 
green: volume scattering Pv; blue: surface scattering 
Ps). 

3. FOREST PARAMETERS INVERSION USING 
ALOS-2 PALSAR POLARIMTERIC DATA 

3.1 Inversion of forest height based on ALOS-2 
PALSAR multi-baseline polarimetric SAR 
interferometry data [7] 

It is difficult to invert forest parameters from multi-
polarimetric (dual- or quad-) ALOS PALSAR data due to 
the effects of long revisit period, insufficient observation 
information and short interference baseline, etc. [9]. To 
solve this problem, we proposed a new method for 
extracting forest height from ALOS-2 PALSAR multi-
baseline PolInSAR data. Firstly, the Maximum Coherence 
Difference (MCD) algorithm is introduced to select the 
polarization which is sensitive to volume scattering. Then, 
with the aid of a small amount of externally reference forest 
height data, the coherence amplitude is used to solve the 
temporal decorrelation semi-empirical scattering model. In 
addition, multi-baseline data are further used to increase 
the diversity of observation geometry and improve the 
reliability of the inversion results. The new method was 
tested by three pairs of quad-polarimetric ALOS-2 
PALSAR data covered Huangfengqiao Forestry Center in 
Hnnan, China (Fig. 3). The result show that the inversion 
accuracy can be improved by at least of 40%, with 
RMSE=2.05 m. 

 
Fig. 3 (a) Inversion result by the fusion of multi-baseline, 
(b) Scatterplots comparison between fusion inversion 
result and reference data in situ. 

3.2 Forest growing stock volume estimation using 
ALOS-2 PALSAR data [8] 

Forest carbon stocks are essential to our understanding of 
global climate change, and can be represented through 
extracting forest parameters [10]. The forest growing stock 
volume (GSV) is a key parameter in the context of forest 
management and monitoring. In this project, we estimated 
the forest GSV from advanced land observing satellite-2 
(ALOS-2) phased array-type L-band synthetic aperture 
radar (PALSAR-2) full polarimetric SAR data based on 
ground truth data collected in Youxian County, Central 
China in 2016. An integrated three-stage (polarization 
orientation angle, POA [11]; effective scattering area, ESA 
[12]; and angular variation effect, AVE [13]) correction 
method was used to reduce the negative impact of 
topography on the backscatter coefficient [14]. Finally, we 
established a multi-variable model for the GSV estimation, 
which produced a better inversion result (Fig. 4), with a 
root mean square error (RMSE) of 70.965 m 3/ha and was 
improved by 22.08% in comparison to the single-variable 
models. The study expands the application potential of 
PolSAR data in complex topographic areas; thus, it is 
helpful and valuable for the estimation of large-scale forest 
parameters. 206



 
Fig. 4 Forest GSV estimation results of the whole study 
area. 

4. SUB-CANOPY TOPOGRAPHY ESTIMATION IN 
THR FOREST AREA [15] 

 
Fig. 5 (a) Original TanDEM-X DEM; (b) Scatterplot 
comparison between the original TanDEM-X DEM and 
the GEDI ground surface elevation; (c) Sub-canopy 
topography; (d) Scatterplot comparison between the 
sub-canopy topography and the GEDI ground surface 
elevation. 

Sub-canopy topography (SCT) describing the shape of 
“bare-earth” plays an important role in various applications, 
such as hazard monitoring, flooding prediction, resource 
management [16-18]. The TanDEM-X DEM (completed in 
September 2016) was acquired by the bistatic InSAR 
system TerraSAR-X/TanDEM-X with X-band, and it has 
high accuracy and good global consistency [19-20]. 
However, it cannot reflect the sub-canopy topography 
because the X-band SAR signal has poor penetration in the 
forest layer, resulting in the TerraSAR-X/TanDEM-X 
InSAR(TSX/TDXI) phase center not being able to reach 
the ground surface. To solve this problem, a spaceborne 
repeat-pass InSAR coherent scattering model is first used 
to estimate the forest height by the ALOS-2 PARSAR 
InSAR coherence (APIC), taking the GEDI canopy height 
as the reference. Then, a linear regression model of the 
TanDEM-X DEM Vegetation Bias (TDVB) depending on 

the forest height and the fraction of vegetation cover (FVC) 
is established and used to estimate the sub-canopy 
topography. Finally, the proposed method was tested by the 
TanDEM-X DEM and ALOS-2 PALSAR data acquired 
over the Amazon rainforest and a boreal forest in Canada. 
Fig. 5 shows the sub-canopy topography results in the 
Amazon rainforest area. It is clear that the proposed 
method can extract the sub-canopy topography with an 
RMSE of 4.0 m and improve the TanDEM-X DEM 
accuracy by 75.7%. 

5. HIGH ACCURACY TOPOGRAPHIC MAPPING 
WITH DUAL-POLARIZATION ALOS-1 PALSAR 

Atmospheric effect is one of the major error sources for 
InSAR, particularly for the repeat-pass InSAR data [1]. In 
order to further improve the practicability of InSAR 
technology, it is essential to study how to estimate and 
eliminate the atmospheric effects. 

5.1. A tropospheric delay error correction method by 
correlation analysis between dual-polarization InSAR 
data based on wavelet decomposition [21] 

The main idea of this method is that the tropospheric delay 
is independent on polarization. As a result, the 
interferograms in different polarizations have identical 
tropospheric delay error phase. Thus, after investigating 
how the identical tropospheric delay error phase can be 
expressed in different polarimetric interferograms, by 
performing differential interferometry with different 
external DEM data, the tropospheric delay error phase is 
the unique identical phase component in different 
polarimetric interferograms.  

1 1 1

2 2 2

P P P
diff topo atom noise

P P P
diff topo atom noise

ε

ε

φ φ φ φ

φ φ φ φ

= + +

= + +
           (3) 

To identify the identical tropospheric delay error phase, we 
used the wavelet decomposition-based correlation analysis 
[22]. More detail information about this method can refer 
to Appendix 7. We tested this method by ALOS-1 
PALSAR data acquired over South California, USA, and 
Qilian Mountain, China. The differential interferograms 
(D-Infs) before the tropospheric delay error phase 
correction are shown in Fig. 6. It can be seen that the 
residual D-Infs contain obvious tropospheric delay error 
phase signals. The corrected HH and HV D-Infs were 
shown in Fig. 7. It is clear that after applying the proposed 
method, the noticeable positive signals in the top and 
bottom parts of the D-Infs and the negative signals in the 
middle parts of the D-Infs are largely removed. Finally, 
The RMSE of the DEM (Fig. 8) is reduced by 34.7% (7.86 
m) after the tropospheric delay error phase removal. 

 
Fig. 6 Original (a) HH and (b) HV D-Infs; (c) the 
difference of map between the HV and HH D-Infs. 
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Fig. 7 (a) HH and (b) HV D-Infs corrected by the 
proposed method, respectively. (c) Difference map 
between the corrected HV and HH D-Infs. 

 
Fig. 8 (a) DEM estimated with the corrected 
interferogram. (b) DEM error after correction. (c) 
Histograms of the differences between the DEMs 
generated with and without ATP correction and the 
SRTM DEM. 

5.2. A multi-resolution weighted correlation analysis 
(MRWCA) method between the dual-polarization 
InSAR data [23] 

This method can be used to estimate and correct 
atmospheric effects for ALOS PALSAR topographic 
mapping, which introduces the weighted indictor to 
improve the accuracy of the tropospheric delay error phase 
estimation. Finally, we tested the proposed method by the 
dual-polarimetric ALOS-1 PALSAR data located in San 
Francisco, USA. The original and corrected D-Infs were 
shown in Fig. 9 and Fig. 10, respectively. Finally, to assess 
the accuracy of the proposed method, we selected ICESat 
altimetric data as reference to evaluate the DEM accuracy. 
Compared to the exist method [24], the proposed method 
can generate a better DEM result (Fig. 11) with 
RMSE=7.79m, which was improved by 40.5%. 

 
Fig. 9 Original (a) HH and (b) HV D-Infs; (c) the 
difference of map between the HV and HH D-Infs. 

 
Fig. 10 (a) HH and (b) HV D-Infs corrected by the 
proposed method, respectively. (c) Difference map 
between the corrected HV and HH D-Infs. 

 
Fig. 11 Historgrams of the elevation difference between 
the ICESat data and the InSAR-derived DEMs 
generated without atmospheric correction, with 
Shirzaei’s atmospheric correction and MRWCA 
atmospheric correction, respectively. 

5.3. A framework for correcting the tropospheric delay 
error of using dual-polarization InSAR and considering 
the influence of ionospheric delay [24] 

For low-frequency SAR systems (e.g., L-band, P-band), 
the ionospheric delay error phase is another important error 
source besides tropospheric delay error [25]. Furthermore, 
compared to the tropospheric delay error phase, 
ionospheric error phase is dependent on polarization. As a 
result, it is difficult to distinguish and correct the 
ionospheric artifacts and tropospheric effects based on the 
spatial characteristics of the interferometric phases, and 
even the orbit error phases cannot be corrected effectively. 
Thus, we proposed a new method to correct the 
atmospheric effects, including tropospheric and 
ionospheric delay error phases, which adopts the range split 
spectrum and the MRWCA method to correct the 
ionospheric and tropospheric effects, respectively. Finally, 
this method was tested using ALOS-1 PALSAR data 
acquired over Hawaii, U.S.A. Fig. 12 shows the D-Infs 
before and after ionospheric error correction. It is clear that 
the long-wavelength error phase, which is attributed to the 
ionospheric effects, can be removed by the RSS method. 
Then, the MRWCA method was used to reduce the 
influence of the tropospheric delay error phase, and the 
corrected D-Infs are shown in Fig. 13. Finally, we generate 
the InSAR DEM with the corrected HH interferograms, 
and using high-precision TanDEM-X as reference to assess 
the proposed method, while the corresponding result is 
shown in Fig. 14. The accuracy of the derived DEMs can 
be improved by 64.9% for Hawaii study area. 

 
Fig. 12 (a) and (b) are the initial D-Infs of the HH and HV 
polarizations, while (c) and (d) are the D-Infs after 
ionospheric correction by the range split-spectrum method. 
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Fig. 13 The unwrapped D-Infs of the HH and HV 
polarizations: (a) and (b) with correction of both the 
ionospheric and orbital errors; and (c) and (d) with the 
proposed correction method. 

 
Fig. 14 (a) The InSAR DEM generated by the corrected 
HH-polarization interferogram. (b) InSAR DEM with 
ionospheric and atmospheric correction minus the 
TanDEM-X DEM. (c) Histograms of the elevation 
difference between the InSAR-derived DEMs and the 
TanDEM-X DEM.  

6. INVERSION OF PENETRATION DEPTH IN 
DESERT AREA USING ALOS PALSAR DATA [26] 

The potential of InSAR for subsurface height estimation 
has been recognized; however, this method is greatly 
limited by the data sources and the various errors 
encountered in a highly dynamic environment such as a 
desert. In this project, a coherence scattering model based 
on the volume coherence and imaging geometry of the 
InSAR acquisitions is proposed to retrieve the penetration 
depth of the L-band SAR signals in desert area, while a 
specific expression of the penetration depth for an 
infinitely deep volume is given as follows: 

2

_

1
pen

z vol

d
k
γ − −

=                               (4) 

Although this coherence scattering model is based on the 
assumption of an infinitely deep volume, it is also suitable 
for a volume layer that is twice the thickness of the 
penetration depth of the SAR signal [27]. Finally, the 
proposed method was tested with the ALOS-1 PALSAR 
data with 46d temporal baseline over a desert area in 
southeast Libya. Fig. 15 shows the SAR intensity image, 
dielectric constant, kz in the air and kz_vol in the sand, 
respectively.  Fig. 16 shows the coherence map and the 
inversed penetration depth. The obtain result shows that 
penetration depth of the L-band SAR in this selected study 
area is 2.98 m, while the standard deviation is 1.06 m. 

 
Fig. 15 (a) SAR intensity image, (b) dielectric constant 
map, (c) kz in the air and (d) kz_vol in the sand. 

 
Fig. 16 (a) Coherence map. (b) Inverted penetration 
depth. (c) Histogram of the penetration depth.  

7. CONCLUSIONS 

In recent years, ALOS-1 and -2 PALSAR data have been 
widely used to topographic mapping, surface deformation 
monitoring and forest height inversion. For repeat-pass 
InSAR, atmospheric delay is one of important error sources 
for topographic mapping. In this project, we propose a new 
scattering model by combining the dihedral corner reflector 
scattering model and the polarimetric orientation angle 
(POA). The proposed decomposition model was tested 
with ALOS-2 PALSAR data acquired over San Francisco, 
USA. The results demonstrated that the proposed 
decomposition model shows superior performance in the 
identification of scattering mechanisms. 
Besides, for the inversion of forest height, quad-
polarimetric ALOS-2 PALSAR data can provide sufficient 
observations for forest height inversion with scattering 
model. However, due to the limitation of long revisit period, 
short spatial baseline, the accuracy of forest height 
estimation is limited. In this project, we proposed a new 
forest height inversion algorithm, which can reduce the 
effect of temporal decorrelation on forest height inversion. 
Moreover, by fusing ALOS-2 PASAR coherence and 
external LiDAR, we have proposed a new way to correct 
the TanDEM-X DEM height bias caused by the forest 
signals, which not only improves the accuracy of 
TanDEM-X DEM, but provides an effective method to 
estimate the sub-canopy topography in forest area. 
Finally, we further explored the application scope of ALOS 
PALSAR data. In one hand, by analyzing the multi-
polarimetric phases provided by ALOS PALSAR data and 
investigating how the identical tropospheric delay error 
phase can be expressed in different polarimetric 
interferograms, a new atmospheric correction method is 
proposed. This method only adopts the information 
recording in multi-polarimetric (dual- or qua-) ALOS 
PALSAR interferograms. Compared with the traditional 
method, it reduces the dependence on the external 
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information or water vapor files. In the other hand, we 
verify the penetration of L-band in desert areas. The obtain 
result shows that penetration depth of the L-band SAR 
signals in the selected study area is about 2.98 m, while the 
standard deviation is 1.06 m. 
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1. INTRODUCTION

Highly detailed and accurate forest maps are important 
for various applications including forest monitoring, 
forestry policy, climate change, and biodiversity loss. This 
study demonstrates a comprehensive and geographically 
transferable approach to produce a 12 category high-
resolution land use/land cover (LULC) map over mainland 
Vietnam in 2016 by remote sensing data. The map included 
several natural forest categories (evergreen broadleaf, 
deciduous (mostly deciduous broadleaf), and coniferous 
(mostly evergreen coniferous)) and one category 
representing all popular Plantation forests in Vietnam such 
as acacia (Acacia mangium, Acacia auriculiformis, Acacia 
hybrid), eucalyptus (Eucalyptus globulus), rubber (Hevea 
brasiliensis), and others. 

2. OBJECTIVE
    The goal was to produce a high-resolution LULC map 
that distinguishes natural forests and plantation forests 
(acacia, eucalyptus, rubber, and others) across different 
geographic regions in mainland Vietnam in 2016 using 
remote sensing data.  

3. MATERIALS AND METHODS
    The approach combined the advantages of various 
sensor data by integrating their posterior probabilities 
resulting from applying a probabilistic classifier 
(comprised of kernel density estimation and Bayesian 
inference) to each datum individually.  

4. RESULTS
    By using different synthetic aperture radar (SAR) 
images (PALSAR-2/ScanSAR, PALSAR-2 mosaic, 
Sentinel-1), optical images (Sentinel-2, Landsat-8) and 
topography data (AW3D30), the resultant map achieved 
85.6% for the overall accuracy. The major forest classes 
including evergreen broadleaf forests and plantation forests 

had a user’s accuracy and producer’s accuracy ranging 
from 86.0% to 95.3%. Our map identified 9.55 x 106 ha 
(±0.16 x 106 ha) of natural forests and 3.89 x 106 ha (±0.11 
x 106 ha) of plantation forests over mainland Vietnam, 
which were close to the Vietnamese government’s 
statistics (with differences of less than 8%). 

5. CONCLUSIONS
    This study confirmed the feasibility of producing highly 
detailed and accurate forest type maps in the forthcoming 
big data era of Earth observation. There is also a further 
need to reproduce the resultant map in historical periods to 
have spatially explicit insights into the constraints of 
plantation forest dynamics with specific socio-economic 
and policy backgrounds in Vietnam. 

6. APPENDIX
    Thanh Tung Hoang, Van Thinh Truong, Masato 
Hayashi, Takeo Tadono and Kenlo Nishida Nasahara, 
New JAXA High-Resolution Land Use/Land Cover Map 
for Vietnam Aiming for Natural Forest and Plantation 
Forest Monitoring, Remote Sensing 2020, 12, 2707; 
doi:10.3390/rs12172707 
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ABSTRACT 

With support from JAXA under the sixth Research 

Announcement (RA-6) for ALOS-2, the proposed study of 

crop mapping using ALOS-2 polarimetric data was 

performed. This report summarizes our investigations on 

the use of ALOS-2 multi-temporal polarimetric data for 

dryland crop type classification in Australian 

environments. Quantitative discriminant analysis of single-

date and multi-date ALOS-2 polarimetric data for crop type 

classification demonstrate the value of L-band ALOS-2 

polarimetric data for agriculture applications. 

1. INTRODUCTION

Satellite monitoring offers an important tool for assessing 

the state and change of agricultural areas, including the 

response to natural and management events. Synthetic 

aperture radar provides all weather observations, which 

have increased importance for cloud affected areas of the 

globe including the tropics. Investigation of new methods 

for precise crops status monitoring and yield estimate is 

important. Radar remote sensing plays a significant role in 

precision agriculture monitoring in seasonally cloud-

affected areas that assists community with information 

around food security and farming issues. The remote 

identification and monitoring of agricultural crop growth 

and early estimates of crop types and potential yield could 

help improve on the more commonly used time-intensive 

field-based estimates. Both SAR and optical remote 

sensing technologies show multi-temporal variations 

during the growing season of both dryland and irrigated 

crops. 

Grain production, in particular wheat, is the most important 

contributor to broadacre farming profits in Australia. 

Wheatbelt farms are often the focus of attention for 

investors in the Australian agricultural sector  

2. TEST SITES AND DATA COVERAGE

2.1 Test Sites 

As the largest country in the world without land borders, 

climatic conditions across Australia vary widely across the 

continent. The desert and semi-arid central land mass 

makes Australia the driest continent on earth measured on 

an average rainfall per unit of area basis. By contrast, the 

northern part of the country has a tropical climate, varied 

between rainforests and grasslands. Most of Australia’s 

agriculture, in particular its grain production, is confined to 

a relatively narrow band of land to the east, south east and 

south west of the country with a temperate or 

Mediterranean climate, sufficient rainfall and more fertile 

soils. This area, known as the Wheatbelt (also sometimes 

referred to as the Grainbelt), covers approximately 6% of 

Australia’s total land area of 7.7 million square kilometres 

(Figure 1) [1, 2]. However, because Australia is such a 

large country (about 76% the land area of the United 

States), at 46 million hectares the Wheatbelt is a relatively 

large grain growing region.  

The first test site is the Buloke wheatbelt region in the 

Australian state of Victoria, located in the western part of 

the state, about 300 km north-west of Melbourne. The 

location of the site is depicted in Figure 1, where the blue 

box is a footprint of ALOS-2 data used for this study. In 

the meantime, in-situ ground data collection was carried 

out by CSIRO Agriculture and Food Business Unit through 

the field trips.  

Fig. 1 Wheatbelts in Australia (left) and locations of 
two test sites with ALOS-2 scene footprints: Esperance 

WA (top right) and Birchip in Victoria (low right) 

The second study area (depicted at the top right of Figure 

1) is farmland located near the town of Esperance, in the

south-west of Western Australia, where the green patch is

the scene footprint of ALOS-2 acquisitions. Esperance has

a warm, dry, Mediterranean climate, with five to six

relatively dry months in the summer and autumn periods.

Land cover types include grassland, forest, and farmland.
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Rain fed oilseeds and cereals including canola, wheat and 

barley are the predominant crops in the study area. In-situ 

ground data with crop type information were collected on 

11-13 September 2019 with support from Department of 

Primary Industries and Regional Development, Western 

Australia. 

 

2.2 Landsat-8 Coverage in 2016 Growing Season 

Wheat is the major winter crop grown in Australia with 

sowing starting in autumn and harvesting, depending on 

seasonal conditions, occurring in spring and summer. 

There were 13 images of Landsat-8 acquired over the first 

testing site for the 2016 growing season from April to 

October 2016. From the table below, one can observe there 

was only 1 image with cloud cover less than 10% but it was 

acquired in April, too early to discriminate crops. Within 

the better crop discrimination period (green colour filled), 

there is not any useful image due to large cloud cover. 

 

Table 1 Landsat-8 Coverage for the First Testing Site 
in 2016 Growing Season 

Acquisition Date Could Cover  Note 

2016 Apr 07 40%   

2016 Apr 23 10% Too early, not useful 

2016 May 09 50%   

2016 May 25 >50%   

2016 Jun 10 >50%   

2016 Jun 26 >50%   

2016 Jul 12 >50%   

2016 Jul 28 >50%   

2016 Aug 13 >50%   

2016 Aug 29 40%   

2016 Sep 14 >50%   

2016 Sep 30 >50%   

2016 Oct 16 >50%   

 

2.3 ALOS-2 Data Availabilities 

Due to frequent cloud cover, radar data is advantageous for 

crop mapping and monitoring in this region. At the same 

time, ALOS-2 has had 5 captures with different imaging 

modes over the testing site (Table 2). Because there were 

two in-season observations, we mainly looked at the fine 

Stripmap images acquired on 10 July and 18 September 

2016 with full coverage of the testing site in Birchip 

Victoria respectively. We also ordered three consequent 

quad-pol images acquired in Esperance WA on 1, 15 and 

29 September 2019 during the growing season for the 

second testing site In Esperance WA. 

 

 

 

 

 

 

 

Table 2 ALOS-2 Data Coverage for the First Testing 
Site in 2016 Growing Season 

Acquisition Date and 

Frame 

Image Mode Orbit Polarisation 

ALOS2104756460-

160501 

Stripmap High-

sensitive 

Ascending Quad-pol 

ALOS2109554350-

160603 

Stripmap Fine 

Beam 

Descendin

g 

HH+HV 

ALOS2113776460-

160701 

Stripmap Fine 

Beam 

Ascending HH+HV 

ALOS2115106460-

160710 

Stripmap Fine 

Beam 

Ascending HH+HV 

ALOS2125456460-

160918 

Stripmap Fine 

Beam 

Ascending HH+HV 

 

 

3. DATA PRE-PROCESSING AND 
POLARIMETRIC ANALYSIS 

3.1 Dual-pol Eigenvector-based Decomposition 

On the occasion of SLC PolSAR data, we consider toutilise 

the phase information in addition to intensity of the radar 

image. The availability of high quality ALOS-2 dual-pol 

data allows the use of the dual polarisation Entropy/alpha 

decomposition to provide additional scattering information 

for crops. The Entropy/alpha decomposition algorithm was 

originally developed to simplify the multi-parameter 

depolarisation issues using statistical method for quad-pol 

radar backscatter [3]. It can also be applied to the simpler 

case of dual polarisation [4]. In this latter scenario the radar 

transmits only a single polarisation and receives, either 

coherently or incoherently, two orthogonal components of 

the scattered signal. This corresponds (in the coherent case) 

to a measurement of the full state of polarisation of the 

scattered signal for fixed illumination. The current space-

borne SAR sensors, like ALOS-2, Cosmo-Skymed, 

TerraSAR-X, RADARSAT-2 and Senitnel-1 all provide at 

least a “partial polarimetric mode”, acquiring only 2 of the 

4 elements of the Sinclair matrix, for example, HH and HV 

or VV and VH. The ALOS-2 sensor has a fully coherent-

on-receive mode, providing the potential to investigate the 

development and application of a dual-polarised 

Entropy/alpha technique that can be used to take advantage 

of such coherent dual polarised systems [5, 6]. These radars 

can be used to estimate the 2x2 wave coherency matrix [4]: 
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Using the standard interpretation of normalised 

eigenvalues   of [J] as probabilities, together with the fact 

that in 2x2 problems the second eigenvector can be derived 

from the principal eigenvector using orthogonality, we 

obtain an Entropy/alpha parameterisation of the wave 

coherency matrix [J] as shown in Equations (3) and (4).  

   

 















 










 























cossin

sincos

0

0*

2

2

1
21

][
i

i

e
eU

P
P

Dyyxy

xyxx

JJ
JJ

J   (3) 

 


















 






2

1

22

221212

log

22

i
ii PPH

PPPPP 



   (4) 

where ܽଶ  and ܪଶ  are defined as the scattering angle and 

Entropy for the dual-polarised case. 

Early study [7] has shown that polarimetric analysis of C-

band radar data provides better crop discrimination when 

compared to using radar backscatters, further leading to 

improving accuracy of crop classification. 

 

3.2 ALOS-2 SLC Data Pre-processing Steps 

The following pre-processing steps are implemented to 

ALOS-2 dual-pol SLC data for intensity products 

 Import 

 Radiometric Calibration 

 Terrain Flattening  

 Multi-looking 

 Terrain Correction 

 Multi-temporal Filtering 

 Co-registration 

 Output  

Therefore, the pre-processed intensity images and 

composite images are shown in Figure 2. 

 

3.3 ALOS-2 SLC Dual-pol Data Polarimetric Analysing 
Steps 

The following pre-processing steps are implemented to 

ALOS-2 dual-pol SLC data for decomposition products 

 Import 

 Radiometric Calibration 

 Polarimetric Speckle Filtering  

 Dual-pol Entropy/alpha Decomposition 

 Terrain Correction 

 Co-registration 

 Output 

The composite images of decomposition products, i.e., 

Entropy, Anisotropy and scattering angle alpha for data 

acquired on 10 July and 18 September 2016 are shown in 

Figure 3.  Distributions of Entropy and alpha for both dates 

are shown in Figure 4. Difference of scattering features are 

observed. Both Entropy and alpha angles are increasing 

due to the growth of crop plants from July to September, 

where scattering mechanisms changed from surface 

scattering towards volume scattering, and from single 

bounce towards the dipole scattering. 

 

 

 

 

 

 

 

 

Fig. 2 ALOS-2 intensity images in dB: HH-20160710 
(top left), HH-20160918 (top right), HV-20160710 
(middle left) and HV-20160918 (middle right) and 

composite images in dB: HH-20160710 /HV-20160710 
/HV-20160710 in RGB (bottom left), and HH-

20160918/HV-20160710/HV-20160918 in RGB (bottom 
right) 

 

 

Fig. 3 ALOS-2 composite images of decomposition 
products: Entropy-20160710/Anisotropy-

20160710/alpha-20160710 in RGB (left), and Entropy-
20160918/Anisotropy-20160710/alpha-20160918 in 

RGB (right) 

 

 

 

 

 

 215



 

 

 
 

Fig. 4 Distributions of Entropy-20170710 (top left), 
alpha-20160710 (top right), Entropy-20160918 

(bottom left) and alpha-20160918 (bottom right) 

 

 

4. CROPLAND CLASSIFICATIONS 
 

4.1 Creation of Data Stacks 

Pre-processed ALOS-2 intensity images and 

decomposition products for 10 July and 18 September 2016 

3 were selected for further analysis. Various combinations 

of intensity, decomposition and date were created after 

image co-registration, e.g., single date HH+HV, single date 

HH+HV+H+A+a, dual-date HH+HV and dual-date 

HH+HV+H+A+a, where H indicates Entropy, A for 

Anisotropy and a for polarimetric scattering angle alpha.   

 

4.2 Random Forest Classifier 

The Random Forest Classifier [8] is a widely used machine 

learning approach, which focuses on model prediction, 

based on known properties learned from the training data. 

It is an ensemble classifier that consists of many decision 

trees and outputs the class that is the mode of the class's 

output by individual trees. It has these features:   

 Build a larger number of decision trees (base 

learners) 

 Reduce error correlation between classifiers 

 Using a random selection of features to split on at 

each node 

Random Forest is a robust tool, which is easy to build and 

faster to predict. It has been widely used for time series of 

remote sensing data processing. A typical flow chart of 

Random Forest Classifier [9] is shown in Figure 5.  

 

 

4.3 Crop Type Classification Maps 

Based on crop type information collected from the 

paddocks through the field trip, a set of polygons with 174 

training samples has been prepared. There are about 5 -15 

polygons for each crop type and each polygon covers an 

area from approx. 10 to 60 hectares depending on the size 

of paddocks. Distribution of training samples for the first 

test site in Birchip, Victoria is shown in Figure 6.  

Fig. 5 Random Forest Classifier Flow Chart 
 

 

 

Fig. 6 Polygons (in blue) of 174 training samples on 
top of an ALOS-2 HV image in Birchip Victoria 

 

An implementation of the Random Forest Classifier in the 

R language was applied to four data stacks respectively. 

The resulting crop type classification maps are displayed in 

Figure 7. Three close-up crop maps are displayed in Figure 

8. Consistency of labels within major paddocks varies for 

the different combinations of data including classification 

using single date intensity, single date 

intensity+decomposition products, and dual-date 

intensity+decomposition products. Visually, one can 

observe the backscatters give some limited information for 

crop types but with improved classification spatial 

consistency when adding decomposition products. Similar 
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crop maps are derived from single date intensity + 

decomposition products but better classification 

consistency from image acquired on 18 September 

compared to data acquired on 10 July because of more 

distinct crop plants in September than in July. Consistency 

of crop map for combination of dual-date data is higher. 

The bottom right maps give the clearer crop identifications 

and paddock separations when using all intensity and phase 

information acquired from two separated dates. However, 

one still can find there are some misclassified areas in these 

maps. It shows that polarimetric analysis of ALOS-2 dual-

pol data contribute more significantly to the classification. 

However, validation is not sufficient due to limited ground 

truth data.  

 

 

 

Fig. 7 Crop Maps (89.7 x 87.2 sqkm) in Buloke, 
Victoria using: single date 20160710 HH+HV (top 
left), single date 20160710 HH+HV+H+a+A (top 

right), single date 20160918 HH+HV+H+a+A (bottom 
left) and two-date 20160710+20160918 

HH+HV+H+a+A (bottom right) 

 

 

 

Fig. 8 Close-up: Crop Maps (5.1 x 5.0 sqkm) around 
Birchip, Victoria using: single date 20160710 HH+HV 
(top left), single date 20160710 HH+HV+H+a+A (top 
right), single date 20160918 HH+HV+H+a+A (bottom 

left) and two-date 20160710+20160918 
HH+HV+H+a+A (bottom right) 

 

4.4 Crop Class Separation Assessment by Canonical 
Variate Analysis 

Canonical analysis is a commonly used multivariate 

technique which is dealt with determining the relationships 

between groups of variables in a data set [10]. Discriminant 

analysis by means of canonical variate analysis (CVA) was 

carried out for the pre-processed ALOS-2 data stack and 

training data. CVA finds the linear combinations of the 

original variables or image bands that maximise the 

between class separation whilst minimizing the within 

class variances. 

Table 3 presents the variable selection results. Separation 

scores are derived from canonical vectors for various band 

combinations. The larger separation score indicates better 

discrimination. Compared to using all data, combining 

intensity and decomposition parameters for the second date 

provides 59.4% separation and the first date 45.1% 

separation in Table 4. The two-date H+A+a combination 

yields 78.4% separation compared with using all variables. 

In contrast, backscatters only yield 24.7% separation. 

Table 3 Variable Selection Analyse Results in Birchip 
VIC: Crop Discrimination - Separation Score Derived 

by Various Combinations of Image Bands 

Date 
Separation Score 

HH+HV H+A+a HH+HV+H+A+a 

20160710 1.049 5.002 5.734 

20160918 1.963 5.755 7.547 

20160710+0918 3.136 9.971 12.115 

Table 4 Variable Selection Analyse Results in Birchip 
VIC: Crop Separation as a Percentage of the Total 

Discrimination Achievable using All Data 
Simultaneously 

Date 
Percentage Discrimination % 

HH+HV H+A+a HH+HV+H+A+a 

20160710 8.3 39.4 45.1 

20160918 15.4 45.1 59.4 

20160710+0918 24.7 78.4 100 

 

This result provided quantitative information related to the 

complementarity of Eigen-based decomposition of ALOS-

2 dual-pol data for crop classification. It shows clear 

evidence how prolarimetric analysis of ALOS-2 dual-pol 

imagery to improve crop type classification 

 

4.5 Multi-temporal ALOS-2 Quad-Pol Data for Crop 
Type Classification in Esperance WA 

Similar processing and analysis have been implemented to 

quad-polarisation ALOS-2 data acquired in Esperance WA 

in September 2019. In this case, 205 polygons of crop type 

samples were used as training data for the Random Forest 

classification. Crop type classification maps are shown in 

Figure 9, which represent the single date 20190929 

HH+HV+VV (top left), single date 20190929 

HH+HV+VV+H+a+A (top right), three dates 

20100901+20190915+20190929 backscatters (low left), 

and three dates 20100901+20190915+20190929 217



backscatters+H+a+A, respectively. The close-up crop 

maps are shown in Figure 10.  

 

 

Fig. 9 Crop Maps derived from single date 20190929 
HH+HV+VV (top left), single date 20190929 
HH+HV+VV+H+a+A (top right), three dates 

20100901+20190915+20190929 backscatters (low left), 
three dates 20100901+20190915+20190929 

backscatters+H+a+A (low right) 

 

 

Fig. 10 Close-up: Crop Maps (approx. 12.9km x 
12.6km) derived from single date 20190929 HH+HV-

VV (top left), single date 20190929 HH+HV-
VV+H+a+A (top right), three dates backscatters (low 

left), three dates backscatters+H+a+A (low right) 

Quantitative analysis results are shown in Table 5, where 

crop separation as a percentage of the total discrimination 

achievable using all data simultaneously. From Figures 9 

and 10, combining intensity and decomposition 

parameters, one can visually observe qualitatively 

improved crop classification as spectral separation 

increases from 30%~60% to 70%~90% by single data 

backscatters, single date backscatters + polarimetric 

decomposition products, three date backscatters and three 

date backscatters + polarimetric decomposition products 

for most of crop types.  It has also demonstrated the multi-

temporal ALOS-2 polarimetric data have improved the 

crop type discrimination when combining the radar 

backscatters and polarimetric analysis products. 

Table 5 Variable Selection Analyse Results in 
Esperance WA: Crop Separation as a Percentage of 
the Total Discrimination Achievable using All Data 

Simultaneously 

Crop Type 
Single Date  

Backscatters 

Single Date  
Backscatters 

+Decomp 

Three Dates  

Backscatters 

Three Dates  
Backscatters 

+Decomp 

Canola 51.0% 61.8% 83.0% 87.8% 

Wheat 49.5% 67.4% 66.7% 79.9% 

Legume 96.7% 99.8% 99.5% 99.9% 

Barley 31.4% 52.6% 64.7% 73.2% 

Oats 30.8% 46.4% 59.5% 69.8% 

Bare 40.4% 53.0% 69.5% 78.8% 

Tree/Veg 59.9% 65.8% 85.3% 89.2% 

 

 

 

5. SUMMARY 
 

Trial investigations of ALOS-2 dual-pol and multi-

temporal quad-pol ALOS-2 data for dryland wheat crops 

monitoring were carried out. Workflows from SAR data 

pre-processing to crop classification maps were developed 

and validated. Crop extent maps for the Buloke test site was 

produced. Initial polarimetric analysis, which used phase 

information in addition to intensity of SAR data, provides 

potential for improving crop classification using single 

date/limited ALOS-2 data once other source unavailable.    

Moreover, quantitative analysis results have demonstrated 

that significant contributions by combining ALOS-2 

intensity and decompositions products are observed for 

increasing crop type discrimination. It is different from 

similar contributions by C-band dual-pol intensity and 

polarimetric decomposition. ALOS-2 Quad-pol data are 

more valuable for crop type discrimination. Multi-temporal 

images are able to further improve crop type classification.  

However, due to the time restraint and limited ground truth 

data, further polarimetric analysis of more ALOS-2 

imagery and validation will be performed in the future. 
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1. INTRODUCTION

Two products of the study are included in this report. The 

first report demonstrates the integration of SAR and optical 

data for improved mapping of wetland change [1, 

appendix]. The second report demonstrates the detection of 

landslides in a mountainous Pacific island [2, appendix].  

2. RESULTS

The improved mapping resulting from integrating 

satellite SAR and optical image data was demonstrated in 

the Phragmites australis marsh that is the lynchpin of the 

Mississippi River Delta (MRD) sustainability [1, 

appendix]. The concern is that P. australis is degrading and 

being replaced by elephant-ear that does not provide MRD 

stability. Optical data cannot differentiate P. australis and 

elephant ear, diminishing its ability to detect change. To 

overcome that limitation, optical live fractional cover 

(LFC) mapping [1, 2] was combined with ALOS-2 SAR L 

band HV data that provided a meaningful indicator of 3-4 

m tall P. australis marsh density or structure patterns not 

available with shorter wavelength SAR’s. The 2016, 2017, 

2018, and 2019 yearly HV changes broadly aligned with 

LFC but differed locally. That yearly alignment and local 

difference afforded the development of a tool to detect and 

track the coupled temporal changes of critical biophysical 

components of the P. australis marsh: LFC and density.  

The tool uncovered a dramatic density loss event from 

2016 to 2017 within a mixed LFC change background that 

preceded a 2018 to 2019 elephant-ear growth and P. 

australis marsh replacement. The tool also identified 

abnormal trajectories associated with P. australis marsh 

degradation and even different P. australis phenotypes. 

Supplementing these findings, a negative relationship 

between HV-density change and change in the percentage 

of elephant-ear coverage was found. These examples 

demonstrate that the enhanced information provided by the 

tool can help move management response from restoration 

to early detection and mitigation. That advanced 

monitoring could decrease irreversible changes, such as 

damage caused by invasive plants and climate change. 

The second report describes mapping of landslides in 

the cloud-prone and densely forested and mountainous 

island of Pohnpei in the Federated States of Micronesia [2, 

appendix]. The assessment focused on ALOS-2 PALSAR-

2 L-band images collected on two adjacent orbit paths 

bracketing a mid-March 2018 intense rainfall event. The 

study took advantage of field reconnaissance following the 

rainfall event and land changes located with optical image 

analyses and Google Earth (GE) images. Eleven land-cover 

change features were identified as landslides. The landslide 

detection included synthetic aperture radar (SAR) and 

interferometric SAR (InSAR) processing. The 2018 SAR 

amplitude processing of co-event pairs identified 5 of the 

11 landslides visible on the 2020 GE image. The InSAR 

processing of the co-event and post-event image pairs 

produced both coherence and phase-change products. The 

low levels of the generated coherence products eliminated 

the use of phase-change products for landslide detection. 

Visual comparison of the 2018 co-event and post-event 

coherence products indicated that 5 of 11 landslides were 

identified on the orbital track spanning the west side, and 9 

were identified on the orbital track spanning the east side 

of Pohnpei. Combined, the SAR log-ratio and InSAR 

coherence change detections identified all but one landslide 

visible in the GE images and included substantial 

redundancy in overlap of the methods. The SAR and 

InSAR methods used are straightforward and can support 

land-cover change monitoring. Despite Pohnpei’s rugged 

mountainous terrain and the high temporal and spatial 

decorrelations inherent in this change processing, 

landslides were successfully detected. That robustness 

indicates that an increased collection frequency of ALOS-

2 PALSAR-2 L-band images would support systematic 

monitoring of land-cover change. Systematic monitoring 

can help improve government awareness and inform 

coordinated government response, particularly in the less 

populated interior areas.  
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1. はじめに

日本国内における相次ぐインフラの老朽化に基づ

く人身事故などを受け，平成 26 年度 6 月に発行され

た国土交通省の道路橋定期点検要領に基づき，橋梁

の点検が厳密化された．具体的には，国内全ての橋

梁は 5 年に 1 度，専門的な知識を有する技術者によ

る近接目視点検が義務付けられた．国土交通白書

2014 [1]の第 3 節において，点検に従事する地方公共

団体の技術職員が減少する一方，土木関係の点検技

術者には実地経験に根ざす技術的ノウハウが必要で

あることを指摘している．したがって，点検業務に

従事可能な技術者の確保のみならず，点検技術とし

ての知の伝承が困難な状況になりつつあると考えら

れる．さらに，点検対象となる橋梁は年々増加傾向

にあり，省人化を実現する新たな技術の導入は喫緊

の課題である．

現在，建設後 50 年を超えた 2 m 以上の橋梁の割合

は全体の 2 割程度であるが，10 年後には 4 割，20 年

後には 7 割に達する [2]．橋梁の点検を福島県内に着

目した場合，登録されている橋梁は約 4500基あり，

5年で全て点検するためには週5日を点検の稼働日と

して 1 日あたり 4 基程度の点検が必要となる．福島

県の橋梁・トンネル・大型付属施設点検結果 [3]に依

れば，2014年から年平均約 1000基の点検を実施して

おり，架橋年次が 50 年を超えると III. 早期措置段階

が顕著に増加することが示されている．

 したがって，効率的かつ低予算による橋梁の点検

や診断といった維持・管理が求められている．近年，

土木分野においてもその利用に注目が集まる機械学

習の 1 つである畳み込みニューラルネットワーク

（Convolutional Neural Network: CNN）を適用するこ

とは，有効性の高い点検支援の手法の 1 つであると

考えられる．画像を対象とした検出や分類での問題

は，入力となる画像から（1）特徴を抽出，（2）抽

出した特徴を分類，という 2 段階に分けて考えられ

る [4]．一般に特徴の抽出は人間が自ら設計する一方

で，CNN では特徴を含めて学習することにより，特

徴として抽出する可否の判断が難しい場合であって

も特徴量を獲得する可能性が期待される．

CNN を用いて橋梁の損傷を検出する研究 [5] [6]や，

耐力低下を扱った研究 [7]が進められ，その手法の有

用性が検討されている．以上を基に本報告では，機

械学習としてCNNを適用した鋼橋の腐食検出器とな

る学習モデルを構築する．学習モデルは福島県が実

施した道路橋点検結果の状況写真をトレーニングデ

ータとして交差検定法による腐食の検出精度を評価

すると共に，喜多方地区における実橋で現地調査を

実施した結果をテストデータとして，構築される学

習モデルによる腐食の検出精度を評価した．以上の

橋梁の変状検出は，ALOS-2/PALSAR-2 データとの

比較を検討するために実施した．

2. 橋梁点検データに基づく腐食検出のための

学習モデルの構築

2.1 使用する CNN 
現在では多層化したCNNが発表されており，これ

により高い汎化性能を示しているが，CNN の多層化

は計算コストが膨大となる．例えば，点検技術者が

現場でCNNを応用した点検支援システムとして利用

する場合を考える場合，シングルボードコンピュー

タのような組み込みシステムに実装することが好適

である．NVIDIA 製のシングルボードコンピュータ

Fig. 1 AlexNet のネットワークアーキテクチャ 
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である Jetson TX1 を用いて，異なるネットワークア

ーキテクチャにおけるバッチサイズと推論時間およ

び推論時間と命令数の実験結果が報告されており [8]，
他のネットワークアーキテクチャと比較した

AlexNet [9]の特徴は，パラメータ数が多く命令数が

増加しても並列計算が容易なため推論時間が短いこ

とにある．また，パラメータ数に関して，シングル

ボードコンピュータのメモリに問題無く格納可能な

大きさであり，装置の可搬性が求められる点検業務

の現場に持ち込みが可能なシステム構築への応用が

期待できる． 
 以上から，本研究におけるCNNの導入には，オー

プンソースのフレームワークである Caffe [10]を利用

し，ネットワークアーキテクチャには AlexNet を採

用して腐食検出のための学習モデルを構築した．

AlexNet は物体認識と画像分類のアルゴリズムを競

う ImageNet Large Scale Visual Recognition Challenge 
2012（ILSVRC2012）において優勝した手法であり，

入力層，5 つの畳み込み層と 3 つのプーリング層，3
つの全結合層の全 12層からなる多層ニューラルネッ

トワークであり，今日の多層ニューラルネットワー

クの基礎となっている．Fig. 1 に AlexNet の層構造で

あるネットワークアーキテクチャを示す． 
 
2.2 点検データによるトレーニングデータの作成 

AlexNet を用いた腐食検出のための学習モデルの

構築には，学習のためのトレーニングデータが必要

である．トレーニングデータは福島県内の鋼橋を研

究対象として，平成 28年度に福島県が実施した道路

橋点検結果 [3]における，建設事務所所管区域毎のい

わき地区，県南地区，喜多方地区，会津地区，県北

地区の鋼橋を対象とした．これらの状況写真から近

接撮影により腐食箇所が確認できたそれぞれ 29，42，
65，70，93 画像を元画像として使用した．Fig. 2（a）
に元画像の一例を示す． 

元画像に Fig. 2（b）に示すようなブロックを設定

し，Fig. 2（c）に示すように，元画像から個別の画

像となるような抽出処理を実施した．ブロックサイ

ズについては，元画像のサイズが 1200×1200ピクセ

ル前後であり，AlexNet の入力データサイズは 256×

256 ピクセルであるため，ブロックサイズも 256×
256 ピクセルとした場合にはブロック数が 16 となり

得られるブロック数は多くない．ここで，ブロック

サイズを 128×128ピクセルとした場合にはブロック

数が 81となり，ブロックサイズをさらに小さくする

ことにより得られるブロック数は多くなるが，1 つ

のブロック当たりの情報量は少なくなるため学習へ

の影響が懸念される．ブロック数とブロック 1 つ当

たりの情報量の関係から，ブロックサイズを 128×
128 ピクセルとした． 
前処理としては，橋梁を構成するもの以外の空，植

物，撮影条件によってはハレーションまたは影とい

った，Fig. 3に示すような学習には必要の無い情報を

含むブロック画像をトレーニングデータから排除し

た．この前処理を施した後に，腐食，塗膜変状，健

全，判定対象外の 4 種類のラベルを各ブロック画像

へ付与することによりトレーニングデータとした．

具体的には，腐食ラベルは腐食箇所およびさび汁が

確認できる箇所をブロック内に含む場合に付与した．

塗膜変状ラベルは塗膜色の経年変化に伴う色褪せ

（チョーキングを含む）を確認できる箇所がブロッ

ク内のピクセル数の過半数である場合に付与した．

健全ラベルは塗膜色に経年変化に伴う色褪せを確認

できない箇所がブロック内のピクセル数の過半数で

ある場合に付与した．判定対象外ラベルは腐食検出

の判定対象外であるコンクリート部材を確認できる

箇所がブロック内のピクセル数の過半数である場合

に付与した．なお，ブロック画像内に複数のラベル

が混在する場合は，前述のラベリングの説明を順番

とする優先順位により，最も優先順位の高いラベル

を付与した．Table 1 に各地区におけるラベル別のブ

ロック数をまとめ，Fig. 4にトレーニングデータとし

てラベルを付与したブロック画像の例を示す． 
 
2.3 点検データによるトレーニングデータの作成 

本研究で構築する学習モデルは，いわき地区，県

南地区，喜多方地区，会津地区，県北地区における

トレーニングデータ毎にそれぞれ，いわきモデル，

県南モデル，喜多方モデル，会津モデル，県北モデ

ルとして構築した．また，地区毎の学習モデルと 

Table 1 各地区におけるラベル別のブロック数 
 

 いわき地区 県南地区 喜多⽅地区 会津地区 県北地区 
腐⾷ 476 1098 2022 6549 7904 

塗膜変状 199 493 666 3079 6093 
健全 30 120 173 40 99 

判定対象外 972 949 1329 5632 7936 
計 1677 2660 4190 15300 22032 
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することにより，3.（4）節で後述するトレーニング

データ数と腐食が正分類となる正解率の関係を導出

して，トレーニングデータ数の違いが，腐食の検出

精度へどのように寄与するか調べた． 
 学習モデルの入力層および出力層は，ラベル数と

同様に 4 と設定した．各ブロックは RGB の 3 チャン

ネルカラー画像であり，AlexNet の入力データサイ

ズに合わせるため，256×256 ピクセルへバイリニア

法によりオーバーサンプリングして使用した．初期

の学習率は 0.01，損失関数は交差エントロピー誤差，

学習アルゴリズムは誤差逆伝播法を使用した．全調

査回数（以降エポックと呼ぶ）の決定は，損失関数

の値が小さいと過学習のリスクが高まるため，分類 
正解率が最大となるエポックの中で損失関数が最大

となるエポックを過学習とならないエポックとした．

エポックの決定の詳細は 3.1 節で述べる． 
 
2.4 現地調査によるテストデータの作成 
 2.3節で構築した学習モデルは，現地調査により得

られた状況写真を元画像とするテストデータを使用

して，その汎化性能を評価する．現地調査は，喜多

方地区において現在供用されている橋梁（道路橋）

を対象に実施した．現地調査は，橋梁点検車により

床版下の構造物について点検技術者と共に状況写真

を取得し，道路橋点検結果に示される状況写真の取

得に合わせた Fig. 5 に示す 4 画像を元画像として使

用した．これらの元画像は，2.2 節と同様に 128×
128 ピクセルとなるブロックを設定し，腐食，塗膜

変状，判定対象外のラベルを付与することによりテ

 
（a）元画像の例 

 

 
（b）ブロック画像へ分割される模式図 

（128×128 ピクセルとなるようにグリッドを描画） 
 

 
（c）ブロック画像の例 

 
Fig. 2 元画像の例とラベル付与前のトレーニング

データとなるブロック画像の例 
 

   
     （a）配管    （b）植物 （c）河川（水面） 

 
Fig. 3 前処理により学習から排除したブロック画

像例 
 

    
（a）腐食 

 

    
（b）塗膜変状 

 

    
（c）健全 

 

    
（d）判定対象外 

 
Fig. 4 ラベルを付与したブロック画像の例 
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ストデータとした．なお，現地調査で取得した状況

写真では，健全に相当する領域は存在しないため，

ラベルの付与から除外した．  
 

3. 学習モデルの評価と実橋による検証 
 
3.1 エポックの決定 
 本研究で構築する学習モデルにおけるエポックの

決定は，はじめに 100 から 300 の間を 25 ステップで

可変させて学習し，過学習にならないエポックを調

べた．具体的には，学習モデルの構築に用いたトレ

ーニングデータを当該学習モデルへ入力することに

よる自己評価により，エポックの増加に伴う正分類

の正解率の向上を調べ，正解率が最大となるエポッ

クの中で損失関数が最大となるエポックを過学習と

ならない仮のエポックとした． 
 つぎに，仮のエポックを起点として±10 ステップ

の間，エポックを 1 ステップで可変させながら先の

自己評価と同様に正分類の正解率を調べることによ

り，正解率が最大となるエポックの中で損失関数が

最大となるエポックを最終的に学習モデルで使用す

るエポックとして決定した．この手続きにより，い

わきモデル，県南モデル，喜多方モデル，会津モデ

ル，県北モデルにおけるエポックはそれぞれ，174，
199，195，150，149 となった．全てのブロックにお

ける正分類の割合を総合精度（Overall Accuarcy: OA）

と呼び，式（1）で表される． 
 

OA =
1
𝑁&𝑥((

)

(*+
 

 
ここで，𝑁はブロックの総数，𝑥((は判別効率表の対

角成分（3.2 節を参照），𝑚は分類クラス数（=4）を

示す．決定したエポックにおける総合精度はそれぞ

れ，94%，100%，100%，100%，99%であった． 
 以上から，福島県が実施した道路橋点検結果を用

いたトレーニングデータにより，各学習モデルにお

ける学習は進めることができていると考えられた． 
 
3.2 交差検定法による学習モデルの評価 
 本研究では 5 地区のトレーニングデータを地区毎

に学習させることにより，5 つの学習モデルを構築

した．ここで，ある 1 地区の学習モデルを構築する

場合，残る 4 地区のトレーニングデータは学習に使

用しないことから，学習に使用しないトレーニング

データを未知のデータとして，構築した学習モデル

を評価することが可能である．このような評価は交

差検定法と呼ばれ，5 つの学習モデルにそれぞれ交

差検定法を適用することにより評価した．各学習モ

デルにおける評価結果の平均を Table 2 に示す． 
 Table 2 の表示形式は判別効率表と呼ばれ，分類さ

れるべきラベル（正解クラス）を列，分類されたラ 

ベル（分類クラス）を行にとった正方行列である．

この行列の対角成分は，各ラベルにおける正分類の

正解率を示し，他の要素は誤分類であることを示す．

この表から，腐食，塗膜変状，健全および判定対象

外の正分類の正解率はそれぞれ 54%〜91%，45%〜

65%，1%〜47%，67%〜89%であった． 

Table 2 交差検定法による分類結果 
 

（a）いわきモデルの判別効率表 
 

正解ｸﾗｽ 
分類ｸﾗｽ 

腐食 塗膜変状 健全 判定対象外 

腐食 54.4% 11.6% 8.6% 8.8% 

塗膜変状 8.6% 44.6% 38.9% 2.5% 

健全 0.2% 3.0% 4.2% 0% 

判定対象外 36.7% 40.8% 48.4% 88.6% 

 
（b）県南モデルの判別効率表 

 
正解ｸﾗｽ 

分類ｸﾗｽ 腐食 塗膜変状 健全 判定対象外 

腐食 62.6% 14.3% 9.4% 12.1% 

塗膜変状 9.5% 50.5% 47.7% 7.4% 

健全 0.1% 2.9% 6.4% 0.2% 

判定対象外 27.8% 32.3% 36.5% 80.2% 

 
（c）喜多方モデルの判別効率表 

 
正解ｸﾗｽ 

分類ｸﾗｽ 腐食 塗膜変状 健全 判定対象外 

腐食 70.4% 14.7% 6.6% 16.3% 

塗膜変状 15.3% 63.8% 39.8% 9.7% 

健全 1.3% 8.9% 46.7% 2.9% 

判定対象外 13.0% 12.5% 6.9% 71.1% 

 
（d）会津モデルの判別効率表 

 
正解ｸﾗｽ 

分類ｸﾗｽ 腐食 塗膜変状 健全 判定対象外 

腐食 90.9% 42.1% 23.2% 27.8% 

塗膜変状 2.4% 47.4% 70.4% 4.9% 

健全 0% 0.5% 0.9% 0% 

判定対象外 6.7% 10.0% 5.5% 67.3% 

 
（e）県北モデルの判別効率表 

 
正解ｸﾗｽ 

分類ｸﾗｽ 
腐食 塗膜変状 健全 判定対象外 

腐食 76.2% 23.0% 8.0% 9.9% 

塗膜変状 13.4% 65.0% 82.6% 11.3% 

健全 0.1% 1.1% 0.8% 0% 

判定対象外 10.4% 10.9% 8.5% 78.8% 

（1） 
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（a）接合部材を含む 

 
（b）横桁 

 
（c）補剛材を含む 

 
（d）主桁 

 
Fig. 5 現地調査による実橋の状況写真 

 

 
（a）接合部材を含む 

 
（b）横桁 

 
（c）補剛材を含む 

 
（d）主桁 

 
Fig. 6 会津モデルによるテストデータの分類結果 

（■  腐食 ■  塗膜変状 ■  判定対象外） 

227



 総合精度は，いわきモデル，県南モデル，喜多方

モデル，会津モデル，県北モデルがそれぞれ，66%，

69%，72%，70%，74%であり，県北モデルが最も高

い総合精度となった．また，学習モデルによる分類

結果の一致率の検定を式（2）で表されるコーエン

のカッパ係数（κ）により求めた [11]． 
 

𝜅 =
𝑝/ − 𝑝1
1 − 𝑝1

 

 
ここで，𝑝/は正解クラスと分類クラスの一致率であ

り式（1）の OA と同一となり，𝑝1は正解クラスと分

類クラスが偶然一致する確率を示し，式（3）によ

り求められる． 
 

𝑝1 =
1
𝑁2&3&𝑥(4

)

(*+

×&𝑥46

)

6*+

7
)

4*+
 

 
ここで，𝑥(6は判別効率表の𝑖行𝑗列の成分を示す． 
 式（2）により求められる値が 0.41～0.60にあれば

中程度の一致，0.61～0.80 にあれば実質的に一致，

0.81～1にあればほぼ完全に一致しているとみなされ

る [12]．𝜅の算出結果は，いわきモデル，県南モデル，

喜多方モデル，会津モデル，県北モデルにおいてそ

れぞれ，0.45，0.48，0.54，0.54，0.60 であり，いず

れのモデルも正解クラスとの一致率は中程度の一致

であることが分かった． 
 
3.3 実橋による学習モデルの汎化性能の評価 
 3.2節では，交差検定法により本研究で構築した学

習モデルを評価したが，この節では現地調査して取

得した状況写真である Fig. 5 を元にしたテストデー

タにより，学習モデルの汎化性能を評価した結果を

示す．Table 3 に各学習モデルにおける汎化性能の評

価結果を判別効率表として示す．いわきモデル，県

南モデル，喜多方モデル，会津モデル，県北モデル

における総合精度はそれぞれ，67%，83%，82%，

90%，80%であり，会津モデルが最も高い総合精度

となった． 
 また，κの算出結果は，いわきモデル，県南モデ

ル，喜多方モデル，会津モデル，県北モデルにおい

てそれぞれ，0.43，0.67，0.64，0.75，0.62 であり，

会津モデルが正解クラスと分類クラスの一致率が最

も高いことが分かった．以上の現地調査結果をテス

トデータとして用いた各学習モデルの評価結果から，

総合精度および分類結果の一致度の最も高いモデル

は会津モデルであった．このことに基づいて，会津

モデルにより図-5 を分類した結果を Fig. 6 に示す．

図 Fig. 5（d）において塗膜の補修跡を確認できるが，

分類結果である Fig. 6（d）において腐食として誤分

類される傾向が見られた．腐食の学習について，腐

食箇所がそれ以外の箇所と比較して色の変化が大き

く輝度変化の大きなエッジが現れることにより畳み

込み層のフィルタが反応したと考えられ，塗膜の補

修前後についても色の変化が大きいことから，塗膜

の補修跡が腐食の学習と同様の畳み込み層のフィル 

Table 3 現地調査による実橋をテストデータ 
とした分類結果 

 
（a）いわき地区モデルの判別効率表 

 
正解ｸﾗｽ 

分類ｸﾗｽ 
腐食 塗膜変状 健全 判定対象外 

腐食 69.9% 1.4%  1.8% 

塗膜変状 4.9% 31.9%  0% 

健全 2.1% 2.8%  0% 

判定対象外 23.1% 63.9%  98.2% 

 
（b）県南地区の判別効率表 

 
正解ｸﾗｽ 

分類ｸﾗｽ 腐食 塗膜変状 健全 判定対象外 

腐食 77.5% 1.4%  3.6% 

塗膜変状 15.8% 95.8%  0% 

健全 0% 0%  0% 

判定対象外 6.7% 2.8%  96.4% 

 
（c）喜多方地区の判別効率表 

 
正解ｸﾗｽ 

分類ｸﾗｽ 
腐食 塗膜変状 健全 判定対象外 

腐食 82.1% 6.9%  9.1% 

塗膜変状 11.6% 73.6%  1.8% 

健全 1.8% 16.7%  0% 

判定対象外 4.6% 2.8%  89.1% 

 
（d）会津地区の判別効率表 

 
正解ｸﾗｽ 

分類ｸﾗｽ 腐食 塗膜変状 健全 判定対象外 

腐食 96.1% 33.3%  18.2% 

塗膜変状 3.0% 66.7%  0% 

健全 0% 0%  0% 

判定対象外 0.9% 0%  81.8% 

 
（e）県北地区の判別効率表 

 
正解ｸﾗｽ 

分類ｸﾗｽ 
腐食 塗膜変状 健全 判定対象外 

腐食 79.3% 6.9%  3.6% 

塗膜変状 15.5% 73.6%  3.6% 

健全 0.3% 11.1%  0% 

判定対象外 4.9% 8.3%  92.7% 

（2） 

（3） 
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タが反応したと考えられる．このことから，塗膜の

補修跡が腐食へ誤分類したと考えられた． 
 
3.4 トレーニングデータ数と腐食が正分類となる正

解率の関係 
 本研究で構築した学習モデルは，各地区によりト

レーニングデータ数が異なる．このことから，各地

区の学習モデルにおけるトレーニング数と腐食が正

分類となる正解率との関係を導出することにより，

トレーニングデータ数が腐食の検出精度に与える影

響を調べた． 
 はじめに，トレーニングデータ数として各学習モ

デルにおけるブロックの総数と腐食が正分類となる

正解率の関係を Fig. 7 に示す．この図から，各学習

モデルにおいてブロックの総数の増加に伴う，腐食

が正分類となる正解率が増加する有意な関係は見ら

れなかった．つぎに，トレーニングデータ数として

各学習モデルにおけるブロックの総数に対する腐食

として学習させたブロック数の割合と腐食が正分類

となる正解率の関係を Fig. 8 に示す．この図から，

各学習モデルにおいてブロックの総数に対する腐食

として学習させたブロック数の割合の増加に伴い，

腐食が正分類となる正解率が増加する正の相関関係

が見られ，相関係数は 0.80 と求められた． 
 以上のことから，鋼橋の腐食検出のためのトレー

ニングデータの構築を考慮する場合，そのデータを

多量に収集することは大変困難である．本論文で検

討した範囲内において道路橋点検結果の状況写真を

用いた場合は，ブロックの総数に対する腐食として

学習させたブロック数の割合の増加による腐食の正

解率の向上は，他のラベルの正解率の低下とトレー

ドオフの関係にあるものの，図-8 に示す関係に基づ

く回帰分析の結果から，腐食検出を 80%の精度で実

施するためにはトレーニングデータの全体に対して

腐食となるラベルデータが約 40%，腐食検出を 90%
の精度で実施するためにはトレーニングデータの全

体に対して腐食となるラベルデータが約 50%以上に

なるように整備すれば良いことが示唆された． 
 
 

4. まとめ 
 

本研究では，機械学習として CNN を適用した鋼

橋の腐食検出器となる学習モデルを，福島県が実施

した道路橋点検結果の状況写真をトレーニングデー

タとして構築した．構築した学習モデルは，交差検

定法と喜多方地区における実橋で現地調査を実施し

た結果をテストデータとして汎化性能を評価した． 
腐食が正分類となる正解率は，交差検定法および

実橋をテストデータとした場合も会津モデルが最も

高く，それぞれ 91%，96%であった．さらに，正解

クラスと分類クラスの一致率をκにより検定した結

果，いわきモデルは 0.43 であり中程度の一致となっ

たが，他の 4 モデルにおけるκは 0.61 よりも高く実

質的な一致を示した．とくに，会津モデルはテスト

データと学習モデルによる分類結果のκが 0.75 とな

り最も高く，本研究で構築した学習モデルは実用上

の分類精度を有していることが示された． 
トレーニングデータ数と腐食が正分類となる正解率

との関係を導出することにより，トレーニングデー

タ数が腐食の検出精度に与える影響を調べた．その

結果，各学習モデルにおいてブロック画像の総数と

腐食が正分類となる正解率には有意な関係が見られ

なかった一方で，トレーニングデータ数として各学

習モデルにおけるブロック画像の総数に対する腐食

 
 

Fig. 7 ブロックの総数と腐食が正分類となる正解

率の関係 
 

 
 
Fig. 8 ブロックの総数に対する腐食ラベルのブロ

ック数の割合と腐食が正分類となる正解率の関係 
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として学習させたブロック画像数の割合と腐食が正

分類となる正解率の関係には正の相関が見られた．

本論文で検討した範囲内においては，トレーニング

データ数の増加により腐食検出の精度向上が期待で

き，トレーニングデータにおける腐食ラベルの割合

を 40%とすることにより腐食の検出精度は 80%，腐

食ラベルの割合を 50%とすることにより腐食の検出

精度は 90%を得られることが判明した． 
 今後は，以上により得られた橋梁の変状の程度と

ALOS-2/PALSAR-2 で受信された後方散乱係数との

比較・解析を実施して，SAR を用いた橋梁の劣化を

モニタリングへ発展させる． 
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1. INTRODUCTION

Landslides involve the downward and outward mass 
movement of slope materials composed of rock, soils, 
artificial fills, or a combination of these materials [1]. 
Ongoing population growth, rapidly expanding societies, 
coupled with gradually progressing environmental 
(climate) change enhances pressures on the natural 
environment and results in increased exposure to 
potentially unstable terrain. Landslides are geohazards 
that globally result in serious impacts, annually causing 
tens of billions of US$ worth of damage and > 4300 lives 
lost [2]. In particular, China is one of the countries with the 
most serious landslide disasters in the world. Landslides 
that occurred in China in recent years such as the 2017 
Maoxian landslide [3] (see Fig. 1), Sichuan, and the 2018 
Baige landslide [4], Tibet, have caused enormous numbers 
of casualties and economic losses. Therefore, the 
detection and monitoring of large-area landslides is of 
great significance for the management and mitigation of 
geohazards. Compared with other SAR data, such as X-
band TerraSAR-X and C-band Sentinel-1, 
ALOS/PALSAR-2 SAR images have strong penetration 
capability to the vegetations due to the long wavelength. 
Therefore, it has unique advantages in the detection and 
monitoring of large-area landslides, particularly in the 
area with dense vegetation. In particular, for the first time, 
we proposed a novel method of accurately estimating the 
pixel offsets between cross‐platform ALOS/PALSAR-1 
and ALOS/PALSAR-2 SAR images, and the research 
results were published in the international journal of 
Geophysical Research Letters [4].  

Fig. 1 A scene photo after the occurrence of the 

Maoxian landslide on 24 July 2017 in Sichuan 
province of China. 

2. THE LONG-TERM DEFORMATION
MONITORING OF THE LANDSLIDE THROUGH 

THE INTEGRATION OF CROSS-PLATFORM 
ALOS/PALSAR-1 AND ALOS/PALSAR-2 SAR 

OBSERVATIONS 

Fig. 2 Study area and the coverages of SAR images. (a) 
Location of the study area in red rectangle, the black 
rectangles indicate the coverages of ALOS-1 and 
ALOS-2 SAR images; (b) Geological map of the study 
area; (c) Photo of the Baige landslide after the first 
occurrence on October 11, 2018; (d) The cracks at the 
back edge of the Baige landslide after the first 
occurrence. 

On 11 October 2018, a high‐speed bedrock landslide 
occurred on the left bank of the Jinsha River near Baige 
village, Jiangda County in the eastern Tibet, China (see 
Fig. 2). The failed material of approximate 24 × 106 m3 
rushed into Jinsha River and formed a barrier lake, which 
started draining naturally one day later. Unfortunately, on 
3 November, the unstable mass of the first landslide 
collapsed again, producing another volume of 9.13 × 106 
m3. A new barrier lake with a storage capacity of more 
than 500 × 106 m3 was formed, and blocked the Jinsha 
River once again. These two landslide events have 
seriously threatened the safety of people's lives and 
properties on both sides of the Jinsha River and raised 
widespread concern in society. A total of 67449 
inhabitants were affected and relocated after the 

Final Report on the 6th ALOS-2 Research Announcement 

DEFORMATION MONITORING ON HIGH-SPEED RAILWAY IN TAIYUAN 
AND YUNCHENG BASINS WITH ADVANCED INSAR TECHNIQUE 

PI No. 3247 

Changed to “THE DETECTION AND MONITORING OF LANDSLIDES IN CHINA USING 
LONG-WAVELENGTH ALOS/PALSAR-2 SAR IMAGES BASED ON SAR/INSAR 

METHODS” 

Chaoying Zhao1, Qin Zhang1, Xiaojie Liu1, Liquan Chen1 

1 School of Geological Engineering and Geomatics, Chang'an University, Xi'an, China 

231



occurrence of the Baige landslide. Twenty‐eight 
ALOS/PALSAR‐1 and ALOS/PALSAR‐2 images 
acquired from January 2007 to August 2018 were 
exploited to characterize the deformation history and 
temporal evolution of the Baige landslide, the coverages 
of the SAR images are presented in Figure 2(a) using the 
black rectangles. To mitigate the errors caused by the 
topographic relief and to conduct offset estimates 
between the SAR images from cross-platform 
ALOS/PALSAR-1 and ALOS/PALSAR-2, a novel offset-
tracking method is proposed. The 2D deformations were 
retrieved successfully from SAR images acquired at an 
identical platform (i.e. ALOS/PALSAR-1 and 
ALOS/PALSAR-1 images or ALOS/PALSAR-2 and 
ALOS/PALSAR-2 images) and different platforms 
(ALOS/PALSAR-1 and ALOS/PALSAR-2 images). Our 
results indicate that the maximum cumulative 
deformation in the LOS direction of the Baige landslide 
reached about -60 m between January 2007 and August 
2018. 
 

 
Fig. 3 Flowchart of 2D deformation rate and time 
series inversion based on cross-platform offset-
tracking method. 
 
In order to retrieve the pre-event deformation and the 
temporal evolution of the Baige landslide, an improved 
SAR amplitude offset-tracking method is proposed (Fig. 
3), which can estimate the two-dimensional (2D) offsets 
between SAR images not only from an identical platform 
(e.g. ALOS/PALSAR-1 and ALOS/PALSAR-1 images or 
ALOS/PALSAR-2 and ALOS/PALSAR-2 images), but 
also from different platforms (e.g. ALOS/PALSAR-1 and 
ALOS/PALSAR-2 images). Firstly, for the SAR images 
from an identical platform, the master images within 
ALOS/PALSAR-1 and ALOS/PALSAR-2 datasets were 
determined, respectively, by considering the temporal 
baseline, perpendicular baseline and Doppler central 
frequency variations. To link the SAR images from 
ALOS/PALSAR-1 and ALOS/PALSAR-2 SAR satellites, 
the master image of ALOS/PALSAR-2 SAR data was set 
arbitrarily as the final master image. Secondly, all the 

slave images were ortho-rectified and co-registered with 
respect to their corresponding master image. Thirdly, the 
offset pairs were generated by setting the lower bounds of 
temporal baseline for SAR datasets regardless of the 
perpendicular baseline. Fourthly, 2D offsets in line-of-
sight (LOS) and azimuth directions of all offset pairs were 
calculated using the pixel offset-tracking method [Strozzi 
et al., 2002]. Finally, 2D deformation results of each 
offset pair were geocoded into the given geographic 
coordinate system, and combined to invert 2D 
deformation rate and time series using singular value 
decomposition (SVD). 
 
Fig. 4 shows 2D deformation results between an 
ALOS/PALSAR-1 and ALOS/PALSAR-2 pair calculated 
with the traditional (Figures 4a and b) and the improved 
(Figures 4c and d) offset-tracking methods, respectively, 
where the temporal and perpendicular baselines are 1978 
days and 27972 m, respectively. It can be seen from 
Figures 4(a) and (b) that 2D deformation fields of the 
landslide are completely contaminated by the artifacts 
resulted from the great topographic relief and incidence 
angle difference. Owing to the ortho-rectification of SAR 
images before SAR co-registration, 2D deformation 
fields shown in Figures 4(c) and (d) are successfully 
retrieved, where the maximum cumulative deformation 
of the landslide in the LOS and azimuth directions 
reached -22 m and 6 m from February 25, 2010 to July 
27, 2015, respectively.  
 

 
Fig. 4. Two-dimensional deformation maps between 
ALOS/PALSAR-1 image acquired on February 25, 
2010 and ALOS/PALSAR-2 image acquired on July 
27, 2015 derived by the traditional and the improved 
offset-tracking methods. (a) LOS deformation derived 
by the traditional method; (b) Azimuth deformation 
derived by the traditional method; (c) LOS 
deformation derived by the improved method; (d) 
Azimuth deformation derived by the improved 
method. 
 
The pre-event deformation rate and time series of the 
Baige landslide from January 2007 to August 2018 are 
retrieved using the improved offset-tracking method. The 
annual deformation rates in both LOS and azimuth 
directions are shown in Fig. 5. It can be seen from Figure 
5 that the boundary of unstable landslide is clearly 
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depicted by the deformation rate maps. It is evident that 
the landslide not only has the vertical and east-west 
deformation components (see Figures 5(a) and (c)), but 
also has a north-south deformation (see Figures 5(b) and 
(d)). The deformation rates in the LOS and azimuth 
directions from January 2007 to March 2011 reached -2.7 
m/year and 0.6 m/year, respectively, which increased to -
9.3 m/year and 1.9 m/year from October 2014 to August 
2018, respectively. In addition, it can be inferred from 
Figures 4c and d that the deformation rates in the LOS 
and azimuth directions were -4.3 m/year and 1.2 m/year 
from February 2010 to July 2015, respectively. 
 

 
Fig. 5 Pre-event deformation rate maps of the Baige 
landslide. The red solid lines indicate the boundary of 
the landslide. (a) Deformation rate map in the LOS 
direction retrieved by ALOS/PALSAR-1 images from 
January 2007 to March 2011; (b) Deformation rate 
map in the azimuth direction retrieved by 
ALOS/PALSAR-1 images from January 2007 to 
March 2011; (c) Deformation rate map in the LOS 
direction retrieved by ALOS/PALSAR-2 images from 
October 2014 to August 2018; (d) Deformation rate 
map in the azimuth direction retrieved by 
ALOS/PALSAR-2 images from October 2014 to 
August 2018. 
 

 
Fig. 6 Two-dimensional time series deformations of 
the Baige landslide for Points P1 (a), P2 (b), P3 (c) and 
P4 (d) from January 2007 to August 2018. The 
locations of Points P1-P4 are marked in Figure 5(c) 
with white solid rectangles. 
 

Four feature points located at the different areas of the 
landslide were selected to analyze the temporal 
deformation history. Two-dimensional time series 
deformations of four selected points from January 
2007 to August 2018 are shown in Fig. 6. The 
maximum cumulative deformation was observed at P2 
(the middle part of the landslide), and the cumulative 
deformations in the LOS and azimuth directions 
reached -60.2 m and 12.6 m, respectively. The 
minimum cumulative deformation occurred at P4 (the 
lower part of the landslide), and the cumulative 
deformations in the LOS and azimuth directions were 
-38.8 m and 2.5 m, respectively. The non-linear 
deformation trend was observed at all four points from 
January 2007 to August 2018. After July 27, 2015, an 
obvious acceleration trend was observed. The results 
demonstrate that ALOS/PALSAR-1 and 
ALOS/PALSAR-2 SAR images can be applied for 
long-term and mid-term warning of landslide disasters, 
which can provide practical guideline to the field 
measurement. 
 
3. APPLICATION TO THE RETRIEVAL OF PRE-

EVENT DEFORMATION OF THE 28 AUGUST 
2017 PUSA LANDSLIDE, GUIZHOU, CHINA 

 
On 28 August 2017, the long-runout collapse initiated by 
the ridge-top rockslide in Pusa Village [5] (see Fig. 7), 
Zhangjiawan Town, Guizhou Province, China, buried 
residential areas and caused 26 deaths with 9 missing. 
This catastrophic disaster is a typical rock avalanche 
caused by combined effects of natural and anthropogenic 
factors in the Yunnan–Guizhou Plateau and its 
surrounding areas, China, which is the largest karst 
mountain area in China, and even in the world. In this area, 
the average temperature in a year is approximate 13.6 ℃ 
ranging from -4 ℃ to 32 ℃. And the annual rainfall is 
abundant from May to September, which accounts for 74% 
of the yearly cumulative rainfall ranging from 1200 mm 
to 1300 mm. We used ALOS/PALSAR-2 dataset to 
generate coherence map and intensity maps, which were 
applied to identify the landslide boundary, source area, 
and buried villages, while deformation maps from 
ALOS/PALSAR-2 were used to retrieve pre-event 
deformation. 
 

 
Fig. 7 Study area and synthetic aperture radar (SAR) 
images coverage. The yellow rectangle indicates the 
coverage of the ALOS/PALSAR-2.  
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(1) Coherence Estimation 
 
The coherence magnitude 𝛾𝛾  is the most common 
measure of coherence with the range of [0,1]. Under good 
SAR imaging conditions, it is close to 1 for bare surfaces, 
but close to 0 in dense or thick vegetation, such as forests 
or crops. Based on these characteristics, we investigated 
the region where there was a vegetation-covered area 
before the landslide occurred but was covered by 
deposition after the landslide. Accordingly, we could 
delineate the boundary of the landslide. 𝛾𝛾  can be 
calculated commonly using Equation (1) based on SAR 
image amplitude: 
 

𝛾𝛾 =
�∑ 𝜇𝜇1

𝑛𝑛𝜇𝜇2
𝑛𝑛∗𝑁𝑁

𝑛𝑛=1 �

�∑ �𝜇𝜇1
𝑛𝑛𝜇𝜇1

𝑛𝑛∗�𝑁𝑁
𝑖𝑖=1 ∑ �𝜇𝜇2

𝑛𝑛𝜇𝜇2
𝑛𝑛∗�𝑁𝑁

𝑖𝑖=1

             (1) 

 
where 𝑁𝑁 is the number of pixels in a window, 𝜇𝜇1𝑛𝑛 and 
𝜇𝜇2𝑛𝑛 are the complex value of master and slave images at 
pixel 𝑛𝑛, respectively, ∗ denotes complex multiplication, 
|∙| denotes the absolute value of the complex. 
 
(2) Surface change detection with SAR intensity maps 
 
To detect the small-scale landslide, we adopted single-
look intensity maps acquired by ALOS/PALSAR-2 with 
a spatial resolution of 3 m. we filtered the intensity maps 
with the modified Lee filter algorithm based on 
statistically homogeneous pixels (SHPs). The images 
were filtered by using the modified Lee filter as Equation 
(2). 
 

Î = I ̅+ 𝑏𝑏(I − I)̅              (2) 
 
where I = [𝐼𝐼1, 𝐼𝐼2, … , 𝐼𝐼𝑁𝑁] is a vector of intensity maps, 
I ̅ = [𝐼𝐼1̅, 𝐼𝐼2̅, … , 𝐼𝐼�̅�𝑁] is the mean value of intensity maps, 
which is calculated by averaging the intensity of the 
detected SHPs, 𝑁𝑁 is the number of SAR intensity maps, 
𝑏𝑏  represents the filtering weight, Î  is the intensity 
vector after filtering. After removing the effects of 
speckle noises, the ratio 𝑘𝑘 between two intensity maps 
can be calculated by using Equation (3). 
 

𝑘𝑘 = ∑ �𝜎𝜎1𝑖𝑖
0 �𝑛𝑛

𝑖𝑖=1
∑ �𝜎𝜎2𝑖𝑖

0 �𝑛𝑛
𝑖𝑖=1

                 (3) 

 
where �𝜎𝜎1𝑖𝑖0 � and �𝜎𝜎2𝑖𝑖0 � are backscatter coefficient values 
for pixel 𝑖𝑖 in two intensity maps, and 𝑛𝑛 represents the 
window size. 
 

 
Fig 8. The boundary and source area of the Pusa 
landslide identified by coherence and intensity maps 
from ALOS/PALSAR-2 images. (a) The pre-event 
coherence map, (b) the post-event coherence map, (c) 
the on-site image after landslide occurred, (d) and (e) 
the pre- and post-event SAR intensity maps acquired 
on 6 August 2017 and 12 November 2017, respectively, 
(f) the ratio between (d) and (e). It is noted that the 
color shown in (a) and (b) represent the coherence 
value. The white and yellow dash lines represent the 
landslide boundary, while the green line shows the 
source area. The black polygon shown in (d) and (e) 
represents the buried villages. 
 
We used coherence and SAR intensity maps to identify 
the landslide boundary, source area, and buried villages. 
Fig. 8 shows the coherence and intensity maps from 
ALOS/PALSAR-2 images of the Pusa landslide region. 
The boundary, source area and buried villages are marked 
in the Fig. 8. 
 
Fig. 9 shows the pre-event deformation derived from 
ALOS/PALSAR-2 SAR images, the local fringes were 
visible over and around the landslide source region, 
which indicates that the large deformation in the sliding 
slope arose before the landslide occurred. The areas of 
three regions shown as black dash lines in Figure 9b–d 
were 0.123 km2, 0.242 km2, 0.310 km2, respectively. 
 

 
Fig 9. Pre-event geocoded differential interferograms 
generated by ALOS/PALSAR-2 datasets. (a) The 
interferogram calculated by SM3 mode 
ALOS/PALSAR-2 data acquired on 4 September 2016 
and 22 January 2017. (b–d) The interferograms 
calculated by SM1 mode ALOS/PALSAR-2 data, (b) 
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14 May 2017 vs. 11 June 2017, (c) 11 June 2017 vs. 6 
August 2017, (d) 14 May 2017 vs. 6 August 2017. The 
red line indicates the landslide boundary, the black 
dash line indicates the deformation region. 
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1. INTRODUCTION

Current day subsidence in many deltas and estuaries 
around the world is both poorly understood and 
inadequately monitored, yet knowledge of subsidence rates 
and the underlying mechanisms is critical to the 
sustainability of these areas.  Inundation now occurs more 
frequently because of rising relative sea level, a measure 
that accounts for the combination of subsidence, sea level 
rise, and reduced sediment deposition.  This is particularly 
true of the Mississippi River delta (MRD), which includes 
the major population center of New Orleans, Louisiana, 
USA, and is the most threatened urban center in the United 
States from sea level rise combined with land elevation 
decline.  New Orleans is not alone, however, and many 
coastal communities are facing higher risk.  Conditions in 
the MRD are emblematic of the complexity of subsidence 
in coastal areas, and show how better observations, 
specifically with broader spatial extent and finer resolution 
are needed to identify the underlying mechanisms. The 
most comprehensive measurements of modern Gulf Coast 
subsidence rates are based on geodetic leveling 
measurements on benchmarks and tidal records [1] [2], 
which showed that subsidence occurs far north of the 
wetlands of the Mississippi River delta, suggesting that 
crustal-scale processes such as sediment loading 
contributes to subsidence and land loss.  Recent work 
additionally showed that modern subsidence particularly 
around New Orleans [3] [4] has occurred at substantially 
higher rates than previously thought in some locations, 
indicating that there are multiple natural and human-
induced causes.  Fluid withdrawal through oil production 
has been implicated as a potential cause at least during the 
peak of pumping in the coastal marshes [5], and through 
groundwater withdrawal in the New Orleans/Michoud area 
[3].  Currently subsidence measurements rely for the most 
part on GPS or extensometers at sparse locations.  A map 
of subsidence in coastal areas with better spatial coverage 
and higher spatial resolution is needed. Even a modest 
improvement in spatial coverage would improve 
geophysical modeling of subsidence, help distinguish the 
contributions from deep vs. shallow processes, and 
contribute to improved flood prediction and response.    

2. PROJECT DESCRIPTION

We planned to incorporate ALOS-2 data into our 
other studies to improve knowledge of current-day 

subsidence rates in several high-risk coastal 
communities in the USA, namely New Orleans; the 
Chesapeake Bay (Norfolk, Virginia); Florida’s major 
coastal cities of Miami and Tampa; Houston, Texas; 
and the area in central California encompassing the 
San Francisco Bay estuary and the Sacramento-San 
Joaquin delta. Each of these areas is experiencing 
subsidence that is affecting inhabitants, industry, and 
critical infrastructure. ALOS-2 scenes would be 
processed with the InSAR time series SBAS method 
shown to be useful in agricultural and undeveloped 
areas in the Sacramento Delta [6] where measured 
typical subsidence rates of ~10 mm/yr or less are 
comparable to that expected in the areas listed 
above.  InSAR time series requires a deep stack of 
scenes and in coherence challenged areas the 
acquisitions must be relatively frequent.  UAVSAR 
data acquired at 3-7 week intervals in a stack of ~60 
scenes were successfully used for measuring 
subsidence on the levees in the Sacramento Delta 
[6].  We planned to acquire more UAVSAR L-band 
data through a proposal submitted to NASA, 
unfortunately not selected.  Imagery acquired in 
StripMap-10m (SM3) mode was needed to resolve 
features such as levees that protect the areas from 
flooding.  Any imaging geometry or polarization 
was acceptable.    

3. RESULTS

The primary issue with using the PALSAR-2 data for 
measuring subsidence in non-urban areas is the infrequent 
acquisitions made with the instrument and the lack of 
sufficient scenes to support reliable SBAS analysis.  
Without frequent acquisitions, temporal coherence is lost 
or severely degraded.  The JAXA data archive was 
searched for scenes in the areas of interest acquired in SM3 
mode.  Most of the areas had ~2 scenes per year, too few 
for interferometric coherence to be maintained.  The area 
with the most data was the western edge of the Sacramento 
Delta extending westward to part of the San Francisco bay 
area.  Eight scenes were found for 2017-2019, with four 
added in 2020.  Coherence was not high enough to provide 
reliable results with the sparse data sets. 
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1. INTRODUCTION

The  report  contains  summarized  results  of  the

interferometric processing and discussion for surface

deformation on Baikal rift system, its surroundings and
additional object e.g. the South Ural earthquake. The

interferometric technique described in previous related

reports (RA3 PI 5320002, RA4 PI 1340). A specification
of the technology can also be found in the article “Surface

deformations near the Baikal-Amur railway from
differential SAR interferometry data” [1], (Appendix 1).

Additionally, the paper describes an experience of
TanDEM-X and ALOS2/PALSAR2 data combination. The

last part of the paper provides a resume of the study.

2. OBTAINING AND SUMMARIZED RESULTS

The first investigated area is located in North-East part of

the Baikal rift system. Significant deformations along the
main section of Baikal-Amur mainline (BAM) were not

identified by ALOS1/PALSAR1 and ALOS2/PALSAR2
data. The exception is the site near Severomuysk city. In

the figure 1, red rectangles show the position of the
processed scenes. Over fifty scenes were processed for this

study area during RA6 project realization.

Fig. 1 Position of the processed ALOS1/PALSAR1 and

ALOS2/PALSAR2 scenes located along Baikal-Amur

mainline (BAM)

The site near Severomuysk city is located within the Upper
Angara - Muya interbasin link of the northeastern segment

of the Baikal rift system. The latter is represented by series

of echelon half grabens bordered by well pronounced

normal  faults.  In  general,  the  system of  the  left  step  NE
oriented faults shows the typical left lateral strike-slip

structure of lithospheric scale. The Upper Angara - Muya

interbasin link is one of the most active areas within the
Baikal rift system [2].

A difficult geodynamic conditions of the region, coupled
with degradation of permafrost led to a landslide

development near Kazankan station of the BAM ESR
(Baikal-Amur mainline, East Siberian Railway). The

landslide has been developing at the Baikal-Amur

Magistral railway segment in several kilometers from the

North Muya tunnel (Kazankan station, Severomuisk town,
coordinates 56.1N 113.8E) since the 1990's. Detail

geodynamic settings and interpretation of differential SAR

interferometry data obtained for monitoring the landslide
motions in the immediate vicinity of Kazankan station

described in the paper Lebedeva et al. 2016 (Appendix 1)
and final report of RA4 PI 1340.

Previous research has shown that locations of deformations
in the interferograms coincide almost exactly with those at

the three bridges to the west of Severomuysk town wherein

significant displacements were detected by the ground
surveys. ALOS1/PALSAR1 data let to obtain phase

difference examination gives the estimated LOS

displacements of 61 mm for the pair 17/01/2009–

12/01/2007, and 86 mm for the pair 23/01/2011–
01/03/2008. In the landslide motion direction the estimated

displacements amount to 80 mm and 112 mm, respectively.
Contributions of the first and second pairs to the monthly

surface displacement are 3.3 and 3.2 mm, respectively [1].
Then the area was investigated by ALOS2/PALSAR2 data.

Unfortunately, most of interferograms estimated for the

region has nonsufficient correlation. Investigated areas are
clearly seen only on the interferogram pair 26/09/2015 –

27/09/2014. The location of deformations also coincides

exactly with bridges. LOS displacements are 32 mm, 34

mm and 31 mm; that correspond to H vertical 37 mm, 39
mm, 35 mm (see RA4 PI 1340).

Final Report on the 6th ALOS-2 Research Announcement 

SURFACE DEFORMATION ON BAIKAL RIFT SYSTEM AND ITS

SURROUNDINGS; ESTIMATION USING RADAR INTERFEROMETRY
PI No 3299

M.A. Lebedeva 1, V.A. Sankov 1, A.I. Zakharov 2, L.N. Zakharova 2

1 Institute of the Earth’s crust, Siberian Branch of Russian Academy of Sciences (IEC SB RAS)

lebedeva@crust.irk.ru, tel. (3952) 42-95-34, fax (3952) 42-69-00

2 Fryazino Branch of Kotel’nikov Institute of Radioengineering and Electronics of Academy of Sciences

aizakhar@sunclass.ire.rssi.ru, tel. (496) 5652432

238



New  ALOS2/PALSAR2  data  processed  within  the  RA6

project indicate stabilization of soil (fig.2). This
stabilization  was  due  to  active  work  carried  out  by  the

railroad staff (fig.3) [3].

Fig.2 PALSAR-2 interferometric pair 13/07/2019-

14/07/2018 track 136 frame1120: A – Fragment of

amplitude image, B – Fragment of unwrapped

interferogram and PALSAR-2 Interferometric pair

16/07/2020-18/07/2019 track 137 frame1120: C –
Fragment of amplitude image, D – Fragment of

unwrapped interferogram. Polygon shows Kazankan

study area.

At present, the railway track is in a stable condition, the

roadbed is not deformed. Combined cooling designs work

efficiently. Under the cooling structures, the area of frozen
soil increases, soil temperatures continue to decrease.

Permafrost is recovering.

Next investigated area, Verkhnechonskoye oil-gas-

condensate field is located in the Katanga district of the
Irkutsk region, in the riverheads of the Chona river (fig.4).

The field was discovered in 1978, exploration drilling

started in 1983, the deposit area is about 1500 km, more
than 100 wells have been drilled within the field contour.

The field is characterized by the presence of a large number

of disjunctive disturbances affecting. (fig.5)

Soil subsidence detected near the well 57 according to
interferometry data (pair 29/01/2017-01/02/2015) (fig.6).

Line of sight (LOS) shift is 2.7 cm

Subsidence of the soil seems to have a technogenic origin.
However, the disturbance of rocks due to disjunctive
structures in the area can contribute to the further

development of deformations.

Fig.3 Dynamics of changes in the temperature field

near Kazankan railway junction. SCC -seasonal

congealing constructions, TW -temperature well (by

I.I. Gavrilov [3])

Fig. 4 Position of Verkhnechonskoye oil-gas-condensate

field
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Fig.5 Verkhnechonskoye oil-gas-condensate field,

section of the 3D model of effective magnetization (by

F.D. Levin [4]), dashes - rupture structures identified

by the interpretation of gravitational and magnetic

fields
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Fig.6 Verkhnechonskoye field, the well 57 area,

(Interferometric pair 29/01/2017-01/02/2015), A)

Fragment of the amplitude image; B) Fragment of the

unwrapped interferogram; C) Phase profile across the

area

3. EXPERIENCE OF TANDEM-X AND

ALOS2/PALSAR2 DATA COMBINATION

As is known, extraction of the information on topography
is important stage of the data processing, especial for

mountainous areas. All objects of the investigation
disposed in such areas with the broken relief. Previously

we  have  used  SRTM  DEM  (3  arcsec)  in  our  studies.
However, one of the objects of research (Verkhnechoskoe

oil-gas-condensate field) is in the northern latitudes and

isn’t covered by SRTM. First interferometric
measurements of the area were made using TanDEM-X

data.

Accuracy of the elevation extraction using TanDEM-X

data was compared with obtaining of SRTM data: for
comparison we used the case of Muyakan ridge with its

seismic deformations (fig. 7). The details of the earthquake

swarm investigation described in the report RA3 PI 1340
and paper Lebedeva et al. (Appendix 2).
In case of using of SRTM the phase difference is 3.27 rad

that corresponds to 6.0 cm displacement along the line-of-

sight. In case of using of TanDEM-X the phase difference

is 3.36 rad, that corresponds to 6.1 cm displacement along

the line-of-sight. Consistency of the measurements
confirms the potential of the TanDEM-X and

ALOS2/PALSAR2 data combination.

A B

Fig.7 Phase measurements of seismic origin

deformations of the earth’s surface on Muyakan ridge.

Fragments of unwraped interferograms. A) Elevation

extraction using SRTM. B) Elevation extraction using

TanDEM-X.

The project supported by German Aerospace Center (DLR)
- "Surface deformations of the different origin on Baikal

rift system, its surroundings and southern part of Siberian
platform; estimation using L-band satellite radar

interferometry."  TanDEM-X data received within the
framework of the DLR project.

4. ADDITIONAL RESULTS

In addition to the objects of research planned at the stage

of writing the project, interferometric data were obtained

for the earthquake that occurred in the South Ural
(5.09.2018). The epicenter recorded at 15 km from the city

of Katav-Ivanovsk (fig.8).

Katav-Ivanovsk
Karaulovka

Ust-Katav

Uruzan’

*

Fig.8 South Ural earthquake. The main shock

occurred 5.09.2018 (by local time), magnitude is 5.4 by

Mining Institute UB of RAS. Red points is seismic

events M>4 (by International Seismological Centre

(ISC)), an asterisk denotes the position of the

measured deformations.

The magnitude is rated to 5.4 (by Mining Institute UB of

RAS). According to the American Geophysical Survey
(USGS), the main shock has a reverse fault source

mechanism with a compression axis directed to the

northwest. The earthquake occurred in the zone of
influence of the Main Ural deep-seated fault and local

discontinuous structures of northeastern striking, with

thrust kinematics. A strong aftershock event with a
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magnitude of 4.4 (according to the Unified Geophysical

Service of the Russian Academy of Sciences) occurred on
September 29, 2018. The epicenter of the earthquake is

located in the contact zone of the East European platform

and the West Siberian plate. The presence of a recorded
aftershock process speaks in favor of the tectonic origin of

the earthquake.

ALOS radar images processed for the study area have good
coherence. On the interferometric pair of 05.09.2018 –
25.07.2018 between the settlements of Katav-Ivanovsk and

the village of Karaulovka, signs of local deformations of

the earth's surface were found (fig.9), characterized by an

uplift of the southeastern wing (by 6 cm relative to the
average level) and subsidence of the northwestern (by 4 cm

relative to the average).
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Fig.9 A) Fragment of ALOS2/PALSAR2 unwraped

interferogram (pair 05/09/2018-25/07/2018) B) Phase
profile across the area

5. CONCLUSIONS

The new ALOS2/PALSAR2 data confirm the stabilization

caused by permafrost recovering along the entire area near

Kazankan station. It is necessary to continue monitoring
the area in order to exclude a possible resumption of the

process of permafrost degradation. Earlier, it was discussed

the construction of a new branch of the railway to the west

of Kazankan station in case of intensification of landslide
processes. In this case, it is necessary to monitor the new
construction site. At present, according to interferometry

data, no significant traces of degradation of permafrost
have been found to the west of Kazankan station.

Interferometric investigations for the first time conducted

on Verkhnechoskoe oil-gas-condensate field owing to

TanDEM-X data usage. Small rate deformation discovered
by testing of ALOS2/PALSAR2. It is not possible to make

conclusions about the confinement of these changes to

pumping.

Experience of TanDEM-X and ALOS2/PALSAR2 data
combination confirms the potential of a such data fusion.
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1. INTRODUCTION 

Storing natural gas in underground storage facilities is one 
of the key activities to increase the energy security in 
Central and Eastern European region. Recent completion 
of the second stage of the Gajary-Baden project has been 
a significant milestone for the strategic importance of a 
gas transmission via Slovakia. Emphasising the 
operational safety of gas storage infrastructure along with 
the necessity for frequent inspections using techniques 
that would cover large-scale areas, the Interferometric 
Synthetic Aperture Radar (InSAR) appears to be a 
credible candidate for providing continuous deformation 
monitoring. The formidable advantage of space-borne 
InSAR is its ability to monitor minuscule surface 
deformations without the need for human presence or in-
situ instruments, while providing accuracy similar to the 
conventional terrestrial monitoring techniques. Currently, 
satellites tend to be designed as constellation missions or, 
more often, are exploited synergistically in order to 
provide the advantage of fast response capacities. Results 
from multiple systems operating at different frequencies 
are revealing different features in the exact same scene. 
The repeat-pass nature and different characteristics of 
existing systems give rise to low coherence resulting from 
geometrical and temporal decorrelation of some areas. 
Relying on the unique capability of ALOS-2 to operate in 
L-band of the microwave spectrum and thus overcoming
the difficulties associated with the decorrelation over
vegetated areas common for C- or X-band data, we have
designed a set of methodologies to exploit different
spaceborne SAR sensors for providing continuous
deformation monitoring in risk and land management
applications. These methodologies are currently
implemented in remotIO system [1]. Albeit openness of
the system towards ingestion of ALOS-2 imagery, Multi-
temporal InSAR (MTI) monitoring tasks cannot be
successfully adopted due to less frequent observations and
lower number of ALOS-2 acquisitions available over
Slovakia territory. The increase in the current revisit
periods of ALOS-2 would help to set the InSAR
technique as a primary tool for continuous systematic
monitoring of ground and structural stability of a gas
storage system. However, in accordance with the
unsuccessful application of ALOS-2 for MTI analysis, the

focus of applications has been extended for i) sets of 
interferograms for landslide monitoring in nation-wide 
monitoring schemes (Section 3), ii) exploiting different 
ALOS-2 polarisations for estimation of aboveground 
biomass on Abandoned Agricultural Land (AAL) (Section 
4). 

2. CONTINUOUS UPDATES & EARLY WARNING
PERSPECTIVE 

remotIO system provides continuous infrastructure 
stability monitoring via automatic updates of MTI 
deformation maps. remotIO stands for “Retrieval of 
Motions and Potential Deformation Threats”. The system 
provides easy web-access to early warning products 
which are updated several hours after new satellite 
acquisition is made. Each new satellite acquisition helps 
to improve situational awareness over infrastructure assets 
(buildings, industrial zones, cultural heritage structures, 
roads, bridges, highways, railways), urban areas, 
undermined and landsliding areas, deposits of mineral 
resources and objects of strategic importance (dams, 
waterworks, power plants, airport facilities). Aside from 
continuous and autonomous updates of MT-InSAR results 
remotIO provides post-processing methodology over sites 
with active deformation hazards to ease the interpretation 
and facilitate decision-supporting tools for on-time 
situational awareness. Our post-processing approach 
implemented in remotIO’s web application has proven to 
be useful in filtering the resultant deformation maps and 
in pinpointing problematic zones with potential ground 
deformation threats also over low-coherent areas [1]. An 
alpha version (TRL 4) of the system has been developed 
under the Plan for European Cooperating States (PECS) 
programme of European Space Agency in Slovakia and 
introduced in April 2020. 

remotIO seeked to integrate data from a range of 
satellite SAR sensors starting with Sentinel-1 (C-band), 
TerraSAR-X (X-band) and including ALOS-2 (L-band) 
for MTI monitoring purposes.  

Last tests using ALOS-2 (data up to Dec 2020) 
were performed over the area of East Slovakia connecting 
second and third largest cities of Kosice-Presov, where 
gas routes [2] and geothermal underground facilities [3] 
are planned to be built. Moreover, as documented by 
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Sentinel-1 measurements (Fig 2), several areas are prone 
to subsidence effects. 

The total amount of 18 ALOS-2 SLC images 
acquired in the period from Oct 2014 - Dec 2020 were 
processed utilizing PSInSAR methodology. The results 
(Fig. 1) are particularly noisy as common 
recommendations [4, 5, 6, 7, 8, 9] for shorter revisit 
periods and a minimum of 20 acquisitions used within 
MTI approaches could not be met.  

 

 

Fig. 1 Mean LOS velocity (mm/year) deformation map 
obtained by PSInSAR processing of ALOS-2 for 

Prešov region 

 
Particularly noisy observations were the reason for 

shifting strategy of exploiting ALOS-2 imagery for 
obtaining smaller samples of data for i) producing 
interferograms for tests in nation-wide monitoring 
schemes to track landslide tendencies (Section 3), ii) 
biomass polarimetry applications (Section 4). 

 
 
3. NATION-WIDE MONITORING PERSPECTIVE & 

LANDSLIDES 
 

remotIO concept represents a first stage of a 
complete MT-InSAR processing framework intended for 
monitoring man-made objects and infrastructure mostly 
over urban areas. remotIO components have been 
developed to target zones with the highest displacement 
rates or displacement rate changes (e.g., gas storage 
infrastructure landslides or undermining subsidence) and 
to support structural health monitoring tasks (e.g., 
monitoring of buildings, bridges, dams or cities’ districts). 
The system was scaled to provide analysis over small-to-
medium sized regions (5 km × 5 km up to 80 km × 80 
km) and support the full life cycle of providing MT-
InSAR monitoring products: from initial processing of 

full available archives of Sentinel-1 over monitoring sites, 
through continuous automatic updates, post-processing 
methodology for filtering resultant deformation maps and 
generation of added value products, until the delivery of 
results via web-based platform where all outputs are 
accessible to end-users.  

 

 

 
Fig. 2  Mean LOS velocity (mm/year) deformation 
map obtained by PSInSAR processing of Sentinel-1 
for Gajary - Baden area  (upper) and Veľké Kapušany 
area (bottom) 

 Similar studies addressing operational exploitation 
of Sentinel-1 measurements can be found in [10, 11, 12, 
13, 14, 15, 16, 17]. These studies are additionally oriented 
on nationwide monitoring schemes, where we are testing 
the possibility of joint exploitation of targeted analysis 
over small-to-medium sized regions (remotIO) with state-
wide monitoring initiatives in Slovakia [18] and Europe 
[19].  

Slope deformations are the most important 
geohazards in Slovakia which annually cause an extensive 
economic damage of significant influence and limit the 
rational use of land and in rare cases also threaten human 
lives. In Slovakia, about 22000 slope deformations have 
been registered so far, covering an area of almost 2600 
km2 and corresponding to 5.25% of the territory of the 
Slovak Republic. This is conditioned by the complex 
geological and tectonic setting of the Slovak territory. In 
the most affected areas of the Flysch region landslides 
may threaten up to 40% of the area and in the peripheral 
areas of Neovolcanic region it can be up to 60% of the 
territory. The slopes within Neogene and Paleogene 
depressions are also significantly affected. Moreover, in 
the current period, the activation of relatively large 
amounts of landslides has been witnessed. Since 2010, 
many (thousands) new slope failures have been registered 
and their activation was driven mainly by climatic 
anomalies, such as extraordinary rainfalls and melting 243



snow cover. Many of these landslides currently represent 
a direct threat to the lives, health and property of the 
residents in the affected areas. This fact has initiated their 
inclusion in the monitoring system built in the scope of 
the project “Partial Monitoring System - Geological 
factors“. The stability condition in these areas is studied 
by regular measurements based on geologic, hydrologic, 
geodetic and geotechnic measurements. For the areas of 
high socio-economic importance where the large 
deformations are occurring, up-to-now monitoring 
activities have currently been extended to account for the 
results from multi-temporal InSAR techniques. The 
selected sites of Upper Nitra and Košice-Prešov regions 
are densely populated municipalities that rest exclusively 
upon active landslides. To support MT-InSAR monitoring 
over these sites a monitoring network of 25 corner 
reflectors was established- This network is primarily 
suitable for Sentinel-1 measurements but are clearly 
visible and can be used also for ALOS-2 data (Fig. 3). A 
special tool for geodetic based InSAR processing was 
developed GECORIS [20] and made suitable for 
automatic estimation of: (i) the clutter level of a particular 
site before a corner reflector installation, (ii) the Radar 
Cross Section (RCS) to track a corner reflector’s 
performance and detect outliers, (iii) the Signal-to-Clutter 
Ratio (SCR) to predict the positioning precision and the 
InSAR phase variance, (iv) the InSAR displacement time 
series of a corner reflector network. 

 

 
 

 
 

Fig. 3 Network of the corner reflectors in the Upper 
Nitra and Košice-Prešov regions. 

 
 
 

4. OTHER APPLICATIONS: BIOMASS 
 
ALOS-2 data were successfully used within the ESA 
PECS project ATBIOMAP. The project was aimed at 
mapping and quantification of aboveground biomass on 
Abandoned Agricultural Land (AAL). The mapping of 
succession stages (herbaceous, scrub and tree formations) 
on AAL, the quantification of wood stock and increments 
on AAL and proposal of a system of permanent 
inventorying of wood biomass within AAL were among 
project objectives. The Methodology framework was 
based on analyses and cross-validation of optical (Sentinel 
2) and radar satellite data (Sentinel 1 and ALOS 
PALSAR-2), supported by field research and airborne 
laser scanning data (ALS). The project consists of two 
main parts. In the first one, a classification system for 
herbaceous, shrub and tree formations on AAL was 
created. In the second part, a mathematical model of 
biomass stock estimation and an innovative methodology 
of permanent tree biomass inventory on AAL, based on 
satellite data, was developed. The methodological quality 
was verified by comparing the relationship between 
satellite biomass estimates and those of two probing 
systems: ALS and field data. The methodology for 
estimation of biomass on AAL is based on empirical 
modelling using optical and radar satellite data. Here, 
Sentinel-2 values, radar backscatter and magnitude of 
coherence of Sentinel C-band and ALOS-2 P-band were 
investigated to predict wood biomass hereinafter AGB 
(Above Ground Biomass) on AAL (Fig. 4) 
 

 
Fig. 4 Flowchart for biomass estimation on AAL – 

modified from [21] 

ALOS-2 data processing included derivation of 
backscatter - sigma nought (HH, VH, VV, HV) and 
polarimetric decomposition - Sinclair and Pauli colour 
coding, Single bounce, Double bounce, Volume scattering 
layers and H/A/alfa decompositions. 
All products were transformed into a cartographic 
reference system WGS1984 UTM Zone 34N. Radar 
products (backscatter and coherence) were transformed to 
ground range to uniform pixels size 10 m.  
The extensive database allows to derive many 
combinations of stock prediction models on AAL. We 
focused our attention on: 

1. fusion of Sentinel-1 and Sentinel-2 data and 
finding the most appropriate methods for 
biomass volume prediction on AAL in 2 
variants: linear (Model 1) and nonlinear model 
of biomass estimation (Model 2) 244



2. estimation of biomass volume on AAL from 
ALOS-2 bands applying nonlinear (power) 
model (Model 3) 

3. fusion of Sentinel-1 and Sentinel-2 and ALOS-2 
data and finding the most appropriate methods 
for biomass volume prediction on AAL (Model 
4), Fig. 5 

4. estimation of biomass volume on forest land 
applying Random Forest algorithm (Model 5), 
Fig. 6 

 
The best models for AGB quantification reached R-
squared 0.43 – 0.64 and root mean squared error (RMSE) 
95 -118 tons of dry matter per ha. The accuracy of the 
models is limited by the saturation of radar signals. The 
C-band of Sentinel-1 can reach only the upper part of the 
canopy. Better results were achieved including L-band 
ALOS-2 into the model, however, usage of this kind of 
data also increases financial requirements of the 
Permanent Inventory of Wood biomass on Abandoned 
Agricultural Land (PIWAAL) system. The models 
underestimate at high AGB ranges and overestimate at 
low AGB ranges. 
A solution is a division of the whole range of AGB (from 
0 to 700 t/ha) into smaller sub-groups (strata) and finding 
suitable ranges for which a linear stock derivation model 
could be applied. The best result with RMSE = 29.8 t/ha  
corresponds to AGB range from  4.4 to 250 t/ha using 
band Sentinel-2 B5,  Sentinel-1 VHleaf-off   and ALOS-2 
Alpha3 band in the AGB model. In addition, 0- 250 t/ha 
can be expected to be the relevant range for the AGB on 
AAL. 
 

 
 

Fig. 5 Predicted biomass on AAL (t/ha) Model 4, test 
site Viglas, Slovakia 

 
 

Fig. 6 Predicted growing stock on forest and AAL 
(m3/ha) based on Random Forest algorithm (Model 5), 

test site Viglas, Slovakia 

 
5. DISCUSSION & CONCLUSIONS 

 
Multi-temporal synthetic aperture radar interferometry 
(MT-InSAR) is nowadays a well-developed remote 
sensing tool for ground stability monitoring of 
infrastructure, gas storage facilities and for monitoring 
areas affected by natural hazards and undermining. The 
revisit periods of ALOS-2 over territory of Slovakia is 
less frequent and resulting deformation maps are noisier 
(Fig 1.), as standard recommendations [4, 5, 6, 7, 8, 9] for 
shorter revisit periods and a minimum of 20 acquisitions 
used within MTI approaches could not be met. 
Nevertheless, ALOS-2 data were used in preparatory 
stages for development of web-based monitoring platform 
remotIO [1] (Section 2), corner reflector monitoring 
network in Slovakia and open-source software for 
geodetic based InSAR processing GECORIS [20] 
(Section 3) and thanks to different polarizations tested in 
biomass applications [22, 23] (Section 4). Since less 
frequent revisit periods of ALOS-2 limited their 
exploitation within continuous MT-InSAR monitoring 
tasks, the ultimate goal of this study was to investigate the 
possibility of integration of these data with multiple space 
assets (e.g. Sentinel-1) in newly developed tools and 
applications over territory of Slovakia. 
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1. INTRODUCTION
Synthetic aperture radar tomography (TomoSAR) [1-6] is 
a useful tool for retrieving the three-dimensional structure 
of buildings in urban areas [6]. Reconstruct the three-
dimensional structure of urban buildings with a small 
amount of measurements can avoid time de-coherence and 
possible surface deformation effects. In this case, the 
classical spectrum analysis methods with limited SAR 
images has insufficient resolution and cannot achieve 
accurate reconstruction [4]. The CS method [6-7] can 
achieve super-resolution imaging, but it needs to set the 
hyper-parameters and the computational burden is heavy 
[8-9]. In this work, a super-resolution tomographic SAR 
algorithm based on sparse Bayesian learning theory [10] is 
proposed for the reconstruction of the three-dimensional 
structure of buildings. The work used L-band ALOS_2 [11] 
data for 3D reconstruction of buildings, and explore the 
potential of ALOS-2 data in the application of 3D 
reconstruction of buildings. In addition, the ALOS_2 L 
data will be used for tomographic SAR terrain inversion in 
mountainous overlapping areas to obtain more reliable 
mountain terrain inversion results [12-13]. 

2. METHODS

A. TomoSAR Model
Assume N SAR images are available over the concerned

area. For the nth image after co-registration, the focused 
complex value at an arbitrary pixel   can be expressed by: 

0 0( , ) ( ) exp( 2 )n n
s

g x y s j s dsγ πξ
∆

= −∫ (1) 

where ( )sγ  represents the scattering coefficients along the 
elevation directions;  s∆  is the elevation range of SAR 
imaging; nξ  is the spatial frequency related to the baseline

nb , range 0r   and wavelength λ  of SAR images; j is the 
complex unit. 

Discretizing the continuous reflectivity profile along the 
elevation s within its extent   by  , where M is the number 
of discretization intervals, we can approximately express 
the tomographic imaging model: 

g A eγ= +   (2) 
where e is the noise; g is the vector of N measurements; A 
is a  mapping matrix; and γ  is the discrete reflectivity 

vector with N sources. Accordingly, the covariance matrix 
of the multi-baseline SAR data can be expressed as: 

2{gg }H HR E APA Iδ= = + (3) 

B.CV-SBL TomoSAR Estimator
The backscattering profile of the building contains only

a small number of strong scattering sources, which can be 
considered sparse in the spatial domain. In the proposed 
framework, the sparse backscattering profile is assumed to 
obey a Gaussian prior distribution. Then, the posteriori 
probability will be calculated using Bayesian criterion. 
Finally, the power spectrum is inferred from the prior 
information and posterior probability [14-16]. 

In summary, the CV-SBL algorithm for TomoSAR can 
be organized as three key steps: 

Step1: Define the priori distribution. Establish the CV-
SBL TomoSAR model: 

( )    y vec R Bp t δ= = + +  (4) 
where ( )B A conj A=  ,   denotes Khatri-Rao product;

Ψ  is the wavelet basis; 2( )t vec Iσ= . δ  is the covariance 
matrix estimation error .According to [11], the second 
order statistic of δ  can be simply defined as: 

( ) ( ) ' '1 / ( )H TE L R R Vδδ = ⊗ = (5) 

where ( )T⋅  denotes the transpose operation and ⊗ denotes 
the Kronecker product. To simplify the expression, (4) is 
turned into: 

,   [  ]y Gx G B Iδ= + =  (6) 
where G represents the new sensing matrix, and 

[ ] Tx p t= includes backscattering power parameters to be 
solved and unknown noise power. To run SBL more 
efficiently, a Gaussian distribution was appended to x as 

~ (0, )x N Λ . ( )diagΛ = Γ  and 21, ,
T

d D N
τ τ τ

+
 Γ =    is 

a hyper-parameter vector. Then the probability of y with 
respect to Γ  can be defined as follows: 

( ) ( ) ( )| | |p y p y x p x dxΓ = Γ∫   (7)
Step2: Calculate posterior probability. Considering 

Bayes’ rule and the priori distribution defined above, the 
mean vector μ and covariance matrices xΣ can be 
calculated: 
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Step3: Estimate backscattered power profile. According 
to the EM algorithm, the update rule of the proposed 
method can be obtained. 

In E-step: μ and xΣ  will be updated via (8). 
In M-step:Γ  can be updated via: 

 ( ) 2 2
,  1, 2new

k x kk k k D Nτ µ= Σ + = +   (9) 
What needs to be emphasized is that the parameter 

vector Γ is related to the forest backscattering power. As a 
result, the power spectrum can be obtained from Γ in the 
proposed CV-SBL method. 

 
2. STUDY AREAS AND DATA SETS 

A. Urban area 
In order to verify the effectiveness of the proposed 

algorithm, the experiment uses 12 PALSAR-2 data 
covering Xi'an, Shaanxi Province from September 2014 to 
October 2018, as summarized in Table 1. The image 
acquired on 2016-11-12 is used as the master image. The 
coverage of the image is shown in red rectangle in Figure 
1. The azimuth and range resolutions of the SAR image are 
3.24m and 4.29m, respectively, and the central incident 
angle is 40.5°. 

 

Fig.1 The coverage of research area 
 
 
 

Tab.1 Summary of PALSAR-2 scenes used in this study 

Imaging Date Perpendicular 
Baseline(m) 

2014-09-06 -204.96 
2014-11-15 -37.25 
2015-01-24 -19.08 
2015-06-27 -132.28 
2016-06-11 35.23 
2016-06-25 -101.91 
2016-11-12 0 
2017-06-24 -112.56 
2017-10-18 94.47 
2018-04-28 31.95 
2018-06-23 -77.99 
2018-10-13 133.29 

 
B. Mountain Area 

The mountainous area near Colca Canyon, Arequipa, 
Peru (see Figure 2(a)) is selected as study area. The average 
elevation there is above 2000 meters. The climate is dry 
with the annual precipitation about 100mm and annual 
temperature about 14.4 ℃ . Additionally, this area is 
primarily covered by sparse forests and bare rocks. So the 
interferogram of this area has good coherences. This 
ensures ground objects have almost kept stable in multi-
observations for TomoSAR. 

 

 

 
Fig. 2 (a) Geographic of the study area overlaid in an 
optical image. The red rectangle represents the 
footprint of the selected SAR images; (b) the intensity 
map of the selected master SAR image acquired on 
August 15, 2009. 
 

Altogether 14 ALOS PALSAR acquisitions spanning 
from 2007 to 2010 over the study area are selected to test 
the TomoSAR method. Parameters of the selected 
PALSAR-L datasets are listed in Table 2. 

 
Table 2 Parameters of the selected PALSAR datasets 

Polarization 
Mode 

Wavelength 
(cm) 

Incidence 
angle 

Azimuth 
spacing 

(m) 

Range 
spacing 

(m) 
HH 23.62 38.89° 3.21 m 4.68 m 

 
 
 

3. RESULTS AND DISCUSSION 
A. Tomography of buildings 

We choose two azimuth profiles in two different areas to 
verify the performance of the proposed method. The first 
area contains many tall buildings. The optical image of this 
area is shown in Figure 3(a). The position of the selected 
azimuth profile on the SAR intensity map is shown by the 
red line in Figure 3(b). 

 

 

Fig.3 The location of  test line1 
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Fig.4 Normalized tomographic profile. (a)HH channel 
obtained by CV-SBL;(b) HH channel obtained by 
Capon;(c) HV channel obtained by CV-SBL;(d) HV 
channel obtained by Capon 

 
Figure 4 showed the tomograms of the buildings in the 

experimental area. It can be seen from the experimental 
results that CV-SBL can use ALOS SAR data to achieve a 
good focus of the building profile, and the obtained 
tomographic spectrum is clear. The Capon method almost 
loses its focus and cannot extract useful information. In 
addition, the HH polarization channel has better 
reconstruction performance. 

 

 

Fig.5 The location of  test line2 
 

 

 
Fig.6 Normalized tomographic profile. (a)HH channel 
obtained by CV-SBL;(b) HH channel obtained by 
Capon;(c) HV channel obtained by CV-SBL;(d) HV 
channel obtained by Capon 
 

Figure 6 showed the tomograms of the different 
polarization channels of the buildings in the second test 
area. In this area, the CV-SBL method still obtained a good 

chromatogram. Compared with the Capon method, it has 
better reconstruction performance 
 
B. Tomography of mountainous terrain 

Figure 7(a) shows the normalized intensity map along 
the range direction by TomoSAR. It is evident that the 
spectrum is clear from the beginning to the end despite 
little noise. The positions of two valleys are located at 
about the 2000th bin and approximately 2800th bin, 
respectively. For layover, TomoSAR has the ability to 
discriminate different scatterers within the same pixel, see 
Figure 7(b) and Figure 7(c). There are two scattering 
centers in the 2014th, 2015th, 2017th and 2018th bin, 
which are corresponding to layover region. Those explain 
that TomoSAR can solve the problem caused by layover. 

Each scatterer’s elevation location can be determined 
by its tomograms like Figure 7(a). To ensure that the 
maximum fluctuation of the ground is smaller than the 
maximum elevation range observed by TomoSAR, the 
region that is located at azimuth lines from 2500th to 
3000th and range rows from 1500th to 3000th is used to 
make DEM. In layover areas, we select the maximum value 
as the elevation information in one pixel. Figure 8(a) shows 
the DEM of this selected area. 

 

 

Fig. 7 (a) The spectrum of the range profile retrieved by 

TomoSAR; (b) the first layover in range profile (c) the 

second layover in range profile. 

 

Figure 8(b) presents the result in SAR coordinate got by 
this method. Compared Figure 8(a) with Figure 8(b), it is 
found that DEM acquired by TomoSAR is smoother than 
that of InSAR. In layover areas and their neighborhood, 
DEM acquired by TomoSAR is closer to SRTM in texture.  
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Fig. 8 (a) DEM of the selected site estimated by 
TomoSAR in SAR coordinate system;(b) DEM of the 
selected site acquired by InSAR in SAR coordinate 
system; (c) SRTM of the selected site in SAR 
coordinate system. 

 
4. CONCLUSIONS 

In our research, we proposed a tomographic SAR 
method based on sparse Bayesian learning. This method 
has super resolution and can achieve good tomographic 
SAR three-dimensional imaging. Compared with the CS 
method, there is no need to set user parameters, and the 
time required is less. 

The new method is used for tomographic imaging of 
ALOS PALSAR data, which can successfully reconstruct 
the profile of the building. The obtained tomogram is clear 
and has a high three-dimensional focusing ability 

Finally, we explored the potential of ALOS PALSAR 
data in mountain terrain extraction. TomoSAR technology 
can solve the overlapping problem of mountain imaging 
and obtain smoother terrain inversion results.  
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1. OBJECTIVES

Our proposed investigation will contribute to the geometric 
and interferometric validation of the ALOS-2 PALSAR-2 
data. This will involve the following tasks: 
• Contribute to the validation of the geometric accuracy of

ALOS-2 PALSAR data using radar corner reflectors at
Pinon Flat, CA.

• Participate in the ALOS-2 CALVAL meetings in Japan.
• Modify GMTSAR software to work with all modes

(right and left) of ALOS-2 data at L1.1.
Assess the accuracy of ALOS-2 FBD and ScanSAR 
interferograms using the array of continuously operating 
GPS (CGPS) receivers in California. All CGPS data are 
freely available from UNAVCO. 

2. SIGNIFICANCE IN RESEARCH FIELD

Radar interferometry has become an important tool for 
monitoring and developing predictive models of the 
earthquake cycle.  However, our analysis of the San 
Andreas Fault System (SAFS) has revealed several 
limitations of the ALOS-1 data for this application.  (1) 
ALOS-1 did not acquire radar data along the descending 
orbital tracks, which have better geometry for viewing the 
strike-slip motions than the ascending tracks.  (2) The 
ALOS-1 orbit had significant drifts away from the ideal 
repeat track so the InSAR baselines are generally longer 
than is optimal for deformation mapping.  (3) The 
ionospheric phase distortions at L-band are large over 
horizontal length scales > 20 km so the ALOS-1 
deformation stacks must be high-pass filtered before 
combination with GPS vector velocity data. 

We proposed to investigate all three of these issues by 
using the new L-band data from ALOS-2. ALOS-2 is 
routinely operated (>9 times per year) in ScanSAR mode 
along descending passes, which have improved look 
geometry with respect to ALOS-1. The entire SAFS can be 
imaged in just 12 of these 350 km by 350 km scenes.  (2) 
The orbit of the ALOS-2 satellite is well controlled in both 
baseline and burst alignment to enable interferometric 
combinations of any pair thus reducing the errors in the 
InSAR stacks. (3) ALOS-2 also suffers from ionospheric 
phase distortions however the larger frame size enables one 

to relate phase ramps across the images to global 
ionospheric models derived from GPS data such as the 
GIAM model (http://iono.jpl.nasa.gov/gaim/intro.html).  

3. METHODOLOGY

We continued our collaboration with JAXA scientists to 
improve the scientific utilization of ALOS-2 PALSAR-2 
data as well as to use these data for our own scientific 
investigations.  Our investigation was divided into two 
main areas of CALVAL – geometric validation using radar 
corner reflectors and interferometric validation using the 
continuous GPS receivers of the Plate Boundary 
Observatory.   

4. RESULTS

Geometric Validation - Radar Corner Reflectors 
We maintain three radar corner reflectors at Pinon Flat 
Observatory, located between the San Andreas and San 
Jacinto Faults, to support the radiometric, geometric, and 
interferometric assessment of SAR data (Figure 1). These 
are permanent installations designed to remain in place for 
the lifetime of the ALOS-1/2 missions and beyond.  The 
precise locations of the reflectors and their radiometric 
design are available to any investigator (Table 1). Each 
year we visit the site and make repairs as necessary.   

Figure 1 One of the 2.4 m radar corner reflectors at Pinon 
Flat Obs. installed in 1998 (photograph taken September, 
2014).  This arid region, at an elevation of 1200 m, is 
relatively flat with a surface of decomposed granite 
sparsely covered by bush and grass.  Three radar corner 
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reflectors are oriented to reflect energy from ascending 
(A1) and descending (D1 and D2) ALOS passes. 
 
Table 1. Coordinates of Radar Reflectors 

 lat lon height azimuth 
A1 33.612246 -116.456768 1258.990 257.5˚ 
D1 33.612253 -116.457893 1257.544 102.5˚ 
D2 33.607373 -116.451836 1254.537 102.5˚ 

Latitude and longitude in decimal degrees and elevation in 
meters relative to the WGS-84 co-ordinate system and 
ellipsoid. The survey point is the apex (lowest corner) of 
each reflector.   

 
We used the ephemeris data provided with the ALOS-2 
imagery and GMTSAR software to project the location of 
each corner reflector (i.e., latitude, longitude, and elevation 
above the WGS84 ellipsoid) into the range and azimuth 
coordinates of each image.  The locations of the corner 
reflectors were visually identified as bright spots in each 
image and the difference between the orbit location and the 
image location was computed as provided in Table 2. The 
ALOS-2 ScanSAR mean differences are quite small in 
range (0.97 +/-0.47) and the azimuth is essentially zero (-
4E-07 +/-0.67) so no biases have been included in our 
GMTSAR software.  
 
Table 2 Comparison Between ALOS-2 ScanSAR image 
and orbit for Pinon reflectors D1 and D2 and D2. 

NAME CR Ri-Ro(m) Ai-Ao(m) 
ALOS2053922950-150523-WBDR1.1__D-F5 D1 11.78 -1.24 
ALOS2053922950-150523-WBDR1.1__D-F5 D2 12.16 -1.24 
ALOS2060132950-150704-WBDR1.1__D-F5 D1 4.02 1.24 
ALOS2060132950-150704-WBDR1.1__D-F5 D2 4.43 3.72 
ALOS2076692950-151024-WBDR1.1__D-F5 D1 14.43 -1.24 
ALOS2076692950-151024-WBDR1.1__D-F5 D2 6.28 -6.20 
ALOS2064272950-150801-WBDR1.1__D-F5 D1 6.67 -1.24 
ALOS2064272950-150801-WBDR1.1__D-F5 D2 7.05 -1.24 
ALOS2070482950-150912-WBDR1.1__D-F5 D1 3.64 1.24 
ALOS2070482950-150912-WBDR1.1__D-F5 D2 12.64 1.24 
ALOS2060132950-150704-WBDR1.1__D-F5 D1 12.60 1.24 
ALOS2060132950-150704-WBDR1.1__D-F5 D2 4.435 3.72 
Mean 

 
8.348(0.97pxl) -4.13E-07 

RMS 
 

4.048(0.47pxl) 2.67(0.67pxl) 
   
One significant finding of the ALOS-2 ScanSAR analysis 
is that the images show 7 stacked reflectors instead of one 
(Figure 2). This is caused by a combined effect of lower 
resolution along azimuth and the diffraction from periodic 
observation. The multiple bright spots from a single 
reflector can result in errors in image alignment because 
the cross-correlation solution may lock on to one of the  
secondary peaks. To avoid locking on to the wrong peak, 
we implemented a filter in the alignment step to band-pass 
the cross-correlation results (+/-3 pixels from the major 
peak). This approach stabilized the image alignment to 
lock onto the primary peak. 

 

 
Figure 2 ALOS-2 ScanSAR image centered on of Pinon 
corner reflector descending (D2). 
 
 
Strip-Mode InSAR 
Two of the Rio Branco images provided to the CALVAL 
team had short temporal (14 days) and perpendicular 
baselines (254 m).  Each image was from a quad-pole 
acquisition so it was possible to create 4 different 
interferograms from HH, VV, HV, and VH polarizations.  
All interferograms have high correlation and small residual 
phase with characteristics commonly found for ALOS-1 
interferograms.  An example line-of-sight, geocoded 
deformation map is shown in Figure 3.  The line-of-sight 
change across the image is less than 14 cm suggesting the 
orbital information has accuracy similar to the ALOS-1 
orbits. 

Figure 3 Example line-of-
sight deformation map of the 
Rio Branco region from an 
ALOS-2 quad-pole pair 
(August 13, 2014 and August 
27, 2014).  The color scale 
saturates at +/- 70 mm.  
Forested areas are partly 
decorrelated and several of 
the fields show apparent 
offsets that are probably 
related to changes in soil 
moisture or standing water. 

 
ScanSAR InSAR 
One of the main advantages of ALOS-2 with respect to 
previous satellites is the rather short 14-day repeat cycle 
that is possible because the satellite is commonly operated 
in ScanSAR mode along descending orbits.  Successful 
ScanSAR interferometry will dramatically improve our 
estimates of stress accumulation rate across the San 
Andreas Fault zone because the second look direction will 
be used to separate horizontal from vertical deformation.  
In mid 2014 we constructed several ScanSAR to ScanSAR 
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interferograms and found excellent correlation on one 
example, marginal correlation on two examples and no 
correlation on another two examples (Table 3).  The 
marginal correlation is caused by small or zero overlap 
between the bursts from the reference and repeat 
acquisitions.   
 
Table 3. Percentage of burst overlap for three ScanSAR 
interferograms. 

F1-5 - subswath number 
N – number of lines between bursts 
N_burst – number of echoes in a burst 
% - burst overlap adjustment. 
 
We worked with JAXA scientists to identify and  correct 
the burst overlap problem. To achieve this burst overlap the 
radar system must be triggered with an along-track 
accuracy better than ~500 m, which corresponds to a 
timing accuracy better than 70 milliseconds [Tong et al., 
2010].  The autonomous navigation system aboard ALOS-
2 was designed to achieve horizontal baseline better than 
500 m and along-track accuracy of 10 m [Kankaku et al., 
2009]. During the commissioning phase of the mission, 
accurate baseline control was demonstrated with most 
perpendicular baselines less than 200 m. However the 
initial interferograms usually had no burst overlap. JAXA 
implemented an adjustment to the onboard navigation 
system in early February 2015 and adequate burst overlap 
has been maintained since then.  
 
The scansar data collected after February 2015 was used to 
provide a spectacular deformation image of the Mw 8.8 
Gorkha, Nepal earthquake (Figure 4) The first pass after 
the February 8 fix and prior to the Nepal earthquakes was 
P048 on February 22.  Subsequent pairs have burst overlap 
better than 70%. 
 

 
Figure 4 Example of a coseismic ScanSAR-to-ScanSAR 
interferogram from ALOS-2 descending Path 48, spanning 
dates February 22, 2015 to May 3, 2015 and covering the 
Mw7.8 Gorkha, Nepal earthquake [Lindsey et al., 2015]. 
Each color cycle (red-green-blue-red) represents 12.1 cm 
of displacement toward the satellite. Data were processed 
using GMTSAR.  Note ALOS-2 provides continuous phase 
across subswath boundaries with no adjustment resulting 
in a single 350 km by 350 km interferogram. 
 

5. OVERALL CONCLUSIONS 
 

• ALOS-2 images can be geolocated on the earth without 
ground control to an accuracy of a few meters.   

• The baseline control of the ALOS-2 mission is 
significantly better than ALOS-1 so any pair of strip-
mode images will form excellent interferograms.   

• ScanSAR to ScanSAR InSAR has been demonstrated 
with ALOS-2 in 2014, however the alignment of the 
reference and repeat bursts is often less than optimal. We 
worked with JAXA scientists (Ryo Natsuak and 
Masanobu Shimada) to identify and correct the burst 
overlap problem. 

• A more complete analysis of burst overlap conducted by 
Ryo Natsuaki at JAXA shows the burst mis-alignment 
goes through a 56.4-day cycle. JAXA has corrected the 
problem in early 2015 and subsequent data have 
excellent burst alignment and thus high interferometric 
coherence 
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ALOS-2/PALSAR-2の偏波校正と検証 -その２- 
PI No 3151 

森山 敏文 

長崎大学工学研究科 

1. はじめに

1990 年代から日本や世界で航空機搭載型のマイク

ロ波偏波合成開口レーダ (Polarimetric Synthetic

Aperture Radar: POLSAR)が開発され，2006年からは

日本の陸域観測技術衛星 ALOS に搭載された

PALSAR(L-band)[1]を始め，RadarSAR-2(カナダ, C-

band)や Terra-SAR X(ドイツ, X-band)が打ち上げられ，

運用されている．これらの SAR には，偏波観測モ

ードが付加され，単偏波でなく水平偏波と垂直偏波

の送受組み合わせた測定が可能となった．その結果，

世界各地で POLSAR による観測が可能になってき

た．主な用途は，災害観測や植生モニタリング，国

土保全用(地図作成や海洋観測)の観測などである．

従来の航空機搭載と衛星搭載の合成開口レーダの特

性の違いの例を表 1 に示す.航空搭載 SAR の場合

[2][3]，レーダの性能は高いが，観測に大きなコス

トがかかり観測頻度が低くなる．一方，衛星搭載

SAR では，観測頻度が高く，広い観測領域により，

植生モニタリングや地図作成などの応用が期待され

る．しかし，従来の衛星搭載 SAR は，レーダの性

能は不十分(地上分解能が 30ｍ程度)であったため，

多偏波で観測を行っても植生モニタリングで十分な

成果を得ることができなかった．特に日本のような

小さい規模の田圃や畑では，数十ピクセルで一つの

田圃を表現するため，高分解能の航空機 POLSAR

で得られるような解析対象の情報を抽出できなかっ

た．そのため，PALSAR の場合，国内外の研究では，

熱帯雨林などの大規模の領域の分類で精度の向上を

確認できたが，稲や野菜などの植生モニタリングで

は十分な成果が得られなかった．そこで衛星搭載

SAR の解析では，分解能が大きな問題であった．ま

た，これまでの研究では，観測した偏波データの特

徴の差異を示すだけに利用され，定量的な植生の成

長や生産量の評価の検討は行われてこなかった．し

かし，2014 年に PALSAR の後継 SAR として，

PALSAR2が ALOS2に搭載されて打ち上げられた[4]．

分解能が偏波観測モードで最高 6m，観測周期も最

短で 14 日となる．そのため，ALOS2 では，標準で

農作地の面積把握を目標としているが，偏波データ

による稲や野菜などの植生モニタリングの可能性も

期待できる．そこで，この研究では，長崎諫早干拓

の大規模農作地(中央干拓地)をテストエリアとして，

農作物のモニタリングの可能性を検討することにし

た．本報告では，2015 年の 8 月と 9 月に PALSAR2

で観測された干拓地のデータを利用し，エントロピ

ー・アルファ法と 4 成分分解法 (Yamaguchi 

decomposition technique)で解析を行った．以下で，

ALOS2/PALSAR2，解析法，更に作物毎の偏波解析

結果を述べる．. 

2. 2. 偏波観測パラメータ

偏波データは，HH,HV,VH,VV の 4 つの組み合わせであ

り，これらから散乱行列が定義される． 

  HH HV

VH VV

S S
HV

S S

 
    
 

S  (1) 

また，偏波間の 2次統計量を取り扱うため，散乱行列から，

Covariance 行列[C(HV)]や Coherency 行列[T(HV)]が導出さ

れる． 
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ここで，<・>は，ピクセル間での平均化を表す．これら

の行列をもとに，エントロピー，アルファ角の算出や 4成

分分解により測定データを表面散乱，2 回散乱，体積散乱

等に分解できる．次に，各種偏波データの解析法を簡単に

のべる． 

2.1. エントロピー・アルファ角[5] 
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 式(3)の平均化 Coherency 行列を直交ユニタリ行列[U3]で

対角化が行える． 
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ここで†は共役転置であり，123であり，[U3]は， 
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である．固有値からは各散乱メカニズムの確率が 

1 2 3

i
iP



  


 
 (i=1,2,3)              (6) 

と表され，この確率を使って，エントロピーH とアルファ

角 が定義される． 

1 3 1 2 3 2 3 3 3log log logH P P P P P P        (7) 

1 1 2 2 3 3P P P                                                 (8) 

但し，0H1，0 90の範囲である．H=0 の時は，三

つの固有値で値を持つのが一つを意味し(散乱メカニズム

が単純)，H=1 の時は，三つの固有値がゼロで無い同じ値

を持っていること(散乱メカニズムが複雑)を意味する．よ

って，エントロピーH は，散乱メカニズムの複雑さを表す．

一方で，アルファ角 は，0で平板，45でダイポール，

90で 2 面コーナーリフレクタを示し，ターゲットの偏波

特性を表す． 

 

2.2. 散乱モデルによる電力分解(4成分分解)[6] 

 

 平均化された Covariance 行列や Coherency 行列を 4 つの

モデル(表面散乱，2 回反射散乱，体積散乱，へリックス

散乱)の散乱行列と分布関数を基に分解して，ターゲット

の特徴を評価する方法がある．この方法は， JPL の

Freeman と Durden による三成分分解を拡張したものであ

り，Y4R,S4R,G4U などのバージョンがある．ここでは，

G4U を利用する．G4U は，最初に式(3)を以下の角度から

ユニタリ回転を行う． 
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また， 
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の演算を行う．その結果，T23=0となり， 
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と Coherency 行列は変形される．ここで，式(10)を考慮し

た行列分解を考える． 
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ここで，fs, fd, fv, fcは表面散乱，2面反射散乱，体積散乱，

そしてヘリックス散乱の係数を表す．この結果に対して，

式(13)を適用する． 
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式(17)をもとにした fs, fd, fv, fcから各散乱メカニズムの電力

を求める方法を G4U と言う．この方法は，Freeman と

Durden らによるオリジナルの方法と比べて，負の電力の

発生，体積散乱の過大評価，都市域の 2面コーナーリフレ

クタ散乱の過小評価を低減できる，大変優れた方法である． 

 

 

 航空機搭載合成開口レーダ 衛星搭載合成開口レーダ 

Pi-SAR L2/X2 

(2012(L2)/2008(X2)～) 

ALOS/PALSAR 

(2006～2011) 

ALOS2/PALSAR2 

(2014～) 

分解能(偏波観測) 1.76m(L-band)/0.3m(X-band) 24m 6m 

観測幅(偏波観測) 10～20km 70km 40km 

観測タイミング 観測イベント毎(1年に数回程度) 46日周期 14日周期 

 

表 1．偏波観測での日本における航空機搭載ＳＡＲと衛星搭載ＳＡＲの特性の違い 
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3.  使用データについて 

 

この研究では，ALOS2/PALSAR2 の偏波観測データを利

用した．ALOS2 は，2006 年に打ち上げられた世界最初の

L-band 偏波合成開口レーダを搭載した衛星 ALOS の後継

衛星であり，2014 年 5 月 24 日に打ち上げられ，初期校正

期間を終え，同年 11 月から定常運用が行われている．

ALOS2 には，様々な観測シナリオが有るため，残念なが

ら日本で偏波データを取得できる期間は少ない． 1サイク

ル 14 日として定常の観測シナリオでは，日本での偏波観

測期間を 2年間で 5サイクルが用意されている．なので，

残念ながら農業モニタリングに利用するような 14 日周期

での同じ領域の観測は，現状では困難な状況である．2015

年の 8月 3日から 10月 11日までが，偏波観測の 5サイク

ルの期間に対応し，4 章で述べる長崎県諫早市の中央干拓

地の観測は，8 月 14 日と 9 月 30 日の 0 時過ぎに行われた．

それぞれのオフナディア角は，25.5 度と 35.3 度である．

両画像の干拓地付近の HH偏波画像を図 1に示す． 

 

4. 実験結果 

 

ALOS2/PALSAR2 の偏波データで植生モニタリングを行

うために，大規模の農業が実施されている長崎県諫早市諫

早湾の大規模な干拓地である中央干拓地をテストサイトと

することにした．中央干拓地では，農業法人が野菜を 1年

を通して栽培している．又野菜の栽培期間は短いが，もし

14 日の観測期間が実現すれば，収穫までに 3,4 度の観測が

可能である．3 章に述べたように 8 月 14 日と 9 月 30 日に

PALSAR2 による観測が行われた．図 1 を見ると明瞭に耕

作地の区画が確認でき，同じ場所でも二つのデータで後方

散乱係数が大きく変化していることが確認できる． 

観測に際しては，図 1(a)のデータについては前日の 8 月

13 日に，図 1(b)のデータについては一週間後の 10 月 7 日

に現地に赴き，耕作物の写真の取得を行った．その結果，

耕作地の様子と栽培されている野菜等を対応付けられるよ

うにした．8 月ではトーモロコシ，紫蘇，大豆，玉ねぎ等，

9 月ではトーモロコシ，大豆，ブロッコリー，キャベツ，

レタス，ひまわり等が栽培されているのを確認した．また，

土壌が露出，又雑草だけ生えている耕作地もあった．参考

に図 2に現地調査時に撮影した大豆の写真を示す．同じ大

豆であるが，撮影場所は 8 月と 10 月で異なり，違う時期

に植えられたものである． 

解析では POLSARPRO Ver.5.0を利用し，2章で示した偏

波解析法での各耕作物の特徴を調べた．結果は，8 月と 9

月とでデータを分けて表 2，3 に示した．参考に，土壌，

雑草，ビニールハウスが占める領域の特徴も参考に示す．

各耕作物について４成分分解の表面散乱，２回反射散乱，

体積散乱の割合(%),全電力(dB:後方散乱係数に対応)，エン

トロピーH とアルファ角 を示した．また,8 月はオフナ

ディア角 25.5 度,9 月はオフナディア角 35.3 度で観測され

ており，同じ条件での観測では無い．また，データには

Lee Refined filter のスペックルフィルターを適用している．

また，４成分分解では，ヘリックス散乱の成分が弱いため，

残りの三成分で合計が 100%になるように割合の計算をし

た． 

最初に 4 成分分解法と全電力で比較してみる．8 月を見

ると土壌と大豆は，全てのパラメータでほぼ同じような結

果になり，表面散乱が強く，次に体積散乱となった．2 回

散乱は 6％程と非常に小さかった．トーモロコシは体積散

乱の割合が大きく,2 回反射散乱も大きかった．全電力の値

もビニールハウスを除くと一番高くなった．また，紫蘇と

雑草もほぼ同じような結果となり，ここでは体積散乱と表

面散乱が大きくなった．しかし全電力は雑草のほうが大き

く紫蘇は一番小さい．紫蘇は，二つの耕作領域のみで栽培

されており，サンプル数が少なくばらついた可能性があう．

次に，玉ねぎは表面散乱と体積散乱の割合がほぼ等しい．  

9 月は 8 月よりも耕作物の種類が増えている．9 月の特

性として，全体で二回散乱の割合が大きくなった．これは，

オフナディア角（近似的に入射角）が大きくなったことで，

2 回散乱が起こりやすくなったものと考えられる．土壌と

同じような特性を示したのはレタス(収穫期)とブロッコリ

ーであった．これらは，表面散乱と体積散乱で構成されて

おり，全電力も-13.9dB 前後となった．トーモロコシは 8

月に比べ体積散乱が減って，表面散乱と二回散乱の割合が

高くなっていた．また，ひまわりは，構造がトーモロコシ

と同になるためか，同じような偏波特性を示した．また,

雑草,大豆は同じような特性となっているが，表面散乱と

体積散乱で若干の差異があり，大豆は体積散乱，雑草は表

面散乱が大きかった．キャベツは，2 回散乱が一番小さく

なった． 

エントロピー・アルファ角では，8 月と 9 月の両方でエ

ントロピーが高い結果となった．これは，スペックルフィ

ルターの処理の仕方が影響したと思われる．また，アルフ

ァ角は，ビニールハウスを除いて 50 度よりも小さい値に

なっている．土壌は，8 月で 25.6 度，9 月で 36.6 度となっ

ており，入射角などが影響して変化した可能性が有る． 

以上の結果から，オフナディア角が変わることにより，

比較の土壌の偏波特性が大きく変わるため，植生のモニタ

リングでは，観測モードが同じで観測する必要があること

が解った．また，エントロピー・アルファ法よりも 4成分

分解法の方が，耕作物による変化が大きく，作物の特徴を

調べるのに適していることが解った．特に，ひまわりやト

ーモロコシでは 2回散乱，大豆や紫蘇などは体積散乱，キ

ャベツでは，2 回散乱が非常に小さくなるどの偏波特徴を

確認できた．但し，サイズが小さい苗のような作物や土壌

は同じ偏波特性，全電力の特性を示し，違いを確認できな

かった． 

 

5. まとめ 

 

この報告では，ALOS2/PALSAR2 の偏波データを用い，

植生モニタリングの可能性について，初歩的な検討を行っ

た．解析のデータには，長崎県諫早市の諫早湾大規模干拓

地の耕作地のデータを用いた．その結果，オフナディア角

や解析方法，耕作物の形態などによる偏波特徴への影響を

知ることができた．今後は，違う偏波特徴などを利用し，

データ解析を進める予定である． 
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表 2  8月の耕作物の偏波特徴 

 

4成分分解(%) 全電力 
(dB) 

Entropy 
Alpha 

(Degree)  表面散乱 2回散乱 体積散乱 

土壌 0.61  0.07  0.33  -11.33  0.59  25.64  

ビニールハウス 0.09  0.15  0.76  -3.98  0.83  50.29  

雑草 0.35  0.16  0.49  -10.08  0.77  39.42  

トーモロコシ 0.15  0.26  0.60  -7.72  0.87  48.91  

大豆 0.55  0.06  0.39  -11.54  0.65  27.33  

玉ねぎ 0.46  0.08  0.46  -9.68  0.69  31.91  

紫蘇 0.31  0.20  0.49  -13.02  0.82  42.34  

 

表 3  9月の耕作物の偏波特徴 

 

4成分分解(%) 全電力 
(dB) 

Entropy 
Alpha 

(Degree)  表面散乱 2回散乱 体積散乱 

土壌 0.42  0.14  0.44  -13.98  0.77  36.56  

土壌（表面：粗） 0.50  0.13  0.37  -12.05  0.72  33.51  

ビニールハウス 0.24  0.14  0.62  -8.11  0.82  42.78  

雑草 0.31  0.22  0.47  -12.49  0.81  43.45  

トーモロコシ 0.33  0.35  0.32  -8.92  0.73  45.92  

大豆 0.24  0.21  0.55  -10.74  0.83  44.83  

玉ねぎ 0.29  0.19  0.52  -14.23  0.84  42.46  

ひまわり 0.27  0.39  0.34  -10.52  0.80  48.77  

ブロッコリー 0.37  0.13  0.50  -14.29  0.80  38.89  

キャベツ 0.37  0.10  0.54  -12.17  0.80  37.53  

レタス（収穫期） 0.41  0.13  0.46  -13.84  0.79  38.00  

大根 0.33  0.18  0.49  -15.98  0.82  40.69  
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                      (a)                                                                                                      (b) 

図 1 ALOS2/PALSAR2による諫早中央干拓地の HH偏波画像:(a) 8月 14日観測, (b) 9月 30日観測 

                          (a)                                                                                                     (b) 

図 2 諫早中央干拓地の現地調査(大豆)の写真:(a) 8月 13日撮影, (b) 10月 7日撮影 
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ALOS2/PALSAR2の偏波データを
用いた諫早湾干拓地での農業モニ

タリングのための偏波解析

森山 敏文
（長崎大学工学研究科）

長崎大学 RA6報告書

• 研究背景

• 研究目的

• 偏波解析方法

• 解析結果

• まとめ

発表内容

長崎大学 RA6報告書

リモートセンシング： 地球表面や大気で放射，散乱，反射した様々の電磁
波を航空機や人工衛星から計測し，それを地球資源
や地球環境の観測，評価，管理などに役立てる技術

リモートセンシングの利用分野 (Application fields of remote sensing )

■ 大気圏
The atmosphere

気象(Weather)             雨(Rain), 雪(Snow)
大気(Atmosphere)       二酸化炭素(carbon dioxide)

■ 陸域
The land

土地利用モニタリング(Land use monitoring)
地図作成(Mapping), 火山活動(Volcanic activity)
砂漠化(Desertification), 森林伐採(Deforestation)
地殻変動(Diastrophism)

■ 海洋
The ocean

温度分布(Temperature distribution):エルニーニョ(El Nino)
波浪状況(High sea warning)

■ 宇宙開発
Space development

惑星探査(Planet probe)

研究背景

長崎大学 RA6報告書

衛星画像例（Googleでの光学イメージ） 衛星画像(PALSARによるマイクロ波イメージ)

光学セン
サー

マイクロ波
センサー

昼夜

(day and 
night)

昼(Daytime) ○ ○

夜(Nighttime) × ○

天候

(Weather)
晴（Fine） ○ ○

曇（cloud）
雨(Rain)

× ○
パッシブセンサー
(光学センサー)

アクティブセンサー
(マイクロ波センサー)

研究背景

長崎大学 RA6報告書

ALOS2について

PALSAR2の概要
◼ Phased Array type L-band SAR

◼ 観測モード :Spotlight/ Stripmap/ ScanSAR

◼ 偏波モード :単偏波(SP)，２偏波(DP)，４偏波(FP)，コンパクトポラリメトリ（CP）
◼ アンテナサイズ : 3m for El, 10m for Az

◼ 送信帯域 [MHz]  :14/ 28/ 42/ 84

◼ レンジ分解能 [m] :1(Az) (Spotlight)/ 3 or 6 or 10 (Stripmap)/ 100 (ScanSAR)

◼ 刈り幅 [km] : 25 (Spotlight) / 50 or 70 (Stripmap) / 350 or 490 (ScanSAR)

衛星の基本情報
◼ 打上げ日 :2014年5月24日
◼ 軌道 :太陽同期準回帰軌道
◼ 高度 :628Km

◼ 回帰日数 :14日
◼ 観測時間 :12：00(D)，0:00(A)

研究背景

長崎大学 RA6報告書

研究目的

偏波合成開口レーダ(POLSAR)の実利用の検討

長崎県でのPOLSARの利用分野の可能性：
・雲仙普賢岳などの火山観測
・農業観測（生産量全国3位以内の品種(H22年)：

びわ，じゃがいも，冬人参，春大根，春白菜）
・海洋観測

研究目的： ALOS2/PALSAR2:高分解能，フル偏波，14日回帰の可能性
⇒ 諫早湾干拓地での農地モニタリングの検討

種類，
成長，
収穫量
などの把握
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研究目的（参考）

■ Pi-SAR-X2(NICT) ■ ALOS2 /PALSAR2■ ALOS /PALSAR

航空機搭載合成開口レーダ 衛星搭載合成開口レーダ
Pi-SAR L2/X2 ALOS/PALSAR ALOS2/PALSAR2

(2012(L2)/2008(X2)～) (2006～2011) (2014～)

分解能(偏波観測) 1.76m(L-band)/0.3m(X-band) 24m 6m

観測幅(偏波観測) 10～20km 70km 40km

観測タイミング 観測イベント毎(1年に数回程度) 46日周期 14日周期 長崎大学 RA6報告書

研究目的（参考）

諫早湾干拓地について

場所：長崎県諫早市

面積：約581ha

営農計画：露地野菜,施設野菜,施設花木

諫早中央干拓地(Googleより)
(2015年8月6日前後に光学センサーで
撮影)

長崎大学 RA6報告書

偏波解析方法

様々な反射経路（Various reflection paths）
Ⅰ：葉冠（Leaf crown）からの後方散乱
Ⅱ：樹幹（Trunk）からの散乱
Ⅲ：地表と葉冠の２回反射後方散乱
Ⅳ：地表と樹幹の２回反射後方散乱
Ⅴ：地表から後方散乱

Ⅰ
Ⅱ

Ⅲ
Ⅳ

Ⅴ

Ⅰ
Ⅱ

Ⅲ
Ⅳ

Ⅴ

■ 自然地形の散乱(Natural area)

■ 偏波特性

滑らかな面
Smooth

荒い面
Rough

長い波長
Long wavelength

短い波長
Short wavelength透過

Penetration荒さ
Roughness

V

V

V

H

H

H

H

V

長崎大学 RA6報告書

偏波解析方法

Rough
surface
Rough
surface

HH HV=VH VV

( ) HH HV

VH VV

S S
S HV

S S
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2 * *

2* *
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VV HH VV HV VV

C HV
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S S S S S

S S S S S
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( )
hv hv hv

s d vsurface double volume
C HV f C f C f C   + +           

散乱行列

平均化共分散行列

( ), ,s d vf f f : （注目ピクセルの）特徴

Polarimetric images

Double
bounce
Double
bounce Canopy

Layer
Canopy
Layer

例えば，モデルによる電力分解
やエントロピー・アルファ解析

変換，平均化処理

長崎大学 RA6報告書

■ Covariance行列[C]の固有値展開

ユニタリー行列：


=

=
3

1i

iiiP 確率：

■ 固有値の割合から各要素の発生確率

ターゲットベクトル：

333232131 logloglog PPPPPPH −−−=

332211  PPP ++=

エントロピー：

アルファ：

( )10  H

( ).][deg900 
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偏波解析方法

長崎大学 RA6報告書

 T Tk k=   THVVVHHVVHH SSSSS 2
2

1
−+=kCoherency行列：

偏波解析方法

(i s,d, v,h)i

s d v h

P

P P P P
=

+ + +
電力比＝
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解析結果

場所：長崎県諫早市

面積：約581ha

営農計画：露地野菜,施設野菜,施設花木

現地調査

8月13日(昼：晴)

(観測の約半日後）

10月7日(昼：晴)

(観測の一週間後)

諫早中央干拓地

(2015年8月6日前後に撮影)

長崎大学 RA6報告書

◼ ALOS2 /PALSAR2による観測(8月)

観測日時：20150813 15:11:49.398(UTC)->2015
年8月14日0時11分ごろ(JST)

観測日時：20150929 15:18:46.286 (UTC)-
>2015年9月30日0時18分ごろ(JST)

◼ ALOS2 /PALSAR2による観測(9月)

Pauli画像
(オフナディア角：25.5度)

Pauli画像
(オフナディア角：35.3度)

解析結果

長崎大学 RA6報告書

8月アルファ画像 8月エントロピー画像

■ ALOS2/PALSAR2による観測画像

9月アルファ画像 9月エントロピー画像

解析結果

長崎大学 RA6報告書

■ ALOS2/PALSAR2による観測画像

散乱モデルによる電力分解(4成分分解:G4U)による画像(左：8月,右：9月)
(2回散乱，体積散乱,表面散乱)

長崎大学 RA6報告書

■ 現地調査の様子

土壌 トーモロコシ

雑草 大豆

紫蘇

解析結果

長崎大学 RA6報告書

4成分分解
全電力(dB) Entropy Alpha(Degree)

表面散乱 2回散乱 体積散乱

土壌 0.61 0.07 0.33 -11.33 0.59 25.64

ビニールハウス 0.09 0.15 0.76 -3.98 0.83 50.29

雑草 0.35 0.16 0.49 -10.08 0.77 39.42

トーモロコシ 0.15 0.26 0.60 -7.72 0.87 48.91

大豆 0.55 0.06 0.39 -11.54 0.65 27.33

玉ねぎ 0.46 0.08 0.46 -9.68 0.69 31.91

紫蘇 0.31 0.20 0.49 -13.02 0.82 42.34

8月（25.5度）
解析結果
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4成分分解
全電力(dB) Entropy Alpha(Degree)

表面散乱 2回散乱 体積散乱

土壌 0.42 0.14 0.44 -13.98 0.77 36.56

土壌(表面：粗) 0.50 0.13 0.37 -12.05 0.72 33.51

ビニールハウス 0.24 0.14 0.62 -8.11 0.82 42.78

雑草 0.31 0.22 0.47 -12.49 0.81 43.45

トーモロコシ 0.33 0.35 0.32 -8.92 0.73 45.92

大豆 0.24 0.21 0.55 -10.74 0.83 44.83

玉ねぎ 0.29 0.19 0.52 -14.23 0.84 42.46

ひまわり 0.27 0.39 0.34 -10.52 0.80 48.77

ブロッコリー 0.37 0.13 0.50 -14.29 0.80 38.89

キャベツ 0.37 0.10 0.54 -12.17 0.80 37.53

レタス(収穫期) 0.41 0.13 0.46 -13.84 0.79 38.00

大根 0.33 0.18 0.49 -15.98 0.82 40.69

9月（35.3度）
解析結果

長崎大学 RA6報告書

4成分分解(%)
全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

土壌 0.61 0.07 0.33 -11.33 0.59 25.64

4成分分解 全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

土壌 0.42 0.14 0.44 -13.98 0.77 36.56

8月

9月

Rough
surface
Rough
surface

Double
bounce
Double
bounce

Canopy
Layer
Canopy
Layer

土壌

25.5度

35.3度

解析結果

表面の粗さから
＋

耕作の方向性から

地面から

長崎大学 RA6報告書

：減る

4成分分解(%)
全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

土壌 0.61 0.07 0.33 -11.33 0.59 25.64

4成分分解 全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

土壌 0.42 0.14 0.44 -13.98 0.77 36.56

8月

9月

Rough
surface
Rough
surface

Double
bounce
Double
bounce

Canopy
Layer
Canopy
Layer

土壌

25.5度

35.3度

解析結果

25.5度 35.3度
入射角

25.5度 35.3度
入射角

：変わらない
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4成分分解(%)
全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

雑草 0.35 0.16 0.49 -10.08 0.77 39.42
(土壌) 0.61 0.07 0.33 -11.33 0.59 25.64

4成分分解 全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

雑草 0.31 0.22 0.47 -12.49 0.81 43.45

(土壌) 0.42 0.14 0.44 -13.98 0.77 36.56

8月

9月

雑草

Rough
surface
Rough
surface

Double
bounce
Double
bounce

Canopy
Layer
Canopy
Layer

25.5度

35.3度

解析結果

多数の葉や茎から葉，地面から 茎と地面から

長崎大学 RA6報告書

4成分分解(%)
全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

トーモロ
コシ

0.15 0.26 0.60 -7.72 0.87 48.91

(土壌) 0.61 0.07 0.33 -11.33 0.59 25.64

4成分分解 全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

トーモロ
コシ

0.33 0.35 0.32 -8.92 0.73 45.92

(土壌) 0.42 0.14 0.44 -13.98 0.77 36.56

8月

9月

トーモロコシ

25.5度

35.3度

解析結果

Rough
surface
Rough
surface

Double
bounce
Double
bounce Canopy

Layer
Canopy
Layer

多数の葉や茎から葉，地面から 茎と地面から

長崎大学 RA6報告書

4成分分解(%)
全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

大豆 0.55 0.06 0.39 -11.54 0.65 27.33
(雑草) 0.35 0.16 0.49 -10.08 0.77 39.42

4成分分解 全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

大豆 0.24 0.21 0.55 -10.74 0.83 44.83

(雑草) 0.31 0.22 0.47 -12.49 0.81 43.45

8月

9月

大豆

Rough
surface
Rough
surface

Double
bounce
Double
bounce

Canopy
Layer
Canopy
Layer

25.5度

35.3度

解析結果

多数の葉や茎から葉，地面から 茎が細い？
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4成分分解(%)
全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

玉ねぎ 0.46 0.08 0.46 -9.68 0.69 31.91
(雑草) 0.35 0.16 0.49 -10.08 0.77 39.42

4成分分解 全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

玉ねぎ 0.29 0.19 0.52 -14.23 0.84 42.46

(雑草) 0.31 0.22 0.47 -12.49 0.81 43.45

8月

9月

玉ねぎ

25.5度

35.3度

解析結果

Rough
surface
Rough
surface

Double
bounce
Double
bounce

Canopy
Layer
Canopy
Layer

多数の葉や茎から葉，地面から 茎が短い

長崎大学 RA6報告書

4成分分解(%)
全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

ビニール
ハウス

0.09 0.15 0.76 -3.98 0.83 50.29

(土壌) 0.61 0.07 0.33 -11.33 0.59 25.64

4成分分解 全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

ビニール
ハウス

0.24 0.14 0.62 -8.11 0.82 42.78

(土壌) 0.42 0.14 0.44 -13.98 0.77 36.56

8月

9月

ビニールハウス

Rough
surface
Rough
surface

Double
bounce
Double
bounce

Canopy
Layer
Canopy
Layer

25.5度

35.3度

解析結果

愛菜ファームWebサイトから
http://aisaifarm.jp/about_farm/
index.html#outline

ビニールハウスとアジマス入射角
による偏波回転

長崎大学 RA6報告書

4成分分解(%)
全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

紫蘇 0.31 0.20 0.49 -13.02 0.82 42.34
(雑草) 0.35 0.16 0.49 -10.08 0.77 39.42

4成分分解 全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

ひまわり 0.27 0.39 0.34 -10.52 0.80 48.77

(土壌) 0.42 0.14 0.44 -13.98 0.77 36.56

8月

9月

紫蘇

ひまわり

25.5度

35.3度

解析結果

Rough
surface
Rough
surface

Double
bounce
Double
bounce Canopy

Layer
Canopy
Layer

多数の葉や茎から葉，地面から 茎と地面から

長崎大学 RA6報告書

4成分分解(%)
全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

ブロッコ
リー

0.37 0.13 0.50 -14.29 0.80 38.89

(雑草) 0.31 0.22 0.47 -12.49 0.81 43.45

4成分分解 全電力
(dB)

Entropy
Alpha
(Degree)表面散乱 2回散乱 体積散乱

キャベツ 0.37 0.10 0.54 -12.17 0.80 37.53

(雑草) 0.31 0.22 0.47 -12.49 0.81 43.45

9月

9月

ブロッコリー

Rough
surface
Rough
surface

Double
bounce
Double
bounce

Canopy
Layer
Canopy
Layer

キャベツ

35.3度

35.3度

解析結果

多数の葉や茎から葉，地面から
（葉大きい）

茎と地面から
（垂直構造物が無い）

長崎大学 RA6報告書

偏波解析のまとめ
• オフナディア角により偏波特性が大きく変化する．
• 4成分分解能で細かなターゲットの偏波特性が評価
できた．

• トーモロコシやひまわりで2回散乱が卓越していた．
• 大豆や紫蘇では，体積散乱が大きかった．
• 苗など(レタス，大豆など)の作物は，土壌と変わりない
特性となった．

解析結果

長崎大学 RA6報告書

まとめ

• ALOS2/PALSAR2による植生モニタリングの検討を
行った．

• オフナディア角が偏波特性に大きな影響を与えた．

• 波長に対する作物の大きさで，偏波特性の感度が
違った．

• 作物により，偏波特性の違いを確認できた．

今後の課題
• 機械学習などにより，偏波特性の評価
• 次回の観測と現地調査の実施
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1. INTRODUCTION

Main task of this project was to provide novel reliable 

reference targets for radiometric calibration of PALSAR-2 

instrument in a form of natural and artificial distributed 

and point objects. Special attention at the planning stage 

was put to parabolic antennas 4.7 m in diameter at Bear 

Lakes calibration site, which have shown good temporal 

stability in our previous studies with PALSAR-1. 

Since that, because of unavailability of the parabolic 

antennas at the Bear Lakes site and also rare observations 

of Moscow region with ALOS-2, we involved new 

calibration targets, which could be useful for the execution 

of the project. Among them were corner reflectors of 

Institute of Physical Materials Sciences from Ulan-Ude, 

Baikal Lake area, Russia, distributed artificial targets - oil 

platforms in Caspian Sea and natural distributed targets – 

ice covers of Antarctic, and dry soils of Atacama Desert in 

Chile. The only type of the products, level 1.1 data were 

used to calculate radar cross-section (RCS or σ) and 

normalized RCS (NRCS or σ0). It should be noted that, 

naturally, the stability of covers backscatter measured on 

SAR images is dependent on SAR operating stability also, 

but further we will talk about scattering covers stability 

only 

The report has the following structure: Section 2 contains 

CALVAL results obtained at the calibration test site 

located at the coast of Baikal Lake area equipped with 

trihedral corner reflectors. and results of analysis of the 

radiometric stability of oil platforms in Caspian Sea. 

Section 3 describes studies of radiometric stability of 

natural distributed covers of Antarctica and Atacama 

Desert, Chile. Section 4 summarizes project results. 

2. ARTIFICIAL POINT AND DISTRIBUTED

TARGETS 

2.1. Corner reflectors in Lake Baikal area 

Test site with trihedral corner reflectors having 2 meters 

leg was established in fall of 2014 especially for ALOS-2 

Cal-Val activities. The corners were pointed in each 

planned ALOS-2 session according to pointing info from 

JAXA by staff of Institute of Physical Materials Sciences 

from Ulan-Ude. The maps of the test site and image of 

corners are presented in Figs. 1 and 2. The location of the 

corners is marked in Fig. 1 with blue mark. 

Fig. 1 Test site near Boyarsk village 

 Lake is of the most interest in the study. It includes mixed 

and coniferous boreal forests, bare lands, meadows and 

pastures. A set of 12 full-polarimetric PALSAR images 

for the period from May 2006 to April 2008 was selected 

for polarimetric processing. The scene includes different 

types of land cover: two forests on flat land, mountainous 

forest, fields, meadows, waste grounds, the delta of the 

Selenga river (Baikal Lake coast, Siberia). 

Results of Cloude-Pottier polarimetric classification is in 

the Table 1. There are two surface scattering mechanisms 

classes in the classification result maps (with low and 

medium entropy), two dipole classes (with medium and 

high entropy) and two double-bounce classes (with  

Fig. 2 PALSAR-2 image of 2 corner reflectors 

The results of the corners RCS measurements are 

presented in the Table 1. 

Table 1. RCS, dBm2 of corners at Boyars test site 

ALOS-2 session relative 

number 

Pixel 

number 

RCS1 RCS2 

1 502 29.21 28.92 

2 7358 30.14 32.02 

3 7365 30.58 30.24 

4 509 29.79 28.88 

Our measurements show that corners RCS values in 

PALSAR-2 images are about 05.-1 dB below theoretical 

31 dBm2 value in mid of image line (antenna pattern 

center). Corners RCS values are about 1.2 – 2 dB below 

theoretical 31 dBm2 value in the beginning of image line 

(edge of antenna pattern). 

Final Report on the 6th ALOS-2 Research Announcement 
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2.2 Oil platforms in Caspian Sea 

 

Oil platform are huge complex structures. Size of typical 

platform in Oil Stones oil exploration and production area 

near Baku city, Azerbaijan, is about 80*100 m. 22 

PALSAR images obtained at HH polarization during 4 

years’ observation interval were used to conduct analysis 

of 200 oil platforms stability. SLC SAR image of a cluster 

of platforms in Caspian Sea is given in Fig. 3. 

The platforms RCS was integrated in a window 20*80 

pixels (20 pixels in range and 80 pixels in azimuth. The 

RCS of one of the most stable platforms at HH 

polarization is 38.4 dBm2, the scattering stability is 0.38 

dB (see Fig. 4). 

 

 

Fig. 3 PALSAR-1 image of a cluster of platforms in 

Caspian Sea 

It should be noted that the platform backscatter level is 

independent on the season of the year; it is the same in 

different meteorological conditions (wind roughness of 

sea surface) and different slant range resolutions. Similar 

results were obtained for the cross polarized data, not 

presented here, though the backscatter level for the 

platforms is 8-10 dB lower. 

 

 

Fig. 4 RCS of typical oil platform with stable 

backscatter at PALSAR-1 HH polarization 

The distribution of platforms with respect to their 

backscattering stability is presented in Fig. 5. We can see 

that about 80 platforms have the stability better than 0.6 

dB both at HH polarization [1]. Somewhat worse results 

were obtained in analysis of PALSAR-2 data (see Fig. 6). 

Such a unique year-round scattering stability of the oil 

platforms in the sea environment is provided, obviously, 

thanks to the fact the Oil Stones area in Caspian Sea is sea 

ice free during the winter, and radiophysical properties of 

metal constructions as well as water surface do not change 

all the year around. The images analyzed above were 

obtained in similar observation geometry taking in mind 

satellite subsurface trace orientation and SAR signal 

incidence angle. 

 

 

Fig. 5 Distribution of 200 oil platforms with respect to 

scattering stability at PALSAR-1 HH polarization 

 

Fig. 6 Distribution of 200 oil platforms with respect to 

scattering stability at PALSAR-2 HH polarization 

To demonstrate PALSAR-1 – PALSAR-2 intercalibration 

possibility we used L-band SAR images of Oil Stones 

exploration and production area obtained in similar 

geometry conditions: RCS of 104 potentially stable 

platforms (with RCS standard deviation below 0.7 dB) 

was measured on PALSAR-1 and PALSAR-2 images 

acquired in similar observation conditions. An agreement 

of RCS values, the RCSs difference between PALSAR-1 

and PALSAR-2 measurements may be seen in Fig. 7. An 

interesting feature seen here is about 0.4 dB systematic 

excess of PALSAR-1 results.  

 

Fig. 7 RCS difference between PALSAR-1 and 

PALSAR-2 HH measurements for 104 oil platforms 
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According to PALSAR-1/2 data analysis conducted, oil 

platforms in Caspian Sea being observed in the year-round 

ice free conditions may be considered as acceptable 

targets for L-band SAR radiometric calibration and 

intercalibration provided the observations are made in 

repeated observation geometry. Similar analysis of 

platforms RCS stability was made with Sentinel-1 data 

and the results were worse because of higher effect of sea 

surface clutter on the signal power integrated in 

predefined window [2]. 

 

3. NATURAL DISTRIBUTED TARGETS 

 

3.1. Atacama Desert 

 

Amazon rain forest is well-known and de facto reference 

area for the calibration of spaceborne SAR operating in 

various frequency bands [3]. Thanks to permanently high 

humidity because of almost all the year rainy weather with 

2300 mm level of annual precipitations and stable air 

temperature 27-280 the area is attractive target for SAR 

calibration and intercalibration. In our study two other 

distributed areas in regions with stable environmental 

conditions were analyzed from a point of view of their 

scattering stability also. Among them an area in Atacama 

Desert, Chile, and surface of Lake Vostok located in high 

latitudes of Antarctic. The only type of SAR data used for 

the analysis of backscattering stability of all the natural 

distributed targets was level 1.1 L-band PALSAR-1 and 

PALSAR-2 data. 

Atacama Desert is hot and permanently dry region in 

Chile, characterized by low (below 1 mm per year) level 

of annual precipitations and permanently positive (19-200 

in summer and 13-140 in winter) air temperature. This 

highland area is isolated with to mountain belts – Andes 

on the East and Chilean coastal range on the west. These 

high mountain belts prevent moisture transport from either 

the Pacific or the Atlantic Ocean. Almost only kind of 

precipitations in Atacama for many years is water 

condensation from fogs because of fog adherence to the 

needles or leaves of trees or other objects on mountains or 

hills slopes.  For the test area in Antofagasta province we 

have chosen adjacent PALSAR frames No 6730 acquired 

from observation paths 101-103 (see Fig. 8). Owing to 

that, comprehensive dataset describing stability of desert 

covers within entire longitudinal belt covering 

Antofagasta province from Andes Range slopes to Pacific 

coast could be analyzed. 

A stack of about 17 observations made by PALSAR-1 in 

2006-2011 was formed for each frame shown in Fig 8. All 

the SAR scenes were coregistered and averaged in 50*50 

pixels window (in the case of FBS mode of observations), 

then the NRCS mean and standard deviation (SD) was 

calculated for each time series for the 50*50 pixels areas. 

Figs. 9-11 below demonstrate maps of mean NRCS value 

(left images) and SD or stability (right images) of desert 

covers backscatter. On the maps of SD black color 

corresponds to zero SD, and white color corresponds to 1 

dB SD. 

 

 

Fig. 8 Coverage of Atacama Desert with frame 6730 

from PALSAR-1 observation paths 101-103 

   

Fig. 9 Mean and SD of NRCS backscatter within the 

frame 6730, path 101, PALSAR-1 

  

Fig. 10 Mean and SD of NRCS backscatter within the 

PALSAR-1 frame 6730, path 102 

  

Fig. 11 Mean and SD of NRCS backscatter within the 

PALSAR-1 frame 6730, path 103 

Most stable area, black spot on the map of SD in Fig. 9, is 

marked with red arrow. That is a plain vegetation-free 

area with relatively high backscatter, which is located to 

the left from Calama city, seen as bright trapezoidal spot 

on the left image of Fig. 9. The most unstable (bright) 

feature on the SD map above the arrow is a cluster of 
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settling ponds belonging to nearby copper mines. More 

isolated and smaller stable areas may be found also on SD 

map on Fig. 9, as well as in Figs. 10-11, but domination of 

rugged terrain with prominent heights variations is a 

reason of SAR backscatter instability because of soil 

moisture and vegetation variations on the hills slopes (see 

multitude of bright curved lines and spots on SD maps in 

Figs. 9-11, 12). 

Plot of NRCS of plain area temporal behavior near 

Calama city (marked with red arrow in Fig. 9) is shown in 

Fig. 12. The data from 12 PALSAR-1 observations 

presented on the plot were averaged in 500*500 pixels 

window. NRCS mean value here is -9.1 dB, SD is 0.2 dB. 

 

 

Fig. 12 NRCS of plain area near Calama city, dB, 

according to PALSAR-1 

Similar maps, constructed using PALSAR-2 observations 

in 2014-2019, are presented in Fig. 13. Plot of NRCS 

temporal behavior for the same area near Calama city, 

marked with arrow 1, is shown in Fig. 14. NRCS mean 

value here is -9.5 dB, SD is 0.54 dB. A remarkable feature 

here is also obvious 0.4 dB excess of PALSAR-1 NRCS 

measurements compared with PALSAR-2. 

  

Fig. 13 Mean and SD of NRCS backscatter within 

PALSAR-2 frame 6730, observation path 31 

The NRCS temporal behavior of most stable area to the 

South-East from Sierra Gorda and Mina Spence 

settlements, marked with red arrow 2 in Fig. 13 above, is 

shown in Fig. 15. The NRCS samples were also estimated 

in 300*300 pixels window and presented here in a form of 

temporal plot. NRCS mean value here is -17.1 dB, SD is 

0.19 dB. 

Atacama Desert covers (predominantly plain 

homogeneous ones) may be considered as stable reference 

scatterers, what may be explained by permanently hot and 

precipitation-free environmental conditions here.  

 

Fig. 14 NRCS of plain area near Calama city, dB, 

according to PALSAR-2 observation path 31 
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Fig. 15 NRCS most stable area near Sierra Gorda and 

Mina Spence, dB, according to PALSAR-2 

3.2. Lake Vostok ice surface 

 

The most attractive surface feature for the purposes of our 

study, probably, is Lake Vostok located in high latitudes 

of Antarctica. On the flat surface of the Lake covered with 

4 km ice layer there is no any visible manifestation of the 

bottom topography. Extremal weather conditions with 18 

mm annual precipitations and air temperature -650 in 

winters and -350 in summers are common here. 

PALSAR-1 scenes with scene center latitude -77.50 S, 

scene center longitude 105.50 E (frame 5420, path 601) 

were used at earlier stage of our calibration study. As in 

the case of Atacama studies, all the SAR scenes available 

from JAXA archive were coregistered and averaged in 

50*50 pixels window, then the NRCS mean and standard 

deviation (SD) were calculated for each time series of the 

50*50 pixels areas. Fig. 16 below demonstrates maps of 

mean NRCS (left images) and SD of the Lake covers 

backscatter derived from analysis of 15 SAR scenes. On 

the SD map black color corresponds to zero SD, and 

white color corresponds to 0.5 dB SD, as opposed to the 

SD maps of Atacama. 

The topography of coastal hills is clearly seen on the lake 

western bank, in the upper left corner. White line between 

the hills is the road of sledge-track trains connecting 

Vostok station with Molodezhnaya station on the 

Antarctic coast. According to SD map, the stability of the 

ice covers backscatter is better than 0.3 dB in average. 

1 

2 
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Plot of NRCS temporal variations according to 15 

PALSAR observations is presented in Fig. 17. NRCS 

mean value is -17.7 dB here, and SD is 0.19 dB. 

Monotonous decrease of NRCS in range (from left to 

right) discovered in all the scenes being analyzed reaches 

1.2 dB and may be approximated by cos4 law. 

 

  

Fig. 16 Mean and SD of NRCS backscatter within 

PALSAR-1 frame 5420, observation path 601 

 

Fig. 17 NRCS of Lake Vostok surface, dB according to 

PALSAR-1 

According to polarimetric decomposition of the only 

polarimetric PALSAR-1 scene acquired on 20090614, 

total domination of surface-like type of backscatter with 

moderate entropy is typical for the area. There is 1.5 dB 

excess of VV backscatter over HH. Co-pol phase 

difference equals to 200, what may be explained by 

presence of thin ice cylinders below snow covers, what is 

similar to observations and conclusions made in [4]. 

PALSAR-2 RA6 AO provided more data for the analysis 

of Lake Vostok covers radiophysical properties. Temporal 

series of PALSAR-2 scenes acquired from paths 173-179 

were selected from archives, processed, and stability of 

Lake Vostok covers was analyzed. Fig. 18 below 

demonstrates maps of mean NRCS value (left) and SD 

(right) of the Lake covers derived from series of scenes 

with frame number 5420, path 173. Again, white color on 

SD map corresponds to 0.5 dB backscatter stability. 

SAR observations of PALSAR-2 mission confirm high 

and uniform stability (below 0.3 dB) of the Lake ice 

covers. Plot of NRCS temporal behavior for the 500*500 

pixels area is shown in Fig. 19. NRCS mean value here is 

-14.9 dB, SD is 0.14 dB. 

 

  

Fig. 18 Mean and SD of NRCS backscatter within 

PALSAR-2 frame 5420, observation path 173 
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Fig. 19 NRCS of Lake Vostok surface, dB, according 

to PALSAR-2 observation path 173  

An example of corrupting effect of meteorology on SAR 

measurements may be seen in Fig. 20, where a series of 

NRCS measurements from observation path 175. 
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Fig. 20 NRCS of Vostok Lake surface, dB, according 

to PALSAR-2 observation path 175 

Fig. 21 demonstrates plot of NRCS measurements made 

from neighboring path 174. There is no similar NRCS 

deviation on the date 20200830.  Impressive ~1.5 dB raise 

of NRCS in datatake 2020904 from track 175 may be 

explained by meteorological events in a form of snowfall. 

Snow blizzards were reported by local Vostok 

meteorological station in early September 2020. 

Antarctic covers demonstrate in general outstanding 

temporal stability of NRCS, though there is usually 2-3 

dB spatial variation of NRCS across the PALSAR-1/2 

standard image frame. Main reason of the Antarctic covers 

scattering stability is low level of annual precipitations 

and permanently cold air temperatures, 

about -200…-600 C.  
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Fig. 21 NRCS of Vostok Lake surface, dB, according 

to PALSAR-2 observation path 174 

 

4. CONCLUSION 

 

A main task of the project, an application both well-

known and new reference targets for radiometric 

calibration of PALSAR-2 in a form of natural and 

artificial stable objects was accomplished. PALSAR-2 

absolute calibration was conducted with a help of trihedral 

corner reflectors and in a form of PALSAR-2 

intercalibration with PALSAR-1 using distributed stable 

scatterers like as oil platforms in Caspian Sea. Oil 

platforms in Caspian Sea were discovered to be 

acceptable targets for monitoring the spaceborne SAR 

stability – among the 200 platforms investigated about 80 

platforms according to ALOS PALSAR data show yearly 

backscattering stability better than 0.6 dB with typical 

RCS 38 dBm2. The same platforms show 0.2-0.3 dB 

worse stability on PALSAR-2 images. The platforms RCS 

difference between PALSAR data and PALSAR-2 data is 

about 0.4 dB, what may mean underestimation of 

PALSAR-2 RCS measurements compared to PALSAR-1. 

A number of new stable scatterers to be used for 

radiometric calibration were investigated. Among them 

are ice covers of Antarctic and dry soils of Atacama 

Desert in Chile. NRCS best stability of distributed targets 

in Atacama Desert and Lake Vostok being discussed is 

about 0.14-0.54 dB, as was shown in analysis of ALOS-

1/2 SAR image series. Some images of the Lake Vostok 

area may be affected by meteorological events leading to 

an increased backscatter (rare but strong snow blizzards?). 

Comparison of PALSAR-1 and PALSAR-2 NRCS 

measurements in Caspian Sea and Atacama Desert show 

0.4 dB difference. 

In general, areas studied during the project 

implementation may be used for the monitoring of 

spaceborne L-band SAR stability, though there may be 

spatial variations of the distributed surfaces NRCS. 
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1. INTRODUCTION

The ionosphere, extending from ~60 to 1,000 km above the 
earth's surface, is an important part of the solar–terrestrial 
space environment [1]. To better understand and 
characterize the ionosphere, it is necessary to observe the 
ionospheric parameters such as total electron content 
(TEC) and three-dimensional electron density [2]. Several 
methods and models have been developed to observe these 
parameters, such as global navigation satellite system 
(GNSS) [3]; constellation observing system for 
meteorology, ionosphere, and climate (COSMIC) [4]; 
ionosonde [5]; incoherent scattering radar (ISR) [6]; 
coherent scattering radar [7]; and International Reference 
Ionosphere (IRI) model [8]. However, a challenge to the 
current methods and models is the low spatial resolution, 
leaving it difficult to analyze the ionospheric spatial 
variations [9]. 
As an advanced space observation technique, synthetic 
aperture radar (SAR) imagery has demonstrated its 
potential in mapping the high-spatial-resolution 
ionospheric parameters [10]. When SAR signals travel 
through the ionosphere, they interact with the electrons and 
the magnetic field with the result that additional time delay, 
phase advance, and polarization changes are produced [11]. 
By means of this phenomenon, the ionospheric parameters 
can be estimated from SAR and SAR interferometry 
(InSAR) observations [12]. Meyer et al. successfully 
developed a method to map the TEC distribution by using 
SAR interferograms [13]. This method exploited the 
differences in sign between range group and phase delays 
caused by the ionosphere. According to the relationship 
between Faraday rotation (FR) angle and ionosphere, Pi et 
al. mapped the vertical TEC (VTEC) distribution from the 
Advanced Land Observation Satellite (ALOS) full-
polarimetric SAR images [14]. Ji et al. improved the 
procedure of the FR angle estimation through establishing 
a trans-ionospheric wave propagation model [15]. Rosen et 
al. proposed an ionospheric estimation method based on a 
multifrequency split-spectrum processing technique [16]. 
This method exploited the dispersive nature of radar 
signals in estimating the ionospheric signals.  
Although intensive research of retrieving the ionospheric 
parameters from SAR and InSAR has been carried out, 
most of it is centered on the one- or two-dimensional 
ionospheric parameter. Retrieval of three-dimensional 
ionospheric electron density from SAR and InSAR has not 
been well-studied. Based on this background, the aim of 

this article is to develop an efficient method to map the 
high-spatial-resolution three-dimensional ionospheric 
electron density. For this, a method of combing of 
polarimetric SAR and IRI model is proposed in this study.  

2. METHODOLOGY

The proposed method is composed of three steps: first, the 
FR angle is calculated from the full-polarimetric SAR 
images; then, the high-spatial-resolution VTEC map is 
estimated from the calculated FR angle; finally, the three-
dimensional ionospheric electron density is reconstructed 
by using the SAR-derived VTEC and IRI-derived electron 
density.Figure 1 shows the flowchart of the proposed 
method to map the high-spatial-resolution three-
dimensional electron density. 

Figure 1. The flowchart of the proposed method. 

According to Bickel , FR angle Ω can be calculated by [17]: 
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Once the FR angle is determined, SAR-derived VTEC is 
calculated by [18]: 

ϕθ seccos102.365 0
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  (2) 

IRI can provide of global ionospheric parameters, such as 
ionospheric electron density. With electron density, the 
IRI-derived VTEC is calculated by: 

∑
=

=
max

min

)(
H

Hh
IRI hNVTEC (3)

 Ne(h) is the electron density at an altitude of h km. After 
we get SAR-derived VTEC and IRI VTEC, the corrected 
electron density could be obtained through combing of 
SAR-derived VTEC and IRI model: 
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IRI

SAR

VTEC
VTEC

hNhN ×= )()(ˆ (4)

where )(ˆ hN is the corrected electron density at an altitude
of h km.After this operation, the improved high-spatial-
resolution three-dimensional ionospheric electron density 
is mapped. 

3. EXPERIMENT AND ANALYSIS

Two L-band full-polarimetric ALOS-1/Phase Array L-
band SAR (PALSAR) images acquired on August 6, 2010, 
and March 31, 2011, are collected in this experiment.  
Table 1 shows the parameters of these SAR images. 
Additionally, ISR-derived electron density data at SAR-
acquired time are collected from Poker Flat Incoherent 
Scatter(PFISR) system with purpose of validating the 
corrected electron density. 

Table 1. Parameters of synthetic aperture radar (SAR) 
data in this study. 

Figure 2A represents the spatial distributions of estimated 
FR angles on August 6, 2010. The statistics show that the 
mean value and standard deviation of FR angles are, 
respectively, 2.6° and 0.28° in Figure 2A. The small 
standard deviation suggests the absence of severe 
fluctuation of FR angles in space and relative quiet FR 
distribution over the study area. Because the system-
dependent terms and noise have been calibrated and 
mitigated, the estimated FR angles in Figure 2A are 
primarily introduced by the ionosphere. Therefore, the 
relative quiet ionospheric activities are shown at the SAR-
acquired time on August 6, 2010. However, careful 
inspection indicates that the subtle fluctuation appears in 
the lower-middle part of Figure 2A, which is clearly shown 
by the green line in Figure 2C. According to FR estimation 
theory in Estimation of the FR Angle From SAR Images, 
the FR may be affected by the calibration errors, such as 
inaccurate channel imbalance, crosstalk terms, additional 
noise, and backscatter characteristics of the imaged surface. 
In this case, the observed FR fluctuation in Figure 2A is 
considered to be related with the backscatter characteristics 
of the imaged surface through comparing the estimated FR 
distribution and ground surface types. 
Figure 2B represents the spatial distributions of estimated 
FR on March 31, 2011. Compared to Figures 2A,B shows 
the smaller FR angles, where the mean value and standard 
deviation are, respectively, 1.9° and 0.19°. The smaller 
FR angle in Figure 2B may be related with the solar activity 
because it is ~10 o'clock in the evening at local time on 
March 31, 2011, whereas it is ~12 o'clock in the daytime at 
local time on August 6, 2010. It is similar with Figure 2A 
that the small standard deviation is observed in Figure 2B, 
indicating the relative quiet ionospheric activities at the 
SAR-acquired time on March 31, 2011. However, the FR 
gradient is observed in Figure 2B, which is clearly shown 
by the gray line in Figure 2C. Considering the gradient is 
varied with the latitude, we think the variations in Figure 
2B are related with the geographical latitude. 

Figure 3. The SAR-derived FR angle maps on August 
6, 2010 (A), and March 31, 2011 (B), where the FR 
angle profile along the lines a-a′ of (A) and b-b′ of 
(B) is shown in (C).

Once FR angles are determined, the SAR-derived VTEC 
maps can be generated.  The final SAR-derived VTEC 
maps on August 6, 2010, and March 31, 2011, are shown 
in Figure 3.Figure 3A presents the spatial distributions of 
VTEC on August 6, 2010. It is observed that Figure 3A 
shows the similar spatial pattern with Figure 2A, 
suggesting that the geomagnetic field has little effect on the 
VTEC spatial variations. The statistics show that the mean 
value and standard deviation are, respectively, 6.3 and 0.67 
TEC unit (TECU) in Figure 3A. The small standard 
deviation indicates the quiet ionospheric condition, which 
is sometimes known as the background ionosphere. The 
maximum VTEC in Figure 3A is ~6.7 TECU, which is 
located at the lowest latitude of SAR coverage. The 
minimum VTEC is ~6.2 TECU, which is located at lower-
middle part of Figure 3A. The light blue line in Figure 3C, 
recording the VTEC values along the line aa' of Figure 3A, 
shows the ionospheric spatial variations along the latitude. 
It is found that the ionospheric activities display somewhat 
gradient and fluctuation in space. 
Figure 3B presents the spatial distributions of VTEC on 
March 31, 2011. The mean value and standard deviation in 
Figure 3B are, respectively, 4.5 and 0.46 TECU, both of 
which are smaller than Figure 3A. These differences are 
due to the different imaging time for SAR observation. The 
small standard deviation indicates the background 
ionospheric condition over study area at the SAR-acquired 
time on March 31, 2011. The maximum and minimum 
VTEC are, respectively, 5.2 and 4.6 TECU, which are, 
respectively, located at the high and low latitude of SAR 
coverage. The prominent gradient is observed from the 
light brown line in Figure 3C, which records the VTEC 
values along the line b-b′ of Figure 3B. As analyzed in 
the last section, this gradient is related with the 
geographical latitude. 
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Figure 4. High-spatial-resolution three-dimensional 
ionospheric electron density on August 6, 2010, by 
combing of polarimetric SAR and IRI model, where 
cross circles represent the electron density at center of 
images. 

 
Figure 5. High-spatial-resolution three-dimensional 
ionospheric electron density on March 31, 2011, by 
combing of polarimetric SAR and IRI model, where 
cross circles represent the electron density at center of 
images. 

Figures 4, 5 show the corrected three-dimensional 
ionospheric electron density maps on August 6, 2010, and 
March 31, 2011.Figure 4 presents the ionospheric electron 
density at 100, 200, 300, 400, 500, 600, and 700 km above 
the ground on August 6, 2010. It is observed that the 
electron density increases followed by a decrease with the 
decreasing altitude and has a peak value of 

310 /1024.6 mele×  at an altitude of 238 km. Figure 5 
presents the ionospheric electron density at 100, 200, 300, 
400, 500, 600, and 700 km above the ground on March 31, 
2011. Compared with Figure 4, the similar variation is 
presented in Figure 5: the electron density increases 
followed by a decrease with the decreasing altitude. 
However, the difference between them is that the 
maximum of electron density in Figure 5 is 

310 /1022.2 mele× at an altitude of 306 km. The Figure 
6 presents the electron density along the lines a-a ′ 
(marked in Figure 3A) and b-b′ (marked in Figure 3B). 

 
Figure 6. Profiles of electron density along the lines a-a′ 
of Figure 4A and b-b′ of Figure 4B at the different 
altitude on August 6, 2010 (A), and March 31, 2011 (B). 

Compared with the VTEC profile, it is found that the 
electron density in Figure 6 presents the similar variation 
pattern with the lines in Figure 3C. 
 
4. THE COMPARISONS OF ELECTRON DENSITY 

FROM ISR, IRI, AND PROPOSED METHOD 
 
In order to validate the results, the electron densities from 
ISR, IRI, and proposed method are compared, as shown in 
Figure 7. 

 
Figure 7. The comparisons of electron density from ISR, 
IRI, and proposed method at SAR-acquired time on 
August 6, 2010 (A), and March 31, 2011 (B). 

Figure 7A shows the comparisons of electron density from 
ISR, IRI, and proposed method on August 6, 2010. It is 
observed that the electron density is consistent in shape and 
F2-layer peak height (hmF2) among ISR, IRI, and 
proposed method. For the shape, they present the 
increasing electron density followed by a decrease with the 
decreasing altitude. For the hmF2, the peak electron 
density is concentrated at an altitude of 238 km. 
Comparisons of the magnitude of electron density at 
different altitude suggest that IRI is close to ISR at most 
altitude except the around the altitude of hmF2, where the 
maximum difference of 310 /103.55 mele× is observed. 
We think this inconsistency is mainly due to the lack of 
enough underlying database for IRI to calculate the 
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electron density. Further comparisons of the electron 
density between proposed method and ISR at different 
altitude show that this inconsistency is mitigated, 
particularly around the altitude of hmF2. The statistics 
shows that the standard deviation of the differences 
between ISR and IRI in Figure 7A is about 

310 /1013.2 mele× , whereas this value is decreased to 
310 /101.01 mele× for the differences between ISR and 

proposed method. It means that the standard deviation 
decreases by approximately two times compared to those 
before the correction, demonstrating the reliability of the 
proposed method. 
Figure 7B shows the comparison of electron density from 
ISR, IRI, and proposed method on March 31, 2011. It is 
similar with Figure 7A that the shape of electron density is 
approximately consistent among ISR, IRI, and proposed 
method. However, inconsistent hmF2 of electron density is 
observed in Figure 7B: the hmF2 is ~306 km for IRI and 
proposed method, whereas this value is ~289 km for ISR. 
The reason of same hmF2 between IRI and proposed 
method is that IRI is involved in the electron density 
estimation of proposed method. The inconsistent hmF2 
between IRI and ISR may be due to the lack of enough 
underlying database for IRI empirical model. The standard 
deviation of the differences between ISR and IRI is ~

310 /103.95 mele× , whereas this value is decreased to
310 /102.68 mele× between ISR and proposed method. 

Approximately 1.5 times' decreases of standard deviation 
demonstrate the reliability of the proposed method. 
However, the improvement of electron density estimated 
by proposed method in Figure 7B is not significant as 
Figure 7A. We think this phenomenon may be caused by 
the inaccurate hmF2 from IRI model. Therefore, the hmF2 
is also an important parameter when using the proposed 
method to estimate the electron density. 
 

5. CONCLUSIONS 
 
There are the difficulties in obtaining the high-spatial-
resolution VTEC and three-dimensional electron density 
for the current methods and models. In this situation, this 
article presents an efficient method to retrieve the high-
spatial-resolution VTEC and three-dimensional 
ionospheric electron density by combing of the full-
polarimetric SAR and IRI model. For the performance test, 
two L-band ALOS/PALSAR full-polarimetric SAR 
images over Alaska regions are processed. Based on this 
study, the following conclusions are summarized: 
(1) The VTEC distribution with high spatial resolution is 
successfully mapped from the full-polarimetric SAR data. 
In this study, the high-spatial-resolution VTEC distribution 
at SAR-acquired time is estimated from the FR angles, 
which help us better characterize the ionospheric spatial 
variation. 
(2) Three-dimensional ionospheric electron density is 
successfully reconstructed by combing of the full-
polarimetric SAR and IRI model. International Reference 
Ionosphere–derived electron density is corrected by the 
SAR-derived VTEC. When comparing with the electron 
density derived from PFISR system, it is found that the IRI-
derived electron density is obviously improved, where the 
standard deviations of differences between PFISR and IRI 
decrease, respectively, by ~2 and 1.5 times compared to 

those before the correction, demonstrating the reliability of 
the developed method in reconstructing the three-
dimensional ionospheric electron density. 
Although the reliability of the proposed method has been 
proven by experiments, there are still two limitations. The 
first is the FR estimation error due to the inaccurate SAR 
calibration parameters, such as channel imbalance f1 and 
f2; crosstalk terms δ1, δ2, δ3, and δ4; additional noise 
N, as well as backscatter characteristics of the imaged 
surface. Because the SAR-derived VTEC is derived from 
the estimated FR, this error will inevitably introduce bias 
in the three-dimensional electron density reconstruction. 
The second is the three-dimensional electron density 
estimation error due to the inaccurate ionospheric 
parameters, such as hmF2 and E-layer parameters. 
Reconstructed electron density on March 31, 2011, is not 
as good as the result on August 6, 2010, which is mainly 
attributed to the inaccurate hmF2. Therefore, future 
research is needed in overcoming these limitations. 
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1. INTRODUCTION

Measurement of surface velocity field due to tectonic 

deformation provides an important constraint in 

geodynamic models, and a method to improve the 

evaluation of earthquake potential. The increase in spatial 

and temporal coverage of geodetic images such as those 

provided by Interferometric Synthetic Aperture Radar 

(InSAR) motivates us to better quantify the evolution of 

tectonic deformation and strain accumulation associated 

with crustal faulting. The east boundary fault system of 

Sichuan-Yunan block composed of the Anninghe fault, 

Zemuhe fault and Xiaojiang fault, is a major active tectonic 

feature in the southeastern margin of the Tibetan Plateau, 

connecting the active Xieshuihe fault in the north. It is 

dominated by left-lateral strike slip faulting. The Zemuhe 

fault locates at a complicated geological structure zone in 

the whole east boundary fault system, where the striking of 

the fault changed from the generally north to the N30°W, 

the slip rate (3-6mm/a) [1] is smaller than the one on the 

Xiaojiang fault (~10mm/a) [2] to the south and Xieshuihe 

fault (>10mm/a) [3-5] to the north, and two M7.5 

earthquakes ever happened since 1500. The Daliangshan 

lied about 40km northeast of the Zemuhe fault zone, 

accommodates partially the eastwards movement of the 

Xieshuihe fault, which further increases the complexity of 

the regional motion.  

With the launching of ALOS-2 satellite, L-band PALSAR-

2 onboard provide us a good opportunity to carry out 

tectonic deformation observation with fine resolution in 

those heavily vegetated area like Sichuan-Yunan block 

area. We seek to use PALSAR-2 data acquired between 

2014 and 2021 to map an overall picture of the deformation 

velocity and strain fields across the whole Zemuhe-

Daliangshan fault zone, which provide detailed constraints 

both on the slip rate of each segment and on the temporal 

and spatial evolution of the strain accumulation over the 

period the data spanned, examining the behavior of the 

fault movement, and looking for changes in the rates of 

movement on them. Sparse GPS and geological data are 

not detailed enough to fully answer these questions. InSAR 

provides a density of coverage not possible with GPS and 

geological data available. 

2. METHOD

2.1 SBAS-InSAR with Atmospheric-Corrected 

Interferograms 

The detection of slow interseismic motion using InSAR 

requires a combination of multiple radar images over an 

extended time period to reduce the atmospheric, temporal 

decorrelation and topographic impacts, and improve the 

signal-to-noise ratio. Firstly, a small-baseline 

interferogram network is constructed, and traditional 

interferometric processing from co-registration to 

unwrapping is carried out for each interferometric pair. 

Because the amount of interseismic deformation is subtle, 

atmospheric and orbital correction should be conducted for 

each interferogram before SBAS inversion if it is necessary. 

Network for small-baseline 
interferometric pairs

Muti-temporal interferograms

Atmospheric 
correction?

GACOS correction

Orbital 
correction?

Orbital model test, 
fitting and correction

SBAS inversion

Deformation velocity and time 
series

Yes

No

Yes

No

Fig. 1 Flowchart of InSAR data processing 

As for atmospheric effect, GACOS (Generic Atmospheric 

Correction Online Service for InSAR), a newly published 

numerical weather model, is used to remove the stratified 

tropospheric signal in interferograms. Orbital and 

ionospheric correction is another crucial issue for 
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improving observation accuracy, due to their strong 

coupling with long-wavelength component of tectonic 

deformation. A linear or quadratic model is tested to 

determine the appropriate model for different satellite data. 

Then, a trend is fitted and removed from the GACOS-

corrected interferograms, using only phase measurements 

30 km or further from the fault on both side to avoid the 

effect of the near-fault gradient in ground deformation. 

After the atmospheric and orbital corrections, residual 

interferograms are inverted to estimate the deformation 

time-series and velocity using SBAS method (Fig. 1). 

 

2.2 Velocity and Strain-Rate Field Inversion from 

InSAR and GPS 

A variety of algorithms have been developed to invert 

geodetic data for strains. The traditional subnetwork 

methods (e.g. [6-7]) usually generate discontinuities of the 

strain estimates at the subnetwork boundaries. The 

geostatistical methods can tackle the discontinuity problem. 

However, they assume that the deformation field is 

isotropic and homogeneous, and the accuracy and 

reliability often depends on the spatial distribution of the 

data (e.g. [8–11]). The physics-based models were 

developed to estimate the elastic and inelastic strain fields 

from geodetic data (e.g., [12-13]). Shen et al. [14–16] 

developed a series of algorithms to model strains with 

reasonable weighting and smoothing function optimally 

determined from observation data, which works well with 

unevenly distributed data, and can deal with the nonelastic 

strain accumulation caused by fault creeping in the upper 

crust. The method in Shen et al. [16] was used in our study. 

We realized Shen’s method in a spherical coordinate 

system due to our big study area. Considering the high 

spatial coverage of InSAR velocity map, an irregular grid 

that discretized the study area based on the location of fault, 

is used in InSAR and GPS inversion, which allow us 

capture the strain variations near the fault. 

For each node of the grid, its unknown vector can be related 

to the 3D velocity of its surrounding GPS observations by 

the following model: 

GPS GPSu A l                                                      (1) 

Where, GPSu is the vector of GPS observation, l  is the 

unknown vector of the displacement, strain, and rotation on 

each node of the grid, and GPSA  is the design matrix.  

For InSAR observations, the observation equation can be 

established as: 

los losu A l
                                                           (2) 

where， losu  is the vector of InSAR observation， losA  is 

the design matrix. InSAR LOS velocity can be written by 

using 3D deformation components (Figure S2) as follow: 

 cos sin sin sin coslos
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Then the design matrix  losA  can be calculated by GPSA  

as: 

cos sin sin sin=( )coslos GPSA A           (4) 

where  is the azimuth angle of InSAR, and   is the 

incidence angle. 

Finally, the joint observation equations for GPS and InSAR 

can be formed as: 

u Al                                                                (5) 

A least-squares solution can be resolved in the form of 
' 1 1 ' 1( )T Tl A C A A C u                                   (6) 

Where, 
'C is the weighting factor, which is constructed by 

the covariance matrix C  multiplying a weighting function

G . G accounts for the distance and spatial coverage 

dependency between the unknown point and observation 

points (see Shen et al. [16] for details) 

 

3. RESULTS 

3.1 InSAR Velocity Field 

We collected 10 ALOS-2 PALSAR strip images on 

descending Path 38 up to now, which covers the Zemuhe-

Daliangshan fault zone. Interferometric data spans the 

2015-2018 period. Contributing to the long wavelength of 

L band and small spatial baseline of ALOS-2, the 

cohenrence can be maintained very well on those 

interferograms with 3-4 year of time space, even in our 

study area which is heavily-vegetated. Thus each 

acquisition can interfere with others, and all-combination 

interferograms are constructed using GAMMA software. A 

filled 3 arc sec (90 m) resolution Shuttle Radar Topography 

Mission (SRTM) digital elevation model (DEM) [17] was 

used to remove the topographic contribution to the 

interferometric phase changes. Interferograms were 

filtered using a weighted power spectrum filter [18] to 

improve the signal-to-noise ratio, and unwrapped using the 

branch-cut method [19]. 

 

 

Fig. 2 (a) Mean LOS rate map for Path 38 produced 

from 18 interferograms. A positive LOS displacement 

corresponds to movement towards to the satellite. The 

perpendicular pair of arrows shows the direction in 

which the satellite moves (Az), the satellite line-of-sight 

direction (los), and the incidence angle (i) at the centre 

of the scene. Three dashed blue lines show the centre of 

each profile presented in (b), (c) and (d). The rectangle 

in the bottom right corner shows a red area where there 

are residual atmospheric errors due to topography. The 

ellipsoid shows an atmospheric turbulence effect. The 

black arrows are leveling data. (b) Rate profile for a 5 

km-wide swath centred the line A-A’, where blue points 

are individual pixels from the rate map on the left, and 

red line shows mean velocity within 0.5 km bin along 279



the profile. (c, d) Same as (b) for profiles B-B’ and C-

C’. 

From a first inspection of the preliminary interferograms, 

we found the orbit for one acquisition (20160112) was 

controlled badly, as shown by the same irregular orbital 

fringe patterns in those interferograms with this acquisition 

as either the master or slave image. Given strong coupling 

between orbital, ionospheric errors and tectonic 

deformation, it’s difficult to use an empirical model to fit 

the complicated orbital error, so we excluded those 

interferograms using acquisition (20160112) in subsequent 

analysis. Reviewing all of interferograms, we found the 

atmospheric and orbital signals are very complicated in 

ALOS-2 interferograms of our study area. GACOS 

correction for tropospheric signal doesn’t worked well for 

each interferogram (see Section 4.1 in detail). Whether or 

not to use GACOS correction need to be checked visually 

for each interferogram. Orbital and ionopheric fitting also 

need to be done by testing different empirical model due to 

non-linear error distribution for ALOS-2 (see Section 4.2 

in detail). Finally, a quadratic polynomial is chosen to fit 

for orbital and ionospheric phase, and remove from the 

interferograms in our study. After the atmospheric and 

orbital corrections, only 18 interferograms, which are 

corrected relatively well for atmospheric and orbital effect, 

are selected to invert to estimate the deformation time-

series and rate map using SBAS method in GIANT 

software. 

Both the rate map and two profiles A-A’ and B-B’ show a 

distinct tectonic signal across the middle segment of 

Zemuhe fault (Fig. 2), qualitatively consistent with left-

lateral slip. The profile A-A’ shows a rapid increase in the 

line-of-sight rate of deformation (∼2 mm/yr) in a relatively 

narrow region across the fault. The profile B-B’ shows a 

bigger deformation gradient, which is caused by a local 

near-fault uplifting area (∼25 km2) southwest of the fault. 

We didn’t find any of factories, dams, and gas injection 

projects etc. in this area in the field investigation, which 

means it might be caused by the tectonic movement of the 

fault instead of humans. There is no clear gradient in 

displacement rate cross the fault on the profile C-C’, which 

results from the effect of uplift of Daliang Mountain area, 

which is superposed by the atmospheric turbulence effect 

in the northern region shown by an ellipsoid in Figure 1. 

Unlike the striking slip movement, uplift of Daliang 

Mountain area gives a negative contribution to the line-of-

sight of deformation. We also can see some atmospheric 

errors are not completely corrected by GACOS. The 

rectangle in the bottom right corner of ratemap shows a red 

area where there are residual topography-dependent 

atmospheric errors. The large-scale atmospheric turbulence 

effect still remains in the results, which we can see it clearly 

in some original interferograms. From the time-series 

images of crustal deformation, we can see that distinct 

deformation signal cross the Zemuhe fault can be captured 

in one year, starting from the first acquisition. 

 

3.2 Inversions Results from InSAR and GPS 
Applying the method in section 2.2, we inverted jointly the 

InSAR and GPS data for a fine velocity and strain rate field 

of present-day crustal motion of the Zemuhe-daliangshan 

fault zone (Fig. 3; 3D GPS data are provided by Dr. Liang 

Shiming from Institute of Geology, Chinese Earthquake 

Administration). As shown in the vertical deformation field 

(Fig. 3b), we can see crustal uplift on the east side of 

Zemuhe and Anninghe fault and the north side of the 

northern segment of Daliangshan fault. From the strain rate 

field (Fig. 3c), it can be seen that the area of rapid strain 

accumulation mainly locate in the area between the 

Anninghe and Daliangshan fault and the intersection of the 

faults. 

 

Fig.3 a fine velocity and strain rate field of present-day 

crustal motion of the Zemuhe-daliangshan fault zone 

inverted jointly from InSAR and GPS. (a) the 

horizontal velocity; (b) the vertical velocity and (c) the 

strain rate (the second invariant of the strain rate 

tensor). 
 

4. DISCUSSIONS 

4.1. Tropospheric errors in the ALOS-2 interferograms 

of the Sichuan-Yunan block area 

The total tropospheric delay is often divided into a 

stratified delay and a turbulent delay for InSAR 

applications [20]. Both these two kinds of tropospheric 

components exist in the ALOS-2 interferograms of the 

Sichuan-Yunan block area (See Fig. 4). Variations in 

atmospheric stratification have a first order effect, with a 

single path LOS delay reaching ∼10 cm/km in some areas 

[21]. Dramatic phase variations in our interferograms are 

caused by the topographic-dependent atmospheric delays 

due to strong topographic relief, which are not random in 

time but represent seasonal fluctuations. Interferograms 

whose master and slave image was acquired in the different 

season show much more serious stratified effect than those 

with the master and slave image from the same season (see 

Fig.4). GACOS cannot afford to correct them completely, 

but it worked better for the cross-season Interferograms 

than the same-season Interferograms (see Fig.5). 

 

 
Fig. 4 Seasonal atmospheric effect on interferograms in 

the Zemuhe-Daliangshan fault zone. 

 

Due to the high variability of atmospheric turbulence, the 

spatial pattern of the turbulent delay is mostly random on 

 

     

       (a)                      (b)                        (c) 
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each acquisition date and can be removed efficiently by 

stacking interferograms [22] or through InSAR time series 

analysis. However, the spatial scale of wave-like turbulent 

effects in our interferograms is very large, and therefore it 

is difficult to totally remove them by stacking or temporal 

smoothing, even when working with a large InSAR data set. 

That’s why we can see that the residual turbulent effects 

are left in the rate map (see Fig. 2). 

 

 
Fig.5 GACOS atmospheric correction: before (top) Vs 

after (bottom) 

 

4.2 Orbital and ionospheric error in the ALOS-2 

interferogram 

A conventional interseismic fault model proposed by 

Savage and Burford [23] shows that the surface fault-

parallel displacement distribution for a striking-slip fault 

meets an arctan model. Orbital error is usually 

characterized as a first or more order polynomial, a long-

wavelength signal, which is tightly coupled with long-

wavelength component in the tectonic arctan signal. 

Therefore, orbital correction, especially selection of orbital 

model, is one of most important steps in InSAR data 

processing when we retrieve subtle interseismic 

displacements (e.g., millimetres per year on the Zemuhe 

fault). It is suggested that a linear ramp provides a good 

representation of the phase variations due to orbital errors 

in one frame of ASAR or ERS data [24]. But for ALOS-2 

data, a linear model might not work enough, 

particularly when we use long strip SAR data (>200km). 

Here, a linear and quadratic model is fitted and removed 

from the interferograms respectively, using only phase 

measurements 30 km from the fault on both side to avoid 

the effect of the near-fault gradient in ground deformation. 

Comparing each of the interferograms “before” and “after” 

correction with the fitting orbital error, we see that a 

quadratic model is the appropriate model for ALOS-2 data 

in our study area. Another point to note is that the 

ionospheric path delay in our method is not taken into 

account separately, which is treated as a long-wavelength 

signal together with orbital error. 

 

5. CONCLUSION 

We have used ALOS-2 PALSAR data, combined with the 

estimates of atmospheric path delays from GACOS, to 

estimate the interseismic strain accumulation across the 

Zemuhe-Daliangshan fault zone. The results show that the 

atmospheric phase variations due to topographic relief in 

our interferograms represent strong seasonal fluctuations, 

and the GACOS-based corrections partially worked in 

removing the topography-dependent atmospheric delay in 

Sichuan-Yunan block area, especially for those cross-

season Interferograms. Turbulent signal is also 

considerable, and hard to remove by stacking or temporal 

smoothing because of its large scale in space. More new 

data need to be collected in the next few years, which will 

beneficial for identifying and removing such large-scale 

turbulence. 

Using GACOS corrections and appropriate orbital 

corrections, we obtained the estimates of the variation of 

the rate of displacement across the Zemuhe-Daliangshan 

fault zone by inverting selected interferograms. A distinct 

tectonic signal across the middle segment of Zemuhe fault 

is shown in the rate map, qualitatively consistent with left-

lateral slip. The profile cross the Zemuhe fault gives a line-

of-sight rate of ∼2 mm/yr, in agreement with present-day 

GPS results [25]. The strain rate field from InSAR and GPS 

shows the rapid strain accumulation occurred in the area 

between the Anninghe and Daliangshan fault and the 

intersection of the faults. 

Our results will make significant contributions to the 

general understanding of how the active Zemuhe-

Daliangshan fault zone accommodate the eastwards 

movement of the Xieshuihe fault, and how individual 

segments interact with each other, which will provides us 

critical first-order data for the assessment and mitigation of 

seismic hazard within this tectonically active area. 
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1. INTRODUCTION

Large parts of the central United States have recently 
become seismically active, even though they are 
commonly regarded as stable, intraplate regions. The 
dramatic increase in earthquake activity started in 2009 
with continuous rise of seismicity rate. In 2014, the number 
of earthquakes with magnitude M ≥ 3 in Oklahoma 
exceeded that in California (Fig. 1). The largest recent 
event in Oklahoma was an Mw = 5.8 in 2016 causing some 
significant damage. It is generally viewed that this seismic 
activity in the stable, central part of the American plate is 
the result of fluid injection as part of oil and gas production. 
In Oklahoma, this injection is dominated by wastewater 
disposal into wells that penetrate deep, permeable rock 
units. At 12:02 UTC on September 3, 2016, an Mw 5.8 
earthquake struck near Pawnee, OK. This is the largest 
instrumentally recorded earthquake in Oklahoma. It 
occurred within a region that has suffered an explosion of 
seismic activity and increasing magnitude events since 
2008 (Figure 1). As the elastic rebound theory holds that 
earthquakes are intimately tied to elastic deformation of the 
crust, a large, concentrated change in the seismicity rate 
should be accompanied by a change in the crustal 
deformation rate.  A very shallow event of the size of the 
Pawnee earthquake, which has a fault plane between 5 x 
5km2 and 10 x 10km2, and slip between .5 m and .05 m 
respectively, should produce measurable co- and post-
seismic geodetic signals.  
An inclusion-filling mode of wastewater injection into pre-
existing fractures is expected to produce deformation in 
which the geodetic moments exceed the seismic moments, 
as commonly observed in volcanic regions. The 
dimensions of the deformed areas may reach tens km and 
are expected to form within the regions of water injection 
and earthquakes, yet their spatial relationships with 
specific injection wells and earthquakes cannot be 
predicted. On the other hand, a local injection mode of 
wastewater injection is expected to produce coseismic 
deformation patterns for which the threshold of detectable 
earthquake magnitudes is in the range of M 4 to 5 with 
depths shallower than 5km and 15km, respectively. This 
mode generates localized deformation patterns a few km 
wide that are expected to be spatially associated with both 
injection wells and earthquakes. Single-frame 
interferograms (40-100 km wide in the range direction) 
should suffice to detect such areas, and the short wave (x-
band) radar satellites (COSMO SkyMed and TerraSAR-X) 

are likely to perform better for such small-magnitude 
deformation. 

Figure 1: Map of earthquakes and faults in Oklahoma from 
2010 to 2015. Areas A and B were analyzed by 
interferometry.  

2. RESEARCH OBJECTIVES

The objective of this research is twofold: 
1. To identify regional deformation associated with
inclusion-filling injection and ongoing regional seismicity.
Due to the vegetated nature of the region and the longer
periods required for identification of small deformation, we
use ALOS-1 images for this goal.
2. To measure the deformation associated with the Mw 5.8
Pawnee Earthquake and examine whether it has been
related to any of the existing faults or to a newly formed
fault. For this goal neither ALOS-2 nor any x-band data are
available, and we thus use Sentinel-1 images.

3. RESULTS

(a) Deformation associated with diffuse seismicity

The topography of central and northern Oklahoma is 
relatively flat, and thus less influent on the deformation 
measurements. We present ALOS-1 interferograms of the 
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two seismic regions (areas A and B in Fig. 1). Figure 2 
shows three interferograms of area A, spanning the period 
between July 2007 and January 2011. Despite the high 
coherence, no clear deformation can be detected in the area 
of intensive seismicity (blue circles in panel (d)). Figure 3 
shows two interferograms of area B spanning the period 
between March and December 2010. No deformation is 
detected in this area as well. 
 

 
Figure 2: ALOS-1 unwrapped interferograms spanning 
periods from July 2007 to January 2011 in Area A (Fig. 1). 
Blue circles in (d) mark locations of earthquakes between 
November 2009 and January 2011. Note that no clear 
deformation can be identified anywhere in the 
interferograms. 
 
 
(b) Deformation associated with the Mw 5.8 Pawnee 
earthquake 
 
Due to lack of ALOS or x-band images for the period 
spanning the Pawnee earthquake, we processed Sentinel-1 
data to produce a coseismic interferogram (Fig. 4). The 
maximum Line of sight (LOS) displacements are in the 
order of 5 cm in a 10x20 km2 area. An E-W aligned series 
of aftershock occurred during the first two months after the 
earthquake (Fig. 4, after [2]), delineating a possible fault 
solution for the main shock. A kinematic slip inversion 
based on the geodetic and seismic data yielded a rupture 
mechanism along that fault [1]. 
 

 
Figure 3: ALOS-1 unwrapped interferograms spanning 
periods from March to December 2010 in Area B (Fig. 1). 
Note that no clear deformation can be identified anywhere 
in the interferograms. 
 

4. DISCUSSION AND CONCLUSIONS 

 
Preliminary analysis of the L-band ALOS-1 data from the 
Jones area east of Oklahoma City (Fig. 2) indicates that L-
band observations maintain phase over the study area and 
can be useful for the proposed research. The ALOS-1 
results span specific periods between 2007 and January 
2011 during which seismicity levels were relatively low. 
Single interferograms for those periods did not reveal 
surface deformation (Figs. 2, 3). This may imply one or 
more of the following possibilities: (a) the wastewater 
injection volumes and rates were too small to generate 
surface deformation. (b) The wastewater injection volumes 
and rates were too small to generate deformation detected 
by L-band (23.8 cm wavelength) interferometry (detection 
threshold of a single interferogram is 1-2 cm). (c) Larger 
observation areas and/or time-series analyses are required 
to detect the injection-related deformation. (d) 
Deformation may be found in areas or periods of higher 
seismicity, unexplored so far. Our work plan will attempt 
to clarify which of these possibilities is likely to occur in 
the Oklahoma region. Figs. 2 and 3 show an apparent long-
wavelength deformation. However, as this pattern may also 
be due to orbital errors or atmospheric effects, it should be 
carefully analyzed by additional coeval images and wider 
swath interferometry.  

 
 
Figure 4: Sentinel 1 unwrapped interferogram of the 3 
September 2016 Pawnee earthquake, showing the 
deformation field, aftershocks (after [2]), and the major 
faults in its vicinity. 
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1. INTRODUCTION

Karamay, which means "black oil" in Uyghur language, is 
a typical mining city, relying on oil field exploration and 
development. It has abundant deposits of heavy and ultra-
heavy oil that are estimated to be several hundred million 
tons [1]. After several years of oil field development, a 
subsurface water injection project was initiated in 1985 to 
increase the effectiveness of oil recovery [2]. In most case, 
the oil and gas extraction from underground reservoirs and 
waste-water injection induce deformation in reservoirs by 
changing the reservoir pressure and consequently generates 
measurable surface deformations as subsidence or uplift 
[3].  
While there is a lack of ground-based measurements, the 
advanced remote sensing technologies, especially the 
Interferometric Synthetic Aperture Radar (InSAR) can be 
a powerful tool for remotely mapping the human and 
nature-induced ground deformation [4-6]. Recently 
Shirzaei et al. [7] used the multi-temporal InSAR approach 
and revealed the relationship between the wastewater 
injection in different depths with surface uplift and time-
dependent seismic hazard at the oil well sites in the eastern 
Texas, USA.  
In this study, for better understanding the land surface 
deformation in Karamay oil field, two path D-InSAR 
method was applied to three L-band SAR images acquired 
by ALOS PALSAR over the study area in the period from 
January 20, 2007 to January 25, 2009. Moreover, to 
validate the results obtained by ALOS observations, we 
further applied the Persistent Scatter (PS) and Small 
baseline subset (SBAS)-InSAR technique to 21 C-band 
images acquired by the ENVISAT ASAR in the period 
from 30 September 2003 to 15 June 2010.  
Under the scheme of this project, the use of ALOS 
PALSAR data in geohazard monitoring. In addition to this 
research area, we also used the provided ALOS PALSAR 
and ALOS PALSAR-2 images to measure the land 
subsidence in the Urayasu City and Earthquake-induced 
landslide in Hokkaido, Japan (See the appendix). 

2. STUDY AREA AND DATA SETS

2.1 The study area 
Karamay city is a prefecture-level city in the north of the 
Xinjiang Uyghur Autonomous Region, the People's 
Republic of China. There are four administrative districts 
in Karamay, which are Urho, Baijiantan, Karamay and 

Dushanzi with a total area of 9,500 km2. The Karamay oil 
field in Xinjiang is the largest oil field in China. The 
geomorphological type of Karamay is predominantly Gobi 
Desert. The altitude is in the range between 250 m and 500 
m. 

 Figure 1. Geographic location of study area 
(Note: Blue and pink lines are indicating the coverage area of 

ALOS-PALSAR and ENVISAT-ASAR data, respectively). 

2.2 Data sets 
The ALOS PALSAR data sets covering the region of 
interest were provided by the Japan Space Exploration 
Agency (JAXA). The SAR interferograms were computed 
from PALSAR fine-beam single-polarization (FBS) data 
taken on three different dates (January 20, 2007, December 
10, 2008, and January 25, 2009). The data sets have the 
same observation parameters: the reference system for 
planning (RSP) number 94, the path number 501, and 
acquired from the ascending orbit with an off-nadir angle 
of 34.3°. We also used twenty-one C-band ENVISAT 
ASAR images acquired in the period from Sep. 30, 2003 to 
June 15, 2010, provided by the European Space Agency 
(ESA). The data sets were acquired on the descending orbit 
with an incidence angle of 22.9°. A subset area was 
selected from the original images corresponding to the 
whole study area. The cover ranges of the ALOS and 
ENVISAT data are shown in Figure 1. 
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3. METHODS  
3.1 D-InSAR 
In this study, the two-pass Interfrometry method was 
implemented using two ALOS PALSAR SLC images for 
interferogram generation. Then the topographic phase in 
the wrapped phase was removed by introducing SRTM 
DEM data. To reduce noises and smooth the interferogram, 
the Goldstein–Werner filtering process was applied. 
Finally, the InSAR products were geocoded from the 
Range-Doppler coordinates to the map geometry 
corresponding of the Universal Transverse Mercator 
(UTM) projection (zone 45N) with a pixel resolution of 25 
m. ENVI and SARscape software were employed to 
process the level-1.1 data and perform the interferometric 
analysis.  

3.2 PS and SBAS-InSAR 
The PS-InSAR is one of the promising approaches that 
improves the precision of conventional InSAR 
displacement measurements. The PS-InSAR algorithm 
utilizes time series of radar images to detect coherent radar 
signals from PS points to derive information of terrain 
motion [8]. Another algorithm called small baseline subset 
(SBAS), which use conventional interferograms with small 
baselines to obtain time-series displacements [9]. The both 
algorithms work to minimize the disadvantages of 
conventional D-InSAR, namely the phase errors due to the 
geometrical and temporal decorrelations as well as the 
atmospheric disturbance.  
The ENVISAT-ASAR data were processed using both PS-
InSAR and SBAS-InSAR methods. For the PS-InSAR, we 
selected the slant range image on November 28, 2006, as 
the master image and generated 20 interferograms with 
respect to the master image. The time position plot is 
shown in Figure 2. For the SBAS-InSAR, we selected the 
slant range image on October 28, 2008, as the super master 
image, and generated 68 interferograms using a maximum 
temporal baseline of 735 days and a maximum spatial 
baseline of 483 m. The time position plot is shown in 
Figure 3.  

 
Figure 2. Time position plot for the PS-InSAR 

 

Figure 3. Time position plot for the SBAS-InSAR 

 

3. RESULTS AND ANALYSIS 

4.1 Results of D-InSAR interferometry 
For the D-InSAR generation, we have two data pairs 
(2007/01/20 & 2008/12/10, Bn = 643m; 2008/12/10 & 
2009/1/25, Bn = 472m). Although the interferogram with a 
relatively small normal baseline showed good coherence, 
no significant land deformation was found. It is due to the 
short period of time, 46 days. Therefore, we used the 
differential interferogram generated from the large normal 
baseline pair, which showed clear deformation at two sites 
in the study area. These areas were indicated by blue 
dashed circles in Figure 4. In the process of extracting the 
ground displacement, we unwrapped the interferogram to 
solve the 2π ambiguity and corrected the satellite orbit 
inaccuracies and phase offset using the collected external 
ground control points (GCPs). The final ground 
displacement map in the slant-range direction is shown in 
Figure 5. From the figure, we could see that two sites in the 
north-eastern part of the city exhibit clear indications of 
land uplift. The maximum displacement was 12.97 cm in 
the study period. 

 
 

 
Figure 4. D-InSAR interferogram obtained from the 
ALOS PALSAR images taken on Jan. 20, 2007, and 

Dec. 10, 2008. 

 

(20070120&20081210) 
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Figure 5. Displacements in the slant-range direction 
obtained by the D-InSAR analysis from the ALOS 
PALSAR pair. 

 
4.2 Results of PS and SBAS-InSAR interferometry 
The PS-InSAR and SBAS-InSAR analyses were carried 
out using the ENVISAT-ASAR dataset. The results 
showed significant surface deformation over or near the oil 
field working area (Figures 6 and 7). Figure 6 represents 
the spatial density of PS points and reveals the spatial 
distribution of the mean deformation velocity (mm/year) 
from 2003 to 2010, where the main deformation areas are 
indicated in blue dashed circles. Temporal decorrelation 
due to the large amount of the agricultural areas was 
excluded based on the coherence value larger than 0.65. 
Dense PS points were detected around the reservoir area, 
whereas the distribution of PS points were sparse in other 
areas. The maximum rate of deformation was about 24.4 
mm/year.  
The locations and the average surface displacement 
velocity detected by the SBAS-InSAR technique in the 
study area are shown in Figure 7.  It could be seen that two 
significant land uplift locations were detected in this study 
area, which were indicated in blue dashed circles. They are 
located around the oil production wells. The maximum 
deformation velocity was about 33.3 mm/year. 

 
 
Figure 6. Estimated mean displacement velocity using 
the PS-InSAR method from the ENVISAR-ASAR 
dataset. 

 

 

Figure 7. Estimated mean displacement velocity using 
the SBAS-InSAR method from the ENVISAR-ASAR 
dataset. 
 
4.3 Time series analysis of PS and SBAS-InSAR  
Figure 8 shows the displacement rate distribution between 
PS-InSAR and SBAS-InSAR time series measurements 
(from 2003/09/30 to 2010/06/15) in the Karamay oil field. 
We selected three typical reference points with the induced 
deformation as the P1-P3 in Figures 6 and 7, and one stable 
reference point as the P4. Figure 8 illustrates that the both 
PS-InSAR and SBAS-InSAR methods have good 
agreement in the deformation trend, which is the increasing 
uplift. 

 
Figure 8. Time-series of the line-of-sight displacements 
obtained by the PS-InSAR and SBAS-InSAR methods 
at the locations, P1-P4. 

4.4 Comparison of the results from D-InSAR, PS and 
SBAS-InSAR methods 
To compare the deformation results obtained from the D-
InSAR, PS and SBAS-InSAR methods, the mean 
deformation velocity of D-InSAR processing results was 
calculated by averaging the displacement values. We 
selected 500 reference points from the PS-InSAR results in 
the study area, include both the stable and deformed areas. 
The LOS displacements velocity for these points was 
plotted comparing with the SBAS and D-InSAR results, 
and the correlation coefficients were calculated. The results 
showed good agreement between SBAS and D-InSAR 
methods with the correlation of 0.76. However, the 
correlation between D-InSAR and PS-InSAR was not so 
good match with a low correlation of 0.54. All the three 
methods have identified the main deformation areas, 
except one of the main deformation areas in PS-InSAR 
indicated in red dashed circles in Figure 6. It may be caused 

P4                          

P1             
P2 

P3 

P4 

P3 

P1            
P2 
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by low backscatter in the wide non-urban land use, where 
enough PS points could not be collected in the PS-In SAR 
processing.   

 
Figure 9. Comparison of D-InSAR, PS and SBAS-
InSAR results. 

 
4. CONCLUSION 

 
To address oil field deformation in Karamay, Xinjiang, 
China, the D-InSAR technique was applied to ALOS 
PALSAR data and the PS-InSAR and SBAS-InSAR to 
ENVISAT ASAR dataset. The results showed that these 
techniques can provide useful information for identifying 
the boundaries of deformation and monitoring the temporal 
behaviour of land deformation. The three methods revealed 
two areas of land uplift near the oil field. The maximum 
deformation velocity was estimated to be 33.3 mm/year. 
The subsurface water injection to enhanced oil recovery 
might be responsible for the land uplift. The comparison of 
the obtained results from the three methods indicated that 
the correlation of the SBAS-InSAR and D-InSAR results 
is higher than that of the PS-InSAR and D-InSAR results. 
For this study area, the SBAS-InSAR seems to be more 
robust than the PS-InSAR. The future work will be focused 
on the GPS base station establishment in the high 
deformation area and monitoring of long-time land 
deformation by integrating SAR data. 
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1. INTRODUCTION

Polarimetric synthetic aperture radar (POLSAR) provides 
rich information of earth surface under all-weather and 
day-and-night conditions. The polarization diversity makes 
POLSAR an advantageous tool for land cover 
classification and target detection. Simultaneously, with 
the rapid development in deep learning theory, learning 
hierarchical features automatically from datasets with 
multi-stage architectures has attracted more and more 
attentions.  
For POLSAR land cover classification, Zhou et.al 
investigates the suitability and potential of deep 
convolutional neural network (DCNN) in supervised 
classification of POLSAR images [1]. Firstly, the 
multilook POLSAR data in the format of coherence or 
covariance matrix is converted to a normalized 6-
dimensional real feature vectors. Then the 6-channel real 
image is fed into a 4-layer convolutional neural network 
tailored for POLSAR classification. With two cascaded 
convolutional layers, the designed deep neural network can 
automatically learn hierarchic polarimetric spatial features 
from the data. Zhang et.al proposes complex-valued CNN 
(CV-CNN) specifically for SAR image interpretation. It 
utilizes both amplitude and phase information of complex 
SAR imagery [2]. All elements of CNN including 
input/output layer, convolution layer, activation function 
and pooling layer are extended to the complex domain. 
Moreover, a complex back-propagation algorithm based on 
stochastic gradient descent is derived for CV-CNN 
training. The proposed CV-CNN is well tested on the 
typical POLSAR image classification task which classifies 
each pixel into known terrain types via supervised training. 
For POLSAR ship detection and discrimination, Ao et.al 
proposes a novel method for ship detection and 
discrimination in complex background from SAR image 
[3]. It first implements a pixel-level land/sea segmentation 
with aid of a global 250-meter water mask. Then, an 
efficient multi-scale constant false alarm rate (CFAR) 
detector with generalized Gamma distribution (GΓD) 
clutter model is designed to detect targets in sea. At last, a 
maximum-likelihood discrimination is designed to further 
exclude non-ship objects in nearshore and harbor area. The 
method is extensively tested with the ALOS-2 spaceborne 
SAR images, which demonstrates superior performance in 
detecting ship targets with nearshore and harbor 
background. In addition, it has been proved that 
polarimetric information can greatly improve false alarm 

discrimination capability for polarimetric-based 
discrimination. 
The remainder of the paper is organized as follows. Firstly, 
the detailed algorithms are described in Section 2. Then, 
the results of experiments are presented and discussed in 
Section 3. Finally, Section 4 concludes the paper. 

2. METHODOLOGY

A. DCNN for POLSAR Image Classification

a) 6D Real Vector Representation of POLSAR Data
Monostatic POLSAR data in MLC format can be fully
represented by a 33 complex coherency or covariance
matrix T. It has to be converted to a real vector in order to
be able to feed into real-valued convolutional neural
networks nowadays. We propose a new 6D real vector
representation tailored for neural networks as follows:

( )10 11 22 33
10 logA T T T= + + (1) 

( )22 11 22 33
/B T T T T= + + (2) 

( )33 11 22 33
/C T T T T= + + (3) 

12 11 22
/D T T T=  (4) 

13 11 33
/E T T T=  (5) 

23 33 22
/F T T T=  (6) 

where A is the total scattering power in dB of all 
polarization channels; B and C are the normalized ratio of 
power of T22 and T33, respectively; D, E, and F are relative 
correlation coefficients. Except A, the rest 5 parameters are, 
by definition, normalized in [0, 1]. The total power A can 
also be normalized by setting a nominal range for any 
particular SAR image. Therefore, any MLC POLSAR 
image can now be converted into a 6D real vector defined 
in the unit hypercube. 

b) Network Architecture
This paper proposes a deep convolutional neural network
for POLSAR data terrain classification. Its architecture is
illustrated in Fig. 1, which contains two convolution layers
interleaved with two max-pooling layers, two fully
connected layers, and a Softmax classifier connected to the
output. Each convolution layer is followed by a max-
pooling layer, with pooling size 2×2 and a stride of 2 pixels.
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Fig. 1 Network architecture 

The Rectified linear units (ReLU) activation function is 
applied to the first fully connected layer. Spatial zero 
padding P=2 is used in the first convolution layer, and all 
the convolution stride is fixed to 1 pixel. It is a slightly 
different version from the famous LeNet network [4], 
which is known to perform well on multiclass digit 
classification tasks. The difference is replacing the sigmoid 
activations with ReLU activations for the neurons because 
the partial derivatives of the latter are easy to calculate and 
can accelerate the convergence of stochastic gradient 
descent [5].  
The convolution layer receives inputs from a set of units 
located in a small neighborhood from the previous layer, 
which is called local receptive fields. A typical 
convolutional network is composed of several feature maps. 
Weight vectors between different feature maps are 
different but all the units within one feature map share the 
same set of weights. Due to the use of local receptive fields 
and weight sharing, the number of free parameters to be 
learned is significantly reduced. Subsampling layer usually 
implemented as max-pooling layer further reduces feature 
dimension with translational invariance. Fully connected 
layer is similar to classical neural networks computing a 
dot product between their input vector and their weight 
vector. The Softmax nonlinearity is used as the final output 
layer to deal with multiclass classification problems. The 
detailed parameters of each layer are described below. 
Training samples and testing samples are fed into input 
layer with size of h×w×c, where h and w correspond to the 
height and width of the image and c to its number of 
channels. After a spatial zero padding P=2 in the first 
convolution layer, the (h+4) × (w+4) × c data are then 
filtered by 20 convolution filters with size 3×3 in the first 
convolution layer, resulting in 20 feature maps with size 
(h+2) × (w+2) before subsampled with a 2×2 max-pooling 
layer to obtain a (h/2+1) × (w/2+1) × 20 outputs. The 
outputs from the first max-pooling layer are as the input of 
the second convolution layer. The convolution filter size in 
this layer is 2×2, producing 50 feature maps with size (h/2) 
× (w/2) which become (h/4) × (w/4) after second max-
pooling. These (h/4) × (w/4) × 50 outputs are then fed into 
first fully connected layer with 500 units. The ReLU non-
linearity is then applied and its outputs are then resolved to 
N units (the number of classes) in the second fully 
connected layer. Finally, a Softmax classifier is used to 
calculate the probability for every class. 
 
c) Training Algorithm 
The model was trained using back-propagation and 
stochastic gradient descent with mini-batch size of 64. In 
this study, momentum parameter 0.9 and weight-decay 
parameter 0.0005 were used to update weights. The update 
rule for weights w is given by: 
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 where vi is velocity parameter defined in momentum 
method, i is the number of iteration, ε is learning rate and 

i i

L
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is the average gradient of the loss function with 

respect to wi, computed by training samples on the i-th 
mini-batch [5].  
It is a common practice that decreasing the learning rate as 
the optimization progresses. Inverse decay learning policy 
was employed to decrease learning rate as a function of the 
iteration number. The learning rate policy can be presented 
as: (1 )

r
l k  −+ , where lr is the learning rate initialized 

0.01, γ=0.0001 and α=0.75. Parameter k is the current 
iteration, γ andα are parameters to compute learning rate. 
Initialization of weights is also of great importance. For the 
weight initializer, the scale of initialization was 
automatically determined based on the number of input and 
output neurons using the xavier algorithm [6]. For the bias 
initializer, it was simply initialized as constant, with the 
default filling value 0. 
In the supervised training procedure, early stop strategy 
was adopted to prevent overfitting by stopping training 
when the accuracy starts decreasing. 
 
B. CV-CNN for POLSAR Image Classification 

a) Architecture of CV-CNN 
As shown in Fig. 2, the architecture of a CV-CNN can be 
regarded as a variant of the deep neural networks. It is 
designed to take advantage of the two-dimensional 
structure of the input image. In image classification, one or 
more two-dimensional matrices or channels are treated as 
the input. The hidden units of convolutional and pooling 
layers are also organized as a set of two-dimensional 
matrices which are called feature maps. Just like RV-CNN, 
CV-CNN also include an input layer, several alternations 
of convolutional and pooling layers, fully connected layers, 
and a final classifier layer. Amongst the multiple layers, the 
lower and higher layers are used to learn the low-level and 
high-level feature representations, respectively. The input 
layer usually has a size of Width by Height by Depth, 
where Depth indicates the number of channels of the input 
image. In the case of SAR image classification, the 
complex multi-channel SAR image could be directly fed 
into the CV-CNN. 

 
Fig. 2 An overview of CV-CNN architecture 

A typical process of feature extraction in CNN is a 
convolution layer with nonlinear activation followed by a 
pooling layer. Convolution layers perform convolution 
with multiple learnable filters in parallel. Both the input 
and output could be multi-channel 2D matrices. The 
convolutional results are fed into nonlinear activation 
functions, such as sigmoid or the recently-introduced 
Rectified Linear Unit (ReLU) function, to generate feature 
maps. Then, a pooling function is used to 
downsample/locally-accumulate the feature maps in order 
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to reduce spatial dimension. These represent the typical 
characteristics of CNN, i.e. local connectivity, weight 
sharing, pooling and cascaded layers. For CV-CNN, all the 
elements of the networks, including filters, activation 
functions, and pooling, should be fully complex-valued. 
The details of each element in its complex-valued version 
is presented in the following. 
 
b)  Convolution 
Each hidden unit, which is complex-valued, in the 
convolutional layers is connected to local patches in the 
feature maps, also complex-valued, of the previous layer 
through a set of complex weight matrices known as kernels 
or filter banks. The units in a local patch are convolved by 
the weight matrix, and then passed through the non-
linearity activation function. By convolution, it means that 
the units in a feature map are forced to share the same filer 
bank. Different feature maps in a layer use different filter 
banks, which corresponds to different channels. Each filter 
bank detects specific regional features from the input 
matrices, so each feature map represents a unique feature 
at different positions of the previous layer. One of the 
advantages by using local connectivity and weight sharing 
is that the number of free parameters to be learned is 
significantly reduced, which helps to avoid the over-fitting 
problem and also reduces the memory requirements. The 
usage of this convolutional architecture is supported by the 
fact that image data are often spatially correlated and the 
interesting features should be translational invariant. In 
other words, if a pattern appears in one part of the image, 
it could appear anywhere. That is the reason why the units 
at different locations sharing the same weights and 
detecting the same pattern in different parts of the image. 
In the convolutional layer, the complex output feature maps  

2 2( 1) W H Il

iO
 +  are computed by the convolution between 

all the previous layer’s input feature maps 
1 1( ) W H Kl

kO
 



and a bank of filters 
( 1)l F F K I

ikw +    , then add a bias 
( 1)l I

ib +  , where ℂ denotes the complex domain and the 
superscript is its dimension. This convolution is calculated 
by: 
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  (10) 
where 1j = − , is the imaginary unit. Character   is the 
convolution operation. R and I  denotes the real and 
imaginary part of a complex number. ( )l

kO  is  the unit of 
the k -th input feature map in layer l , ( 1)l

iV +  denotes the 
weighted sum of inputs to the i -th output feature map in 
layer 1l + . ( )f   denotes a nonlinear function. Note that 
the sigmoid function is used in this paper.  
The hyper-parameters of a convolutional layer include 
number of feature maps I , filter size F F K  , stride S  

and zero padding size P . The stride means the intervals of 
each moving when the filters contact to the input feature 
maps. Due to the convolution operation, the valid output 
feature map is smaller than that of the input. By zero-
padding process, the size shrinking with depth can be well 
compensated with proper 𝑃 , which helps to make an 
arbitrary deep convolutional network. If the input is 
composed of 𝐾  feature maps with size 1 1W H , and the 
output will be with I  feature maps of size 2 2W H , where 

2 1( 2 ) / 1W W F P S= − + + , 2 1( 2 ) / 1H H F P S= − + + . 
Recent research indicates that using small filter sizes (e.g. 
3 3 , or 5 5 ) with a stride of 1 usually produces better 
performance, therefore the filter size and stride of this 
study are 3 3  and 1, respectively. The parameters to be 
learned in the convolutional layer include F F K I  
weights and I  biases. The aim of the learning procedure is 
to find sets of filters 𝑤  that can extract discriminative 
features for image classification.  
 
c) Pooling 
Pooling layer is to merge semantically similar features that 
are detected by convolutional layer. The pooling function 
calculates a summary statistic over a local patch 
independently for each feature map in the convolutional 
layer. Therefore, the number of feature map in pooling 
layers and convolutional layers is equal. Maximum and 
average of a rectangular neighborhood are the two mostly 
used pooling functions. In other words, pooling layers can 
be regarded as sub-sampling layers. Apart from reducing 
the dimension of feature, pooling also helps to make the 
representation invariant to small shifts and distortions of 
the input. Invariance to local translation can be a very 
useful property, when the feature itself is considered rather 
than its location.  
A straightforward extension of average pooling from real 
to complex can be defined as:  
 ( ) ( ) ( ) ( )1

, 0, , 1
, ,l l

i i
u v g

O x y ave O x s u y s v
+

= −
=  +  +   (11) 

where g  denotes pooling size, and s  is the stride. 
( 1) ( , )l

iO x y+ is the unit of the i -th input feature map at 
position ( , )x y .  However, for max pooling, extension from 
real to complex is not readily available. A natural way is to 
simply take the amplitude maximum. In this paper, we use 
the complex-valued average pooling as defined in Eq. (11). 
Pooling size of 2 2  or 3 3 with a stride of 2 are most 
frequently used. It is known that with increasing pooling 
size or stride, more information is abandoned and leading 
to poorer performance. 
 
d) Fully connected layer 
In the top layers, usually one or more fully connected layers 
are used in our CV-CNN. That is, each neuron in the fully 
connected layers is connected to all neurons in the 
preceding layer, which can be seen as a special case of 
convolution layer. The number of fully connected layers 
and each layer’s neurons are not fixed. Usually, lower 
layers tend to have fewer neurons while higher layers have 
more. The output can be written as:  
 ( ) ( )( )( ) ( )( )( )1 1 1l l l

i i iO f V jf V
+ + +
= +R I   (12) 
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 ( ) ( ) ( ) ( )1 1 1

1

K
l l l l

i ik k i

k

V w O b
+ + +

=

=  +   (13) 

where K  denotes the number of neurons in 𝑙 -th fully 
connected layers. 
 
e) Output layer 
After multi-hierarchical feature extraction stages, the final 
output layer acts as the classifier to predict the 
classification of the input sample. In CV-CNN, the target 
output is represented as a (1 )j of c+ − − vector where c  is 
the number of classes. The location of 1 + 𝑗 in the vector 
is the actual class number of the input and other location is 
set to zero. Correspondingly, results of the output layer are 
complex value as well. Given input samples and their 
labels, the parameters of CV-CNN are learned in an end-
to-end supervised way by minimizing a loss function on 
training data.  
In RV-CNN, the output layer is usually a softmax classifier 
predicting the probability distribution over different 
classes. Then the entire network is learned by minimizing 
the log-loss function. If the softmax is applied to CV-CNN, 
the result is not a probability due to its complex value input. 
Therefore, the final output is the classifier and the least-
squares loss function is adopted in CV-CNN. 
 
f) Complex backpropagation for CV-CNN 
Supervised training of a CNN is to optimize the 
weights/biases so that the network output match with the 
desired output or the given labels of the training data. After 
the multiple feature extraction stages, there still exists error 
between the output and the target. The error can be 
described as a loss function E , for exampling using the 
classic least squared error in CV-CNN. Therefore, the 
network parameters are trained by stochastic gradient 
descent and minimizing the loss function in 
backpropagation. Stochastic Gradient Descent (SGD) 
refers to estimating the gradient using only a subset of 
training samples, i.e. 100-sample minibatch. Therefore, the 
estimated gradient is actually sampled from a small number 
of cases, which is in fact a stochastic sampling process. By 
computing the error gradient with respect to parameters

E

w




 , the updating rule is: 

E
w w

w



 −


, where   is 

learning rate.  
The training sample can be expressed as 1{ [ ], [ ]}N

nX n T n =

where [ ]X n  and [ ]T n  denote the n -th input data and the 
label, respectively. Both the input and label are complex 
value. Hence, the total classification error is given by:  

  ( )  ( )( )  ( )  ( )( )
2 2

1 1

1 1
2

N K

k k k k

n k

E T n O n T n O n
N = =

 = − + −
  

 R R I I   

(14) 
The minimum of above loss function is searched by 
iteratively adjusting the weights according to: 
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(16) 

The derivatives of complex functions are obtained 
according to the complex chain rule. The key point is 
computing the error gradient of weights. 
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 (17) 
In order to simplify the expression, an intermediate 
quantity called “error term” is defined. 
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With Eq.(9),(10),(14),and (18), Eq.(17) can be simplified 
as: 
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where (⋅)̅̅̅̅  denotes taking the complex conjugate. 
By iteratively reducing the above error, the parameters are 
updated until the error reaches a minimum. To show the 
detail of error term in each layer, the derivation is given in 
the following subsections. 
 
g) Error term of fully connected layers 
For the error term of fully connected layers, assume the

1l +  layer is output layer, then the previous layer l  is 
called hidden layer, and error ( 1)l

i
+  can be expanded as: 
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According to Eq.(12) and Eq.(13), the second and third 
term in Eq.(20) are zero. Taking Eq.(14) into account, the 
other two terms can be calculated out: 
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For the hidden layer’s error term
( )l

k , it can be unfolded 
similarly. Fully connection means that one unit in the 

hidden layer 
( )l

kO  connects with all the units in the output 

layer 
( 1)l

iO +

, thus 
( )l

kO  is affected by the error through all 
the units of output layer. Based on chain rulers, the real and 
imaginary part of the error are deduced as: 
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Considering Eq.(18), ( )l

k  will be: 
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The error term of hidden layers is in line with that of output 
layers. Furthermore, it can be summarized that the lower 
layers’ error term is the product of the higher layers’ error, 
weights, and the derivative of nonlinear function to lower 
layer’s input. For real valued network, it can be simply 
formulated as ( ) ( 1) ( 1) ' ( )( ) ( )l l T l l

k iw f V + += . 
 
h) Error term of convolutional layers 
If l -th layer is the convolutional layer, its error term ( )l

k  
is related to the error term of the pooling layer ( 1)l

i
+  and 

the pooling factor  . The weights at a pooling layer map 
are all set equally to  , which is a constant value 

computed by 1
g g

 =


, which is inverse proportion to the 

square of pooling size g . Characters k and i  denote the 
feature map in , 1l l +  layers respectively. Because of the 
subsampling, the size of 1l +  layer is smaller than l  
layer’s. To keep the same size, it needs to up-sample the 

( 1)l

i
+  by copying each pixel g  times in two directions, 

denoted as ( 1)( )l

iup  +  in the following. Similar as the 
derivation Eq.(24) of the hidden layer in fully connected 
layers, the error term becomes: 

( )( ) ( )( )( ) ( )( )( ) ( )( ) ( )( )( )( )1 11 1l l l l ll

k i i i k kup up O O   
+ ++  =  + −
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 (25) 
( )( ) ( )( )( ) ( )( )( ) ( )( ) ( )( )( )( )1 11 1l l l l ll

k i i i k kup up O O   
+ ++  =  − −

  
I I R I I   (26)  

 ( ) ( )( ) ( )( )l l l

k k kj  = +R I      (27) 

 
i) Error term of pooling layers 
There are no parameters to be learned in the pooling layer. 
However, it still needs to compute its error term in order to 
obtain the lower layer’s error term during backpropagation. 
The size of feature maps in the pooling layers is smaller 
comparing with the convolutional layers. To keep them 
same size, it needs to pad 1F −  times zeros in each 
dimension of ( 1)l

i
+ . According to Eq.(24), the error term 

in pooling layers is: 
 ( )( ) ( )( ) ( ) ( )( ) ( )1 11 1l l ll l

k ik i ik i

i
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 R R *R I *I   (28) 

( )( ) ( )( ) ( ) ( )( ) ( )1 11 1l l ll l

k ik i ik i

i
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 I R *I I *R            (29) 

Like Eq.(27), ( )l

k  is the sum of the real and imagery part. 
After computing the error term of each layer, the partial 
derivative of loss function with respect to weights and bias 
is computed as Eqs.(15-16) and Eq.(19). 
Neurons in fully connected layers are formed in 1-D array 
and its parameters are update by: 
 ( )   ( )   ( ) ( )1 1 11l l l l

ik ik i iw t w t O
+ + +

+ = +   (30) 
 ( )   ( )   ( )1 1 11l l l

i i ib t b t 
+ + +

+ = +   (31) 
In other layers, neurons are formed in 2-D array. 
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The parameters are adjusted iteratively until the precision 
between the target and the network output meets the 
requirement.  
 
C. Ship Target Detection 

a) Multi-scale iterative CFAR detection 
Although CFAR is considered quite efficient for the first 
step target detection in the ATR framework, the 
conventional pixel-based sliding window CFAR is still too 
time-consuming for a large SAR image with millions of 
pixels. The main computation lies with the adaptive sea 
clutter model fitting and parameter estimation. It becomes 
even worse if sophisticated clutter model such as the GΓD 
is employed. Hence, this paper proposes a novel multi-
scale iteration CFAR algorithm to address this issue. 
The flowchart of the proposed efficient ship target 
detection algorithm is shown in Fig. 3. It employs a novel 
multi-scale iteration scheme. The idea is to first apply large 
scale adaptive CFAR thresholding which gives rise to a 
coarse sea mask and then apply smaller scale CFAR based 
on the coarse mask. Such iteration could be done iteratively. 
However, only two-scale CFAR algorithm is taken in this 
study. 
As shown in Fig. 3, the land-sea segmentation provides a 
sea mask, based on which a large-scale 2D gridding is 
applied along the azimuth and range dimensions. Adaptive 
CFAR thresholds are then calculated independently for 
each large-scale grid cell. Due to imperfect sampling and 
estimation errors, there might be abrupt changes in the 
estimated 2D threshold grids. It makes sense to smooth the 
threshold surface through a weighted linear least squares 
filter. Then a bilinear interpolation is taken to calculate a 
smooth interpolated pixel-by-pixel adaptive threshold 
surface for the sea region. An initial target/background 
mask can then be obtained by applying a simple 
thresholding. Smaller-scale CFAR grid can be iteratively 
applied where the mask of previous round CFAR would be 
used to exclude potentially target pixels from being 
included in the sea clutter model fitting. The final stage is 
discrimination of non-ship objects. 

 
Fig. 3 Flowchart of ship target detection in complex 

background in SAR image. 

b) Large-scale CFAR 
The large-scale CFAR is implemented on an azimuth-vs-
range 2D grid partitioning of the sea area. GΓD parameter 
estimation is conducted on each grid cell. Hence, the 
threshold of is adaptively calculated for each grid cell for a 
given false alarm rate, i.e. 

𝑇𝐺 = 𝑐𝐺
−1(1 − 𝑃𝐺𝐹 ; 𝛽, 𝜆, 𝜈) (34) 

Such an adaptive threshold can effectively compensate 
some large-scale factors such as RCS dependence on the 
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incident angle varying along the range direction or 
localized sea events such as high sea state condition or rain 
cells. Due to insufficient pixel samples or leaked target 
pixels in any one particular grid cell, there might be noises 
or spikes in the 2D threshold surface. In this paper, 
weighted linear least squares filtering is adopted to 
suppress the abnormal thresholds and smooth the threshold 
surface. Finally, a binary mask is obtained via pixel-by-
pixel thresholding using the bilinear interpolated 
thresholds. 
 
c) Small-scale sliding CFAR 
Small-scale sliding CFAR is then conducted on the 
detected candidate target pixels only, which greatly 
reduces the computation load. Figure 4 illustrates a local 
area of large-scale CFAR mask where blue pixels represent 
sea clutter; the yellow pixels represent the currently 
selected region for small-scale CFAR processing; the red 
point represents its center; the red window represents 
CFAR background window; the light blue pixels represent 
these samples which are used to estimate the GΓD 
parameters of the background clutter; the white pixels 
represent a nearby target pixels which should be excluded 
for GΓD estimation. Similarly, the threshold of the 
background window can be derived 

𝑇𝐴 = 𝑐𝐺
−1(1 − 𝑃𝐴𝐹 ; 𝛽, 𝜆, 𝜈) (35) 

Then the yellow pixels in the connected region is compared 
with this local threshold. So an updated binary mask is 
produced which is the final result of CFAR detection. 

 
Fig. 4 Small-scale iterative CFAR 

The result of multi-scale iterative CFAR algorithm is 
shown in Fig.5 for the ALOS2 SAR image. Both red 
pixels and green pixels are target pixels as detected by 
large-scale CFAR algorithm. The red pixels are the final 
result after small-scale local CFAR filtering.  From 
Fig.5, the false alarms represented by green pixels 
mainly include residual land, bright sea clutter, and 
sidelobe leakage of bright targets. This experimental 
result demonstrates that small-scale CFAR can 
effectively discriminate the most of false alarms through 
modeling local clutter distribution.  

 
Fig. 5 Result of multi-scale iterative CFAR (green 

pixels: detected by large-scale CFAR but removed by 

small-scale CFAR; red pixels: final result of small-

scale CFAR). 

d) Maximum likelihood discrimination 
From the result of multi-scale CFAR, we can see there are 
some non-ship targets left, such as wharfs, dyke-dams, 
ledges, and islets and offshore buoyancy net cages, etc. 
These nearshore non-ship scatterers are primarily 
manmade constructions. Their average backscattering 
intensities are much higher than sea clutter but still 
generally lower than ship targets.  
The maximum likelihood discrimination method is 
proposed to further discriminate these nearshore non-ship 
targets. The steps of this method is described as follows: 
Coastal land clutter probability distribution is estimated 
using GΓD as 𝑝𝐿(𝑥|𝛽𝐿 , 𝜆𝐿 , 𝜈𝐿). 
Offshore ship targets probability distribution is estimated 
also using GΓD written as 𝑝𝑆(𝑥|𝛽𝑆 , 𝜆𝑆, 𝜈𝑆). 
Assuming that the selected nearshore target consists of 𝑁 
independent pixels, i.e. {𝑋𝑖|𝑖 = 1,2, ⋯ , 𝑁} , the log-
likelihood probability of all 𝑁 pixels belonging to coastal 
land clutter can be derived as: 

𝑙𝐿(𝛽𝐿 , 𝜆𝐿 , 𝜈𝐿) = ln {∏ 𝑝𝐿(𝑋𝑖|𝛽𝐿 , 𝜆𝐿 , 𝜈𝐿)

𝑁

𝑖=1

} 

 = 𝑁ln (
𝜈𝐿

𝛽𝐿
𝜆𝐿𝜈𝐿Γ(𝜆𝐿)

) + 

   ∑ [(𝜆𝐿𝜈𝐿 − 1) ln(𝑋𝑖) − (
𝑋𝑖

𝛽𝐿
)

𝜈𝐿
]𝑁

𝑖=1   

(36) 

Likewise, the log-likelihood probability of it belonging to 
ship targets can be written as: 

𝑙𝑆(𝛽𝑆, 𝜆𝑆, 𝜈𝑆) = 𝑁ln (
𝜈𝑆

𝛽𝑆
𝜆𝑆𝜈𝑆Γ(𝜆𝑠)

) +

 ∑ [(𝜆𝑆𝜈𝑆 − 1) ln(𝑋𝑖) − (
𝑋𝑖

𝛽𝑆
)

𝜈𝑆
]𝑁

𝑖=1   
(37) 

If 𝑙𝐿 < 𝑙𝑆, the target is regarded as a ship target. Otherwise, 
the target is classified as a non-ship target. 
 
e) Polarimetric discrimination 
It’s very difficult to discriminate the detected islets and 
ledges using the grayscale magnitude only. With 
polarimetric feature, we can further discriminate via 
different scattering mechanisms. The 2-D 𝐻/�̅� plane is an 
unsupervised classification scheme proposed by Cloude 
and Pottier [7]. Polarimetric parameter �̅� (0° ≤ �̅� ≤ 90°) 
is useful for identifying the dominant scattering 
mechanism. Polarimetric entropy 𝐻 (0 ≤ 𝐻 ≤ 1)  is a 
measure of statistical disorder of each distinct scatter type 
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within the ensemble. The dominant scattering mechanism 
of ship target is dihedral reflector scattering, thus a simple 
criterion is tested, i.e. 

{47.5° < �̅� ≤ 90°

0 ≤ 𝐻 < 0.5
 (38) 

 
3. EXPERIMENTS 

 

A. Experiments of POLSAR Image Classification 

In order to illustrate the practicability of the POLSAR 
surface classification method based on deep neural 
networks, we further verified the universality of the 
classifier trained with labeled data. The training data and 
test data come from the same POLSAR images obtained in 
different regions.  
The training data comes from the ALOS-2 POLSAR in the 
Nanjing area. The acquisition time is April 14, 2016, and 
the incident angle is 30.9°. Fig.6 is the ALOS-2 image of 
Nanjing area. In this area, four types of terrains used for 
training: buildings, vegetation, waters and bare land. After 
training the CNN classifier, the model is used to classify 
the ALOS-2 images in another area of Nanjing and 
Shanghai. In the classification results, red corresponds to 
buildings, green corresponds to vegetation, blue 
corresponds to waters, and yellow corresponds to bare 
land. 

 
Fig. 6 ALOS-2 image of Nanjing area. 

Fig. 7 shows the ALOS-2 POLSAR pseudo-color image, 
classification result and corresponding optical image in 
another area different from Fig. 6 of Nanjing. The 
classification of buildings, vegetation, and waters is 
basically correct in both places. However, the bare surface 
category in the test area is not very obvious, the yellow 
categories in the classification results are scattered. 

 
(a) 

 
(b) 

 
(c) 

Fig. 7 The classification result of ALOS-2 image in 

Nanjing area. (a) The ALOS-2 image, (b) The 

classification result, (c) The corresponding optical 

image. 

Fig. 8 shows the ALOS-2 POLSAR pseudo-color image, 
classification result and corresponding optical image in 
Shanghai area. The acquisition time is March 9, 2015, and 
the incident angle is 25.4 ° . Although the POLSAR 
images from Fig. 7 and Fig. 8 are from the same sensor, 
their acquisition time, location, and incident angle are very 
different. Judging from the classification results, the 
classification effect is ideal for various types of terrains, 
indicating that the CNN model can extract efficient 
features from ALOS-2 POLSAR data. 

 
(a) 

 
(b) 

 
(c) 

Fig. 8 The classification result of ALOS-2 image in 

Shanghai area. (a) The ALOS-2 image, (b) The 

classification result, (c) The corresponding optical 

image. 

 
B. Experiments of Ship Detection 
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False alarm ratio and miss ratio are introduced as 
quantitative measures to evaluate the ship detection 
algorithm’s performance. False alarm ratio is defined as 

FA =
𝑁𝑓𝑎

𝑁𝑡𝑡 + 𝑁𝑓𝑎

 (39) 

where 𝑁𝑓𝑎 denotes the number of falsely detected targets, 
𝑁𝑡𝑡 denotes the number of correctly detected ships. Miss 
ratio is defined as 

MA =
𝑁𝑔𝑡 − 𝑁𝑡𝑡

𝑁𝑔𝑡

 (40) 

where 𝑁𝑔𝑡 denotes the number of actual ships. 
Quality factor FoM is a combined factor of false alarm ratio 
and miss ratio 错误!未找到引用源。, i.e. 

FoM =
𝑁𝑡𝑡

𝑁𝑓𝑎 + 𝑁𝑔𝑡

 (41) 

FoM ranges from 0 to 1, with 1 indicating the best 
performance. To calculate these factors we have to have 
ground truth data. In this paper, human-interpreted results 
are used as the ground truth. 
The ship detection result of Zhoushan Islands is shown in 
Fig. 9. The background of this area is very complex and 
there are several hundreds of ships in the scene. Almost all 
of ships are detected. The ML discrimination has removed 
most false-alarm objects in nearshore area. Note that some 
islet targets in the white rectangle area are difficult to 
remove. An enlarged view of the white rectangle area is 
given in Fig. 10. These islet targets can be discriminated 
via polarimetric discrimination. 

 
Fig. 9 The final detected ship targets after ML 

discrimination of Zhoushan ALOS-2 SAR image. The 

left is ship detection result and the right is a partial 

enlargement figure. 

The polarimetric discrimination result is shown in Fig. 10. 
It demonstrates that polarimetric feature can greatly 
improve discrimination capability because the most of 
islets or ledges are natural random media which has distinct 
polarimetric feature than ship targets. The final ship 
detection result of Zhoushan Islands is shown in Fig. 11. A 
quantitative result of the detection performance is given 
later in Table 1. Note that recently developed polarimetric 
methods should be explored in the future in terms of using 
multi-polarization SAR image to discriminate and further 
classify ship targets [8][9]. 

 
Fig. 10 The left is before polarimetric discrimination 

and the right is after polarimetric discrimination. 

 
Fig. 11 Final ship detection result of Zhoushan Islands, 

China. 

As shown in Fig. 12 and Fig. 13, two L-band HH SAR 
images from ALOS2 are chosen to test the validity and 
robustness of the proposed algorithm. 

 
Fig. 12 Ship detection of ALOS-2 SAR image of Kamo, 

Japan (Red pixel: ship targets, green pixels: detected 

non-ship targets). Left is the target detection result 

and the right is target discrimination result. 

 
Fig. 13 Ship detection of ALOS-2 SAR image of 

Matsusaka, Japan (Red pixels: ship targets, green 
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pixels: detected non-ship targets) Left is target 

detection result and the right is target discrimination 

result. 

Table 1 Evaluation of the algorithm performance 

District FA MA FoM 
Zhoushan, 

China 6.79% 5.17% 0.887 

Zhoushan, 
China 7.10% 2.30% 0.955 

Kamo, 
Japan 7.55% 0 0.925 

Matsusaka, 
Japan 6.67% 2.33% 0.875 

Table 1 lists all the performance metrics of three 
experiments. It demonstrates that the ship detection and 
discrimination algorithm for complex background 
proposed performs well in terms of the used three metrics. 
This algorithm can greatly suppress the interference caused 
by false alarm objects, especially nearshore non-ship 
targets, such as wharfs, dyke-dams, islets and ledges, etc. 
Note that polarimetric information is not used in 
discrimination for all four cases listed here. 
 

4. CONCLUSION 

For POLSAR land cover classification, a novel POLSAR 
terrain classification framework is proposed using deep 
convolutional neural networks. And six characteristic 
parameters are selected to represent the original POLSAR 
data. Spatial information is naturally employed to terrain 
classification due to the properties of convolutional 
networks. The proposed method has been validated by two 
datasets in different area from ALOS-2 POLSAR image.  
For ship detection of POLSAR images, the algorithm 
proposed can automatically adapt to various complex 
maritime environments. The detector adopts a multi-scale 
fast CFAR based on the generalized Gamma distribution. 
Finally, ML intensity-based and polarimetric methods are 
used to discriminate non-ship targets. Three experiments 
demonstrate that good performance, high robustness and 
low complexity of the proposed method. The algorithm 
proposed affords a broad application prospect for fishery 
industry, protection of oceanic environment and resources, 
defense industry and military field.  
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INTRODUCTION 
The main purpose of this project is to use PALSAR and 

PALSAR-2 data to monitor ground deformation near 

active in China, and to study the seismic activity 

characteristics and future seismic risk of active faults. 

PROJECT IMPLEMENTATION 
We obtained about 60 scenes of PALSAR and PALSAR-2 

data from JAXA, performed interferometric processing 

and generated interferograms. We found that there are 

obvious residual phases of orbit errors all interferograms 

(see Fig. 1). Generally, the interferogram includes surface 

deformation phase, atmospheric residual phase, terrain 

error phase, orbit error phase, and thermal noise [1-5]. To 

extract the surface deformation phase from these 

interferograms, other signals must be eliminated. This is a 

difficult problem in InSAR deformation research. 

Fig. 1: PALSAR-2 interferograms with orbital error 

phase. 

In China, the interferograms of small baseline sets of 

PALSAR and PALSAR-2 data are very rare, and the 

multi-temporal interferogram processing method is 

difficult to apply. Therefore, we encountered great 

difficulties during the implementation of this project. 

Therefore, we adjusted our research goals. Recent work is 

mainly to study the methods of eliminating various errors 

in interferograms. In view of the obvious orbit error phase 

in the interferogram, we focused on the study of 

interferogram orbit error elimination algorithm. Based on 

the analysis of the advantages and disadvantages of the 

existing orbit error elimination algorithm, we developed a 

new method by accurately estimating the orbit phase 

frequency to eliminate the orbit error phase in these 

interferograms. 

OUTPUT 
We have published an article and noted that the SAR data 

comes from this project. The title of this article is: 

“Accurate frequency estimation for removal of orbital 

fringes in SAR interferograms”. 
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1. INTRODUCTION

The goal of this project was to integrate ALOS-2 data to 

evolving volcano unrests along the Pacific Rim, with an 

emphasis on South America. We proposed to compare 
ALOS-2 data with InSAR data from other sensors, 

including satellites such as COSMO-SkyMed, 

RADARSAT-2, and Sentinel-1. For most volcanoes 

showing signs of unrest, or deformation found by accident, 

the applicability of each sensor will depend on the 

characteristics of the deformation and the surface 

environment, with respect to the characteristics of the 

satellite mission and the radar performance. Thus, in 

general having a suite of SAR systems from which to 

choose offers the best chance of retrieving useful signals. 

This project’s primary objective is to investigate the spatial 

and temporal transport of magma within volcanic systems 
in order to improve our ability to forecast the evolution of 

volcano unrest and volcanic eruptions. The project’s 

significance is that the spatiotemporal variation of volcano 

surface deformation is a fundamental observable for 

constraining the physical models of magma transport and 

the conditions under which volcanoes erupt. The large 

spatial coverage and dense spatial sampling of InSAR play 

an especially important role for volcano deformation 

studies.  Significant results have been obtained this year for 

several interesting and diverse volcanoes (Fig. 1): the 2018 

Kilauea eruption (ongoing); two eruptions within a week 
of each other in June 2018 in the Galapagos Islands; and 

Domuyo volcano, Argentina, that showed no signs of 

unrest but was found to be inflating at a fast rate (~12 

cm/yr) during the entire ALOS-2 mission time period and 

is still inflating. Sierra Negra, Galapagos, Domuyo volcano, 

Argentina, and the 2020 eruption of Taal volcano, 

Philippines were the subject of multiple manuscripts 

(Lundgren et al., 2020; Bell et al., 2021; Bato et al., 2021). 

Domuyo was first imaged with ALOS-2 data under our 

RA4 project P1326 and will be continued under this RA6 

project. 

2. PROCESSING SYSTEM FOR ALOS-2

PRODUCTS 

We used the InSAR processing module based on the JPL 

InSAR Scientific Computing Environment (ISCE) [1] 

developed by Liang et al. [2] to measure ground 

deformation with the data acquired by the Japan Aerospace 

Exploration Agency (JAXA) Advanced Land  

Fig. 1. Wrapped ALOS-2 interferograms for three 

volcanoes under analysis through this RA6 project. 

Top, portion of a 3-year ALOS2 SM3 interferogram 

for Domuyo volcano, Argentina; middle, ALOS-2 SM3 

interferogram covering the first month of the 2018 
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Kilauea volcano, Hawaii, eruption; bottom, a portion 

of the WD1 interferogram spanning the ongoing 

Sierra Negra, Galapagos, Ecuador, eruption. This 

figure shows the diversity in volcanic deformation we 

are studying and the great need for L-band SAR data 

in order to maintain coherence as well as to measure 

large (meter-scale) surface displacements. 

Observing Satellite-2 (ALOS-2) Phased Array L-band 
Synthetic Aperture Radar-2 (PALSAR-2) instrument. We 

used the Liang et al. [2-3] method to process ALOS-2 L1.1 

single-look complex (SLC) data from both SM1, SM3, and 

WD1 (full-aperture) products processed by JAXA.  

 

 
Fig. 2. Wrapped ALOS-2 ScanSAR pair 2015/04/04–

2018/01/20 interferogram in radar coordinates. Top is 

original interferogram, center is estimated ionospheric 

phase, bottom is interferogram after correction. Scene 

is a portion of the 350 km wide swath, using sub-

swaths 3, 4, 5. Fringes are at the nominal 11.8 

cm/cycle. This example’s data were acquired under 

our previous RA4 project P1326. 

An important capability of the ALOS-2 ISCE-based 

processing code is the ability to analyze the ionospheric 

path delay through a split spectrum approach [2]. An 

example of the ionospheric effects found in the southern 

Andes (around 37° S latitude) in 3 subswaths of an ALOS-

2 ScanSAR pair from 2015/04/04 to 2018/01/20 is shown 

in Fig. 2. Deformation fringes from two deforming 

volcanoes (Laguna del Maule towards the top and Domuyo 

volcano below; Lundgren et al., 2020) are evident among 

the ionospheric fringes. The correction removes the strong 
ionosphere phase while preserving the true volcano 

deformation. On the right of the image, there is still 

residual phase. This is likely caused by the poor 

performance of the ionospheric correction in this area as 

the range split-spectrum approach relies on coherence.  

 

3. VOLCANOES OBSERVED WITH ALOS-2 

 

We processed ALOS-2 data for a number of volcano 

studies and as part of volcano response efforts aimed at 

assisting local volcano observatories, especially in Hawaii, 

Guatemala, Colombia, Ecuador, Chile, and Argentina (Fig. 
3). In some cases (Ecuador, Colombia) we coordinated 

both with the local observatory and with the U.S. 

Geological Survey (USGS) and the Volcano Disasters 

Assistance Program (VDAP).  

 

 
Fig. 3. Map of volcanoes (red triangles) where we 

have analyzed ALOS-2 data in 2018. 

 

One such example is for Fuego volcano in Guatemala in 

which resolvable deformation was observed (Fig. 4). Here 

the 14-day interferogram shows no apparent short-term 

deflation associated with the eruption, but volcanoes with 

what are considered “open” systems often do not appear to 
deform, although this may be a problem with either the 

coarse temporal sampling of the SAR data acquisitions or 

a process that results in only very small deformation. 

 

One of the most significant sets of ALOS-2 data were 

acquired for the on-going Kilauea rift-zone 

intrusion/eruption and summit activity. ALOS-2 

interferograms for the Lower East Rift Zone (LERZ) 

showed significant deformation within the first week of the 

eruption (Figure 5, left). These spanned both the dike 

opening as well as a M6.9 earthquake. As the eruption 
continued at a low effusion rate in the first two weeks 

(through May 18) significant deformation was ongoing 

(Fig. 5, right) as pre-existing magma in the LERZ was 

pushed out of the way of the hotter, less viscous magma 

Kilauea

Galapagos

Fuego

Chiles

Domuyo

Cordon Caulle
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coming from the summit. The summit magma fed the more 

voluminous lava flows after May 18 but marked the end of 

significant LERZ deformation (Fig. 6). 

 

 

 
Fig. 4. ALOS-2 wide-swath interferogram 

2018/05/24 to 2018/06/07 spanning the June 3, 2018 

eruption which generate pyroclastic flows that 

killed over 100 people. The ALOS-2 interferogram 

from WD1 data shows no significant deformation of 

the volcano. 

 

 
Fig. 5. ALOS-2 interferograms related to the dike 

opening of the lower East Rift Zone (LERZ) of Kilauea 

volcano during the 2018 dike intrusion and fissure 

eruption. Fringe patterns show th combined effects of 

dike opening and the M6.9 earthquake on the left, with 

pure dike opening shown on the right. Both are from 

p89 SM3 data. 

 

The significant number of ALOS-2 data provided by JAXA 
in response to the Kilauea eruption were more than we can 

show here. These data will be the focus of research into the 

eruption kinematics and dynamics by the JPL group as well 

as colleagues at the U.S. Geological Survey. JAXA’s 

exceptional response to this volcano crisis served not only 

the Hawaiian Volcano Observatory (HVO) in their 

situational awareness, especially in the initial 2 weeks 

through the ALOS-2 low latency and ALOS-2’s high 

coherence in the critical LERZ, but they also provide a 

unique data set for constraining the Kilauea plumbing 

system. 

 

 

Fig. 6. Kilauea eruption ALOS-2 interferogram 

p185, WD1, 20180609-20180526 14 day interfeogram 

showing that by May 26 there was no significant 

deformation continuing in the LERZ, with continued 

significant summit deflation as well as mild middle 

ERZ deflation occurring as magma continued to 

withdraw from the summit through the MERZ 

feeding flows from the LERZ fissures. 

 
Two very interesting eruptions of 2018 were at Fernandina 

and Sierra Negra volcanoes, in the Galapagos Islands. Each 

of these volcanoes (as well as Kilauea) will be the focus of 

Dr. Marco Bagnardi, a new postdoctoral scholar at JPL. 

The complexity of these eruptions is evident in the 

interferograms shown in Fig. 1, bottom, for Sierra Negra 

and in Fig. 7, for Fernandina. The large amplitude of 

deformation (meter level at Fernandina and nearly 5 m at 

Sierra Negra) highlight the need for L-band in order to 

minimize aliasing of the deformation when the fringe-rate 

approaches the pixel size, as well as for improved 
performance in vegetated terrains. The Sierra Negra 

eruption and interferograms from ALOS-2 were included 

in the paper by Bell et a1. (2021). 

 

2018.05.22-2018.05.082018.05.08-2018.01.30
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Fig. 7. ALOS-2 interferogram for Fernandina from 

the same 2018.06.29-2018.05.18 WD1 interferogram 

shown in Fig. 1, bottom. Here we see the complex 

deformation pattern of inflation of the summit 

caldera and positive line-of-sight (LOS) 

displacement of the eastern side of the dike to the 

north as magma propagated northward and erupted 

onto the north flank of the volcano. 

 
The final example is given by the eruption of Taal volcano, 

Philippines, in January 2020 (Fig. 8). In a recent paper by 

Bato et al. (2021) we combine ALOS-2 and Sentinel-1 

interferograms and time series to model the pre- and co-

eruption sources to understand the nature of the eruption 

and show that the eruption might have been much larger if 

not for the re-direction of magma into a very large (~0.5 

km3) lateral dike. 

 

4. ANALYSIS OF ALOS SAR DATA 

 
ALOS SAR data were analyzed as part of our study on 

Domuyo volcano, Argentina (Lundgren et al., 2020). There 

were three significant dates in 2008, 2010, and 2011 from 

the descending track and another pair from an ascending 

track (that verified the ~half a fringe deflation signal). This 

was the only satellite available at that time to show this 

deflation, a critical piece of information towards 

unraveling the subsurface deflation-inflation signal that 

allowed us to infer different physical models. 
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Fig. 8. ALOS-2 interferogram the January 12, 2020 

eruption of Taal volcano, Philippines. Interferogram is 

from 2020.01.26 – 2019.09.08 and is a combination of 

dike opening to the SW and deflation of a ~5-6 km deep 

magma reservoir beneath Volcano Island in the center 

of the caldera (Bato et al., 2021). 
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1. INTRODUCTION

This RA6 project builds upon our previous work applying 
ALOS-2, mostly WS1 scanSAR, to producing large-scale 
InSAR time series over most of central and southern 
California along the San Andreas fault, the primary fault 
that accommodates more than half of the North America – 
Pacific relative plate motion. This report reflects our work 
on the InSAR processing and time series work towards 
developing a comprehensive InSAR time series 
deformation field across California. Currently most of the 
ALOS-2 processing has been devoted to extending the 
processing. Analysis of the existing ALOS-2 data is 
currently being used for understanding fault mechanical 
models of southern California fault systems. 

Our understanding of earthquake occurrence and plate 
boundary zone mechanics has evolved from a fairly simple, 
static/cyclic-occurrence/constant-velocity paradigm to one 
in which transient stresses modulate earthquake occurrence. 
In this new paradigm earthquakes respond to each other 

# © 2018. All rights reserved. 

and through lithospheric mechanical feedback mechanisms 
to produce non-steady-state behavior. Transient stress and 
strain in the crust and upper mantle are the result of both 
the interactions of individual sets of recent earthquakes, 
which cause coseismic static stress changes followed by 
postseismic stress changes that evolve over varying time 
scales, and potentially, residual stress changes that evolve 
over longer time scales and generate earthquake clustering 
that is linked in both space and time. Advances in this field 
have resulted from combinations of the seismic record, 
geologic observations, and geodetic observations, coupled 
with numerical models. Our ability to understand and 
quantify these processes has improved as the spatial and 
temporal resolutions of surface deformation observations 
have improved. 

In this proposal we seek to relate the spatiotemporal 
variation of surface deformation to infer the slip and 
mechanical variations of faults and the rheology of the 
lithosphere along the plate boundary zone in southern 

Figure 1. Examples of C-band Sentinel-1A TOPS interferometry (a) and L-band ALOS-2 ScanSAR 
interferometry (b, c) in central California. (a) Sentinel-1A descending track interferometric pair of 
2016/04/12-2016/04/24, consisting of three subswaths and two frames/slices along track, processed at 7 
azimuth x 17 range looks with a swath width of ~250km. (b, c) ALOS-2 ScanSAR interferometry of 
2015/03/01-2016/01/17 from descending track 167 before (b) and after ionosphere noise correction (c). Each 
consists of 5 subswaths processed at 28 azimuth x 5 range looks with a swath width of ~350km. The surface 
deformation due to tectonic and non-tectonic sources shows up clearly after the correction. 
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California. We will focus on the San Andreas fault system 
that lies adjacent the Los Angeles metropolitan area. 
Our objectives are to address three main questions:  

• How do fault slip-rates across the San Andreas 
Fault (SAF) and other faults near Los Angeles 
derived from space geodesy compare to 
geologic slip rates?  

• What is the fault mechanical spatiotemporal 
behavior along SAF from the locked Carrizo 
Plain section to the north through Cajon Pass 
and to the southern SAF?  

• What are the mechanical responses of the 
lithosphere and faults in the Mojave and 
southern California regions following the 1992 
Landers/1999 Hector Mine earthquakes?  

•  
We proposed to combine improved spatiotemporal 
deformation maps derived from InSAR and GPS time 
series with advanced numerical modeling techniques to 
better resolve fault slip/locking and to constrain models of 
lithosphere rheology. The uniqueness of our approach is its 
improvement in the spatiotemporal resolution of surface 
deformation measurements across the deforming plate 
margin in southern California through the computation of 
InSAR deformation time series. To address each of our 
objectives we will analyze InSAR time series from new 
ALOS-2 acquisitions with existing ERS, Envisat, ALOS 
satellite data and future Sentinel-1a/b data once they 
become available. Where possible we will also add 
TerraSAR-X data. Archive ERS, Envisat, and ALOS-1 
data have been obtained previously through the WInSAR 
archive. TerraSAR-X data was obtained from the German 
Space Agency (DLR) through the Los Angeles Supersite 
proposal through the Group on Earth Observations (GEO) 
to DLR. We will combine InSAR time series and InSAR 
mean velocity maps with GPS solutions to achieve our 
scientific objectives. 
 

 

Figure 2. ALOS-2 SM3 (strip-map 3) interferograms 
covering parts of Los Angeles metropolitan area and 
the San Andreas fault. Data were processed at JPL 
using the ISCE software package. 

 
2. PROCESSING SYSTEM FOR ALOS-2 

PRODUCTS 
 
We use the InSAR processing modules based on the JPL 
InSAR Scientific Computing Environment (ISCE) [1] 
developed by Liang et al. [2] to measure ground 
deformation with the data acquired by the Japanese 
Aerospace Exploration Agency (JAXA) Advanced Land 
Observing System-2 (ALOS-2) Phased Array L-band 
Synthetic Aperture Radar-2 (PALSAR-2) instrument. We 
used the Liang et al. [2-3] method to process ALOS-2 L1.1 
single-look complex (SLC) data from both SM1, SM3, and 
WD1 (full-aperture) products processed by JAXA. ISCE is 
also used to process European Space Agency (ESA) 
Sentinel-1 wide-swath data. 

 
An important capability of the ALOS-2 ISCE-based 
processing code is the ability to analyze the ionospheric 
path delay through a split spectrum approach [2]. An 
example of the ionospheric effects found in southern 
California (around 36° N latitude) is shown in Fig. 1. 
Deformation fringes from groundwater withdrawal and 
resulting ground subsidence are evident among the 
ionospheric fringes. The correction removes the strong 
ionosphere phase while preserving the true ground 
deformation. On the left of the image, there is still residual 
phase. This is likely caused by the poor performance of the 
ionospheric correction in this area as the range split-
spectrum approach relies on coherence or due to 
tropospheric phase delay over the mountains to the east or 
along the coast to the west.  
We have also processed some SM3 data (Fig. 2) although 
the less frequent temporal sampling and the smaller spatial 
coverage means that SM3 data will only be used for 
specific cases, such as hydrocarbon withdrawal or smaller 
scale hydrology signals.. 
 

3. ALOS PROCESSING 
 
To achieve our proposed objectives we are developing fault 
and crustal time variable models constrained by 
archive/future InSAR and GPS time series. The unique 
capability we bring to bear on our scientific questions lies 
in the computation of an InSAR time series for much of the 
deforming plate boundary of California combined with 
forward and inverse numerical modeling capabilities. As 
part of Earthscope, we are using combined continuous GPS 
time series from Scripps Orbit and Permanent Array Center 
(SOPAC)  (http://garner.ucsd.edu/pub/timeseries/). ALOS 
archive PALSAR data (Figure 3) were used to create an 
InSAR time series mean velocity map (Figure 4). These 
data. Combined with GPS, are being used to constrain 
elastic fault locking/creep models for the San Andreas 
Fault (SAF) system as well as viscoelastic earthquake cycle 
models of the locked portions of the Mojave and Southern 
SAF. 

 
4. PRELIMINARY RESULTS 
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In addition to ALOS and ALOS-2 InSAR, NASA 
airborne UAVSAR has been mapping the entire SAF 
system systematically since 2009. Thanks to its optimized 
viewing geometry and very high spatial resolution, 
UAVSAR provides crucial near fault deformation 
measurement for resolving shallow fault slip. Our initial 
time series analysis of ALOS data combined with 
UAVSAR data from the central San Andreas fault shows 
localized deformation associated with fault creep across 
fault zones with a data spatial resolution of ~6 m and clear 
variability along strike (Figure 4). Discovery of 
distributed creep prompts the following questions: 1) How 
ubiquitous is distributed creep? 2) What controls the 
degree of strain localization along the different parts of 
the fault? 3) Could such distributed creep be explained by 
shallow slip and slip deficit (locking) or are more 
complicated mechanisms such as compliant fault zone or 
distributed inelastic deformation needed [4-5]? Our 
preliminary slip models that incorporate near-field 
deformation measurement from UAVSAR, along with 
ALOS and in-situ GPS shows that the data can be fit well 
with distributed creep and elastic locking (Figure 4). 

 
Fig. 3. Mosaic view of the selected ALOS-

Interferograms from track 213, 214, 215, 216, 218, 
219, 220, 221 that cover most San Andreas fault 

system in southern California. All interferograms 
have > 3 yr temporal baseline and show remarkable 

coherence. The fault creep and locking related 
deformation is clearly seen in the central SAF and 
Cholame segment. Phase is wrapped at 2π radians. 
Blue dotted boxes show ALOS-1 frames that have 

more than 8 acquisitions. 
 

 

 
Our continuing work with deep stacks of ALOS-2 wide-
swath data using the processing software indicated in 
Section 2, above [2-3], will allow us to extend the InSAR 
time series analysis to the entire central and southern San 
Andreas fault system to better resolve transient slip and the 
contributions from groundwater withdrawal and other 
anthropogenic sources. This work is on-going and the 
maturation of several research threads will be submitted to 
peer-reviewed journals within the next year. 
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Figure 4. Central San Andreas Fault mechanics. (a) ALOS mean LOS velocity map and cross-fault profiles (blue: 
InSAR; red points with error bar: projected GPS velocities). Yellow line is portion of SAF-Calaveras fault model 
(red lines: model surface traces) shown in (c). (b) UAVSAR mean LOS velocity map from five fault 
perpendicular paths in the creeping segment of the CSAF. Different profiles along strike are shown in (d). Inset: 
UAVSAR coverage along the CSAF. (c) Estimated fault slip using GPS, ALOS, with UAVSAR data from swaths 
A-C in (b) (bottom panels) and without UAVSAR (top-panels). For each panel, the top subpanel shows the 
zoomed view of fault creep at shallow depth (<6km). Inclusion of UAVSAR resolves well fault creep at shallow 
depth (< 2km), as seen in the lower checkerboard test. (P=Parkfield) (d) UAVSAR distributed creep from five (1 
km wide x 4 km long) profiles along fault strike. 
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1. INTRODUCTION

Early detection, monitoring and warning of landslides is a 
major and popular issue in the research field of geo-hazards, 
and this issue has become possible with the rapidly 
development of InSAR(Interferometric Synthetic Aperture 
Radar) technology. Due to the influences of complex 
regional topography and vegetation cover, improving the 
data accuracy of InSAR in monitoring the development of 
progressive landslides has become a challenge and urgent 
problem to be solved. In this research, Wudongde 
hydropower reservoir area, where landslides occur 
extensively, is investigated to further promote the 
application and monitoring accuracy of InSAR. The main 
works of this research include: (1) Considering the 
scientific problem that InSAR technology can't effectively 
identify and monitor all landslides in mountainous and 
valley areas , a computation model of the Ground Local 
Incident Angle (GLIA) is putted forward and established 
based on the response relationship of the terrain and the 
satellite attitude parameters, the relationships of the GLIA 
and the interference characteristics of InSAR data were 
quantitatively analyzed and computed, the conclusion is 
drawn that the optimal range of GLIA is 50-deg to 60-deg 
for InSAR applying in mountain and it is relatively reliable 
with 0-deg to 90-deg range of GLIA, but the 
interferometric result of the layover(<0 deg) and the 
shadow( >90deg)area are noneffective, at the same time, 
the layover and the shadow area are accurately calculated, 
and accurate locating of effective monitoring area is 
realized;(2) to solve the scientific problem that interference 
point target can't be extracted adequately in vegetation-
covered mountainous area, a computational system of PS-
DS InSAR is putted forward and constructed, which the 
Kolmogorov-Smirnov(K-S) was used to detect Statistically 
Homogeneous Pixels(SPH) as Distributed Scatterers, then, 
the PS and DS points were used as the interference points 
of the same property. The results show that under the same 
terrain and data coverage, the extraction density of the 
interferometric targets in the research area is increased by 
more than one-third and the accurate extraction of surface 
deformation is realized in the vegetation cover area and 
mountain area by PS-DS InSAR technology; (3) The 
accurate detection and locating of regional landslide is 
realized in Wudongde hydropower reservoir area based on 

the sliding mechanism and spatial-temporal evolution of 
deformation. In addition, the Jinpingzi landslide was 
studied in detail, and the calculation model of three-
dimensional surface deformation to line-of-sight 
deformation transformation was established, which realize 
the accurate verification of the single-point monitoring 
results.  

An algorithm system that was developed for early detection 
and monitoring of progressive regional landslides with 
greater monitoring accuracy based on InSAR technology 
in the region of complex terrain and vegetation region. That 
solve the technical problem that InSAR technology is 
unable to meet the practical needs, the early dynamic 
detection and accurate monitoring of regional landslides be 
achieved in mountainous areas of complex topography and 
vegetation cover, that solves the scientific problem that 
landslide hazards cannot be monitored and warned. 

2. STUDY AREA AND AVAILABLE DATA

2.1 Study Area 

The study area lies in the vicinity of Wudongde 
Hydropower Reservoir at the junction of Luquan and 
Huidong counties in Yunnan and Sichuan provinces, China, 
respectively, as shown in Fig.1, and the study area is about 
400 km2. The hydropower station is located in the 
downstream reach of Jinsha River, which cuts to a depth of 
about 1000–2000 m in the Wudongde Hydropower 
Reservoir region. Elevations range from 2000 to 3500 m 
above sea level (a.s.l.) on both sides of the valley, which 
has an average slope of >30–45°. The exposed Cenozoic, 
Mesozoic, Paleozoic and Mesoproterozoic strata in the 
reservoir area mainly include Quaternary, Cretaceous–
Jurassic, Triassic, Permian, Cambrian, Sinian, Gabbro, and 
Granite, the rising and falling water level in the reservoir 
can lead to adverse changes in the geologic and 
anthropomorphic environment that have resulted in the 
occurrence of landslides at all scales on the surrounding 
slopes. In particular, the Jinpingzi landslide, which 
occurred about 900 m from the dam site, directly affects 
the safety and normal operation of the reservoir. A 
background map of the study field is shown in Fig.1, and 
the suspected landslides are the areas whose features were 
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found to be very similar to the landslide in the field survey. 
The investigated area is framed in a purple square in this 
figure and represented by a red circle in the vicinity map; 
detailed information (zonation and ETS point arrangement) 
of the Jinpingzi landslide is inserted in the lower right 
corner. 

 
Fig.1 Topographically shaded aerial photo showing 
names and outlines of supposed landslide areas in the 
study area. A vicinity map in the upper left shows the 
location of the study area within China. An inset map 
in the lower right shows the zones and Electronic Total 
Station (ETS) monitoring sites within the Jinpingzi 
landslide area 
 
2.2 Available Data 
 
Nineteen scenes of Phased Array-type L-band Synthetic 
Aperture Radar (PALSAR-1) ascending acquisitions of the 
ALOS-1 satellite, two scenes descending and ten scenes 
ascending acquisitions of ALOS-2 PALSAR-2, with a 
wavelength of 230 mm (L band), were applied. The Shuttle 
Radar Topography Mission (SRTM) digital elevation 
models (DEMs) (3 arc-second) were interpolated and 
corrected to provide auxiliary 10 m DEM data. The 
parameters of PALSAR data are shown in Table 1. 
 

3. IMPORTANT PROGRESS AND RESULTS 
 

3.1 A GLIA Computation Model was Putted Forward 
and Established 
 
3.1.1 GLIA and its Calculation Model 
 
The GLIA is defined as the intersection angle between the 
propagation vector of the radar wave and the surface 
normal of a ground point; it is determined by the incidence 
and azimuth angles of the satellite as well as the slope and 
aspect of each ground point [1-2]. A geometric sketch of 
GLIA is shown in Fig.3, where 𝜃  is the incident angle, 
which is the Angle between the radar wave propagation 
vector and the vertical direction; 𝜕 is the local slope angle 
of the ground point, and 𝜃loc is the GLIA. The 𝛿 and 𝜔  are 
the local aspect angle of the ground point and the horizontal 

angles of Line of Sight (LOS) direction, respectively, 
where they are clockwise rotational horizontal angles and 
their zero direction is the north. Finally, Vs, Vn, and Va are 
the vector of LOS direction, the vector of the ground point 
normal direction, and the vector composition of Vs and Vn, 
respectively. 
Thus, 𝜔  can be expressed as follows: under the right sight 
condition, 𝜔 = Azimuth Angle + 90°; under the left sight 
condition, 𝜔  = Azimuth Angle −90°. The right sight 
condition is shown in Fig.3 as an example. 

 
Fig.2 Geometric sketch of the GLIA, where the three 
dimensions are shown as X, Y, and Z. Note: 𝜽  , the 
incidence angle; 𝜽𝒍𝒐𝒄 , the GLIA; 𝜹 , the local aspect 
angle of the ground point; 𝝏 is the local slope angle of 
the ground point; 𝝎  the horizontal angles of LOS 
direction 
 
The three components of Vs can be written using Equations 
(1)-(3): 
 

   𝑋 = |Vs| × sin θ × cos ω,         (1) 
 

𝑌 =  |Vs| × sin θ × sin ω,                (2)  
                                                                

𝑍 = −|Vs| × cos θ,                        (3) 
 

The three components of Vn can be written using 
Equations (4)-(6): 
 

𝑋 = |Vn| × sin ∂ × cos δ, (4) 
 

𝑌 = |Vn| × sin ∂ × sin δ, (5) 
 

𝑍 = |Vn| × cos ∂, (6) 
 

Thus, the three components of Va can be written using 
Equations (7)-(9): 
 

𝑋 = 𝑋 + 𝑋 , (7) 
 

𝑌 = 𝑌 + 𝑌 , (8) 
 

𝑍 = 𝑍 + 𝑍 , (9) 
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Table 1 Parameters of the available phased array-type L-band synthetic aperture radar (PALSAR) data 

Serial 
Number 

Observation 
Date 

Polarization 
Mode 

Center 
Latitude 
(Degree) 

Center 
Longitude 
(Degree) 

Center 
Incident 
Angle 
(Degree)  

Center 
Azimuth 
Angle 
(Degree) 

Temporal 
Baseline 
(Day) 

Orbital 
Model 

Satellite 

0 20070712 FBD/HH 26.254° 102.409° 38.747° 84.060° 0 Asc 

ALOS-1 

1 20070827 FBD/HH 26.251° 102.408° 38.724° 84.084° 46 Asc 

2 20071012 FBD/HH 26.250° 102.414° 38.734° 84.097° 92 Asc 

3 20080112 FBS/HH 26.248° 102.417° 38.732° 84.114° 184 Asc 

4 20080227 FBS/HH 26.250° 102.421° 38.732° 84.104° 230 Asc 

5 20080413 FBS/HH 26.253° 102.426° 38.740° 84.088° 276 Asc 

6 20080714 FBD/HH 26.253° 102.397° 38.729° 84.064° 368 Asc 

7 20080829 FBD/HH 26.252° 102.373° 38.714° 84.052° 414 Asc 

8 20081014 FBD/HH 26.252° 102.389° 38.747° 84.060° 460 Asc 

9 20081129 FBS/HH 26.250° 102.393° 38.756° 84.077° 506 Asc 

10 20090301 FBS/HH 26.251° 102.395° 38.741° 84.077° 598 Asc 

11 20090901 FBD/HH 26.252° 102.404° 38.735° 84.066° 782 Asc 

12 20091017 FBD/HH 26.249° 102.407° 38.735° 84.094° 828 Asc 

13 20100117 FBS/HH 26.250° 102.411° 38.746° 84.096° 920 Asc 

14 20100720 FBD/HH 26.253° 102.416° 38.733° 84.074° 1104 Asc 

15 20100904 FBD/HH 26.252° 102.417° 38.723° 84.090° 1150 Asc 

16 20101205 FBD/HH 26.249° 102.422° 38.744° 84.117° 1242 Asc 

17 20110120 FBS/HH 26.251° 102.423° 38.739° 84.105° 1288 Asc 

18 2110307 FBS/HH 26.248° 102.433° 38.757° 84.131° 1334 Asc 

19 20150103 FBS/HH 26.283° 102.425° 42.901° −82.398° 0 Desc 
ALOS-2 

20 20160102 FBS/HH 26.823° 102.425° 42.903° −82.398° 364 Desc 

21 20140926 FBD/HH 25.999° 102.484° 31.409° 79.232° 0 Asc 

ALOS-2 

22 20141205 FBD/HH 25.998° 102.484° 31.403° 79.231° 70 Asc 

23 20150213 FBD/HH 25.999° 102.483° 31.406° 79.235° 140 Asc 

24 20150925 FBD/HH 25.998° 102.483° 31.403° 79.231° 364 Asc 

25 20160212 FBD/HH 25.999° 102.484° 31.410° 79.235° 504 Asc 

26 20160715 FBD/HH 25.999° 102.484° 31.413° 79.234° 658 Asc 

27 20160923 FBD/HH 25.999° 102.483° 31.403° 79.233° 728 Asc 

28 20170210 FBD/HH 25.999° 102.484° 31.412° 79.233° 868 Asc 

29 20181214 FBD/HH 25.999° 102.485° 31.412° 79.232° 1540 Asc 

30 20190111 FBD/HH 25.998° 102.485° 31.403° 79.232° 1568 Asc  
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Based on cosine law: 
 
|𝑉𝑎| = |𝑉𝑛| + |𝑉𝑠| + 2|𝑉𝑛| × |𝑉𝑠| × 𝑐𝑜𝑠 𝜃 ,       (10) 

 
Thus, 
θ = arc cos[cos ∂ × cos θ − sin θ × sin ∂ × cos(ω − δ)],  (11) 
 
3.1.2 Calculation of GLIA  
 
Both ascending and descending data from ALOS PALSAR 
were used in this study; the θ and ω data for every ground 
point could be calculated using the ALOS PALSAR data; 
∂ and δ were obtained from the DEM (10 m spatial 
resolution) raster data spatial analysis. 
 
According to Equation (11), the GLIA of every point can 
be obtained; the range of GLIA values for the ascending 
and descending data were 26.58-101.97° and 32.51-
116.50°, respectively. Negative values of GLIA represent 
layover areas (an overlapping of radar responses from 
different positions), whereas the values of GLIA higher 
than 90° represent shadowed areas (e.g., areas behind steep 
mountains, which are not illuminated by the radar beam). 
The values of GLIA at each point show differences over 
area. For the sake of simplicity in the following analysis, 
the values of GLIA were reclassified into groups with the 
interval of 10° (considering DEM data of 10 m resolution 
and radar data of PALSAR are used); values of GLIA 
representing layover and shadowed areas were placed into 
two other groups, separately. Therefore, the eleven angle 
groups were scattered in the study area as shown in Figs. 3 
and 4.  

 
Fig.3 Distribution and reclassification map of the GLIA 
for the ascending pass data 
 

 
Fig.4 Distribution and reclassification map of the GLIA 
for the descending pass data 
 
3.1.3 Correlation Analysis of the GLIA and Interference 
Characteristics 
 
The interference characteristics form a description of the 
interference capability indexes of the InSAR data set. The 
presented study mainly refers to the Backscattering 
Coefficient (BSC) and Coherence Coefficient (CC) of the 
InSAR data set. The BSC is the ratio of the grayscale value 
of each pixel to the maximum grayscale value (255) in 
power images. 
 
To acquire the relationship of GLIA and backward 
scattering elements, the average value of BSCs were 
computed for the ascending and descending SAR images; 
the average values of BSC as a regional statistic were 
obtained according to the reclassified interval of GLIA. 
The specific variation trend of GLIA and BSC are shown 
in Fig.5, in which BSC is the average value of all pixels in 
the mean power image rather than the average value of all 
interference point targets for the PS-DS InSAR. 

 
Fig.5 Variation trend diagram of the Backscattering 
Coefficient (BSC) and the GLIA 
 
The BSC decreased with an increase in GLIA (Fig.5). 
However, the values of BSC were higher and more stable 
in ascending data with less than a 10° interval and in 
descending data with less than a 30° interval. Then, the 
gradient variation exhibited rapid slowing down after the 
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50–60° interval for both of the ascending and descending 
data. The BSC values were almost highest in the layover 
areas but they were lowest in the shadowed areas. 
 
In order to investigate the relationship between GLIA and 
coherence, the averages value of the CC was computed 
according to the reclassified GLIA for the ascending and 
descending SAR images. The specific variation trends are 
shown in Fig.6, in which CC is the average value of all 
pixels in the mean coherence image rather than the average 
value of all interference point targets for the PS-DS InSAR. 

 
Fig.6 Variation trend diagram of the CC and the GLIA. 
 
The average values of CC increased with an increase of the 
GLIA at first and peaked at 10-20° (Fig.6). Then, the CC 
values declined with an increase of the GLIA; however, the 
CC value of the ascending data had a slight increasing trend 
after 50-60°, whereas the descending data continued to 
decline. This showed that the variation tendency was 
consistent and stable before 50–60° and that it had a 
different variation tendency after the 50-60° interval. 
 
3.1.4 Locating of the Reliable Interference Region 
 
Several conclusions can be drawn based on Figs. 3 and 4 
and the correlation of GLIA with both BSC (Fig.5) and CC 
(Fig.6). One can conclude that a smaller GLIA will produce 
a more intense backscatter in mountainous and valley areas. 
In addition, a smaller GLIA will also produce better 
interferometric properties in general for InSAR when 
applied in mountainous and valley areas. However, the 
detailed interference properties of SAR data were 
influenced by the ground target properties. Nevertheless, 
the interferometric properties of SAR data are relatively 
reliable with a 1-90° range of GLIA; the layover (<0°) and 
shadowed (>90°) areas are noneffective for InSAR when 
applied in mountainous and valley areas. 
 
In this work, the distribution of effective interferometric 
regions for the 19 PALSAR-1 ascending acquisition scenes 
and the two PALSAR-2 descending acquisition scenes is 
shown in Fig.7 and Fig.8. The red layover regions and the 
blue shadowed regions are both noneffective regions; the 
other gray regions for the 1-90° range of the GLIA are 
reliable interferometric regions. 

 
Fig.7 Distribution map of effective interferometric 
regions for PALSAR-1 ascending acquisition  
 

 
Fig.8 Distribution map of effective interferometric 
regions for PALSAR-2 descending acquisition 
 
3.1.5 Analysis and Inversion of Satellite Attitude 
Parameters for Optimal Interference 
 
According to Equation (11), The calculation formula is 
derived as follows: 
 
𝑐𝑜𝑠𝜃 = 𝑐𝑜𝑠 𝜕 × 𝑐𝑜𝑠 𝜃 − 𝑠𝑖𝑛 𝜃 𝑠𝑖𝑛 𝜕 𝑐𝑜𝑠( 𝜔 − 𝛿)     (12) 
 
As the radar side looking imaging, theoretically the LOS 
azimuth Angle is all 90°, the horizontal angles of LOS 
direction 𝜔 is almost all less than ±10° in the actual data 
acquisition. Therefore, Formula (12) can be simplified as: 
 
𝑐𝑜𝑠𝜃 = 𝑐𝑜𝑠 𝜕 × 𝑐𝑜𝑠 𝜃 − 𝑠𝑖𝑛 𝜃 𝑠𝑖𝑛 𝜕 𝑐𝑜𝑠 𝛿            （13） 
 
For the 𝜕 and 𝛿 at different points are fixed, according to 
Equation (13), the 𝜕  value greater within the fixed range 
of the optimal GLIA and the 𝜃  value smaller, the 
interference quality will be better. Therefore, archived 
PALSAR-1 data with a resolution of 12 meters with an 
incident Angle of 38.7° and PALSAR-2 data with a 
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resolution of 10 meters with an incident Angle of 31.4° 
were selected as SAR data for the main application in this 
study. 
 
3.2 PS-DS algorithm system was proposed and 
established  
 
3.2.1 Calculation and Selection of Permanent Scatterer 
(PS) 
 
N-1 time-series differential interferogram are obtained by 
the registration, resampling and interference of N SAR 
images, then, the mean value �̅�  of CC for each 
corresponding pixel on the N-1 differential interferogram 
and the deviation index 𝐷  of each corresponding pixel on 
the N registration SAR image are calculated, the pixels 
satisfying both the CC threshold   𝑇  and the deviation 
index threshold 𝑻𝑫𝑨 are selected as the candidate points of 
PS (PSC). The wrapped phase of each PSC on each 
differential interferogram was analyzed. It was assumed 
that the wrapped phase of the xth PSC on the ith differential 
interferogram could be expressed as: 
 
𝜓 , , = 𝑊 𝜑 , , + 𝜑 , , + 𝛥𝜑 , . + 𝛥𝜑 , , +

𝜑 , ,                                                                                               （14） 

 
Where, W represents the wrapped operator; 𝜑 , ,  , 
𝜑 , ,   , 𝛥𝜑 , ,   , 𝛥𝜑 , ,   , 𝜑 , ,   respectively represents 
the LOS direction deformation phase, atmospheric delay 
phase, residual phase caused by orbit error, the phase 
caused by side looking Angle error and the phase of noise 
components. When  𝜑 , ,   is small enough, the PSC is the 
most likely to become PS.   
 
In general,  𝜑 , ,  ,   𝜑 , ,  , 𝛥𝜑 , ,  is considered 
spatial correlation in the specific space scope (40-100 m), 
while 𝛥𝜑 , , , 𝜑 , ,  is irrelevant and the mean to 0 within 

the scope of this. The low-frequency component 𝜓
, ,

  is 

obtained by the adaptive phase low pass filter of frequency 
domain for PSC, 𝜓

, ,
 is removed to get the following 

formula: 
 

  𝑊 𝜓 , , − 𝜓
, ,

≈ 𝑊 𝛥𝜑 , , + 𝜑 , , + 𝛿 ,          (15)                    

 
Where, 𝜑 , ,  is the spatial uncorrelated part of 𝝋𝒏,𝒙,𝒊  ,  
𝛥𝜑 , ,  is the error caused by 𝛥𝜃 , ,  , namely 𝛥𝜑 , , =

, ,  (𝜆  is the radar wavelength, 𝐵 , ,  is the vertical 

baseline), 𝛿 , = 𝜑 , , + 𝜑atm,x,i
nc + 𝛥𝜑 , ,  is the sum 

of the spatially uncorrelated components for the 
deformation, atmospheric delay, and orbital error 
components. For any PSC, N-1 observation equations can 
be listed as shown in Equation (15). Then, the objective 
optimization function is adopted: 
 

  𝛾 = |∑ (𝑐𝑜𝑠 𝜔 + 𝑗 𝑠𝑖𝑛 𝜔 |                 (16) 

 
𝛾  is the temporal coherence measure of phase residual 
change of the Xth PSC, 𝑗 = √−1 , 𝜔 = 𝜓 , , −

𝜓
, ,

− 𝛥𝜑 , ,  . The 𝛥𝜑 , ,  of each PSC and the spatial 

uncorrelated phase 𝜑 , of the main image are obtained 
through the N-1 equations (Estimate of 𝜑 , ,  
namely, 𝜑 , , + 𝛿 , ). 
 
According to Equation (16), a set of solutions 𝛥𝜑 , ,   is 
searched out to makes the 𝛾  maximum in a given solution 
space. The 𝛾   of each PSC is obtained, lower value  𝜸𝒙 is 
temporarily rejected, 𝛾  is recalculated by using the 
remaining PSC within the spatial correlation range, this 
iterative calculation is repeated, finally the  𝛾  is mainly 
controlled by the non-correlation phase, and the PS point is 
selected. 
 
3.2.1 Calculation and selection of distributed scatterer (DS) 
 
Kolmogorov–Smirnov (K-S) test was used to detect 
Statistically Homogeneous Pixels (SHP) clusters for each 
pixel point in image, When the point number of SHP 
cluster is greater than 20, all points of SHP cluster were 
defined as DS candidates (DSC). 
 
The algorithm model of K-S test is as follows: Assuming 
the independent identically distributed sample 𝒁𝟏, … , 𝒁𝑵 
of population distribution function F, its empirical 
distribution function can be expressed as: 
 

𝐹 (𝑧) =

0,

,

1,

𝑧 < 𝑍( )

𝑍( ) ≤ 𝑧 ≤ 𝑍( )

𝑍( ) ≤ 𝑧
, 𝑘 = 1, ⋯ , 𝑁 − 1.    (17) 

 
𝑍( ) ≤ 𝑍( ) ≤ ⋯ ≤ 𝑍( )  is the sequence obtained by 
rearranging 𝒁𝟏 ,, 𝒁𝑵  in order of their size. For two 
different points (x,y) , determining whether their 
amplitudes are consistent, the corresponding null 
hypothesis and alternative hypothesis are: 
 

𝐻 : 𝐹 (𝑧) ≡ 𝐹 (𝑧) ↔ 𝐻 : 𝐹 (𝑧) ≠ 𝐹 (𝑧)         (18) 
 

𝐹 (𝑧)  and 𝐹 (𝑧)  represent amplitudes empirical 
distribution functions with x and y, respectively. In order 
to implement the above hypothesis test, Kolmogorov 
distance 𝐷  is introduced:  
 

  𝐷 = 𝑠𝑢𝑝 𝐹 (𝑧) − 𝐹 (𝑧)                    (19) 

 
The cumulative probability density function of 𝑫𝑵 can be 
expressed as: 
 

𝑃(𝐷 ≤ 𝑡) = 𝐻(𝑡) = 1 − 2 ∑ (−1) 𝑒∞       (20) 
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The corresponding significance level 𝜶 is:  
 

𝛼 = 1 − 𝐻(𝑡)                       (21) 
 
The rejection domain is set as 0.05, if 𝜶 is greater than 0.05, 
then the null hypothesis is accepted, and it is considered 
that the amplitude distribution of x and y is the same, which 
is a pair of SHPs; if 𝜶 is less than 0.05, the alternative 
hypothesis is accepted that the amplitude distributions of x 
and y are completely different and that the two points are 
not a pair of SHPs. 
 
For all DSC points, SHP cluster and Phase Triangulation 
Algorithm (PTA) were used to calculate their coherence 
matrix. The objective optimization function is used: 
 

𝛾 = ∑ ∑ 𝑒 𝑒 ( )          (22) 

 
The DSC point with 𝛾  value greater than 0.8 was 
selected as the DS and the optimized phase value is used to 
replace the original phase value of DS. 
 
3.2.3 The algorithm system of PS-DS InSAR 
 
The phase and other components need to be unwrapped and 
estimated after enough DS and PS are selected, and 𝛥𝜑  
and 𝜑 ,  need to be removed before unwrapped phase. 
Then, 3D phase unwrapping step by step is performed to 
obtain the true phase of each point:  
 
𝜓 , = 𝜑 , , + 𝜑 , , + 𝛥𝜑 , , + 𝜑 , , +

𝛥𝜑 , , + 𝛥𝜑 , , + 𝛥𝜑 , , + 2𝑘 , 𝜋                    （23） 
 
𝜓 ,   is the unwrapped phase of the xth DS or PS point in 
the ith differential interferogram, 𝜑 , , + 𝛥𝜑 , ,  is 
the sum of the atmospheric and orbital errors of the main 
image, 𝜑 , , + 𝛥𝜑 , ,   is the sum of the atmospheric 
and orbital errors of the slave image, 𝛥𝜑 , , = 𝛥𝜑 , , −

𝛥𝜑 , ,  is the side looking angle error of the spatially 
correlated , 𝛥𝜑 , , = 𝜑 , , − 𝜑 , , 𝑘 ,  is the cycle 
numbers of the unwrapped phase.  
 
In order to obtain the deformation phase 𝜑 , ,  , the effect 
of other related components should be deducted. Where, 
the atmosphere, orbit and side looking inclination errors of 
the main image can be directly obtained by using the Least 
Square (LS) method according to Equation (15). The 
atmospheric and orbital errors of every slave images are 
estimated by high-pass filtering in the time domain and 
low-pass filtering in the space domain. Finally, the side 
looking inclination error and the atmospheric and orbital 
error of the main and slave images were subtracted, so as 
to obtain the phase of all the time series deformation of DS 
and PS. 
 

For any xth DS or PS, the annual deformation rate and 
standard deviation of each DS and PS point were calculated. 
N-1 observation equations can be listed: 

    
⎩
⎨

⎧
𝜔 , = 𝛿 𝜐 − 𝜓 ,

𝜔 , = 𝛿 𝜐 − 𝜓 ,

⋮
𝜔 , = 𝛿 𝜐 − 𝜓 ,

           (24) 

 
𝜔 ,  is the residual phase of the xth DS or PS point in the 
ith differential interferogram, 𝝊𝒙 is the annual deformation 

rate (mm/a) of the xth DS or PS point, 𝛿 = ⋅
.

, 

t is the slave image relative to the main image time 
interval (day). The equation is expressed in matrix form as 
follows: 
 

  𝑊 = 𝐴𝑉 − 𝐿                           (25) 
 
𝑊 = [𝜔 , 𝜔 , ⋯ 𝜔 , ] , 𝐴 = [𝛿 𝛿 ⋯ 𝛿 ] , 𝐿 =

[𝜓 , 𝜓 , ⋯ 𝜓 , ] . The estimated value of the annual 
deformation rate obtained by the least square (LS) method 
is: 
 

𝑉 = (𝐴 𝑃𝐴) 𝐴 𝑃𝐿                         (26) 
 
Where, 𝑃  is the diagonal matrix formed by each 
interference pair 𝜹𝒏 𝟏. The covariance matrix of 𝑉 is:             
 

𝑄 = (𝐴 𝑃𝐴)                          (27) 
 
Because DS is the integrated vector united computation 
through image elements in the N images and is considered 
by the comprehensive changes of time series image 
elements. Therefore, the joint application of PS and DS 
ensures the optimal utilization of the existing interference 
point targets, solves the problem that the stable scattering 
of ground target points cannot be effectively extracted in 
vegetation regions, and greatly improves the extraction 
density of the real ground object targets in mountainous 
areas. 

 
PS (165934)                       PS-DS (249941) 

Fig.9 The comparison of interference points was 
obtained by PS and PS-DS algorithms in the study area 
 
3.3 Locating and Monitoring of Landslide in Wudongde 
Hydropower Reservoir  
 
3.3.1 Locating Results of Regional Landslides 
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The displacement map (Fig.10-11), which contains a 
detailed map showing the LOS moving average velocity, 
were obtained between 12 July 2007 and 7 March 2011 
using the 19 PALSAR-1 ascending SAR image scenes 
(Fig.10) and between 26 September 2014 and 11 January 
2019 using the 10 PALSAR-2 ascending SAR image 
scenes (Fig.11) with the PS-DS InSAR technique, and the 
gray areas are the noneffective interference areas marked 
“Noneffective Areas”. The noneffective interference areas 
are not the absence of landslide disasters, they indicate that 
landslide disasters cannot be monitored using the 19 
PALSAR-1(Fig.10) and the 10 PALSAR-2(Fig.11) 
ascending SAR image scenes with the PS-DS InSAR 
technique in the noneffective interference areas. Other data 
or methods needed to be used for monitoring. Therefore, 
only the monitoring results of effective interference areas 
are analyzed in this study. 

 
Fig.10 Velocity map of LOS between 12 July 2007 and 
7 March 2011 period 
 

 
Fig.11 Velocity map of LOS between 26 September 
2014 and 11 January 2019 period 
 
The annual deformation rate of the LOS was also obtained 
in Fig.12 and Fig.13. The annual deformation rate of the 
LOS was slightly different, but the variation trend was 
basically the same in different regions. 

 
Fig.12 Annual deformation value of LOS (2007-2010) 
 

 
Fig.13 Annual deformation value of LOS (2015-2018) 
 
Based on the Fig.10-13, the temporal changes of annual 
deformation were analyzed in detail, and the changes of 
one-time, seasonal, continuous were determined. For the 
area with continuous deformation and large deformation 
value, according to the regional geological structure 
characteristics, deformation area range, dynamic change 
characteristics of time series deformation, and combined 
with the types and mechanism of landslide occurrence and 
sliding, the region of suspected landslide sliding can be 
identified and located. As shown in Fig.14, the purple 
polygon area is the sliding area of suspected landslide. 
 
The field survey results were compared, As shown in 
Figure 15, the red polygon areas are the landslide areas 
investigated on site by Three Gorges Survey and Research 
Institute, and both of them are in good agreement. 
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Fig.14 The suspected landslide of interpretation 
 

 
Fig.15 Landslides of the field surveys 
 
3.3.2 Monitoring Results of the Jinpingzi Landslide 
 
To verify the accuracy of the improved PS-DS InSAR 
technique for the location and monitoring of the 
monomerous Jinpingzi landslide, the deformation 
evolution of this active landslide was investigated. The 
displacement maps of the LOS direction were obtained 
from 12 July 2007 to 7 March 2011 (Fig.16), at the same 
time, the annual deformation rate in the LOS direction was 
also obtained (Fig.17). The displacement value of every 
monitoring point was revealed, and the moving 
displacement of the different regions can be clearly 
identified in the displacement map. The Jinpingzi landslide 
can be divided into four zones, I, II, III, and IV based on 
the local stratigraphic composition of the slide material. 
The results (Figs. 16 and 17) show that the displacement of 
zone II and a partial region of zone I were the largest; these 
must be regarded as the most important potential landslide 
disaster areas needing further investigation. The 
displacement of the other zones was relatively small. 
However, note that zone III is experiencing relative uplift 
that may be caused by the effects of human activities that 
are already in progress. Therefore, the results obtained via 

PS-DS InSAR were consistent with those obtained via 
ground monitoring results. 

 
Fig.16 Velocity map of the Jinpingzi landslide between 
12 July 2007 and 7 March 2011 period 
 

 
Fig.17 Annual deformation rate of the Jinpingzi 
landslide 
 
3.3.3 Single-Point Monitoring Accuracy 
 
To test the accuracy of single-point monitoring when using 
the PS-DS InSAR technique, the LOS displacement values 
of the leveling points (green dots with green serial numbers 
on the Jinpingzi landslide in Fig.18) obtained via PS-DS 
InSAR were compared with the ground-based ETS survey 
results. Therefore, the displacement vector dN, dE, and dU 
in North, East, and Up direction, respectively, which were 
monitored by ETS, will be projected to one slant-range 
component dLOS in the radar LOS. Equation (28) [3] was 
used for computing the dLOS value of ETS survey results. 
 
𝑑 = 𝑑 × cos θ − sin θ × [𝑑 × cos ω + 𝑑 × sin ω], (28) 
 
where θ = 38.737 degree is the average value of the 
incidence angle for 19 ascending pass SAR data, and ω = 
174.087 degree is the average value of the horizontal 
angles of LOS direction. 
When compared with the 92-day (12 January 2008 to 13 
April 2008) PS-DS InSAR results, the ETS survey period 
was from 11 January 2008 to 19 April 2008 for zone II and 
from 12 January 2008 to 18 April 2008 for zones I, III, and 
IV. When compared with the 368-day (12 July 2007 to 14 
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July 2008) PS-DS InSAR results, the ETS investigation 
period was from 23 June 2007 to 15 July 2008 for zone II 
and from 28 June 2007 to 14 July 2008 for zones I, III, and 
IV (Table 2). The Root Mean Square Error was computed, 
in which the results of the ETS were regarded as the 
ground-truthed values. In addition, a comparison of trend 
charts in Fig.17 indicates that the variation trends of  PS-
DS InSAR results were in perfect agreement with the high-
precision ETS data. 

 
Fig.18 Line-of-sight displacement map of the Jinpingzi 
landslide (92 days and 368 days). 
 

4. DISCUSSION AND CONCLUSIONS 
 

The PS-DS InSAR technique was used to detect and 
monitor landslides in an alpine valley region located 
adjacent to Wudongde Hydropower Reservoir on the 
Jinsha River. The GLIA, which represents the 
comprehensive factors of complex topography and satellite 
attitude parameters, was put forward and put to use, and the 
noneffective interference areas were calculated and 
identified using the ascending and descending data by PS-
DS InSAR technique. Then, an application example was 
implemented using the 19 PALSAR-1 acquisitions and the 
10 PALSAR-2 acquisitions by the PS-DS InSAR technique, 
the noneffective interference areas were calculated and 
excluded, and the monitoring results of the effective 
interference areas were analyzed in detail. The accuracy of 
landslides detection was verified by comparison with the 
ground field survey results in the study area, and the 
accuracy of single-point monitoring was verified by 
comparison with high-precision ETS results. The 
following conclusions can be drawn: 

 Due to the effects of regional topography and satellite 
attitude parameters, TS-InSAR technique cannot 
effectively identify and monitor all areas in 
mountainous and valley areas of rugged terrain for 
landslides. The GLIA can accurately calculate and 
exclude the areas that cannot be effectively monitored. 

 The effective range of GLIA is 0-90° for InSAR 
technology when applied in mountainous and valley 
areas of rugged terrain. However, the interferometric 
result of the layover (<0°) areas and shadowed (>90°) 
areas were noneffective because of low levels of 
coherence and geometric distortion. 

 In the case of small incident angle difference, the 
noneffective interference areas are almost consistent 
for the ascending and descending data. Only the 
shadowed areas of ascending data are the layover 
areas of the descending data, and the layover areas of 
ascending data are the shadowed areas of the 
descending data. 

 Regional landslides locating and single-point 
monitoring are both very accurate in the effective 
interferometric areas for landslides monitoring using 
the PS-DS InSAR technique. The present study will 
provide a new idea and reference for the early 
identification and high-precision monitoring of 
landslides in mountainous and valley areas applying 
TS-InSAR technology. 

 
Fig.19 Line-of-sight displacement trends for SBAS-
InSAR and ETS (unit: mm): (a) The compared trends 
of 92 days line-of-sight displacement; (b) The compared 
trends of 386 days line-of-sight displacement
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Table 2 Comparison of PS-DS InSAR and ETS measurement results (units: mm) 

Zone Point 
ETS 
(LOS/mm) 
(92 d) 

SBAS-InSAR 
(LOS/mm) 
(92 d) 

ETS 
(LOS/mm) 
(368 d) 

SBAS-InSAR 
(LOS/mm) 
(368 d) 

I 

AL01D −14.725 −19.333 −47.903 −36.651 

AL02D −4.261 −3.078 −6.907 −6.152 

AL03D −4.117 −4.188 −9.396 −6.930 

TP44 −2.978 −1.493 2.031 2.416 

TP45 −10.678 −9.022 −28.531 −32.875 

II 

TP01 −4.628 −5.260 −26.886 −34.896 

TP02 −2.745 −3.905 −22.771 −21.075 

TP03 −4.004 −6.266 −19.378 −17.097 

TP04 −41.994 −46.529 −121.299 −105.718 

TP05 −25.023 −32.637 −117.912 −109.515 

TP06 −69.402 −65.100 −130.103 −122.142 

TP07 −53.921 −46.34 −113.643 −105.453 

TP08 −68.761 −62.163 −140.456 −119.848 

TP09 −73.314 −68.058 −145.846 −128.667 

TP10 −56.290 −50.442 −111.276 −114.065 

TP11 −75.499 −69.635 −150.535 −142.149 

TP12 −25.779 −32.864 −109.848 −90.030 

TP13 −25.407 −31.615 −118.684 −109.481 

TP14 −63.325 −58.985 −129.2395 −117.472 

TP15 −5.43 −3.519 4.426 3.762 

AL02C −51.804 −47.289 −69.283 −55.947 

AL03C −47.454 −35.270 −120.763 −109.730 

III 

AL01A 0.391 −0.436 −0.393 8.491 

AL02A 1.63 0.806 1.094 2.246 

AL03A 3.714 0.856 −0.484 3.560 

AL02B −3.461 −6.608 −5.632 −9.124 

AL03B −1.841 −5.166 −1.895 −3.012 

TN10 −1.626 −4.413 −2.594 −2.853 

TN11 3.208 −1.180 1.233 6.780 

IV 
AL01B −3.95 −10.660 −5.057 −21.055 

AL01C −0.839 −4.763 −6.173 −9.393 

Root Mean Square Error Truth-Value 4.839 Truth-Value 9.004 
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1. INTRODUCTION

In our research, we focus on temporal ALOS-2 data have 
advantages for change detection and object classification 
with 3D spatial data to cover wide areas in urban mapping 
and disaster monitoring. In this paper, we summarize our 
researches on two topics. The first topic is research on the 
classification of building attributes using ALOS-2 and 
airborne LiDAR data in urban areas. The second topic is 
research on image-based registration of temporal SAR data 
for change detection. 

2. CLASSIFICATION OF BUILDING ATTRIBUTES
USING ALOS-2 AND AIRBORNE LIDAR DATA IN

URBAN AREAS 

A frequent map revision is required in GIS applications, 
such as disaster prevention and urban planning. In general, 
airborne photogrammetry and LiDAR measurements are 
applied to geometrical data acquisition for automated map 
generation and revision. In airborne photogrammetry, 
geometrical modeling and object classification can be 
automated using color images. Stereo matching is an 
essential technique for reconstructing a three-dimensional 
(3D) model from images. Recently, structure-from-motion 
(SfM) was applied to 3D modeling using random images 
(Uchiyama, 2014). Although object classification methods 
can be automated using height data estimated with stereo 
matching and SfM, construction materials such as wood 
and concrete are not easy to recognize. Construction 
materials constitute significant attribute data in building 
modeling and mapping. Therefore, ground surveys and 
manual editing works are required for attribute data 
classification. 
In LiDAR measurements, modeling and object 
classification are also automated by point cloud 
segmentation (Sithole, 2003). The data intensity assists in 
object classification (Antonarakis, 2008). Moreover, data 
fusion approaches using aerial images and LiDAR data are 
also applied to object classification to improve modeling 
accuracy and processing times (Uemura, 2011). 
On the other hand, although geometrical data extraction is 
not easy, SAR data enable automation of attribute data 
acquisition and classification. The SAR data represent 
microwave reflections on various ground surfaces and 
buildings. There are many studies related to monitoring 

activities of disaster, vegetation, and urban. Moreover, 
recent sensors, such as ALOS-2 PALSAR-2 (Japan 
Aerospace Exploration Agency, 2014), can acquire higher 
resolution data in urban areas. Therefore, we focused on 
the integration of airborne LiDAR data and high-resolution 
satellite SAR data for building extraction and classification. 

2.1 Methodology 
Our process is shown in Fig.1. First, we generated a digital 
surface model (DSM) from airborne LiDAR data. Second, 
the SAR image was registered with the DSM. Third, a 
normalized radar cross-section (NRCS) image was 
generated from SAR data. Fourth, building footprints were 
extracted from the DSM using height difference. Finally, 
building roof materials were classified with NRCS values 
in the DSM. 

Fig.1 Proposed methodology 

Building footprints were extracted from the DSM in four 
steps. First, building edges were detected using height 
differences between the building roofs and ground surfaces 
from the DSM with a 3 × 3 operator. Even when the 
building edges were discontinuous, approximate building 
features were detected in this step. Second, building 
boundaries were extracted. Discontinuous edges were 
connected to each other in the DSM with 8-neighborhood 
pixel filtering. The connected edges were defined as 
building boundaries. Third, segmentation was applied to 
each region enclosed by the building boundary to refine the 
building’s footprint. Although the extracted region 
included numerous noises, such as bridges, street trees, and 
automobiles, an approximate geometry of each region was 
extracted in this step. Finally, each region segment was 
filtered with its perimeter and area to extract the building’s 
footprint. An example of the building extraction is shown 
in Fig.2. 

LiDAR data SAR data
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geometry NRCS image
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Sampled 
building data

Training data

Classified 
building data

Existing maps

Registration
Building 

extraction

Building 
classification
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Fig.2 Example of building extraction 
 
Buildings were classified into several groups with non-
supervised classification. Our approach was a building 
classification based on roof materials and parameters with 
NRCS values, as shown in Fig.3. In general, SAR data 
processing has several technical issues, such as layover, 
radar shadow, and foreshortening. These issues are caused 
by undulating grounds. Therefore, we focused on the use 
of a descending and ascending dataset to improve these 
issues. 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig.3 Parameters for classification 
 
2.2 Experiment 
 
We selected the Toyosu area in Tokyo as our study area. 
This area included various types of buildings, such as 
residential houses, high-rise buildings, and shopping malls 
(Fig.4). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig.4 Basemap for supervised classification 
 
 

We prepared point cloud data acquired with airborne 
LiDAR data and satellite SAR data (Fig.5). The 
registration between SAR and LiDAR data required 
corresponding points to be extracted from each datum. 
Although SAR and LiDAR data had different indices, 
feature points could be selected manually, such as road 
intersections, rivers, and bridges. An example of 
corresponding points between SAR and LiDAR data. 
 
 
 
 
 
 
 
 
 
 
 
 
Fig.5 Experiment data (left image: airborne LiDAR 
data, right image: SAR data) 
 
After the feature extraction procedure, the digital number 
(DN) of the SAR image was converted into an orthoimage 
of NRCS. We used the following transformation formula 
with the calibration factor (CF). We substituted –83 for the 
CF (ALOS-2 / Calibration Result of JAXA standard 
products, 2015). 
 
             NRCS(dB) = 10 × log10(DN2) + CF                 (1) 
 
We selected several corresponding points, such as road 
intersections, rivers, and bridges, from each orthoimage. 
Moreover, an affine transformation was applied to the 
image registration between the SAR and LiDAR data.  
 
2.3 Result 
 
We extracted 1,778 buildings from the DSM. The result 
after the building classification based on ISODATA 
clustering of NRCS values is shown in Fig.6. The vertical 
axis indicates NRCS values calculated from ascending data, 
and the horizontal indicates NRCS values calculated axis 
from descending data. Classified buildings with NRCS 
values were projected into an orthoimage (Fig.7). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig.6 ISODATA clustering result using NRCS values 
 
 

Residential area

Residential building

Apartment

Business area

Office

Shopping center

Apartment with office

Leisure facilities

Recreation facilities

Others

Government office

School

Hospital

Plant

Factory (large)

Factory (small)

Warehouse

322



 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig.7 Building classification result using NRCS values 
 

3. IMAGE-BASED REGISTRATION OF 
TEMPORAL SAR DATA FOR CHANGE 

DETECTION 
 
Various approaches, such as satellite observations, aerial 
imaging and laser scanning, and aerial image acquisition 
using drones, are selected for observation of flood damages 
caused by heavy rains and large typhoons. Among these 
approaches, satellite observation has the advantages of 
simultaneity and wide-area observation. Satellite 
observations are roughly classified into optical sensing and 
radar sensing (SAR). Optical sensors can observe wide 
areas with high-resolution images. However, the 
availability of observation is low because optical sensing 
depends on weather and observation time (daytime or 
nighttime). On the other hand, SAR can observe flood areas 
during rainfall, because SAR is not affected by clouds and 
observation time. Thus, SAR has a higher availability of 
urgent disaster observations than optical sensors. In water 
flood observations, although flood area detection is 
conducted, change detection of flood areas is also required 
for the restoration of damaged areas. Change detection of 
flood areas can be conducted with temporal observation 
data with high time resolution. Moreover, precise 
registration of temporal SAR data is also required for stable 
change detection processing. Thus, in this study, we 
propose a feature classification and subtraction 
methodology to detect temporal changes in flood areas. 
Moreover, we selected Joso City damaged by the heavy 
rains in the Kanto and Tohoku regions in September 2015 
as a study area to verify and evaluate our methodology. 
 
3.1 Methodology 
Our proposed methodology is shown in Fig.8. First, 
subtraction processing is applied to temporal SAR data 
registered with the scale-invariant feature transform 
algorithm (Lowe, 2004). When general image-based 
subtraction processing is applied to SAR data, the 
processing will become unstable due to the influence of 
speckle noises. Moreover, region segmentation-based 
subtraction methodology is not easy to determine 
parameters suitable for all temporal data. Therefore, we 
developed a methodology to achieve more stable 
subtraction processing for temporal SAR data. First, 
temporal binary conversion processing is applied to the 
subtracted results between adjacent data on the time series. 
Second, the subtracted data are classified into positive and 
negative values. Third, regions changed are extracted from 
clustered positive and negative values in the time series. 

 
 
 
 
 
 
 
 
 
Fig.8 Clustering for change detection with temporal 
binary images 
 
The temporal binary conversion is a process of replacing 
positive and negative values. We aimed to extract two 
types of changed areas from temporal SAR data with 
higher speed processing. In this processing, flooded areas 
are represented negative values when backscatter values 
(pixel values in the registered SAR data) become smaller 
in time series. On the other hand, recovered areas are 
represented positive values when backscatter values 
increase in time series. Furthermore, the flooded areas are 
classified with temporal tracking of changed areas. 
 
3.2 Experiment 
In our experiment, we used temporal ALOS-2 / PALSAR-
2 data, as shown in Table.1. We registered the SAR data 
after flooding (5 scenes from September 10, 2015, to 
October 8, 2015) with the SAR data before flooding 
(August 13, 2015) as the reference data. We used 12 
corresponding points for registration. Fig.9 shows parts of 
registered SAR data. 
 

Table.1 Overview of used data 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig.9 Parts of registration results 

Date Observation mode Others 
August 13th, 2015 SM1 Descending 
September 10th, 2015 SM1 Descending 
September 12th, 2015 SM1 Descending 
September 13th, 2015 SM1 Descending 
September 14th, 2015 SM1 Descending 
October 8th, 2015 SM1 Descending 

Data 1 Data 2 Data 3 Data n

Subtracted 
data 1

Subtracted 
data 2

Subtracted 
data n-1

Subtraction 
processing

Clustering

Temporal binary conversion

Registration processing

・・・

・・・
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Fig.10 shows the results processed with our proposed 
methodology. We obtained 30 clusters in our experiment. 
We estimated several regions as flooded areas through 
photographic interpretation. Interpreted labels are mainly 
as follows: the label number 7 as changed areas around 
rivers and the label numbers 8 to 13 as changing areas 
(flooded areas) in agricultural fields. Fig.11 shows the label 
numbers 7 and 10. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig.10 Obtained 30 clusters with our proposed 
methodology 

 
 
 

 
 
 
 
 
 
 
 
 
 
 

Fig.11 Classification results of flooded areas 
 

4. CONCLUSION 
 
In this paper, we summarized our researches on temporal 
ALOS-2 data methodologies related to building object 
classification and image-based registration of temporal 
SAR data for change detection. Temporal ALOS-2 data 
have advantages for change detection and object 
classification with 3D spatial data to cover wide areas in 
urban mapping and disaster monitoring. Therefore, we 
focused on the integration of LiDAR and SAR data to 
achieve frequent map updates with attribute data 
acquisition. We also focused on a precise registration of 
temporal SAR data for change detection. We have 
confirmed that our methodology can classify building 
attributes using ALOS-2 and airborne LiDAR data in urban 
areas. Moreover, we have confirmed that our methodology 
can improve change detection processing with image-
based registration using temporal SAR data. 
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Label ID Subtraction 1 Subtraction 2 Subtraction 3 Subtraction 4 Subtraction 5

1 －1 －1 －1 －1 1

2 －1 －1 －1 1 －1

3 －1 －1 －1 1 1

4 －1 －1 1 －1 －1

5 －1 －1 1 －1 1

6 －1 －1 1 1 －1

7 －1 －1 1 1 1

8 －1 1 －1 －1 －1

9 －1 1 －1 －1 1

10 －1 1 －1 1 －1

11 －1 1 1 1 1

12 －1 1 1 －1 －1

13 －1 1 1 －1 1

14 －1 1 1 1 －1

15 －1 1 1 1 1

16 1 －1 －1 －1 －1

17 1 －1 －1 －1 1

18 1 －1 －1 1 －1

19 1 －1 －1 1 1

20 1 －1 1 －1 －1

21 1 －1 1 －1 1

22 1 －1 1 1 －1

23 1 －1 1 1 1

24 1 1 －1 －1 －1

25 1 1 －1 －1 1

26 1 1 －1 1 －1

27 1 1 －1 1 1

28 1 1 1 －1 －1

29 1 1 1 －1 1

30 1 1 1 1 －1
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1. INTRODUCTION

The intent of this proposal was it to develop pre-operational 

methods based on L-band Synthetic Aperture Radar (SAR) 

imagery for the use of crisis mapping activities (especially 

floods, fires, landslides and volcanic eruptions) supporting 

civil protection agencies and decision makers for disaster 

relief operations. During the course of the proposal 

duration, we implemented new and optimized existing 

procedures for SAR polarimetry for near-real time 

processing, analysis and thematic product generation based 

on polarimetric ALOS-2/PALSAR-2 data.  

During the proposal period the results were published as 

three peer-reviewed papers in ISI-listed journals [1], [2], 

[3] as well as presented at three international conferences

[4], [5], [6].

The focus of these publications was as follows:

• Floods: Rapid mapping of the entire flooded area,

including the flooded vegetation by means of joint

analysis of polarimetric Sentinel-1 and ALOS-

2/PALSAR-2 imagery [1] and [4].

• Fires: ALOS-2/PALSAR-2 data-based rapid burn

scar mapping independent of visibility limitations

due to the weather condition and smoke [2] and

[5].

• Volcanic eruptions and landslides: Monitoring of

the growth and collapse of a littoral lava dome at

a volcanic island. This collapse caused a tsunami,

which hit the neighboring islands [3] and [6].

The following chapters give a summary of the 

aforementioned focus points (floods, fires, volcanic 

eruptions and landslides). Details of the newly developed 

techniques and findings of the research are described in the 

journal publications attached to this report [1], [2], [3].  

2. FLOODS: RAPID MAPPING OF THE ENTIRE

FLOODED AREA, INCLUDING THE FLOODED

VEGETATION 

The publications [1] and [4] describe a semi-automated 

procedure for rapid mapping of the entire flooded area, 

including open water and flooded vegetation. For the first 

time the fusion of the classification results from two 

modern satellite SAR sensors for mapping flooded 

vegetation was presented: C-band dual-polarized Sentinel-

1 and L-band ALOS-2/PALSAR-2 (dual- and quad-

polarized). C-band turned out to be best suited for mapping 

open water areas, while L-band provides more detailed 

information on flooded vegetation.  

The developed procedure combines polarimetric 

decomposition-based unsupervised Wishart classification 

with object-based post-classification refinement and the 

integration of spatial contextual information and global 

auxiliary data.  

In eight different scenarios, focusing on single datasets or 

fusion of classification results of several ones, respectively, 

different polarimetric decomposition and classification 

principles, including the entropy/anisotropy/alpha and the 

Freeman–Durden–Wishart classification, were 

investigated. The helix scattering component of the 

Yamaguchi decomposition, derived from ALOS-

2/PALSAR-2 imagery, showed high suitability to refine 

the Sentinel-1-based detection of flooded vegetation.   

Although the classification fusion scenario based on 

ALOS-2/PALSAR-2 Freeman–Wishart with Sentinel-1 

imagery showed good accuracy values, the highest 

accuracies could be obtained by combining dual-pol 

Sentinel-1 entropy/alpha Wishart classification and ALOS-

2/PALSAR entropy/anisotropy/alpha quad-pol Wishart 

classification.  

The reader is referred to [1] (see appendix) for more details 

about the developed procedure on multi SAR sensor-based 

rapid flood mapping (incl. flooded vegetation). 

3. FIRES: RAPID BURN SCAR MAPPING

INDEPENDENT OF THE WEATHER AND SMOKE 

The publications [2] and [5] describe an ALOS-

2/PALSAR-2 data-based rapid burn scar mapping 

independent of the weather and smoke condition. Fire is a 

threat to human lives, infrastructure, and forestry. Satellite-

based Earth observations enable a fast, efficient, and 

reliable estimation of burnt area. In most cases, optical 

satellite data are used for burn scar detection. However, 

smoke and cloud coverage strongly limit the suitability of 

optical imagery for rapid mapping of burn scars. Therefore, 

an automated procedure based on quad-polarized L-band 

SAR data was developed to enable rapid burn scar mapping 

independently of the weather and smoke conditions. Full-

polarimetric SAR data enable the decomposition of the 
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SAR backscatter into different scattering mechanisms, 

describing the scatterer more precisely. The developed 

methodology is an object-based image analysis approach 

based on change detection.  

The study also reports important differences in the 

polarimetric backscattering behavior during the active fire 

and post-fire situations. While the SPAN (total scattered 

power) difference is best suited for burn scar mapping 

during active fire situations, the entropy/anisotropy/alpha 

and the generalized Freeman–Durden decompositions 

showed the best suitability for burnt area mapping several 

months after the end of the fire.  

The reader is referred to [2] (see appendix) for more details 

about the developed procedure on rapid burn scar mapping 

based on polarimetric ALOS-2/PALSAR-2 data. 

 

 

4. VOLCANIC ERUPTIONS AND LANDSLIDES: 

ANALYSIS OF A TSUNAMIGENIC DOME 

COLLAPSE 

 

The publications [3] and [6] provide details on the rapid 

growth and tsunamigenic collapse of a peripheral lava 

dome and a destabilization episode in an island and dome 

sector, and underlines the great value of remote sensing 

data on remote volcanic islands.  

Growing volcanic islands and lava domes become 

structurally unstable, associated with sectoral collapses, 

explosive volcanism and related hazards. The article [3] 

describes the rare case of a growing and collapsing lava 

dome at Kadovar Volcano, a small inhabited volcanic 

island located north of Papua New Guinea. The eruption 

began on January 5, 2018 and was monitored by multi-

sensor satellite imagery, including optical, thermal and 

SAR sensors (incl. polarimetric ALOS-2/PALSAR-2 

data). Results show that Kadovar began a new episode of 

volcanic activity at the central crater and then also at the 

eastern coast of the island. SAR amplitude imagery, 

especially a time series of high spatial resolution 

polarimetric ALOS-2/PALSAR-2 acquisitions, has made it 

possible to monitor the birth of a new peninsula on the 

eastern coast. This new peninsula has a blocky appearance 

and is associated with a localized thermal anomaly, which 

is indicative of an emerging lava dome. The changes on the 

island and the peripheral lava dome were analyzed. After a 

great increase in the size of the area, parts of the island and 

the lava dome then collapsed eastwardly into the ocean on 

February 9, 2018. This landslide caused small tsunami 

waves that hit the neighboring islands.  

The reader is referred to [3] (see appendix) for more details 

about the study on the tsunamigenic landslide at Kadovar 

Volcano. Paragraph 4.1.2 of [3] describes the analysis of 

the ALOS-2/PALSAR-2 time series information in detail. 
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1. SUMMARY

Ground displacement has occurred in many parts of the 

Gulf Coast. Complicated geological composition and high 

intensity of exploitation of underground fluids along the 

Gulf Coast have changed hydraulic properties of the 

underground aquifer system, reactivated faults and 

generated fissures, caused extensive damages to 

infrastructures, and increased seawater intrusion, the loss 

of wetland habitat and more frequent flooding. Aiming at 

investigating land surface deformation development of 
Gulf Coast, we applied multi-temporal InSAR technique 

with 33 paths of L-band ALOS PALSAR images from 

2007 to 2011, as well as hundreds of ALOS2 scenes [1]. 

We produced, for the first time, average displacement map 

over the Gulf Coast from Mexico to northern Florida. 

Deformation velocities from all tracks were mosaicked 

together to produce seamless maps of land displacement 

over about a wide area of ~500,000 km2, with an average 

standard deviation of ~0.8 cm in the overlap area between 

tracks. Generally, the Gulf Coast is fairly stable except for 

the broad-scale subsidence, such as Houston region (~ 
4cm/yr) [2], New Orleans (about 2 cm/yr) and some 

localized uplift/subsidence cones over the disposal, 

injection or oil/gas production wells.   

2. RESULTS

A seamless deformation map over about 500,000km2 areas 

of the Gulf Coast (hereinafter GC) was produced for the 

first time by mosaicking 33 ALOS tracks (Fig.1), which the 

positive velocities represent movement towards the 

satellite and negative velocities (yellow to red colors) 

indicate movement away from the satellite (i.e., 

subsidence). InSAR-derived average land surface 

deformation observations at 190 PS locations are compared 

with velocity measurements from GPS coastal-wide. Time-

series deformation plots at 6 GPS stations, whose position 

could be found at Fig.1b, were also shown on Fig.1c. The 

GPS measurements and the InSAR time-series agree well 
in both the trend and values (Fig.1). The average RMSE of 

the differences between InSAR and GPS measurements is 

8.5 mm, indicating a good agreement between InSAR-

derived deformation measurements and daily/monthly 

GPS solutions. Discrepancies at a few benchmarks are 

likely due to two factors. First, GPS measurements at the 

exact SAR image date are not available; Second, SAR 

geometry need to be considered in the comparison, the 

purely vertical deformation assumption was compelled to 

be conducted, which is not completely true for some areas. 

This map indicates Gulf Coast is generally stable, but lots 

of deformation cones were identified by integrating InSAR 

measurements and other geodetic observations (Fig.1). In 

our study area, at least 5 large subsidence patterns 

(spanning more than 5km in either direction), 22 small 

subsidence patterns, and 14 uplift patterns have been 

discovered, and three of these features will be discussed in 

this study. In this report, we mainly investigate subsidence 

induced by groundwater withdrawal, large-scale and small-
sized subsidence caused by hydrocarbon production, as 

well as the surface uplift (Figs.2-4).  

Fig. 1 A seamless deformation map over about 500,000 

km2 areas of Gulf Coast: (a) Average vertical 

deformation map over Gulf Coast by mosaicking 33 

ALOS-1 tracks; (b) Comparison of the average vertical 

deformation rate between InSAR and GPS (1) 

measurements during the period of 2007-2011 at 

stations established after 2009; (c) Comparison between 

InSAR-derived time series deformation and GPS 

observations at 6 stations, whose positions were marked 

on (b); The United States map is an inset on the up-left, 

where the red solid rectangle shows the approximate 

area of (a). 

Continuous subsidence and sea level rise in New Orleans 

deltaic plain, leading to land loss and inundation, have been 

receiving increasing attentions, especially since the 

devastating hurricanes Katrina and Rita, and numerous 
authors have contributed to the body of knowledge and 

understanding the subsidence of these areas, to enhance the 
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ability of flood protection. But there exist only two papers 

that applied InSAR technique, because of the very 

challenging coastal environment, complexity subsidence, 

as well as the complicated and volatile geological setting. 

Greater New Orleans (GNO) is a Holocene landscape that 

lies on a combination of distributary channels and 

lacustrine, swamp, and marsh deposits. Thickness of 
Holocene deposits is highly variable throughout the delta, 

reaching the greatest thickness of 24m thick, and beneath 

is the much older undifferentiated Pleistocene age deposits.  

Our InSAR-derived average velocity maps using ALOS-1 

(2007-2011) and ALOS-2 (2014-2019) datasets were 

masked to remove areas of swamps, water and marsh 

wetland, where the phase maintain coherence but 

unreliable phase change could be resulted from the water 

level fluctuations in regions with vegetation (Fig.2). We 

measured similar spatial distributions of deformation as the 

previous studies, such as the subsidence over Lakeshore 
(south shore of Lake Pontchartrain), Kenner, Algiers, 

Woodmere and Harvey communities are comparable to the 

rate of subsidence during 2002-2005 mapped by [4] using 

RADARSAT images, while the subsidence at Michoud, 

9th ward, Metairie and along river banks, as well as the 

slight uplift at south of Kenner and West Lake Forest, are 

identical with the UVSAR result during 2009-2012 from 

[5] (Fig.2). An average subsidence rate of 5-25mm/yr 

occurred most of the populated areas of GNO, which is 

about 5 mm/yr lower (~20 mm/yr lower at Michoud area) 

than that from UVSAR imagery during the contiguous 

years, but no large motion observed at Norco in our ALOS 
result, where was reported as the area worst subsided in [5]. 

Discrepancies between two results are likely due to the 

time differences of two SAR scenes, because high temporal 

variation in subsidence was documented at GNO area (17-

19). We extended the survey regions to communities 

located on south bank of the Mississippi River in this work, 

and discovered several patterns experiencing higher 

settling rate than the north bank, including two large 

patterns at Westwego and Algiers, and several localize 

cones over Woodmere, Harvey and Belle Chasse. Through 

exploring optical radar images, geologic and soil records, 
we attribute the major factor that affect the observed 

localized subsidence to the neighborhood development 

and/or building construction, which may be related to the 

shallow Holocene sediment compaction [5]. The maximum 

subsidence of ~52mm/yr occurred at MRGO (Mississippi 

River Gulf Outlet) canal, where sections of this levee 

system failed during the storm surge of Hurricane Katrina 

struck on 2005. Dixon et al. [4] reported high rate of 

subsidence along MRGO levees during 2002-2005 and its 

position-correlation with the breached levee sections based 

on RADARSAT images, raised the possibility that harmful 
effect of high-rates subsidence on promoting levee base 

breaches. Our ALOS-1 imagery revealed a cumulative 

subsidence of ~180mm at section of MRGO levees (white 

square A on Fig.2) during the period of 2007-2010, and at 

least 35 mm/yr subsidence along this levee was also 

noticed by UAVSAR during 2009 and 2012, but no 

deformation was detected during ALOS-2 period. The 

issue of constantly high-rate subsidence on levee system 

worth pondering and deserve further study to understand 

its influence on this elongated artificially constructed wall 

to better assess the potential disaster. 

Both the natural and anthropogenic processes, sometimes 
occurring simultaneously, are cited as initiators of 

subsidence in GNO, including deep subsidence that could 

be raised from regional loading of lithospheric, faulting, 

and groundwater withdrawal from shallow upper 

Pleistocene aquifers, as well as the compactions in shallow 

sediments that may induced by surficial 

dewatering/drainage activities [4-5]. The spatial 

associations of ground movements indicate that the most 
likely trigger of the mapped subsidence are groundwater 

withdrawal and shallow sedimentary compaction. 

 

Fig. 2 InSAR LOS deformation rate map of New 

Orleans region: Parishes (white lines), and GPS 

benchmarks (pink circles) are superimposed. 

 

Fig. 3 InSAR LOS deformation rate from ALOS-1 (a-

b) and ALOS-2 (c-d) over Sarita, East oil field; 

Hydrocarbon wells (small black dots) are 

superimposed. 

Even though the groundwater extraction is a driver in large 

scale land subsidence over GC, oil and gas exploration and 

related production activities have also contributed to the 

localized subsidence. Pressure relief in oil/gas production 

sites can lead to reservoir compaction, movement of the 
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overburden, and land surface deformation above/within the 

reservoir. The first recognized ground deformation 

associated with oil/gas fluid withdrawal was in the vicinity 

of the Goose Creek Oil Field [6]. The subsidence of 

overlying terrain was definitively attributed to the 

extraction of petroleum based on the fact that the 

subsidence occurred before major water-level declines 
began.  

Sarita, East oil field is located in Kenedy County, TX. Our 

InSAR results from 2 independent neighboring tracks from 

both ALOS-1 and ALOS-2 periods indicate subsidence of 

~50 mm/yr centered at this field, where a large amount of 

active gas exploration wells is distributed. The spatial 

extent of the subsidence cone matches the distribution of 

active wells (black dots in Fig.3). The InSAR map from the 

ALOS-1 dataset (Figs. a-b) have much higher magnitude 

of subsidence than those from ALOS-2 period (Figs. c-d). 

 

Fig. 4 Enlarged deformation maps around injection 

wells (pink dots), whose locations are marked as #Nos. 

on Figure 1. The rows are sorted by 5 SAR datasets (1 

ALOS frame and 4 neighboring ALOS2 frames), while 

the columns are sorted by subsidence ID (#Nos.). The 

sign of ‘Not Cover’ denotes this site is not covered by 

SAR image, and ‘No deformation’ represents no 

detectible deformation signal at this site. Different color 

scales are used to highlight the deformation in 

subfigures, and the cold-colored (from dark blue to 

light) pixels show LOS subsidence to small LOS uplift, 

while the hot colors (yellow to red) show large LOS 

uplift (i.e., deformation towards the satellite). Time-

series cumulative deformation at 4 sites (U3, U8, U9 and 

U10) and the volume of injected wastewater (gray and 

pink bars) of the corresponding wells are list at the 

bottom. 

Contrary process to the land subsidence caused by 

extraction of underground fluid, injecting fluid into the 

subsurface reservoirs often lead to surface uplift. Injection-

induced pore pressure change within the scope of injection 

leads to a depression of effective stress on the skeleton 

structures and thus expansion of the geologic formations. 

These uplifts are usually localized, small-sized (0.5~2 km 

wide), and rapidly developing (cm/yr) (Fig.4), but are 

inconspicuous in the majority of instances for a long period 

for the disposal of fluids usually occurred in uninhabited 
areas with limited damages/affects to the surrounding 

environment. However, the increasing rate of seismicity in 

the eastern/central US, where little or no detected 

earthquakes documented in history, and many of which are 

declared to be in connection with nearby human activities, 

such as fluid injection, aroused concerns from the publicity 

over the past two decades.  

We processed SAR images from 1 ALOS-1 (2007-2011) 

(hereinafter Phase-1) and 4 different ALOS-2 (2014-2018) 

(hereinafter Phase-2) frames separately, generating 5 line-

of-sight (LOS) deformation rate maps, and identified 
significant uplift signal with amplitude ranging from 3~10 

cm/yr mainly over Duval County of South TX. At least 11 

cones of uplift are roughly circular area and typically span 

~2 km in diameter were discovered, and almost all of which 

have not been noticed and reported yet (Fig.4). We sorted 

out some confidential results in the sheet that embedded in 

Fig.4, displaying the deformation locations as the rows and 

the data source as the columns. The observed features vary 

in magnitude, spatial extension (round, ellipse, or crescent-

shaped) and temporal evolution from injection to injection, 

but coincident measurements were reported from 4 
independent ALOS-2 frames, for instance, the deformation 

maps listed at the 5th, 6th and 7th columns in Fig.4. Minor 

discrepancies on amplitude of deformation at #U6, #U7 

and #U8 could be attributed to the different time-span of 

SAR acquisitions and the nonlinearity of aquifer 

deformation. Regarding temporal variation, InSAR 

recognizes an overall pattern of uplift during Phase-1, and 

a structural feature of subsidence since 2014 at spots #U5, 

#U9 and #U10. Uplift signals occurred only in Phase-2 at 

sites #U4, #U6 and #U8, while constant rise of ground 

surface observed during the whole study period at sites #U2, 

#U3 and #U7. However, no matter how the features evolve, 
all the observed uplifts almost center at or less than 2 km 

away from the injection well location(s), marked as white 

circles, and agree well with the production activities of 

these wells (Fig.4). The high temporal and proximal 

association indicate that the surface uplifts are related to 

underground fluid injection activities of nearby wells. To 

analyze the derived patterns, we plotted surface 

movements and injection volumes versus time for three 

representative deformation sites, i.e., #U3, #U8 and #U10, 

that show different trends in their own development 

(Fig.4b-d).  

3. REFERENCES 

[1] A. Hooper, “A multi-temporal InSAR method 

incorporating both persistent scatterer and small baseline 

approaches,” Geophysical Research Letters, 35, 16, 

L16302, 2008. 

[2] F. Qu, Z. Lu, Q. Zhang, G.W. Bawden, J.W. Kim, C/Y/ 

Zhao, W. Qu, “Mapping ground deformation over 

Houston-Galveston, Texas using multi-temporal InSAR,” 

Remote Sensing of Environment, 169, 290-306, 2015. 

[3] F. Qu, Z. Lu, J.W. Kim, and W. Zheng, “Identify and 

Monitor Growth Faulting Using InSAR over Northern 

Greater Houston, Texas, USA,” Remote Sensing, 11(12), 

1498, 2019. 

[4] T.H. Dixon, et al. “Subsidence and flooding in New 

Orleans,” Nature, 441, 7093, 587-588, 2006. 

[5] C. Jones, R. Blom, and D. Latini, “Application of 

InSAR to detection of localized subsidence and its effects 
on flood protection infrastructure in the New Orleans area,” 

EGU General Assembly Conference Abstracts, 2014 

[6] W.E. Pratt, and D.W. Johnson, “Local subsidence of the 

Goose Creek oil field,” J. Geol., 34, 577-590, 1926. 

 329



4. APPENDIX 

[1] F. Qu, Z. Lu, J.W. Kim, M. Turco, “A decade of land 

displacement evolution over the Gulf Coast of United 

States using multiple InSAR data sets,” AGU Fall 

Meeting 2020, San Francisco, CA, USA, Dec 1-17, 2019. 

[2] F. Qu, Z. Lu, J.W. Kim, and W. Zheng, “Identify and 

Monitor Growth Faulting Using InSAR over Northern 
Greater Houston, Texas, USA,” Remote Sensing, 11(12), 

1498, 2019. 

[3] F. Qu, Z. Lu, and J.W. Kim, “The latest rate, extent, 

and temporal evolution of ground deformation over the 

Gulf Coast of United States by InSAR,” AGU Fall 

Meeting 2019, San Francisco, CA, USA, Dec 9-13, 2019.  

[4] F. Qu, Z. Lu, “Mapping and characterizing land 

deformation over the Texas Gulf Coast using multi-

temporal InSAR processing,” AGU Fall Meeting 2018, 

Washington, D.C., USA, Dec 10-14, 2018.  

[5] F. Qu, Z. Lu, Q. Zhang, J. Kim, “Latest rate, extent, 
and temporal evolution of growth faulting over Greater 

Houston region revealed by multi- band InSAR time-

series analysis,” AGU Fall Meeting 2017, New Orleans, 

LA, USA, Dec 11-15, 2017. 

[6] F. Qu, Z. Lu, J. Kim, “New faults detection by multi-

temporal InSAR over Greater Houston, Texas,” IGARSS 

2017, July 23-28, Fort Worth, Texas, 2017. 

[7] F. Qu, Q. Zhang, C.Y. Zhao, Z. Lu, J.Q. Zhang, J. 

Zhang, Simultaneous Estimation of Building Height and 

Ground Deformation over Xi’an City, China Using Multi-

temporal INSAR Method, IGARSS 2016, July 10-15, 

China, Beijing, 2016. 
[8] F. Qu, Z. Lu, and J.W. Kim, “Mapping and 

characterizing land deformation during 2007-2011 over 

Gulf Coast by L-band InSAR data processing,” in 

preparation. 

 

330



1. INTRODUCTION

Observations of surface displacement have been widely 
employed to probe the processes of active tectonics, such 
as plate collision, continent rifting, orogeny uplift, 
interseismic fault creep and locking, and coseismic fault 
rupture, etc. [1-3]. Over the past few decades, a variety of 
geodetic techniques, including leveling, triangulation 
surveying, global navigation satellite system (GNSS), and 
imaging geodesy (e.g., interferometric synthetic aperture 
radar, InSAR), have been used to measure tectonic 
deformation. Unfortunately, sparse ground-based 
observations, e.g., GNSS and leveling data, cannot be used 
to accurately delineate the small- and large-scale spatial 
distribution of such deformations [4]. In contrast, advanced 
remote sensing imaging geodesy techniques with high 
resolutions and large-scale coverage can quantify cm-level 
deformation at the Earth's surface every 1-20 m over areas 
spanning tens to hundreds of kilometers. In this project, the 
ALOS-2/PALSAR-2 images and other observations are 
used to study the deformation along the northern margin of 
the Tibet Plateau and other active tectonic regions. The 
findings of these studies have significantly improved our 
ability to understand the formation mechanisms of the 
present-day deformation and mitigate the risks of 
geological hazards. 

2. THREE-DIMENSIONAL DEFORMATION (3D)
FIELD DETERMINATION 

2.1 COMBINATION OF VARIOUS IMAGE 
GEODETIC DATA [5, 6] 

Imaging geodesy is used to define all the techniques that 
map surface deformation with remote sensing images; 
these include satellite optical and synthetic aperture radar 
(SAR) data as well as light detection and ranging (LiDAR) 
data [7]. Based on such images, a series of imaging 
geodesy methods have been developed, and they can be 
attributed to three main categories: phase information from 
SAR images, amplitude information from SAR or optical 
images, and LiDAR data. In the first category, the InSAR 
method is routinely applied and is generally the first choice 
for generating ground displacement estimates; similarly, 
multiple-aperture InSAR and burst-overlap interferometry 
methods have also been proposed. In the second category, 
the pixel offset tracking method has been developed, and 
its accuracy largely depends on the pixel size of the image. 
Note that the above two categories cannot directly retrieve 

the displacements in 3D components; instead, these 
methods produce geometric projections, such as azimuth 
displacement (e.g., pixel offset tracking in the azimuth 
direction, multiple-aperture InSAR, and burst-overlap 
interferometry) and line-of-sight (LOS) displacement (e.g., 
InSAR and pixel offset tracking in the range direction). In 
the third and last category, differential LiDAR represents a 
new imaging geodesy technique that has been applied in 
numerous earthquakes; this approach utilizes high-
resolution LiDAR (> 1-2 sample/m2) based on an airborne 
platform to directly capture 3D near-field offsets by 
differencing the pre- and post-event point clouds. 
Here, we collect the available SAR images and LiDAR 
data and then process them by using various imaging 
geodesy methods. The SAR images are from the C-band 
Sentinel-1 and L-band Advanced Land Observing Satellite 
2 (ALOS-2). The performances of the above two satellites, 
e.g., the spatial coverage scale and the revisit interval, are
greatly improved over their predecessors. All available pre- 
and post-event LiDAR [8, 9] can be freely downloaded
from the OpenTopography database. Although no optical
images are used in this study, our collected ALOS-2
stripmap image also has a high pixel resolution (< 3 m) and
can replace the role of optical imagery for the pixel offset
tracking estimation.

Fig. 1 The complete 3D coseismic displacements of the 
2016 Kumamoto earthquake [6] 

Several behaviors revealed by our final 3D deformation 
map are shown in Fig. 1. First, the changes in the 
displacement direction on both the horizontal component 
(black arrows) and the vertical component (image color) 
delineate the surface rupture trace with a high-resolution 
grid size of 100 m. Second, the horizontal and vertical 
components (black arrows) on both sides of the fault 
direction show two general features, namely, right-lateral 
motion along the segments in the main rupture region and 
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extension near the Aso caldera, in reference to the strike of 
the fault. Third, a series of secondary rupture features has 
been revealed in the 3D deformation map. The 
displacements in the 3D displacement maps include not 
only those of the Kumamoto mainshock but also those of 
the two Mw > 6 foreshocks (the Mw 6.2 and Mw 6.4 
foreshocks on 14 and 15 April, respectively) in the main 
rupture zone. In summary, previous studies with InSAR or 
GPS data could reveal only some of the behaviors of this 
earthquake, while the 3D displacement maps derived from 
imaging geodesy can help us to explain the geological 
phenomena more intuitively, holistically, and 
systematically. 
 

2.2 VOILS METHOD [10] 
 
In order to infer the 3D displacement field, we propose an 
iterative least squares for virtual observation (VOILS) 
based on the maximum a posteriori estimation criterion of 
the Bayesian theorem. The main objectives of this method 
are: (1) to aim at the insensitivity of the North-South 
deformation, the interpolated displacement field with GPS 
data is used as a priori initial 3D displacement field to make 
up for the defect of extracting the 3D deformation from 
single geometry InSAR one-dimensional (1D) LOS 
observations; (2) to use InSAR 1D LOS observations to 
correct errors caused by the GPS 3D deformation 
interpolation process; (3) to realize the reasonable fusion 
of GPS/InSAR observations in the 3D deformation 
extraction based on the iteration method. 
 

 
Fig. 2 The results obtained by the VOILS method [10] 

 

 
Fig. 3 Comparison of the vertical displacements with 
the surface rupture measurements [10] 

 
The VOILS method was applied to get the 3D displacement 
field of the 2008 Wenchuan earthquake (Fig. 2). The LOS 
residual magnitude obtained by the VOILS method is mm-
level, while the magnitude of the direct solution method is 
cm-level. Furthermore, the results of the VOILS method 
are relatively stable. Based on the analyses of the 3D 
deformation field (Fig. 2), it can be seen that the 

mechanism of the main shock was mainly a reverse motion 
with a right-lateral strike-slip component. In the northeast 
of the fault, the mechanism is dominated by the right-
lateral strike-slip. In particular, the comparison (Fig. 3) 
with the rupture displacements from the field 
investigations shows that the VOILS method is better than 
the direct solution method. 
 

3. EARTHQUAKES IN THE TIBET PLATEAU 
 

3.1 2020 MW 6.2 YUTIAN EARTHQUAKE [11] 
 
On 25 June 2020 at 21:05 UTC, a Mw 6.3 earthquake (Ms 
6.4 according to the China Earthquake Networks Center 
(CENC)) struck Yutian County, Xinjiang Province, China. 
This event occurred in a junction area of the Altyn Tagh, 
Karakax, and Kunlun fault systems in northwestern Tibet, 
164 km south of Yutian County. The US Geological 
Survey (USGS), Global Centroid-Moment-Tensor 
(GCMT), and CENC agree that the primary focal 
mechanism for this event was normal faulting. Note that 
this junction region has suffered high-level seismicity in 
recent times, consisting of one strike-slip event (Mw 6.9 in 
2014) and three normal-faulting events (Mw 7.1 in 2008, 
Mw 6.2 in 2012, and Mw 6.2 in 2020). 
Two pairs of terrain observation with progressive scans 
(TOPS) images from the C-band Sentinel-1 satellite, 
operated by the European Space Agency (ESA), were 
employed to derive the coseismic displacement associated 
with the Yutian event. The analyzed SAR dataset involves 
one descending pair (T165D) on 17 June 2020 and 29 June 
2020, and one ascending pair (T158A) on 22 June 2020 and 
4 July 2020. All of these InSAR data were processed by the 
commercial GAMMA software platform [12] following a 
mature two-pass differential InSAR approach. The final 
interferograms (Fig. 4) exhibit clear deformation signals in 
a complex tectonic region, and their displacement ranges 
from -22 to 10 cm. The interferograms indicate a maximum 
negative LOS displacement value of 19.2 cm and 21.9 cm 
for T165D and T158A, respectively, with a dominant 
vertical component. 
 

 
Fig. 4 InSAR coseismic displacements of the 2020 
Yutian earthquake derived from Sentinel-1 images [11] 
 
Given that coseismic displacement is considered to be 
responsible for the subsurface rupture slip within a 
homogeneous elastic half-space [13], most recent 
earthquake mechanisms have been described with a finite 
rectangular dislocation model by geodetic observation. 
Here, the preferred slip distribution (Fig. 5) shows a simple 
oval pattern with one asperity, and its maximum slip is 0.85 
m. The main slip (>0.4 m), with a size of ~11 × 7 km2, is 
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confined to a depth of 3.6-11.4 km. The rupture slip is 
dominated by normal-slip, with a little strike-slip. The 
distributed slip model yields a geodetic moment of 
2.69×1018 N m, equivalent to Mw 6.23. 
 

 
Fig. 5 Coseismic slip distribution model for the 2020 
Yutian event [11] 
 

3.2 2020 MW 6.1 KALPIN EARTHQUAKE [14] 
 
On 19 January 2020 at 13:27 UTC, a Mw 6.0 earthquake 
reported by the USGS struck Jiashi County, Xinjiang 
Province (China). This event caused one death and two 
injuries, and some buildings were damaged. In this 
foreland area between the Tarim basin and the Tien Shan 
(TS) region, five moderate earthquakes (Mw ≥ 6.0) have 
occurred in the past 50 years. Most events occurred on the 
Jiashi and Bashi-Tuopu faults in the Tarim basin, and the 
2020 earthquake on the Kalpin (also known as the Kalpin-
Tage) frontal thrust fault was the second Mw≥6.0 since the 
1996 Mw 6.3 event in the TS piedmont. This moderate 
event represents a rare opportunity for us to better 
understand how the foreland fold-thrust system 
accommodates ongoing continental orogens. 
 

 
Fig. 6 Coseismic interferograms of the 2020 Kalpin 
event obtained from the Sentinel-1A (a, b) and ALOS-
2 (c) satellites [14] 
 
We collect the available SAR data from the C-band 
Sentinel-1 satellite constellation (T034D and T129A) and 
L-band ALOS-2 satellite (P054D) to image the coseismic 
surface displacements associated with the 2020 Mw 6.0 
Kalpin event. The Sentinel-1 image pairs were processed 
by the commercial software GAMMA [12], while the 
ALOS-2 image pair was processed by the open-source 

package [15]. The Sentinel-1 descending and ascending 
interferograms show the main deformed region with a 
pattern of two lobes in the E-W direction and displacement 
magnitudes of -3-6.5 cm and -5-5 cm, respectively. The 
deformation patterns in the descending and ascending 
paths are similar, suggesting a mostly vertical displacement 
component in the LOS displacement. The ALOS-2 
interferogram has a higher degree of noise resulting from 
short-wavelength atmospheric and ionospheric phases. 
However, it also clearly shows deformation with a prolate 
pattern. The displacement range in P054D is -3-6.5 cm, and 
the positive displacement is larger than that of T034D and 
T129A, whereas the negative displacement is smaller. 
 

 
Fig. 7 Coseismic slip distribution models (a-c) and their 
geometric structures (d) for the 2020 Kalpin event [14] 
 
Here three models involved in Model-1, Model-2 and 
Model-3 are used to invert the coseismic slip distribution 
(Fig. 7). Model-1 is derived from the uniform slip model, 
which includes a fault plane with a dip of 11.2° and a length 
and width of 42 km×30 km. Model-2 and Model-3, also 
known as the ramp-flat structure model and the listric 
structure model, respectively, are based on local geological 
surveys from surface bending inclination [16]. For Model-
1, the main slip displays only one asperity with an oval 
pattern (with an area of approximately 28×10.3 km2), 
which is confined to a depth of 6.2-8.3 km with a maximum 
slip of 0.3 m. The distributed slip model yields a geodetic 
moment of 1.59×1018 N∙m, equivalent to Mw 6.07, which 
is larger than that inferred from the uniform slip model. 
Model-2 and Model-3  exhibit similar slip patterns with one 
asperity, and their main rupture slips with peak slips of 0.25 
m are confined to depths of 2.6-4.7 km and 2.3-4.5 km, 
respectively. In addition, their distributed slip models yield 
geodetic moments of 1.32×1018 N m and 1.22×1018 N m, 
respectively. These slip model results suggest that the 
geodetic and geological geometry models have similar slip 
patterns but different depths and dip angles. Given that 
Model-1 exhibits a smaller RMS error than the other two 
models, we tend to regard Model-1 as the optimal model. 
 

4. OTHER EARTHQUAKES 
 

4.1 2016–2017 CENTRAL ITALY EARTHQUAKE 
SEQUENCE [17] 

 
A sequence of earthquakes from 2016 to 2017 occurred in 
Central Italy including ten Mw≥5.0 earthquakes and their 
aftershocks. The starting event was an Mw 6.2 earthquake 
at 1:36:36.2 on August 24th, 2016 (UTC). Approximately 1 
hour later, an Mw 5.6 earthquake occurred 12 km 
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northwest from the epicenter of the first main event. The 
second main event occurred two months later at 19:18:11 
on October 26th, 2016 (Mw 5.7) with an Mw 5.5 foreshock 
located approximately 4 km away. Only four days later, the 
largest earthquake (Mw 6.6) in this sequence occurred 
approximately between the location of the August 24th, and 
October 26th, 2016 events. On January 18th, 2017, the 
fourth main event ruptured to the southwest of the August 
24th, 2016 event with an Mw 5.4 foreshock and two Mw > 
5 aftershocks. According to the GCMT, there are ten 
earthquakes greater than or equal to Mw 5 during the 2016-
2017 Central Italy earthquake sequence. 
 

 
Fig. 8 Coseismic interferograms of August 24th, 2016 
earthquake [17] 
 
The Mw 6.2 2016 Amatrice earthquake occurred at 01:36 
(UTC) between the towns of Norcia and Amatrice. A 
significant aftershock (Mw 5.6) followed the main shock, 
located 12 km to the NW. The ground deformation (Fig. 8) 
retrieved from the four unwrapped interferograms is 
characterized by two NNW-SSE striking deformation 
lobes with a maximum negative LOS displacement value 
of 18.5 cm for Sentinel-1 ascending track 117, 22.2 cm for 
Sentinel-1 descending track 022, 18.6 cm for ALOS-2 
ascending track 197 and 30.4 for ALOS-2 descending track 
092, respectively. 
 

 
Fig. 9 Coseismic interferograms of October 26th, 2016 
Visso earthquake [17] 
 
There is only one Sentinel-1 ascending track 044 
interferograms covering the epicentral area of this event 
(Fig. 9a). The maximum observed LOS change in the entire 
epicentral area reached -21.9 cm. One ALOS-2 ascending 

track 197 interferograms recorded the cumulative 
displacement pattern relative to the 2016 Amatrice and 
Visso earthquake (Fig. 9b). Although the ALOS-2 
interferogram is spanning both the Amatrice and Visso 
earthquake, the deformation signal was not mixed together. 
We then tried to use the deformation part relative to the 
Visso earthquake. The maximum observed LOS change in 
the part of 2016 Visso earthquake reached -25.8 cm. 
The Sentinel-1 ascending track 044 recorded this largest 
event. The ascending data show major motion towards the 
satellite, with the LOS value ranging from -50.1 cm to 26.7 
cm (Fig. 10a). One ALOS-2 interferogram also spans the 
Norcia earthquake and shows LOS values ranging from -
66 cm to -22 cm (Fig. 10b). 
 

 
Fig. 10 Coseismic interferograms of October 30th, 2016 
earthquake [17] 
 
Despite the copious snow cover and adverse weather 
conditions, the Sentinel-1 and ALOS-2 satellite enables us 
to retrieve the Earth’s surface deformation induced by the 
2017 event. By processing the images acquired across the 
main event by the Sentinel-1 and ALOS-2 satellite, we 
generated the coseismic interferogram, although most parts 
of the image have a low signal-to-noise ratio (Fig. 11). The 
maximum observed LOS change in the entire epicentral 
area reaches up to -9.6 cm for Sentinel-1 and -12.2 for 
ALOS-2. 
 

 
Fig. 11 Coseismic interferograms of January 18th, 2017 
Amatric earthquake [17] 
 
These results show that the four events are all associated 
with a normal fault striking northwest-southeast and 
dipping southwest. The observations, in all cases, are 
consistent with slip on a rupture plane with strike in the 
range of 157 to 164° and dip in the range of 39 to 44° that 
penetrates the uppermost crust to a depth of 0 to 8 km. The 
primary characteristics of these four events are that the 
August 24th, 2016 Mw 6.2 Amatrice earthquake had 
pronounced heterogeneity of the slip distribution marked 
by two main slip patches, the October 26th, 2016 Mw 6.1 
Visso earthquake had a concentrated slip at 3-6 km, the 
predominant slip of the October 30th, 2016 Mw 6.6 Norcia 
earthquake occurred on the fault with a peak magnitude of 

334



2.5 m at a depth of 0-6 km, suggesting that the rupture may 
have reached the surface, and the January 18th, 2017 Mw 
5.7 Campotosto earthquake had a large area of sliding at 
depth 3-9 km. 
 
4.2 2017 MW 7.3 EZGELEH, IRAN EARTHQUAKE 

[5, 18] 
 
On 2017 November 12, an Mw 7.3 earthquake hit the Iran–
Iraq border near the city of Ezgeleh, Iran, causing 
widespread destruction and thousands of casualties, among 
which over 600 people died. This 2017 Ezgeleh earthquake 
breaks a 50-yr-long seismic quiescence of the Zagros thrust 
front system since 1967 when an M 6.1 event occurred 
about 100 km to the south. 
 

 
Fig. 12 2.5-D surface displacements caused by the 2017 
Ezgeleh earthquake [18] 
 
We collect two pairs of ALOS-2 images and four pairs of 
Sentinel-1 images on both ascending and descending tracks, 
to generate the interferograms. We then resolve the 2.5-D 
ground deformation (Fig. 12) caused by the Ezgeleh 
earthquake using these multi-sensor and multitrack 
interferograms. The westward displacement is clearly 
observed with a maximum value of ∼0.45 m. The peak 
uplift of 0.9 m is located in the southwest compared with 
the maximum subsidence of 0.3 m in the northeast. The 
maximum westward displacement is nearly half of the peak 
uplift. Thus, the 2.5-D surface coseismic deformation 
suggests a NE-dipping fault, mainly thrust-slip with some 
dextral strike-slip components. 
The rupture process is inverted by the joint inversion (Fig. 
13). The Ezgeleh earthquake starts with a relatively small 
amount of moment release in the first 4 s, and the 
significant moment, more than 90 percent of total seismic 
moment release, occurs in the following 4–18 s. During this 
period, two local peaks occur at ∼5 and ∼13 s, and the latter 
is the global maximum. The earthquake terminates at about 
20 s. As the snapshots, the energetic rupture propagates in 
the southwest direction from the USGS epicentre to 
shallower depth at a variable speed of 1.5–3.2 km/s, with a 
relatively lower speed at the beginning and ending stage. 
The rupture produces the first pulse in moment rate 
function during the period of 5.0-7.0 s. The accumulated 
seismic moment during the first 6 s is 0.25×1020 N m, only 
20 per cent of total moment and equivalent to an Mw 6.87 
earthquake. Rupture then propagates southwestward with 
an average rake angle of 135◦ during the period of 8.5-18 
s, and the second moment pulse occurs at 9–15 s with over 
90 percent of total moment released. Therefore, the back-
projection and waveform inversion give the similarities of 
rupture direction and source duration, indicating a 
southwestward rupture with length of ∼30 km and duration 
of 20 s caused by the 2017 Ezgeleh earthquake. 
 

 
Fig. 13 The 1 s snapshots of joint inversion model [18] 
 

4.3 2017 MW 6.6 POSO EARTHQUAKE [19] 
 
On 29 May 2017 (UTC 14:35:21), an Mw 6.6 earthquake 
struck the central part of Sulawesi, eastern Indonesia. The 
epicenter, as reported by GCMT catalog, was located at 
1.24°S and 120.40°E approximately 39 km west–northwest 
of the town of Poso. The 2017 Poso earthquake, which 
represents the largest shallow event that has struck central 
Sulawesi since the implementation of modern seismic 
instruments, ruptured a mountainous region with a high 
mean elevation of ∼2300 m, indicating the presence of a 
high-gravitational potential energy and the preferential 
occurrence of lithospheric extension. In this article, we use 
coseismic ground deformation data derived from SAR 
satellite sensors to constrain the fault geometry and invert 
for the slip distribution of the 2017 Poso earthquake. Based 
on the inverted finite slip model, we analyze the 
background seismicity, regional topography, and fault 
kinematics to obtain insights into the mechanisms of 
extension throughout ECS and the associated structural 
evolution processes. 
 

 
Fig. 14 Observed, modelled and residual coseismic LOS 
displacement of the 2017 Poso earthquake [19] 
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The ascending and descending ALOS-2 interferograms 
(Fig. 14) share the comparable deformation magnitudes 
and produce fringe patterns consistent with major motion 
away from the satellite, reflect that vertical displacement is 
dominated by the subsidence, and thereby suggest possible 
normal faulting during the Poso earthquake. The 
continuous northwest–southeast-oriented elliptical spatial 
pattern may suggest that the 2017 Poso earthquake did not 
break the Earth’s surface with major slip on a buried fault. 
Furthermore, despite its serious decoherence in the near 
field, the C-band Sentinel-1 data can still provide us with 
some information regarding relatively far-field signals. 
 

 
Fig. 15 (a) Finite slip distribution of the 2017 Poso 
earthquake, (b) The decomposed (blue dots) and 
predicted (green dots) vertical deformation along the 
profile, (c) Slip contours of the main rupture and 
projected onto a strike-depth plane [19] 
 
The best-fitting distributed slip model (Fig. 15), which 
clearly identifies two asperities connected along the down-
dip direction. The first asperity is located at depths of 3–10 
km and manifests predominantly as a normal fault with a 
peak slip of 1.8 m. However, the second asperity requires 
continued slip in down-dip zones of the first asperity and 
manifests predominantly as pure dextral strike slip with a 
peak slip of∼0:9 m. Checkerboard test and slip uncertainty 
analyses demonstrate that this deep asperity is a robust slip 
feature that can be retrieved from the data. Furthermore, 
limited slip is found in the up-dip region of the first asperity 
suggests that the coseismic rupture of the Poso earthquake 
did not propagate to or rupture the ground surface. The 
Poso earthquake contributes to the northeast–southwest 
extensional strain state and therefore the crustal thinning of 
ECS to some extent, due to the downward motion caused 
by the main rupture. The distributed-slip model yields a 
geodetic seismic moment of 1.16×1019 N m that 
corresponds to an Mw 6.65 earthquake. 
 

4.4 2018 MW 7.5 PALU EARTHQUAKE [20] 
 
Indonesia is located in the triple junction zone where the 
Philippine Sea, Australian, and Sunda plates meet and acts 
as one of the most seismically active zones in the world, 
within which many micro-blocks and intense faulting are 
developed. On September 28, 2018, a strong earthquake 
with a moment magnitude (Mw) of 7.5 struck the Sulawesi, 
Eastern Indonesia, with the epicenter located at about 70 
km to the north of the city of Palu. This seismic event 
triggered catastrophic soil liquefaction, landslides, and a 
tsunami as well. In this study, we first determined the 
source geometry utilizing the ALOS-2 descending data. 
Then we inverted for the rupture kinematics of the 2018 
Palu earthquake, jointly using the ALOS-2 data and the 

fortunately unclipped broadband regional seismograms. 
From our rupture model, we obtained insights into 
supershear rupture features and trans-tensional mechanism 
of Sulawesi. 
 

 
Fig. 16 The observed coseismic LOS displacement of 
the 2018 Palu earthquake [20] 
 
The maximum LOS displacement is 1.1 m, and four main 
lobes of deformation are clearly visible (Fig. 16). The 
asymmetric fringe pattern, which shows more fringes on 
the eastern side of the fault, could suggest that the fault 
plane dips to east. The LOS displacement shows a four-
quadrant distribution pattern, which conforms to a strike-
slip event. At the east of the fault, south of the city of Palu, 
the negative LOS displacement indicates a range increase, 
which is agreeable with left–lateral strike–slip and possible 
subsidence, as the satellite LOS direction is nearly 
perpendicular to the strike of the fault and the flight 
direction is almost southward. By contrast, the positive 
LOS displacement shows a range decrease, which suggests 
uplift, supporting local transpression at the Sulawesi neck. 
Additionally, the deformation zone to the south of the 
epicenter in the Sulawesi Neck is much broader than that 
in other deformation regions concerning the sense of 
spatial extension, which suggests that the earthquake has 
ruptured into a deeper part of the crust in this region. By 
contrast, deformation region to the south of the city of Palu 
is featured by more densely distributed fringes, allowing 
for a shallower rupture on this segment. 
 

 
Fig. 17 (a) Coseismic slip distribution from the of 
InSAR and broadband regional seismograms (b) and (c) 
are the strike-slip and dip-slip components, respectively, 
(d) The uncertainty of the total slip model [20] 
 
The rupture kinematics were constructed jointly using 
ALOS-2 InSAR and broadband regional seismograms, 
which reveal that the 2018 Palu earthquake is a supershear 
rupture event from early on with an average rupture 
velocity of 4.1 km/s, different from other supershear events 
with a transition from subshear to supershear. The total 
seismic moment 2.64×1020 N m (equivalent to Mw 7.55) 
was released within 40 s. The accumulative slip model (Fig. 
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17) shows that there are four slip asperities, corresponding 
to four main lobes of deformation in the ALOS-2 
interferogram, with a peak slip of 6.5 m located at the south 
of the city of Palu. Our results also shed some light on 
transtensional tectonism in Sulawesi. 
 

4.5 2018 MW 6.6 HOKKAIDO EASTERN IBURI, 
JAPAN, EARTHQUAKE [21] 

 
On 5 September 2018 at 18:07:59 (UTC), a moderate 
earthquake with a magnitude of Mw 6.6 struck eastern 
Iburi of Hokkaido Island, northeastern Japan. The USGS 
reported coordinates of 42.686 °N and 141.930 °E for the 
epicenter and a focal depth of approximately 35 km. In total, 
459 earthquakes occurred within ~2 days, in which 160 M 
> 3 aftershocks. The largest aftershock’s magnitude was M 
5.9, which occurred only 3 h after the main shock. The 
earthquake also resulted in more than 10,000 landslides and 
significant casualties, as well as heavy property losses. 
 

 
Fig. 18 Coseismic interferograms obtained from 
descending Sentinel-1A track T046D (a), descending 
ALOS-2 track P018D (b) and ascending ALOS-2 track 
P112A (c) [21] 
 
We collected two interferometric pairs of Sentinel-1 
images acquired in Terrain Observation with Progressive 
Scans (TOPS) mode along ascending and descending 
tracks; we also obtained two interferometric pairs of 
ALOS-2 images in Phased Array L-band Synthetic 
Aperture Radar-2 (PALSAR-2) stripmap mode along 
ascending and descending tracks. The surface deformation 
is clearly visible from both ascending and descending 
interferograms, and the main coseismic deformation 
corresponds well with the mechanism of a thrust event 
(Figure 18). The relative maximum LOS displacements are 
11.6, 7.0, 19.9, and 16.7 cm for the T046D, T068A, P018D, 
and P112A interferograms, respectively. 
 

 
Fig. 19 Two-dimensional (2D) coseismic slip model for 
the 2018 Iburi event [21] 

First, we carried out a nonlinear inversion to invert for nine 
fault parameters, the result of which shows that the 
seismogenic fault was a blind NNW-trending (strike angle 
~347.2°), east-dipping (dip angle ~79.6°) thrust fault. The 
inverted geodetic moment magnitude of the 2018 event is 
Mw 6.44. Then, a linear inversion was performed based on 
the optimal fault geometry derived from the nonlinear 
optimization. The linear inversion (Fig. 19) suggests that a 
significant slip area extends 30 km along the strike and 25 
km in the downdip direction and that the peak slip 
magnitude can approach 0.53 m at a depth of 15.5 km with 
strike-slip and dip-slip components of 0.22 m and 0.48 m, 
respectively. The estimated geodetic moment magnitude 
released by the distributed slip model is 6.16 ×  10  N ·
m, equivalent to an event magnitude of Mw 6.50. 
 

4.6 2018 MW 7.5 PAPUA NEW GUINEA 
EARTHQUAKE [22] 

 
On 25 February 2018 (UTC 17:44:44), a devastating Mw 
7.5 earthquake jolted the southern area of the Papuan fold 
and thrust belt (PFTB), central Papua New Guinea (PNG), 
which is well known for its prolific natural resources. This 
earthquake was the most powerful one ever experienced in 
the region in the past 100 years, and it was followed by five 
strong M > 6 aftershocks within 60 days. The earthquake 
was felt with an intensity of IX in the earthquake area and 
thereby caused extensive damages to buildings, triggered 
various landslides, and even closed the oil and gas 
operations. 
 

 
Fig. 20 Observed and modelled coseismic LOS 
displacement of the 2018 PNG earthquake [22] 
 
The 2018 PNG earthquake produced a highly complex 
deformation (Fig. 20), with surface displacements of 
dozens of centimeters distributed along the PFTB for over 
180 km. The maximum LOS displacement is observed to 
be ~100 cm in the ascending track interferogram and ~80 
cm in the descending one. The coseismic interferograms 
from different tracks present a similar fringe pattern with a 
decrease in range along the LOS, suggesting that the 
coseismic surface deformation due to this earthquake is 
dominated by uplift motion. A close inspection of the 
coseismic displacements shows no apparent discontinuities 
along the southern foreland of PFTB. In contrast, the 
surface displacements are fairly smooth, suggesting that 
slip on foreland faults is almost buried at depth. The 
ascending coseismic interferogram shows low coherence in 
the near filed, most likely caused by temporal decorrelation 
due to a large temporal baseline (i.e., 210 days). The 
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coseismic displacements show some along-strike 
differences, decreasing from ~100 cm in the southeast to 
~20 cm in the northwest as revealed by the ascending 
interferogram. This suggests that the coseismic strain 
release is highly segmented along the PFTB and also 
reflects that there could be slip heterogeneities on faults 
during the earthquake possibly due to the variation of fault 
frictional properties and interseismic strain partitioning.In 
the optimal fault geometry model, the updip projections of 
the fault segments at the surface are well consistent with 
the surface geological features and observed displacement 
gradients. The optimal dip angles of the segments show 
some expected along-strike variations. For example, S3 
and S4 in KFTB respectively dip to northeast at 40° and 
32°; S1 and S2 in WPFTB are both dipping at 55° but show 
differences in the strike angle. This is consistent with the 
focal mechanisms of regional earthquakes in the southern 
foreland of PFTB. 
 

 
Fig. 21 (a) The optimal coseismic slip distribution 
inverted from Model II, (b) Three-dimensional map 
view of the coseismic slip distribution of Model II [22] 
 
Our analysis of the generated coseismic surface 
deformation shows that the earthquake involved a multiple 
faults failure with four fault segments possibly ruptured 
during the earthquake (Fig. 21). The significant deep-
seated slip of up to 0.7 m suggests that crustal shortening 
across the PFTB could primarily control the growth of fold 
and thrust belt in the central Papua New Guinea. The well-
estimated laterally heterogeneous slip to some extent 
reflects spatially variable friction and interseismic strain 
partitioning on fault. The observable along-strike 
differences in structure geometry, topography, and 
convergent rate may be due to the different responses of 
weak and strong lithosphere beneath the PTTB to the arc-
continent collision between the Australia and Pacific plates. 
 

4.7 2020 MW 7.4 OAXACA, MEXICO, 
EARTHQUAKE [23] 

 
On 23 June 2020, an Mw 7.4 earthquake struck near 
Oaxaca, Mexico, causing at least six deaths and two dozen 
injuries. According to the U.S. Tsunami Warning System, 
the event triggered a tsunami warning, with waves of 0.68 
m and 0.71 m amplitude observed in Acapulco and Salina 

Cruz, respectively. The hypocenter and the focal 
mechanism suggest that the thrust faulting event may 
happen on the subduction interface between the Cocos and 
North America Plate. 
In this study, we collected geodetic observations from GPS 
stations to estimate the static coseismic offset and high-rate 
displacement time series. The 3D GPS coseismic 
displacements (Fig. 22) associated with this earthquake 
revealed that the detectable displacements (> 1 mm) were 
localized within 120 km from the epicenter and that the 
stations nearest to the epicenter had large offsets. The 
largest displacement was observed at site OXUM, located 
~44 km southwest of the epicenter, with ~15.2 cm 
horizontal displacement and ~4.1 cm uplift. The GPS-
derived coseismic displacement pattern is consistent with 
displacements expected from a thrust event. 
The independent ascending and descending Sentinel-1 and 
ALOS-2 interferograms captured most of deformation area 
of the 2020 Oaxaca event, except in a small area of the 
ocean (Fig. 22). The Sentinel-1 data with a short time 
interval (six days) and ALOS-2 data with a long 
wavelength (L-band) maintained coherence in the rupture 
zone. The 12-day time interval Sentinel-1 (T005A) data 
decorrelated above the center of the deformation field due 
to dense vegetation. The pattern of surface deformation 
indicates that the main slip occurred at 15-30 km depth and 
located near the hypocenter. Since the line-of-sight (LOS) 
vector from the ascending tracks (T005A and T017A) is 
nearly parallel to the strike of the trench, it primarily 
revealed vertical deformation caused by major slip on a 
fault with an intermediate dip. The relative LOS 
displacements were -3 ~ 66 cm, -8 ~ 64 cm, -15~ 41 cm, -
20 ~ 0 cm and -19 ~ 38 cm for the T005A, T107A, T070D, 
T172D and P152D tracks, respectively (Fig. 22). 
 

 
Fig. 22 Coseismic deformation for the 2020 Oaxaca 
earthquake from ALOS-2, Sentinel-1 and GPS 
observations [23] 
 
Our results indicate that the 2020 Oaxaca earthquake was 
a typical megathrust event that occurred on a fault plane 
with a strike angle of 264.6° and dip angle of 28.8°. The 
whole rupture process lasted 14 s with an average rupture 
velocity of 3.1 km/s, while the dominant rupture occurred 
during 5-8 s after initial rupture. This earthquake released 
a moment magnitude of 1.70×1020 N m (Mw 7.4). The 
maximum slip on the fault plane was ~3.4 m. The 
mainshock rupture mostly occurred along the strike, 
extending 55 km in the length and 35 km in the width, and 
it totally overlapped the rupture of the 1965 Mw 7.5 event, 
indicating that this Oaxaca event was a repeat event 
following the 1965 earthquake. Fluid percolation under the 
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slab may be one of key factors affecting the seismogenic 
depth in this region. 
 

5. CONCLUSIONS 
The deformation with high accuracy along the northern 
margin of the Tibet Plateau and other active tectonic 
regions (such as Japan, Italy, Iran, Indonesia, Papua New 
Guinea, and Mexico) was investigated by combining 
ALOS-2/PALSAR-2 images and other observations. This 
study clearly presented the tectonic signals (such as line-
of-sight, 2.5D, and 3D deformation) resulting from the 
related faults, and gave the geophysical model (such as 
fault geometry, slip distribution, rupture process, and 
regional tectonic geometry) between the underground 
activities in the crust and/or lithosphere and the Earth’s 
surface deformation. The results related to active faults can 
provide the key information in the estimation of regional 
seismic hazard and the understanding of the present-day 
deformation along these faults. 
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1. INTRODUCTION

This report mainly used ALOS-2 data to map the 
coseismic deformation field and carries out geophysical 
inversion and seismic risk analysis based on the 
deformation field. In this report, four mod-strong 
earthquakes in recent years are selected for analysis 

2. EARTHQUAKE COSEISMIC DEFORMATION

2.1 Nepal earthquake
On April 25, 2015, the Mw7.8 earthquake occurred in 

central Nepal. The ALOS-2 wide-band interference pairs 
of 2015-04-05 to 2015-05-03 were used. The time baseline 
was 28 days. The coseismic deformation field of the Nepal 
Mw7.8 earthquake is obtained (Fig. 1). From the coseismic 
deformation field, it is found that there are two deformation 
centres in the whole earthquake area. The LOS uplift in the 
South deformation Center shows the maximum uplift up to 
1.3m. The deformation centre lies to the north of 
Kathmandu, where buildings were badly damaged by the 
earthquake. The North deformation Center shows surface 
subsidence and reaches 0.7m at LOS. According to the 
tectonic setting of Nepal and the energy released by the 
earthquake, the two deformation centres in the north and 
South are located on the upper wall of the fault, which is 
also in line with the deformation characteristics of a strong 
low dip thrust fault.  

The fault parameters and slip mechanism of the Nepal 
earthquake are studied and analyzed in detail with the 
constraints of the co-seismic deformation data obtained 
from the ALOS-2 satellite data. After acquiring the 
deformation interferogram of InSAR, the data is resampled 
using a quadtree method of data resolution constraints. The 
number of ALOS-2 data points is reduced to 291. The two-
step inversion method is used to estimate the fracture 
geometric parameters and dip-slip distribution of faults. 
Firstly, assuming the fault is a Uniform fault model, the 
spatial geometric parameters of faults are calculated. Then 
the distributed fault model is used to calculate the 
distributed slip on the fault plane. 

Fig1 Original ALOS-2 coseismic interferogram 

Fig.2 The slip models determined with InSAR datasets 
(a) InSAR based slip model; (b) The accumulative seismic
moment distribution along with the depth for slip models;

(c) Uncertainties of the slip model.

Fig.3 Original(a), modelled(b) and residual 

interferograms(c) for InSAR model of ALOS-2. 

Fig. 2a is the optimal slip distribution model. From the 
inversion results, the strike of the fault is 291 degrees, the 
dip angle is 7.6 degrees, the dip-slip mainly distributes in 
the depth of 12-18 km, and the dip-slip of the fault is 
mainly thrust. The distribution range of the main dip-slip is 
140 km in length, and the average dip-slip angle is 95 
degrees in this range. The cumulative seismic moment of 
the earthquake is 6.5×1020N·m, and the moment magnitude 
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is Mw7.8, as shown in fig. 2b. Based on the Monte Carlo 
algorithm, the uncertainty of the dip-slip of the fault 
surface is obtained by analyzing 100 groups of sampling 
points with disturbance, as shown in Fig. 2c, the maximum 
uncertainty is about 0.5m, which is about 10% of the 
maximum slip of the same earthquake. In this paper, the 
maximum slip is 5.3m at the depth of 15km. The maximum 
slip value obtained by the joint inversion of JPL (Jet 
Propulsion Laboratory) teleseismic waveform data and 
near-field deformation data such as GPS and InSAR is 
more than 6.0m (http://aria.jpl.nasa.gov/node/43). The 
maximum slip value obtained by USGS using the inversion 
of a far-field P wave, far-field SH wave and the long-period 
surface wave is 3.0-4.0m. The distribution range and 
method of dip-slip in this paper are basically consistent 
with the results published by the above-mentioned 
mechanism, but the dip-slip in this paper is larger than that 
of USGS. The main reason is that the inversion constrained 
data used in this paper are mainly static near-field 
deformation field, and the coseismic deformation field of 
InSAR may also contain some post-earthquake 
deformation signals and strong aftershocks. 

Figure 3 shows the fitting result of the best fitting slip 
model. Fig. 3a shows the ALOS-2 InSAR observations. Fig. 
3b shows the interferometric deformation field simulated 
by inversion of the ALOS-2 deformation field. Fig. 3c 
shows the residual in Fig. 3b. From the residual diagram of 
Fig. 3c, there are some residual deformation signals at the 
edge of the main deformation field, which may be caused 
by the landslide caused by the coseismic. InSAR 
simulation interferogram can well interpret the 
interferometric deformation field and prove the stability 
and reliability of the slip interval determined in this paper. 
In addition, the maximum inversion residual of the 
epicentre region is about 8 cm, as can be seen from the 
residual values of the observed and simulated values (Fig. 
3c). It proves the reliability of the result. 

Based on the focal mechanism solutions obtained 
from InSAR data inversion is constrain for strong ground 
motion simulation. In this model, the fault plane is divided 
into N rectangular sub-faults of equal size, each sub-fault 
is a point source, and the focal model is set up. According 
to the geometric relationship between the source and the 
site, the influence of each source on the site is calculated, 
which can be superimposed into the ground motion time 
history of the site. 

Based on the USGS model and InSAR inversion 
model as the input values of slip distribution, the strong 
ground motion of the Nepal earthquake is simulated by 
using a stochastic vibration finite fault model. As can be 
seen from Figure 4, there are many similarities in the 
motion level and distribution range between the two 
models: PGA and PGV obtained by the two models are 
distributed along the strike direction of the fault. The 
simulation results show asymmetry due to the influence of 
low-value shallow S-wave velocity in the southwestern 
plain area: the movement level in the southwestern side of 
the fault is higher than that in the northeastern side of the 
fault. The simulated results are in good agreement with the 
published results in terms of intensity distribution range 
and intensity grade: the high-intensity areas (≥Ⅷ) are 
mainly concentrated in the south-east side of the 
earthquake and the northern part of Kathmandu, see figure 
4c, 4f). The intensity in the central and western part of the 
earthquake is obviously higher than that in the eastern part, 

indicating that the rupture mode of the earthquake is mainly 
one-way rupture, and the rupture propagates along the 
southeast direction from the source, which is very similar 
to the rupture mode of the Wenchuan earthquake. 

 
Fig.4 Strong motion simulation for Nepal Mw7.8 earthquake 
based on two slip models (a)、(b)、(c) indicate GPA，PGV 
and MMI distribution estimated from USGS slip model 
respectively; (d)、 (e)、 (f) indicate GPA，PGV and MMI 
distribution estimated from InSAR inversion slip model 
respectively. 

Conclusion: The Nepal earthquake that occurred on 
April 25, 2015, was the result of the north-south 
convergence of the Indian and Eurasian plates, and the 
thrusting of the Indian plate subducting beneath the 
Eurasian plate. The earthquake caused the surface to move 
sharply southward, and the forward surface to move 
southward in Kathmandu reached 3m. The fault rupture 
begins in the West and extends eastward along the fault to 
150km. Based on the co-seismic deformation field 
acquired by the ALOS-2 satellite sensor, the seismic 
rupture mechanism is inverted. The two-step inversion 
strategy is adopted. The results show that the strike of the 
seismogenic fault of the Nepal earthquake is 291 degrees, 
the dip angle is 7.6 degrees. The dip-slip of the fault is 
dominated by thrust, and the maximum dip-slip is 5.3 m, 
which is located at the depth of 15 km. The distribution 
range of the main dip-slip is 140 km in length, and the 
average dip-slip angle is 95 degrees in this range. The 
cumulative release seismic moment is 6.5×1020 N·m, and 
the magnitude of the contraction moment is Mw7.8. Based 
on the inversion of the source mechanism of InSAR, the 
strong ground motion is simulated. The results of the 
InSAR simulation are in good agreement with those of 
USGS. Through the study of the earthquake, the structure 
of the seismogenic fault can be described in detail, and the 
foundation for further study of the geometric 
characteristics of the main thrust fault and the spatial 
relationship between the main earthquake slip and the 
activity of the interseismic fault can be laid. 
 
 
2.2 Meinong earthquake 

Taiwan time on February 6, 2016, Kaohsiung City, an 
Mw6.4 earthquake occurred in Kaohsiung City, Taiwan, 
epicentre located in Kaohsiung City Meinong District 
(120.54°E, 22.93°E). Obtained the ALOS-2 ascending 
track 20151126-20160208 interference pair and the 
descending track 20160131-20160214 interference pair, 
using differential interference processing method, obtained 
the coseismic deformation field of the earthquake (Fig. 1 
(a, b)). 342



 
(a) ascending                   (b) descending   

Fig.1 ALOS-2 coseismic deformation field of LOS. 
 

By analyzing the results of the coseismic deformation 
field, the maximum forward deformation variable of the 
ALOS-2 ascending data is about 11 cm, and the maximum 
forward type of the descending data is 10 cm. Although 
there are differences in the values of ascending and 
descending orbits, the positions of the maximum values of 
LOS are the same, which are about 20 km northwest of the 
epicentre. The quadtree method based on data resolution 
constraint is used to resample LOS to deformation, as 
shown in Figure 2. 

 
 (a) ascending          (b) descending 

Fig.2 ALOS-2 coseismic deformation field of LOS 
(after resampling) 

Using ALOS-2 ascending and descending data, 
inversion calculations are performed for different 
smoothing parameters of 0.0, 0.01, 0.02, 0.03, 0.04, 0.05, 
0.06, 0.07, 0.08, 0.09, 0.10, 0.15, 0.20, 0.25, 0.30, 0.35, 
0.40, and 1.0, respectively. The compromise curve between 
the roughness of the dislocation model and the data is 
shown in Figure 3. 

                   
     (a) ascending                                   (b) descending  
Fig.3 The compromise curve between the roughness of the 
dislocation model and the data fit degree. 

According to the compromise curve, the optimal slip 
distribution factor is 0.02 for the ascending and descending 
data. When the smoothing factor is 0.02, the inversion slip 
distribution results are shown in Figure 4 respectively. 

         
 (a) ascending                                   (b) descending  

Fig.4 Slip distribution on map projection 

Fault slip distribution results show that the earthquake 
is mainly dipped slip, the main slip rupture concentrated in 
9 km to 15 km and did not extend to the surface, the site 
scientific investigation of the earthquake also did not occur 
obvious surface rupture. In the case of ascending data, the 
average slip is about 0.05 meters, the average slip angle is 
40.00 degrees, the maximum slip near the surface is 1.20 
meters, the slip angle is 40.00 degrees, located at 120.46 
longitudes, 22.95 latitudes, 13.38 km depth, the final 
moment magnitude is 6.20, the numerical simulation 
coincidence coefficient is 55.35%, the average stress drop 
is 3.85 MPa, and the standard stress drop is 2.39MPa, and 
the maximum stress drop is 7.69MPa. In the case of 
descending data, the average slip is about 0.05 meters, the 
average slip angle is 40.03 degrees, the maximum near-
surface slip is 1.20 meters, the slip angle is 40.00 degrees, 
located at 120.48 longitudes, 22.97 latitudes, 14.13 km 
depth, the final moment magnitude is 6.16, the numerical 
simulation coincidence coefficient is 58.73%, the average 
stress drop is 3.83 MPa, the standard stress drop is 
2.82MPa, and the maximum stress drop is 9.79MPa. The 
results of the inversion of the lifting rail are highly 
consistent. 

The model is used to observe the deformation field 
and the simulated deformation field respectively, as shown 
in Figure 5. 

 
(a)ascending 
observation  

(b)ascending 
prediction  

(c)ascending 
Residual  
 
 

 
 
Fig.5 Comparison of deformation field and pre 
deformation field observed by ALOS-2 

The prediction result of the whole model of the lifting 

data is in good agreement with the observation result, and 
the error of 97.56% is less than 2 cm except for the poles. 
The predicted results of the whole model agree well with 
the observed ones. The observed deformation field is from 
- 8 cm to 6 cm, and the simulated deformation field is from 
- 1 cm to 3.5 cm. The range of residual error ranges from -
6cm to 4cm. 

Combined with ALOS-2 ascending and descending 
data, according to different smoothing parameters of 0.0, 
0.01, 0.02, 0.03, 0.04, 0.05, 0.06, 0.07, 0.08, 0.09, 0.10, 
0.15, 0.20, 0.25, 0.30, 0.35, 0.40 and 1.0, the compromise 
curves between the roughness of the dislocation model and 
the degree of data coincidence are drawn. When the 
smoothing factor is 0.02, the inverse slip distribution 

(d)descending 
observation  

(e)descending 
prediction  

(f)descending 
Residual  
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results are shown in Fig 6a and the surface projection 
results are shown in Fig 6b. 

 
  

(a) slip distribution        (b) slip distribution on map 
projection. 

Fig. 6 slip distribution model 
The results of fault slip distribution show that the 

main slip ruptures are dip-slip, mainly between 9 km and 
15 km, and do not extend to the surface. The average slip 
is about 0.05 meters, the average slip angle is 40.00 degrees, 
the maximum slip near the surface is 1.20 meters, the slip 
angle is 40.00 degrees, located in 120.48 longitudes, 22.96 
latitudes, and the depth is 13.88 kilometres. The final 
moment magnitude is 6.17 m, the numerical simulation 
coincidence coefficient is 55.13%, the average stress drop 
is 3.59 MPa, the standard stress drop is 2.50 MPa, and the 
maximum stress drop is 7.719 MPa. The model shows the 
comparison between the deformation field and the 
simulated deformation field as shown in Figure 7. 

 
(a)observation results (b)model prediction  (c)residual 

distribution 
Fig. 7 Comparison of observed deformation field 

and pre deformation field 
The predicted results of the whole model are in good 

agreement with the observed ones. The observed 
deformation field is from - 8 cm to 10 cm, and the 
simulated deformation field is from - 2 cm to 5 cm. The 
residual error ranges from - 8 cm to 6 cm, and there is a 
large error between 4 cm and 6 cm in the vicinity of the 
epicentre and in the north-central and eastern regions of the 
earthquake. The other regional error is about 2 cm, and one 
observation point error is 8 cm. 

Using GPS and ALOS-2 data to jointly invert, the 
inversion process is the same as that described above, and 
the optimal smoothing factor is 0.03. The inversion results 
of slip distribution are shown in Figure 8. 

 
 
 

 
(a) slip distribution        (b) slip distribution on map 

projection. 
Fig. 8 slip distribution model 

The results of fault slip distribution show that the 
main slip ruptures are dip-slip, mainly between 9 km and 

15 km, and do not extend to the surface. The average slip 
is about 0.07 m, the average slip angle is 42.50 degrees, the 
maximum near-surface slip is 0.85 m, the slip angle is 
40.00 degrees, located in 120.47 E, 22.97 N, and the depth 
is 13.88 km. The final moment magnitude is 6.29, the 
numerical simulation coincidence coefficient is 94.45%, 
the average stress drop is 0.94 MPa, the standard stress 
drop is 1.17 MPa, and the maximum stress drop is 4.60 
MPa. 

At the same time, the inversion of the two fault model 
is carried out using the data. The final inversion results 
show that the single fault model can better explain the fault 
structure of the Meinong earthquake. The combined 
inversion results of InSAR and GPS under the single fault 
model are more reasonable. It is finally determined that the 
earthquake is mainly dip-slip. The main slip ruptures are 
concentrated in the range of 9 km to 15 km and do not 
extend to the surface. The maximum slip volume near the 
surface is close to 1 m. 
 
 
 
2.3. Italy earthquake 

On August 24, 2016, an Mw6.2 earthquake occurred in 
the Amatrice area of central Italy. Using the ALOS-2 
satellite interference pair 20160127-20160824, the 
deformation field of the earthquake is obtained (Fig. 1). 
There are two deformation centres in the whole 
megaseismal region. The main deformation region shows 
settlement along the LOS direction, the settlement in the 
Acumoli region is the largest, and the maximum 
deformation in the ALOS-2 ascending data is 19.6cm in the 
LOS direction.  

  

                  
Fig.1 ALOS-2 coseismic deformation field 
The fault parameters and slip mechanism of the Italy 

earthquake are studied and analyzed with the data of the 
Italy earthquake coseismic deformation obtained from 
ALOS-2 satellite data processing as inversion constraints. 
The inversion is divided into two steps. The first step is to 
reduce the computational complexity and improve the 
inversion speed by using the data resolution constrained 
quadtree method. The number of ALOS-2 data points after 
resampling becomes 813. The second step is to use the two-
step inversion method to estimate the fracture geometric 
parameters and dip-slip distribution of faults. Firstly, the 
spatial geometric parameters of faults are calculated based 
on the assumption that faults are homogeneous, and then 
the distributed slip on the fault surface is calculated by the 
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distributed fault model. PSOKINV software based on 
Particle Swarm Optimization (PSO) is used to invert source 
parameters. 

The deformation field obtained by InSAR shows that 
there are two subsidence centres in the LOS subsidence 
area, and the earthquake is located between the Gorzano 
fault and Bove-Vettore fault, so whether the earthquake is 
caused by two faults is considered. Based on the two-step 
inversion strategy, the log function is used to determine the 
optimal smoothing coefficient and dip angle in the 
inversion of the focal mechanism. InSAR and GPS data are 
combined to invert the focal mechanism using a single fault 
and double fault respectively. 

Fig. 2 (a) is the optimal slip distribution model for a 
single fault. From the results of the model, we can see that 
there are two obvious slip centres in this earthquake. The 
strike of the fault is 167 degrees and the dip angle is 45 
degrees. The dip-slip of the fault is mainly a normal fault. 
The maximum dip-slip is 0.9 m. The optimal smoothing 
coefficient determined by the log function is 1.5. 

Fig. 2 (b) is the optimal slip distribution model for the 
two faults. The results show that the strike of the two faults 
is 160 and 158 respectively, the dip angles are 44 and 46 
respectively, and the dip-slip mainly distributes in the 
depth range of 4 ~ 7 km. The dip-slip of the fault is mainly 
a normal fault with a maximum dip slip of 0.9 m. The 
distribution of the two slip centres is obvious. The optimal 
smoothing coefficient determined by the log function is 4.1. 

      

    

(a) single fault                                (b) double fault 

Fig. 2 The Single and Double Fault slip Models 
Determined With InSAR Datasets 

  

 

(a) ALOS-2 constrained coseismic deformation field 
(b) ALOS-2 optimal fitting model for predicting 
displacement field (c) ALOS-2 residual distribution  

Fig. 3 Observed, Modelled and Residual 
Interferograms for the InSAR Models in Model of 
Double Fault. 

 
The correlation coefficients of inversion models for 

single and double faults are 0.85 and 0.89 respectively, and 
the residual root means the square error is 0.025 and 0.021 
respectively. By comparing the US Geological Survey 
(USGS), the Italian Institute of Geophysics and 
Volcanology (INGV) in the Global Centroid Moment 
Tensor Catalog (GCMT) and the published scientific 
research results, the double fault model is finally used to 
invert and analyze the focal mechanism. 

Fig. 3 is the fitting result of the best fitting slip model 
under the double fault model. Fig. 3 (a) shows the ALOS-
2 satellite InSAR observations, and Fig. 3 (b) shows the 
interferometric deformation field obtained from the ALOS-
2 deformation field inversion simulation. Fig. 3 (c) shows 
the residual in both cases of Fig. 3 (b). The residual signal 
of ALOS-2 simulation results is smaller than that of a 
single fault model under the two-fault model. By 
comparing the simulation results, it can be found that the 
two-fault model can better simulate the double subsidence 
centre in the deformation area. There are a few residual 
signals in ALOS-2 simulation results, which may be caused 
by partial residual atmospheric errors in ALOS-2 data. 
Generally speaking, the two-step inversion strategy based 
on the two-fault model can well explain the interference 
deformation field, which proves that the slip interval 
determined in this paper is stable and reliable. 

Conclusion: Based on the co-seismic deformation field 
acquired by the ALOS-2 satellite sensor, the seismic 
rupture mechanism inversion is carried out. The two-step 
inversion strategy is adopted, and the log function is used 
to obtain the optimal dip angle and smoothing coefficient. 
Finally, the complete inversion results of the focal 
mechanism are obtained. The inversion results show that 
the deformation field and source parameters obtained under 
the dual-fault model are more consistent with the rupture 
mechanism of the earthquake. The root means the square 
error of residual error under the double fault model is less 
than that under the single fault model, and the inversion 
phase of the double fault model is better than that under the 
single fault model. The correlation coefficient is 0.89 of the 
double fault model, which is better than 0.85 for a single 
fault. Finally, the seismogenic fault of the Mw6.2 
earthquake in Italy is determined as a double fault. The 
strike of the fault is 160 degrees and 158 degrees, the dip 
angles are 44 degrees and 46 degrees, the dip-slip angles 
are - 80 degrees, the maximum dip-slip is 0.9 m, and the 
depth is 4-7 km. From the inversion results of the InSAR 
deformation field, GPS deformation field and seismic 
mechanism, it can be seen that the maximum subsidence 
caused by the earthquake reached 19.6 cm, and the 
seismogenic fault is SW-NE normal fault, and the fault 
characteristics are tension. The inversion results based on 
InSAR are in good agreement with those of UCMT, USGS 
and other scientific research results, which verifies the 
feasibility of the inversion method. Through the study of 
this earthquake, we can have a more detailed understanding 
of the focal mechanism parameters. 

 
2.4. Iran-Iraq earthquake 
On November 12, 2017, a strong earthquake of Mw 7.3 

occurred in the Kermanshah region of Northwestern Iran 
near the Iran-Iraq border. The epicenter of the earthquake 
was (34.886°N, 45.941°E) and the focal depth was 19 km. 
The coseismic deformation fields of the earthquake were 
obtained by using the ALOS-2 satellite ascending 
interference pairs 2016089-20171114 and descending 
interference pairs 20171004-20171115 (Fig. 1). 
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（a）descending                          （b）ascending 
Fig.1 ALOS-2 coseismic deformation field 
By analyzing the shape variables of the satellite's lifting 

and landing orbit, it can be found that the maximum 
displacement of LOS is 0.85m, and the lifting and landing 
orbits can be seen clearly. The range of the lifting and 
landing orbits is large, while the range of the landing orbits 
is relatively small. The farther away from the fault, the 
LOS deformation decreases gradually, and the deformation 
in the far-field is close to 0.00m, which is consistent with 
the physical mechanism of seismic activity. 

A two-step inversion algorithm based on ALOS-2 data 
is used to carry out coseismic deformation inversion of the 
two earthquakes. Firstly, assuming the fault is a 
homogeneous fault model, the geometric parameters of the 
fault space are calculated. Then the distributed slip on the 
fault plane is calculated by using the distributed fault model. 
PSOKINV software is used to retrieve source parameters. 
The software uses improved group cooperative random 
search particle swarm optimization (PSO), which mainly 
uses the iterative method to obtain the optimal solution 
through a group of random solutions. 

   
 

 
 (A) ALOS-2 T180 ascending        (B) ALOS-2 T71 descending 

Fig.2 InSAR data constrained coseismic 
deformation field (a), the optimal fitting model for 
predicting displacement field (b), and residual 
distribution (c). (A) and (B) indicate the ALOS-2 
satellite. 

Fig. 2 is the fitting result of the best fitting slip model. 
Fig. 2 (A) and (B) are the InSAR observations of ALOS-
2(a), the interferometric deformation field (b) and the 
corresponding residual distribution (c) based on the 
inversion simulation of InSAR results, respectively. Some 
residual deformation signals can be seen from the residual 
figure of ALOS-2 T71, which may be caused by partial 
error removal and residual atmospheric error. InSAR 
interferogram can explain the interferometric deformation 
field very well, which proves that the slip region 
determined in this paper is stable and reliable. By analyzing 
the residual values of the observed and simulated values, 
the maximum inversion residual in the epicentre region is 
about 5 cm, which proves the reliability of the results in 
this paper. 

Conclusion: The November 12, 2017 Iran-Iraq 
earthquake is the result of slant thrust faults caused by plate 
collision. Relative uplift and subsidence occurred on both 
sides of the fault zone, and the maximum displacement in 
LOS direction is about 0.85m. The fault rupture begins in 
the northwest and continues along the fault to the southeast. 
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1. INTRODUCTION

In this report  we summarize major highlights of the 
research carried out under RA6 using ALOS1/ALOS2 
PALSAR. Details of papers published are provided in 
APPENDIX and their PDF copies are attached with this 
cover page for reference.  

2. RESEARCH HIGHLIGHTS

2.1 INTERSEISMIC DEFORMATION ALONG THE 
CENTRAL HIMALAYA USING INSAR AND GPS 
DATA [1] 

• The deadly 25 April 2015 Gorkha earthquake
(Mw = 7.8) and aftershocks have partially
released the accumulated interseismic strain
along the Main Himalayan Thrust (MHT).

• We determine interseismic coupling along the
MHT and spatial variations in total strain rate
using two decades of GPS, InSAR and sprit
leveling data.

• We use microseismicity data of the Nepal region
acquired during 1994–2009 by NSC for the b-
value estimation.

• ISC pattern is fairly uniform along the central
Himalayan arc, whereas, the b-value map reveals
patches of low regions, towards east and west of
the 2015 epicenter

• The 2015 earthquake ruptured the eastern
asperity which hosted high stress accumulation
prior to the event.

• Absence of afterslip towards west and south of
the epicentre along with local variations in
stress/strain regime further enhance the
probability of earthquakes in central
Himalaya.These findings compel a revisit of the
seismic hazard assessment of the central
Himalaya.

2.2 TIME-SERIES SURFACE DEFORMATION 
STUDIES OF THE BARREN ISLAND VOLCANO, 
ANDAMAN SEA [2] 

• Barren Island, situated in the Andaman Sea, is
the northernmost active volcano of the Sunda arc.
We report, for the first-time, time-series surface
deformation measurements of Barren Island
volcano from InSAR  during epochs 2007-2011
(ALOS-1) and 2015-2017 (ALOS-2 &
Sentinel1).

• LOS deformation of -50 mm/yr during 2007-
2011 at the cinder cone is interpreted as the co-
eruptive pressure changes associated with the
2008-2009 eruptions.

• Bayesian inversion suggests a shallow magma
reservoir at a depth of ~580 m below the summit.

• The depth of the magma reservoir is shallower
than that of other volcanoes of the Sunda arc,
probably due to the extensional stress regime
imposed by the oblique subduction.  Based on
the present study and previousworkswe propose
a plausible source model for the Barren Island
volcano

• Significant deformation (-15 to -150 mm/yr)
observed along the lava delta of Barren Island
volcano for both the epochs are interpreted as
post-eruptive subsidence of the lava flow.

• Topographic change map generated using InSAR
method suggests ~12million m3 increase in net
volume of lava flow (subaerial, including
volcanic deposits) during 2000–2017 with an
area and average thickness of 0.87 km2 and 13.8
m, respectively
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2.3 INSAR AND GPS MEASUREMENTS OF 
CRUSTAL DEFORMATION DUE TO SEASONAL 
LOADING OF TEHRI AND KOYNA RESERVOIRS,  
INDIA [3,4]

 
  

• Reservoir impoundments for hydroelectricity 
generation, due to their large size and associated 
water load, may cause measurable deformation 
and are considered to have triggered strong 
earthquakes 
 

• ALOS-1  and GPS data were used to detect and 
model surface deformation due to seasonal 
loading of Tehri and Koyna reservoirs of India  

 
• Annual variations in the GPS time series and 

InSAR analysis  confirms that the reservoir 
filling causes large subsidence in its vicinity 
which is consistent with the predicted poroelastic 
response to the annual filling of the reservoir 

 
• Modelling of seasonal deformation brought out 

by the InSAR analysis provided constraints on 
regional crustal rheology.  
 

• Seasonal deformation due to reservoir filling 
leads to reduction in strength on the faults of the 
Koyna–Warna seismic zones, thereby triggering 
of earthquakes on critically stressed faults and 
modulation of earthquake frequency 

 
 
2.4 CO-SEISMIC DEFORMATION STUDIES OF 
SEPTEMBER 24, 2019 MIRPUR EARTHQUAKE, 
NW HIMALAYA 
 

[5] 

• We present a source model for the 2019 Mw 

 

= 6 
Mirpur earthquake, NW Himalaya using ALOS-
2 and Sentinel-1 InSAR measurements.  

• Inversion of the InSAR data suggests that the 
2019 Mirpur earthquake was caused by shallow, 
low-angle thrust on the up-dip portion of the 
décollement of the Main Himalayan Thrust 
equivalent to a moment magnitude of Mw

 
= 6.0 

• A shallow up-dip slip on the MHT through a 
moderate magnitude earthquake is atypical as 
Himalayan earthquakes generally originate at the 
down-dip portion of the MHT and propagate 
towards south.  
 

• We estimate low effective coefficient of friction 
of 0.06±0.02 from the slip model and  propose 
that the low fault friction due to high pore fluid 
pressure and/or lubricated fault surface would 
have caused the unusual near-horizontal rupture 
at the base of Himalayan front.   
 

• Coseismic coulomb stress analysis suggests 
significant increase in the stress towards the 
frontal part of the MHT.  
 
 

• The 2019 Mirpur earthquake released a small 
fraction of the accumulated strain energy since 
the 1555 Kashmir earthquake and caused   
increase in stress on the MFT and frontal 
anticlinal system of the NW Himalaya, implying 
future seismic hazard. 
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1. INTRODUCTION

The devastated Mw 7.9 Wenchuan earthquake struck the 
eastern margin of the Tibetan Plateau on May 12, 2008 in 
Sichuan Province, China. A number of works have been 
published after the strong shock, involving the 
investigations of the geological and geophysical context 
in the seismic zone, characteristics of coseismic ground 
deformation, source model responsible for the coseismic 
faulting mechanism, rearrangement of stresses in the 
neighboring crust, and so on. Based on the satellite SAR 
acquisitions, we measured the coseismic ground 
deformation along the SAR azimuth direction by the POT 
technique. The pixel offset-tracking (POT) technique is 
capable of extracting the coseismic surface deformation 
along the SAR azimuth and range directions [1, 2], which 
can provide reliable signals when the near-fault 
deformation gradient is large [3]. However, the significant 
ionosphere signal delay is recognized in the derived 
azimuth deformation field, which has concealed the 
deformation signal associated with the tectonic motion. 
To mitigate the negative effect caused by the ionosphere 
signals, we modelled the ionosphere signal based on the 
frequency component detected from the frequency 
domain data of the SAR azimuth deformation field, and 
then removed it from the original deformation field, thus 
deriving the accurate coseismic azimuth deformation field 
related to the 2008 Mw 7.9 Wenchuan earthquake. Clear 
displacement discontinuities between the fault foot wall 
and hanging wall can be recognized from the corrected 
azimuth deformation field. Hence, based on the derived 
azimuth offsets, accurate fault surface traces can be 
further extracted by automatically recognizing the 
boundaries of the deformation gradients, which 
effectively complements the geological field survey and 
helps the investigation of the source mechanism of the 
giant earthquake. 

2. EFFECT OF IONOSPHERIC DISTURBANCES IN
SATELLITE RADRA INTERFEROMETRY

It has been pointed out by Gray et el. [4] that the along-
track variations in ionospheric propagation can affect the 
azimuth focusing of SAR data, and results in a mis-
mapping of the pixel in azimuth direction. A number of 
streaks can be recognized over along-track distances of 
hundreds to 1000 kilometers, often oblique to the beam 
direction with a degree of obliqueness, which can hardly 
be attributed to the ground movements. The effect of 
ionospheric disturbances should be considered in the SAR 
interferometry, especially for L-band radar images. 
Varying in electron density in the ionosphere will cause 
the changes in the refractive index [5]. When the radio 
wave propagates through the ionosphere, the notable 
phase “scintillation” can be found at spatial scales down 
to less than 1 km, especially in the auroral regions [6]. 
The path length change sδ , related to propagation through 
an ionosphere, can be expressed as following. 

2
t

s
aN
f

δ −
=       (1) 

where, the constant 40.3a = if the frequency f is in Hz, 

tN is the number of electrons per m2 [5]. The phase 
change for 2-way propagation can be written as equation 
(2). 

2
4 taN

f
πδφ
λ

= ⋅   (2) 

where, λ is the radar wavelength. It can be calculated that 
a change in tN  of ~3.1015 m -2 would cause a phase shift 
of ~1 radian at C-band and over 4 radians at L-band. It 
suggests that a sight change in tN  can trigger significant 
phase change. It has been confirmed that an increase or 
fluctuations in  tN  would lead to scintillation onset [7]. If 
the SAR imaging across a kilometer scope tube-like or 
cylindrical change in electron flux centred on a magnetic 
field line, or the imaging plane in accord with mainly 
magnetic E-N sheet- or arc-like electron fluxes, the tN  
change could probably cause the azimuth streaks in radar 
interferometry. 
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3. METHOD OF IONOSPHRIC CORRECTION 
 
The displacement signal caused by coseismic faulting is 
greatly different from ionospheric delay signal in the 
ground deformation field. In the azimuth deformation 
field, the most significant coseismic displacement is 
located in the near-field zone, and it decreases from the 
near-fault zone to far-fault zone gradually. While, the 
phase signal associated with the trans-ionospheric wave 
propagation shows the periodic characteristic that the 
positive and negative signals are alternate, oblique to the 
along azimuth direction with a degree of obliqueness 
varying slowly. In order to reduce the ionospheric noises, 
a band-cut filter is applied, through which the 
wavenumbers corresponding to the ionospheric noises are 
removed [8]. 

 
Fig. 1 A correcting procedure for the ionospheric 
correction. (a) observed deformation, (b) modeled 
azimuth streaks associated with the ionosphere signals, 
(c) corrected deformation field, and (d-e) power 
spectra corresponding to (a-c), respectively. Frequency 
components surrounded by circles correspond to the 
azimuth streaks. 

First, we need to transform the deformation signal in the 
spatial domain to the power spectra in the spatial 
frequency domain through the Fourier Transform (FT). 
Considering that the ionosphere component is oscillatory, 
thus it shows as the high frequency component in the 
frequency domain, as seen in the circles in Fig.2. So, the 
second step is to extract the high frequency component. 
The determination of the high frequency component is 
constrained by both the location and a threshold of energy. 
Taking the corresponding two corners as the center of the 
circle, and with radius r, we can select an appropriate 
scale of the frequency component. It should be noted that 
radius r can be greatly different for different SAR images 
due to the differences in radar wavelength, orbital path, 
acquisition time, etc. Thus, the set of radius depends on 
the situation. Based on the energy distribution, the energy 
threshold e can be determined, written as e 2M σ> + , 
where, M is the mean value of the total energy, and σ 
represents the standard deviation. Then, the selected high 
frequency component can be transformed back to the 
spatial domain by inverse Fourier Transform (IFT), thus 
deriving the modeled streaks related to the ionospheric 
noises. Last, we can subtract the modeled ionospheric 
streaks from the observed azimuth offsets to get the 
corrected azimuth deformation field. The correcting 
procedure for azimuth streaks that correspond to the 
ionosphere signals is shown in Fig. 1. 
 
4. IONOSPHERIC CORRECTION OF WENCHUAN 
EARTHQUAKE GROUND DEFORMATION FIELD 

ALONG AZIMUTH DIRECTION 

 
4. 1 SAR data and pixel offset-tracking processing 
The pixel offset-tracking (POT) technique can be utilized 
to extract the coseismic surface deformation along the 
SAR azimuth and range directions [1]. In this study, the 
pre- and post-seismic satellite images produced by the L-
band (radar wavelength 23.6 cm) PALSAR-1 sensor 
onboard the satellite ALOS-1 that cover the Longmen 
Shan fault zone near the eastern edge of the Tibetan 
Plateau are used to measure the coseismic azimuth 
deformation caused by the Wenchuan earthquake. A total 
of forty scenes of SAR imagery data, from the ascending 
tracks 471-476, were collected to form the interferometric 
pairs, and the geometric parameters of the interferometric 
pairs are given in Table 1.  

Table 1 Parameters of used PALSAR interferometric pairs 
in the study for the Wenchuan earthquake 

Track Image 
name 

Acquisition 
time 

BT 
(day) B⊥(m) 

471 
primary 2008/02/29 

92 -206.80 secondary 2008/05/31 

472 
primary 2007/01/28 

506 -163.86 secondary 2008/06/17 

473 
primary 2008/02/17 

92 -359.80 secondary 2008/05/19 

474 
primary 2008/03/05 

92 -464.24 secondary 2008/06/05 

475 
primary 2007/06/20 

368 283.56 secondary 2008/06/22 

476 primary 2008/04/08 46 183.24 secondary 2008/05/24 

 
Fig. 2 Initial deformation along the azimuth direction 
for the Wenchuan earthquake 

The searching window size is set as 128 ×128 pixels, 
considering that large window size helps improve the 
precision of the extracted deformation, but at the expense 
of time [9]. The other critical parameter is the 
oversampling factor, the typical number of 64 is chosen in 
this study. The derived surface deformation field in 
azimuth direction is mapped in Fig. 2. It can be seen that 
periodic offset signals are easily recognized in the 
deformation field, particularly in tracks 471-473 and 476, 
which can be attributed to the ionospheric effect. 
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Considering the severe ground deformation caused by the 
strong Wenchuan earthquake, the displacements due to the 
coseismic faulting should be measured in the azimuth 
offsets. However, in the original azimuth deformation 
field, significant ionospheric component has concealed 
the tectonic signal. Hence, it is critical to remove the 
ionospheric delay. 
 
4.2 Ionospheric correction  
Based on above approach of ionospheric correction in 
Section 3, we have removed the azimuth streaks related to 
ionosphere signals from the original azimuth deformation 
field of the 2008 Wenchuan earthquake. Taking the 
example of the observations from track 472, it can be seen 
from Fig. 3 that the modeled ionospheric signals have a 
good agreement with the measured ionospheric streaks 
both in magnitude and in spatial distribution. Clear 
displacement discontinuities between the fault foot wall 
and hanging wall can be recognized from the corrected 
deformation field shown in Fig. 3(c).  

 
Fig. 3 Ionospheric correction for azimuth deformation 
in track 472 of Wenchuan earthquake. Black dotted 
ellipse indicates the near-fault zone. (a) Original 
azimuth deformation field, (b) Modeled ionospheric 
effect, (c) Corrected azimuth deformation field. 

 
Fig. 4 Azimuth deformation field after ionospheric 
correction for the Wenchuan earthquake 

The derived azimuth deformation field after ionospheric 
correction is shown in Fig. 4. It suggests that the filtering 
of the ionospheric delay can significantly improve the 
accuracy of the azimuth offsets. Pixels at the northwest 
side of the fault trace (hanging wall) deform towards the 
approximate north direction (i.e. flight direction) with a 
deformation maximum of ~2.0 m. The fault foot wall 
signals at southeast side of the fault surface trace deform 
towards the approximate south direction (i.e. the opposite 
direction to the satellite flight), with a peak displacement 

of ~ 2 m. It shows that the fault strike shifts around 
Beichuan, in accord with the geology survey data. 
Moreover, the displacement discontinuities around 
Mianzhu can be easily recognized, which suggests that the 
displacements in the related seismic zone may be caused 
by both the Yingxiu-Beichuan fault and Pengguan fault. 
 

5. EXTRACTION OF THE FAULT SURFACE 
TRACES 

It has been proved an effective mean of extracting fault 
surface trace based on the near-fault deformation field. 
We proposed a strategy of automatically extracting the 
fault ground traces by recognizing the border of the 
deformation gradients. The detailed extracting procedure 
is shown in Fig. 5.  
First, the Median filtering is utilized to suppress the noise 
in the azimuth deformation field. Compared with 
Gaussian or other filtering methods, the Median filtering 
can better preserve the clarity of the boundary line while 
removing the deformation field noise, and will not cause 
significant edge blurring. Second, the horizontal and 
vertical deformation gradients can be derived by the Sobel 
edge detector [10], and the integrated gradient of a pixel 
can be calculated as the square root of the sum of the 
squares of the horizontal and vertical  deformation 
gradients. Then, the edge points can be extracted by the 
Non-maximum suppression. Based on the horizontal and 
vertical deformation gradient fields, the gradient value of 
the right (Mright) and left points (Mleft) related to a center 
pixel can be determined. If the gradient M of the central 
pixel is larger than the Mleft and Mright, this center point can 
be considered as the candidate for boundary point. Next, 
we can set the high (MH) and low (ML) gradient thresholds. 
The candidate point can be considered as a reliable edge 
point if M > MH. And all the pixels with gradients larger 
than ML will also be remained. Thus, we can fit a rough 
boundary line according to the preserved edge points. To 
prevent the omitting of any probable edge point, we can 
reduce the two gradient thresholds. Finally, under the 
scope constraint that is derived from the rough boundary 
line, the reliable fault surface traces can be extracted by 
Polynomial fitting. 

 
Fig. 5 Flowchart of extraction of fault surface rupture 
trace 

The extracted faults for the Wenchuan earthquake are 
shown in Fig. 6. And detailed locations of the 8 character 
points marked in Fig. 6 are listed in Table 2.  It can be 
found that the rupture of the main Beichuan-Yingxiu fault 
initials from Yingxiu and finally ends at Qingchuan, 
trending northeast direction with an average strike of 46º 
and a total length of ~300 km. The fault strike has a 
significant change around Beichuan. The Guanxian-

MH ML 

351



Jiangyou fault is ~72 km long, approximately parallel to 
the Beichuan-Yingxiu fault. And its average strike is ~47º.  
To assess the reliability of our recognized faults, we have 
compared our results with the geological field survey data 
shown in the study by Liu et el. [11], as shown in Fig. 7. 
It can be seen that our automatically-extracted fault traces 
have a wonderful consistency with the field survey result, 
which proves that our derived fault traces are reliable [12]. 
To compare the two results in a quantitative way, we have 
calculated the differences between the two fault lines 
within the red ellipses (marked in Fig. 7). And the curve 
of the differences varying with the distances from the 
southwest tip is also drawn in Fig. 7. In the region “a”, the 
maximum difference of 2.5 km is found at the starting 
point, and it decreases to zero, until the two traces are 
merged with each other. The differences can be attributed 
to the errors of our extracted fault due to low coherence in 
the severely-deformed region and the disability of the 
field surveying in the fault tips. As for zone “b” around 
Beichuan, the difference increases up to the peak of 2.4 
km, and then decreases down to ~1.5 km. The differences 
between the two results are the combined contributions of 
the errors due to low coherence in our solution and the 
weakness of discrete measurements by field survey within 
the region where the fault strike shifts gradually. In 
regions “c” and “d”, our extracted fault traces are 
perfectly fitting the boundaries of the positive and 
negative deformation signals. It is believed that our result 
is more reliable in areas “c” and “d”. Along the Guanxian-
Jiangyou fault, the significant difference zone “e” is also 
found. The difference increases to 2.5 km, and then 
decreases gradually. It should be acknowledged that there 
could be some errors in our extracted fault trace in region 
“e”, because the ground deformation is insignificant. 
Moreover, focusing on the northeast tip of the Guanxian-
Jiangyou fault, it shows that the fault trace can not be 
discovered by geological surveying when the surface 
movement is trivial, which poses the effectivity and 
necessity of our approach. 

 
Fig. 6 Extracted surface rupture traces from azimuth 
deformation. B-Y Rupture is Beichuan-Yingxiu fault, 
and G-J Rupture represents Guanxian-Jiangyou fault. 

Table 2 Geographical coordinates of the key points for the 
recognized fault. 

number Lon. (º) Lat. (º) 

1 103.394 30.925 

2 104.241 31.695 

3 104.421 31.801 

4 105.256 32.532 

5 103.729 31.126 

6 103.957 31.267 

7 104.174 31.486 

8 104.325 31.592 

 
Fig. 7 Comparison of surface rupture extracted from 
azimuth deformation filed (red solid line) and field 
geological survey (black solid line). Red ellipses 
indicate the significant difference area between them. 
Bottom panels "a-e" indicate the distance differences 
between them. 
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1. INTRODUCTION

Active volcanoes pose great risks to the population as 

eruptions cause major social and economic disruption. 

Changbaishan is an active volcano that has previously 

produced large eruptions, and a phase of inflation in 2002 

suggested that the volcano was in a state of unrest.  

The aim of this project is to study Changbaishan by 

identifying surface deformation from which recent signs of 

activity such as magma movements into the chamber can 

be inferred. We produced maps of incremental and 

cumulative volcano motions to identify the locus and 

magnitude of the deformation from 2006. Our time-series 

show a possible deformation signal centered on 

Changbaishan. However, we also analyzed the InSAR 

signal over a wide area encompassing plains and 

topographic highs and we found that the Changbaishan 

signal correlates with that of a nearby mountain, making it 

difficult to conclude that the signal is real. Therefore, our 

conclusion is that an InSAR signal over Changbaishan is 

observed but it is uncertain whether this is a real 

deformation or an atmospheric artefact.   

2. TECTONIC AND VOLCANIC SETTING

Changbaishan -also known as Baitoushan, or 

Paektu/Baekdu- is an intraplate stratovolcano located at the 

border between North Korea and China (Fig. 1). 

Changbaishan is well within the Eurasian plate and over 

1,000 km away from the closest plate margin, the Japan 

Trench (Fig. 1b). The formation of the volcano has been 

interpreted as being linked to the subduction of the Pacific 

plate (Fig. 1a), with upwelling and decompression melting 

of hydrous asthenospheric material in the mantle wedge 

above a horizontally stagnant subducted Pacific plate (Fig. 

1) (Zhao and Tian, 2013; Zhang et al., 2018; Tang et al.,

2014; Kuritani et al., 2011; Zhao et al., 2009).

Changbaishan holds a summit caldera filled by a lake, 

called Tianchi or ‘Heaven Lake’. The volcano produced 

one of the world's largest eruptions in historical times (946 

AD), ejecting ~100 km3 of volcanic products (Zhang et al., 

2018; Hakozaki et al., 2018; Oppenheimer et al., 2017; Xu 

et al., 2012; Horn and Schmincke, 2000). Three other 

eruptions were documented in 1668, 1702 and 1903 (Xu et 

al., 2012).  

The magma plumbing system of Changbaishan consists of 

at least three magma reservoirs, the deepest is at depths of 

∼30–40 km (Ri et al., 2016; Kim et al., 2017), the

intermediate one at ∼15–25 km (Tang et al., 2001), and the

uppermost one ~10 km depth (Tang et al., 2001; Iacovino

et al., 2016; Hammond et al., 2020).

Figure 1. Origin of Changbaishan. a) Sketch of the 

subduction-related formation of Changbaishan. b) 

Wadati-Benioff  plane at increasing depths (red lines). 

Figures from Tang et al. (2014). 

b) 

a)
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Changbaishan had been quiet until 2002 when the volcano 

entered a phase of inflation that a geodetic study attributed 

to inflow of magma into a magma chamber between 2 to 6 

km depth (Xu et al., 2012). The inflation period and the 

assocaiated seismicity waned in 2006 (Liu et al., 2021) but 

increased temperature of springs continued until 2011 (Xu 

et al., 2012). A recent seismic study used template 

matching technique to detect microseismic events in 

Changbaishan from 1999 to 2007 in order to investigate 

whether a relationship between the 2002 Wangqing deep-

focus earthquake ∼290 km northeast of Changbaishan and 

the onset of volcano unrest exists (Liu et al., 2021). Liu et 

al. (2021) find that the Wangqing mainshock likely 

triggered bubble excitation in the mid-crustal magma 

chamber, triggering a small magma injection into the 

shallow magma chamber at a depth of ∼5 km.  

 

 

3. DATA AND INSAR ANALYSIS 

 

We processed and analyzed all the available ALOS-1 data 

acquired over Changbaishan during the period of volcano 

unrest and we have successfully identified temporal and 

spatial patterns of deformation. We created a total of 22 

interferograms using the 13 acquisitions made by ALOS-1 

in the ascending scene 425/830 over Changbaishan during 

the summer periods (Fig. 2 and Table 1). Acquisitions 

made during the winter months were discarded because of 

the loss of correlation caused by the persistent snow cover 

in Changbaishan. We initially created our series of 

interferograms using only acquisitions made between late 

May to early October but we then found that good level of 

coherence in the interferograms is obtained using SAR data 

acquired from late April to late October. This allowed 

extending the number of interferometric combinations for 

the time-series analysis. There are too few and irregular 

ALOS-2 acquisitions at high spatial resolution (SM1 and 

SM3 modes) over Changbaishan during the snow-free 

summertime to construct a time-series. 

 

The interferograms were processed using the ROI_PAC 

software and a 3 arc sec SRTM DEM.  We applied 16 

azimuth and 4 range looks and filtered interferograms 

using a non-linear power spectrum filter with a filter 

strength of 0.7 before phase unwrapping with the branch-

cut method. Phase unwrapping errors were initially 

identified in each interferogram using the phase closure 

technique on minimum spanning trees. They were then 

manually corrected when the absolute sum of the closure 

was equal to or larger than 2π. The data were geocoded to 

the same 3 arc sec SRTM DEM.  

The interferograms were then analyzed with time-series 

methods to minimize noise and retrieve temporal patterns 

of deformation. We analyzed the interferograms with the 

pi-rate time-series analysis software (Wang and Wright, 

2012; Wang et al., 2012) to obtain estimates of incremental 

time-series of deformation. pi-rate is a network-based 

approach to mitigate common sources of errors in the 

interferograms, such as unwrapping, orbital and 

atmospheric delay errors. We averaged two geocoded 

neighboring pixels to ~180 m resolution cells in all 

interferograms to reduce the noise. Any unwrapping errors 

that may have not been manually corrected, were identified 

using the phase closure technique on minimum spanning 

trees and these pixels were excluded from the analysis. 

Orbital corrections, using a quadratic function, were also 

applied to all the epochs of the InSAR time-series. 

Topographically correlated atmospheric delay errors were 

estimated and removed using a linear function to the 

height. Atmospheric Phase Screen (APS) filtering was used 

to mitigate atmospheric disturbances. We used a Gaussian 

temporal filter with 1σ of 0.5 years to minimize temporal 

variations shorter than a year. We used a Butterworth 

spatial filter and estimate the variance and covariance using 

a best-fit 1-D covariance function. We then inverted for the 

time-series of incremental pixel velocities on a pixel-by-

pixel basis using a least-square method with a first order 

Laplacian smoothing factor. RMS misfits to the time-series 

were also calculated using a variance-covariance matrix to 

2006/10/11* 2008/02/29 2010/03/06 

2006/11/26 2008/07/16* 2010/04/21* 

2007/01/11 2009/01/16 2010/06/06* 

2007/05/29* 2009/03/03 2010/07/22* 

2007/07/14* 2009/07/19* 2010/10/22* 

2007/08/29* 2009/09/03* 2010/12/07 

2007/10/14* 2009/10/19* 2011/01/22 

2008/01/14 2010/01/19 2011/03/09 

Figure 3. Seismicity in Changbaishan 2000-2018. A) 

Number of earthquakes and seismic moment release, B) 

magnitude of the earthquakes. Figure from Liu et al., 

(2021) 

Figure 2. Map of Changbaishan volcano. The black 

rectangle marks the ascending alos-1 scene 425/830. 

Table 1. Acquisitions (year/month/day) of ALOS-1 data 

in Changbaishan from ascending scene 425/830. Data 

acquired in the summertime area marked with asterisks. 
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account for the spatial and temporal correlation between 

interferograms. We excluded from our maps unreliable 

data by removing pixels that were not coherent for at least 

eight independent epochs and pixels with RMS misfits 

larger than 5 mm/yr. Initially, we used all the processed 

interferograms as input to our time-series reconstruction, 

but we then removed three interferograms formed using an 

acquisition on 19th October 2009 as this was noisy. The 

noise on this epoch was not effectively minimized by the 

time-series analysis as the acquisition could only be 

combined as second image (formerly called slave image) 

due to baseline limitations.  

 

3. RESULTS 

 

Our InSAR time-series obtained a good level of coherence 

around Changbaishan (Fig. 3). We tried to remove 

atmospheric noise both stratified and turbulent but the first 

and last interferogram of our series are affected by higher 

level of noise and since the number of acquisitions is 

limited, the temporally correlated noise cannot be fully 

removed. Figure 3 shows a range decrease signal, 

consistent with volcano uplift, centered at Changbaishan 

and elongated along the NW-SE direction with a ~10 km 

radius from October 2006 to July 2008. The range decrease 

reversed to range increase, hence consistent with volcano 

subsidence, after 16th of July 2008 and as far as 2010. It is 

possible that the InSAR signal at Changbaishan is uplift 

due an inflow of magma into the chamber in 2002 and that 

uplift continued as far as July 2008 and was followed by 

cooling and contraction of the injected magma causing 

subsidence. However, we cannot confidently substantiate 

this interpretation because the InSAR signal on 

Changbaishan correlates temporally with the signal on a 

Figure 3. Time-series of incremental displacements at Changbaishan. Time interval spanned by each 

interferogram is marked on the upper right corner (day/month/year). The line A-A’ in the first panel shows the 

location of the cross-section in Figure 4. 
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nearby mountain, Changbaek-sanjulgi, located ~30 km SW 

of Changbaishan (Fig. 3). Also, a temporal correlation 

between the range decrease 2006-2008 and the range 

increase 2006-2010 at the two topographic highs occurs, 

making the interpretation of the signal as real deformation 

uncertain (Fig. 3). In Figure 4 we show a cross-section of 

the cumulative displacement across Changbaishan and 

Changbaek-sanjulgi during the initial period from October 

2006 to July 2008. The results show that a correlation 

between the InSAR signal and the topographic relief 

remains and we cannot exclude that the signal at 

Changbaishan is an atmospheric artefact.  

 

4. CONCLUSIONS 

 

An inflow of magma into the chamber of Changbaishan 

volcano occurred in 2002 and volcano unrest continued at 

least until 2006. We analyze InSAR ALOS data to 

understand whether the volcano was still active, following 

the unrest, from 2006 to 2010. Our InSAR results show a 

signal on Changbaishan but we cannot exclude that the 

signal is a residual atmospheric artefact. The ALOS data 

maintain a very good level of coherence over the study area 

while the C-band Envisat interferograms do not. However, 

as our ALOS time-series has limited number of 

acquisitions we cannot fully remove atmospheric noise.  
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1. INTRODUCTION

本報告では「プレート発散境界における地殻変動

の複雑性の解明」という課題設定に対して，陸域に

おいて引張応力場下に位置しているアイスランドと

中部九州を対象として ALOS-2/PALSAR-2 データを

解析した結果を報告する．本報告では 2014-2015 年

にアイスランド中東部のBárðarbunga火山で発生した

ダイク貫入事件・割れ目噴火と 2016年熊本地震に関

連した PALSAR-2 データの解析結果を示す．アイス

ランドの事例では，1) 一連の活動によって形成され

た Holuhraun 溶岩原における溶岩の収縮を示唆する

衛星視線距離の時系列変化， 2) Range split-band
spectrum 法による電離層擾乱に伴うノイズの補正，

に関して報告する．ALOS-2/PALSAR-2 データの解

析結果は Journal of Geophysical Research: Solid Earth 誌

[1] に掲載された論文の補足資料として使用した．

2016 年熊本地震の事例では，地震時地殻変動と地震

後から 2018年末までの地震後地殻変動について報告

する．研究成果は Earth. Planets and Space 誌 [2] と
Earth and Space Science 誌 [3] に掲載された．

2. 2014-2015 BÁRÐARBUNGA DIKE INTRRUSION
EPISODE, ICELAND 

2-1. Introduction
アイスランドは年間 18.5 mm の速度で西北西-東南

東方向に拡大している北アメリカプレートとユーラ

シアプレートのプレート発散境界上に位置している

(Fig. 1)．局所的なマントル上昇流が存在しているこ

とから火山活動が活発であることも知られている．

2010 年 Eyjafjallajökull 火山の噴火は欧州の航空交通

網に長期にわたって影響を及ぼしたことも記憶に新

しい．本課題で注目したBárðarbunga火山はアイスラ

ンド東部の Eastern Volcanic Zone (EVZ) と呼ばれる火

山列に位置し，EVZ の火山の多くは欧州最大の面

積・体積の氷帽である Vatnajökull 氷帽に覆われてい

る．ひとたび Vatnajökull 氷帽に覆われている火山が

噴火すれば Jökulhlaup と呼ばれる融雪型洪水を引き

起こし，インフラの破壊といった被害をもたらすこ

ともある (例えば 2004 年 Grimsvötn 火山噴火)． 

2014-2015 年に Bárðarbunga 火山における山頂噴火未

遂・ダイク貫入事件は 2014 年 8 月 19 日に

Bárðarbunga 火山カルデラ付近で地震活動が活発化し

始め，時間の経過とともに震源がカルデラ周辺から

北北東方向に移動した [4]．震源の移動が Vatnajökull
氷帽の北縁を超え，氷帽の北縁からおよそ 8 km の地

点で割れ目噴火が始まった．この割れ目噴火は 2015
年 2 月まで続いたことが報告されている．割れ目噴

火による地上への溶岩流出量は 83.5 km3 と推定され，

Holuhraun 平原に溶岩原を形成した [5]．時間の経過

とともに溶岩が冷却され，表面変動が生じることが

知られている [6]．また一連の事件において山頂噴火

は起こらなかったものの，衛星 SAR や航空機高度計

による観測からカルデラが 65 m 沈降したことが報告

されている [7], [8]． 

2-2. Lava contraction on the Holuhraun lava field
2014-2015 年 Bárðarbunga 火山における割れ目噴火

に伴って形成された溶岩原を対象として，ALOS-
2/PALSAR-2 データを用いて干渉解析をすることで，

溶岩原の冷却に伴う表面変動を検出した．北行軌道

のデータ (Path 4, Frame 1300) は stripmap mode による

観測であった一方，南行軌道のデータ  (Path 113, 
Frame 2300) は ScanSAR mode による観測であった．

ここでは各観測軌道における累積変化と，変位の時

系列変化，2.5 次元解析 [9] による準上下変位を報告

する．累積変位は Stacking 法によって年間平均変位 
(cm/yr) として正規化した． 

北行軌道観測と南行軌道観測による衛星視線距離

の累積変化は，溶岩原全体で視線距離の伸長を示し

ており，沈降していると解釈できる (Figs. 2a, b)．北

行軌道観測では最大 140 cm 程度，南行軌道観測では

最大 90 cm 程度の視線距離の累積変化が明らかにな

った．またいずれの軌道観測による衛星視線方向距

離変化の時系列推移は観測の早期ほど変位速度は大

きく，時間の経過とともに変位速度は小さくなって

いることが認められる (Figs. 2c, d)．Wittmann et al. 
(2017) でも指摘されているように溶岩原における収

縮速度は指数関数的に減少している．また北行・南

行軌道観測による視線距離変化に 2.5 次元解析を適
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用し，準上下変位の結果を図 2e に示す．前述の通り，

溶岩原全体で沈降の傾向を示しており，最大 150 cm
程度の沈降を示した．溶岩原の冷却速度や噴出物の

構成物を推定するために熱弾性体モデルの推定が有

効であるが，本研究ではモデルの構築まで至ってい

ない． 
 
 
2-3. Example of ionospheric artifact correction 

2014-2015 年 Bárðarbunga 火山ダイク貫入イベント

では Cosmo-SkyMedや TerraSAR-Xによる地殻変動観

測は報告例があるものの，PALSAR-2 データを用い

た観測は報告されていなかった．理由は ALOS-
2/PALSAR-2 が打上げ後の初期校正フェーズにあっ

たため解析可能なデータがないためである．Path 4, 
Frame 1290 の PALSAR-2 画像ペアのひとつがダイク

貫入事件に伴う地殻変動の一部を捉えた．一方，シ

ーン全体に電離層擾乱に起因するノイズと推測され

る直線状の縞が重畳している (Fig. 3)．そこで電離層

擾乱起因の補正法として一定の有効性が認められて

いる Range split-band spectrum 法 [10]–[12]を同画像ペ

Fig. 2. Holuhraun 平原に形成された溶岩原の表

面変動．a) InSAR 解析によって得られた北行軌

道観測と b) 南行軌道観測による衛星視線距離の

累積変化．衛星から遠ざかる変位を正の値とす

る．c) 北行軌道観測と d) 南行軌道観測による溶

岩原上の衛星視線方向距離変化の時系列．観測

点から±1 km の範囲における変位をプロット

し，それぞれの中央値を示した．e) 2.5 次元解析

によって求められた準上下変位．負の変位は沈

降を示す．なお解析期間 2015 年 7 月から 2017
年 8 月である． 

Fig. 1. 解析対象地域と PALSAR-2 撮像範囲．a) 
アイスランド全体図．網掛領域は表亀裂集中

帯，黒点線は火山カルデラを示す． b) 
Bárðarbunga 火山周辺図．黒枠は PALSAR-2 撮

像範囲，黒矢印は衛星進行方向と電波照射方

向，黒三角は火山の位置を示す．2014 年 7 月か

ら 2018 年 2 月における震源の位置を点でプロッ

トした．灰色領域は研究対象イベントで形成さ

れた Holuhraun 溶岩原の範囲を示す． 
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アに対して適用した．解析フローは[12]を参考にし

た． 
 

Range band-split spectrum 法を適用した結果を図 3 に

示す．オリジナルの Range 方向のバンド幅が 24.9 
MHz であるのに対して，バンド幅を 8.3 MHz となる

ように Band-pass filter を適用し，中心周波数をゼロ

にシフトさせた．Band-pass filterを適用して抽出した

高周波成分，低周波成分それぞれの PALSAR-2 デー

タに干渉処理を施すことで，各周波成分の干渉画像

が得られる (Figs 3a, b)．非雪氷域では位相変化の不

連続は確認できない．Range split-spectrum 法を適用

すると電離層擾乱に由来する位相変化を示す分散性

成分 (Fig. 3c) と，その他の要素 (対流圏遅延や地殻変

動) に起因する位相変化を示す非分散性成分 (Fig. 3d) 
に分離できる．Fig. 3c に示した分散性成分には，非

雪氷域全体に電離層擾乱に由来する位相変化が認め

られる．Fig. 3d に示した非分散性成分には，図右上

に認められる位相変化は地殻変動に伴う変動縞が認

められる．以上の結果より，PALSAR-2 データを用

いて電離層擾乱に伴う位相変化を分離することを目

的とした分散性成分と非分散性成分を分離すること

ができた． 
 
 
3. 2016 KUMAMOTO EARTHQUAKE SEQUENCE, 

JAPAN 
3-1. Introduction 

2016 年 4 月 16 日に Mw (モーメントマグニチュー

ド) 7.0 の地震が熊本県で発生した．本震のおよそ 27
時間前と 25 時間前には Mw 6.2 と Mw 6.0 の地震が発

生した．地震波観測の結果は，熊本地震は断層水平

運動が支配的な横ずれ型地震であると断定され，

CMT 解は非ダブルカップル成分も含まれていたこと

も特徴のひとつである． 
 
熊本地震が発生した中部九州は，北東-南西方向に

別府-島原地溝帯と呼ばれる南北引張応力場下にあり，

南西から沖縄トラフと東から中央構造線が伸びてい

る (Fig. 4)．別府-島原地溝帯には北東から九重，阿

蘇，雲仙といった活動的な火山が位置している． 

Fig. 3. Bárðarbunga 火山を中心とした PALSAR-2
データ (28 Aug. 2014 – 11 Sep. 2014; Path 4, Frame 
1290) に Range split-band spectrum 法を適用した

例．a) 高周波成分を使用した干渉画像．b) 低周

波成分を使用した干渉画像．c) Range split-band 
spectrum 法によって抽出された分散性成分と d) 
非分散性成分．鉛直基線長は 15.8 m．それぞれ

の画像はレーダ座標系で示した． 

Fig. 4. 解析領域． (a) 震源分布． (b) ALOS-
2/PALSAR-2 データの撮像領域． 
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本解析では Pixel offset 法による地震時地殻変動の

検出と，Stacking 法による地震後地殻変動の検出を

試みた．解析には GAMMA ソフトウェア（GAMMA
社製）を使用した． 
 
 
3-2. Co-seismic deformation 
 地震時地殻変動は ALOS-2/PALSAR-2 データの

Path 23 と Path 130 のデータに対して，Pixel offset 法
を適用した．Pixel offset 法を適用することによって，

干渉解析における位相アンラッピングエラーを回避

することができ，変位の勾配が大きい領域において

も地殻変動のシグナルの欠損を小さくすることがで

きる．1 組の画像ペアに対して Pixel offset 法を適用

することで，衛星視線方向 (Range offset) と衛星進行

方向 (Azimuth offset) の 2 方向の変位データを得るこ

とができる．したがって 2 組の異なる軌道から撮像

された画像ペアを解析することで，独立した 4 方向

の変位データを得ることができ．優決定問題を解く

ことによって 3 次元変位（東西・南北・上下変位）

を推定することができる． 
 
 本解析では日奈久断層と布田川断層に沿って，明

瞭な変位のオフセットを伴う 2 m を超える地殻変動

シグナルを検出した (Fig. 5)．明瞭な変位のオフセッ

トは熊本市街から阿蘇カルデラ南西麓におけるおよ

そ 40 km にわたって明らかになった．布田川断層に

並行して，南東におよそ 1 km の地点にも変位のオフ

セットを検出し，今回の一連の地震イベントでおお

むね 3 つの断層面がずれ動いたことが確認された．

東西・南北変位成分に注目すると，北東-南西方向に

のびる断層に対して，2 m を超える右横ずれの変位

を示した．これは地震波観測の結果と調和的な地殻

変動の描像である．上下変位成分に注目すると，布

田川断層の北西側で 2 m 程度の沈降が観測された．

今回の地震に伴う沈降は，地震波観測からは推定さ

れなかった地殻変動の描像である．地震波観測の結

果は単一の断層滑りでは再現できない非ダブルカッ

プル成分が含まれていたことから，複数の断層が異

なる方向に，ほぼ同時に滑ったことが示唆された [2]． 
 
 
3-3. Post-seismic deformation 
 地震後地殻変動は 2016 年熊本地震後から 2018 年

末までに撮像された ALOS-2/PALSAR-2 データを使

用した．上昇軌道の Path 20 と Path 23，下降軌道の

Path 130 と Path 131 のデータ（すべて右向き観測）

に対して，連続したデータごとに干渉画像を作成し，

足し合わせることによって観測期間における累積変

位を求めた．今回は Path 130 と Path 23，Path 131 と

Path 20 の累積衛星視線距離変化に対して，2.5 次元

解析を適用することによって，独立した 2 組の準東

西変位成分と準上下変位成分に分離した．複数の干

渉画像を足し合わせることにより，ランダムに現れ

る対流圏伝搬遅延に伴う位相変化の軽減が期待され

る． 
 
また観測期間において PALSAR-2 データが多く撮

像された Path 23 と Path 131 のデータに対して，複数

の点を抽出して衛星視線距離変化の時間発展を調べ

た（Fig. 7）．Path 23 は熊本地震が発生したのちの 1

Fig. 6. 2.5次元解析による地震後地殻変動の準東

西変位成分と準上下変位成分の 2018 年末まで

の累積変位．(a, b) Path 130 と Path 23 の組み合

わせ．(c, d) Path 131 と Path 20 の組み合わせ 
 

Fig. 5．Pixel offset 法による解析結果から推定さ

れた地震時地殻変動の 3次元変位成分．(a) 東西

変位成分．(b) 南北変位成分．(c) 上下変位成

分． 
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年間に 7 回の観測機会があり，断層近傍の点では変

位の進展が指数関数的に減衰していく様子が見て取

れる．一方，Path 23 の 2017 年以降や Path 131 では

PALSAR-2 データの観測機会は 0-2 回/年であった．

観測機会が少ない期間においては変位が指数関数的，

もしくは線形的に進展していくかを特徴づけること

は困難であった．今後は地殻変動の時間変化を精度

よく検出するために，SAR 時系列解析手法である

Small baseline InSAR 法などの導入を検討する．  
 
 

4. CONCLUSION 
 本報告では陸域の引張応力場における地殻変動の

検出と高精度化に向けて，ALOS-2/PALSAR-2 デー

タを解析した結果を報告した．陸域におけるプレー

ト発散境界に位置するアイスランドで発生した

Bárðarbunga 火山ダイク貫入事件・割れ目噴火に伴っ

て形成された溶岩原の表面変動の時系列変化と，電

離層擾乱起因のノイズ補正例について報告した．ま

た 2016 年熊本地震に伴う地殻変動を ALOS-
2/PALSAR-2データに Pixel offset法を適用して明らか

にし，Stacking 法を適用することで地震後地殻変動

の時空間変化を明らかにした．溶岩原の沈降や熊本

地震の断層近傍の変位の描像は SAR による解析で初

めて明らかにされた．今後は SAR 衛星の運用数の増

加が見込まれることから，観測された地表変位の駆

動メカニズムの解明を飛躍的に進めることが期待さ

れる． 
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1. INTRODUCTION

Imaging earthquake slip model from space geodesy data 
has always been an important scientific issue, but the 
accuracy of the results is still far from satisfaction. We tried 
to address the problem by introducing compressive sensing 
approaches into the seismic slip signal recovery. 
Compressive sensing takes advantages of the sparse 
characteristics of signal in some domain. And is capable to 
efficiently reconstruct the signal from limited 
measurements. Many applications have proved it can 
derive results with higher resolution than traditional ways. 
It is reasonable to expect the accuracy of seismic slip model 
can be improved under the innovative approach. We 
discussed the main research components in applying 
compressive sensing to seismic slip inversion of several 
earthquakes. The techniques can enhance seismic slip 
inversion of many earthquakes or fault systems, and 
therefore will impact the geodesy and geophysics 
communities who study seismic deformation and 
earthquake mechanisms. 

2. 2018 LOMBOK EARTHQUAKE

On 28 July 2018 (UTC 22:47), an Mw 6.4 earthquake 
struck the island of Lombok in eastern Indonesia (Fig. 1). 
An Mw 5.4 aftershock occurred 29 min later. The 
earthquake resulted in 20 deaths and injured hundreds. 
Another, much stronger earthquake (Mw 6.9) hit the island 
on 5 August 2018 (UTC 11:46). According to the data 
reported by the National Disaster Mitigation Agency, this 
earthquake raised the death toll to 436, destroyed 80% of 
structures in North Lombok, and displaced more than 
350,000 people. Two weeks later, another Mw 6.9 
earthquake struck the island on 19 August (UTC 14:56). 
This earthquake was located on the northeastern part of the 
island, a few kilometers to the east of the previous large 
events. Despite its large magnitude, far fewer casualties 
(around 10) were reported, possibly due to evacuation after 
the previous shocks. 

U.S. Geological Survey (USGS) rapidly gave the focal 
mechanism of these earthquakes (Table 1), which revealed 
a thrusting kinematics and east–west fault orientation of the 
earthquake sequence. The three earthquakes are very 
similar but differ greatly in depth. The 28 July event had a 
hypocentral depth of ∼14 km, the 5 August event had a 
hypocentral depth of ∼31 km, and the 19 August event had 

a hypocentral depth of ∼26 km. However, because of the 
lack of nearby seismic stations, the epicenter information 
may not be adequately constrained. The closest USGS 
station, JAGI, is still ∼250 km from the epicenter, which 
imposes a significant challenge for resolving the epicenter 
depth. In addition, the seismogenic fault plane can be 
explained by both the north-dipping and south-dipping 
thrust fault. Therefore, many critical questions remain 
about this earthquake sequence. Which faults are 
associated with them? What depth did they occur at? What 
are the possible control factors for the cascading rupture 
behavior? What is the potential for additional moment 
release in the area? 

Fig. 1 Seismotectonic setting of the 2018 Lombok 
earthquake sequence. White block lines show the major 
reverse fault system. The three major earthquakes in the 
sequence are denoted by the yellow stars and focal 
mechanism plots. Aftershocks are fromU.S. Geological 
Survey and marked by the small green dots. Blue and red 
rectangles represent the coverage of the Sentinel-1 
Synthetic Aperture Radar (SAR) data for generating the 
interferograms in the ascending and descending pass. The 
white rectangle represents the coverage of the 
Interferometric Synthetic Aperture Radar data used for 
inversion. The solid green line on the Flores thrust fault 
indicates the possible seismic gap. The inset in the top left 
displays the study area (the solid red rectangle). 
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Modern satellite geodetic technologies have enabled an 
investigation of the ground deformation on the island of 
Lombok due to the earthquake sequence. We invert 
Interferometric Synthetic Aperture Radar observations for 
the slip models of the 28 July Mw 6.4, 5 August Mw 6.9, 
and 19 August Mw 6.9 earthquakes in the 2018 Lombok 
earthquake sequence. To better serve the slip model 
inversion, we selected SAR pairs covering as few events as 
possible. Three SAR pairs were used to represent the 
ground displacement relative to the 27 July Mw 6.4 
earthquake, the 5 August Mw 6.9 earthquake, and the 19 
August Mw 6.9 earthquake. The two-pass technique was 
used to process these data with the Gamma software. We 
used 3 s Shuttle Radar Tomography Mission digital 
elevation model data to model the topographic components 
and remove them from the interferograms. The 
interferograms were unwrapped using the minimum cost 
flow algorithm. Low-coherent pixels were masked during 
the unwrapping. To remove possible orbital errors, the 
baseline component is refined based on the interferogram 
fringe frequency. Meanwhile, a linear model was used to 
remove the height-dependent atmospheric delay. The 
coefficients of the model are determined by a linear 
regression of unwrapped phase with respect to height in the 
far-field area. As shown in Fig. 2, the interferograms 
improved a bit after the baseline refinement and 
atmospheric correction, where some obvious fringes in the 
far field were mitigated. 

 
Fig. 2 The original interferograms, corrected 
interferograms, and unwrapped displacements for (a–
c) the 28 July, (d–f) the 5 August, and (g–i) the 19 
August events. The projection of faults is marked by a pair 
of black (upper boundary) and white (lower boundary) 
lines. The focal mechanism plot in each unwrapped 
interferogram represents the location and focal mechanism 
of the corresponding event. LoS, line of sight.  

We determined the detailed fault geometry parameters by 
a nonlinear uniform slip inversion [2-4]. A Bayesian 
approach based on Markov chain Monte Carlo (MCMC) 
sampling is used to search the geometry parameters [5]. To 
reduce the search space and uncertainty along with too 
many parameters, we assumed these events are pure thrust 
faulting and did not solve the lateral slip components. The 
parameters to be solved in the nonlinear searching include 

fault length, width, depth, dip, strike, X coordinate, Y 
coordinate, slip, InSAR constant, InSAR X ramp, and 
InSAR Y ramp. We run the iterations 106 times to avoid 
falling into local minima. To reduce the computational 
burden, we first applied an adaptive quadtree 
downsampling to reduce the number of observations [6-8]. 
An elastic dislocation model was adopted to provide the 
linkage between surface deformation and the fault slip at 
depth [9]. The inversion results show that InSAR data were 
partly fitted. 
To investigate the uncertainty of the inversion, we plot the 
joint distributions between pairs of parameters and 
histograms of marginal distributions for each parameter 
using 106 sampled solutions from MCMC. These solutions 
are grouped into different bins and each bin is plotted as a 
grid and colored by the number of solutions falling into it. 
If the concentration of the high-frequency grids is higher, 
the solution space is constrained better by the data and 
consequently the nonlinear inversion is more robust. The 
results show that most fault parameters for three events are 
confined to a very small area, suggesting that fault 
geometry are well constrained by the InSAR data in the 
nonlinear inversion. The optimal geometry parameters 
show moderate dip angles for the three seismogenic fault 
segments ranging from 27° to 40°. The slip areas are 
located at depths from 8 to 22 km, which are relatively 
shallower than the epicenter depths from focal mechanisms. 
It reveals the shallower depths (8–22 km), rather than the 
deeper ones from focal mechanisms, can better explain the 
InSAR observations of the earthquake sequence. 
To obtain a distributed slip model and improve the data 
fitness, we divided the fault plane into small patches of ∼3 
km×3 km (Fig. 3). The lengths of the fault planes for the 
three events were extended to 22.0, 40.4, and 52.0 km, 
respectively. The depths ranges are set to be 3.0–18.0, 2.7–
25.1, and 6.6–33.5 km for the 28 July earthquake, the 5 
August earthquake, and the 29 August earthquake. We took 
an elastic dislocation model and the constrained least-
squares algorithm to estimate the Green’s functions and 
solve for the slip distribution. In the inversion, Laplacian 
smoothing matrix was added for regularization, and the L-
curve method was used to select the optimal regularization 
parameter [10]. Checkerboard tests show that the inversion 
has a satisfactory resolution for the slip models, where 
most slip concentrations were successfully retrieved. 

 
Fig. 3 3D view of the slip models of (middle) the 28 July, 
(right) the 5 August, and (left) the 19 August events.  

The geodetic measurements and aftershock distribution 
suggest three south-dipping fault planes with shallow 
depths for the three events. They are likely associated with 
the imbricate thrust faults above the main Flores fault (Fig. 
2-3). Obvious strike and dip differences were found on the 
seismogenic faults, which implies probable fault 366



segmentation and explains the cascading fault behaviors 
with moderate magnitudes. The three events peaked at 
depths of 12.38, 16.9, and 25.9 km. The estimated moments 
reach 7.59 × 1018, 3.33 × 1019, and 4.61 × 1019 N·m, equal 
to Mw 6.52, Mw 6.95, and Mw 7.04 events, respectively. 
The derived slip distribution covers most of the area in the 
Lombok fault plane. Future seismic hazard on the seismic 
gap to the east of Lombok should be noted. 
 

3. 2020 JIASHI EARTHQUAKE 
 

On January 19, 2020, an Mw 6.0 earthquake (Fig. 4a) 
struck Jiashi Country in Xinjiang Province, northern China. 
The mainshock was widely recorded by local and global 
seismic networks, and the epicenter was located at 39.83° 
N and 77.21° E (Fig. 4a). The nearest station that 
experienced strong ground motion was Xiker station, 
which is approximately 13.7 km east of the epicenter, 
where a maximum peak acceleration of 633.3 cm/s2 was 
recorded (Fig. 4b). This also represented the highest 
maximum peak acceleration recorded since the Xinjiang 
strong vibration observation network was constructed. The 
solutions from the USGS and CENC both suggest that this 
event was dominated by thrust faulting. From 1997 to 1998, 
nine Ms ≥  6.0 earthquakes and several Ms ≥  5.0 
earthquakes occurred in this region. In 2003, an Mw 6.3 
earthquake occurred in the northeast region of Jiashi 
County (Fig. 4a). The Mw 6.0 Jiashi earthquake was 
another strong earthquake event that occurred on the 
Keping thrust fault after 2003. Fortunately, the epicenter 
was relatively far from populated areas and there were few 
deaths or damage; however, this earthquake raised 
concerns about the potential earthquake hazards caused by 
the Kepingtage Fold-and-thrust belt (FTB). 
To assess this potential hazard, we analyze the surface 
geology, topography, seismic reflection profiles, InSAR 
co-seismic deformation (Fig. 5), and slip distribution (Fig. 
6) to delineate the spatial extent, activity, and subsurface 
geometry of the Keping thrust fault (KPT), combined with 
these, we determine the seismogenic structure and the 
rupture patch of the Jiashi event and draw some speculative 
conclusions that could have implications for regional 
seismic hazards. 

 
Fig. 4 Seismotectonic setting of the 2020 Jiashi 
earthquake. (a) Satellite image, structures, and historical 
earthquakes of the Kepingtage fold-and-thrust belts. The 
white line shows the location of the study area. Global 
Positioning System (GPS) velocities are relative to stable 
Eurasia. Earthquake locations are from the China 
Earthquake Networks Center seismic catalog for the 1853–
2014 period. The orange block is Xiker station of strong 
motion. (b) Peak accelerating records after correction of 

Xiker station. These data are measured by strongmotion 
seismograph. 

As shown in Fig. 5, the entire deformation field induced by 
the Jiashi event can be observed by the InSAR images with 
a strong coherence. The interferograms reveal a 
deformation area of ~66 × 40 km, which is in good 
agreement with the position of the intensity area given in 
the intensity map of the Mw 6.0 Jiashi event. The variation 
of fringe stripes in Fig. 5 is fairly smooth between the 
subsidence area and uplift area, which indicates that the 
rupture of the earthquake did not reach the surface. The 
continuous displacement fringes are clearly visible in both 
the ascending and descending interferograms, which show 
two-lobed deformation centers along the east–west 
trending seismogenic fault. The ground deformation field 
in the southern lobe is larger than that in the northern lobe. 
The opposite color order of the fringes indicates the 
opposite values in the two-lobed deformation field. The 
southern deformation field is uplifting and the maximum 
rising value reaches ~7 cm in the LOS direction, whereas 
the northern deformation has fewer fringes and is in 
subsidence with ~3 cm in the LOS (Fig. 5). Both the 
ascending and descending InSAR mainly present positive 
deformation signals (moving towards the satellite), which 
implies that the measured InSAR surface displacement is 
the result of a predominant reverse event. The results 
indicate that this event occurred on the low dip-thrust 
nappe-structure belt at the subduction interface of the 
block; the uplift and subsidence are located in the hanging 
wall of the seismogenic fault, which conforms to the 
deformation characteristics of a moderate earthquake that 
occurred on a low angle of a northward dip-thrust fault. 

 
Fig. 5 Coseismic interferograms obtained from 
Interferometric Synthetic Aperture Radar (InSAR) 
and pixel matching. (a) The ascending track. (b) The 
descending track.  

A fault model with one segment, strike-fixed fault plane 
consisted of 1 km × 1 km rectangular sub-patches was built. 
The geometry parameters of the fault model include a strike 
of 269°, length of 60 km along the strike, and width of 30 
km along the down-dip. This model was used to estimate 
the optimal source parameters under the constraints of the 
ascending and descending InSAR datasets with equal 
weight. The fault slip on each patch was solved by using 
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the elastic half-space homogeneous dislocation model [9] 
and assuming a Passion ratio of 0.25. Furthermore, we used 
a grid search to perform the fault dip in the range of 0°–60° 
in 5° steps, and a smoothing factor in the range of 0–0.3 in 
0.05 steps. The result suggests that the fault model with an 
dip of 20°, fit well the InSAR observations from two orbits 
with a 0.05 smoothing factor. 

The slip distribution along the down-dip direction is shown 
in Fig. 6. Our best-fitting inverted slip model shows that 
the rupture process of this earthquake was controlled by an 
uplift motion, with a slight dextral strike-slip component 
and an average rake angle of 92°. Our preferred model has 
a single-slip asperity pattern, and a significant slip area 
with~35 km along-strike and ~13 km along the down-dip. 
Most of the slip occurred at a vertical depth of between 2 
km to 6 km. The peak slip magnitude was up to 0.32 m, 
which occurred at approximately 4 km with a 96° rake 
angle. The seismic moment estimated by geodetic data was 
2.29 × 1018 N·m, which corresponds to a Mw 6.17 
earthquake (assuming a shear modulus of 30 Gpa). The 
inverted fault parameters of fault model are listed in Table 
1. The residuals for both descending and ascending track) 
is close to the background noise (0.7cm for descending and 
0.9cm for ascending track) estimated from the areas far 
away from the deforming epicentral zone, which indicates 
the tectonic signals could be explained with our model very 
well. 

 
Fig. 6 Slip distribution from joint InSAR ascending and 
descending observations. (a) The 3D visualization of the 
slip distribution. (b) The 2D view slip distribution along the 
down-dip of seismogenic fault. 

The reconstructed InSAR co-seismic deformation field 
revealed that the co-seismic deformation caused by the 
earthquake was mainly distributed in the southern margin 
of the Kepingtage FTB, and was mainly concentrated in the 
fold between the KPT and AZT. Spatially, there are two 
deformation regions in ascending and descending track, 
which is opposite in the south and the north. The 
deformation in the south is positive, which shows the 

characteristics of uplift. The maximum uplift is about 7cm 
and is 10 km away from epicenter. The center of the 
southern deformation was positive and showed the 
characteristics of uplift deformation. The maximum uplift 
was ~7 cm approximately 7 km away from the epicenter. 
The center of the northern deformation had a negative 
value, which indicates the characteristics of subsidence 
deformation. Although the deformation width of the 
northern subsidence area was approximately 20 km, the 
deformation magnitude and gradient were relatively small 
and the maximum settlement was ~3 cm. A deformation 
field with the same direction and magnitude was obtained 
from the ascending and descending SAR data, which 
indicates that the motion property of the fault was mainly 
of a vertical compression deformation. The fault model 
based on the aforementioned data revealed that the co-
seismic rupture occurred in the KPT and that the sliding 
distribution was concentrated at a depth of 4–6 km. It is 
worth mentioning that the USGS source mechanism 
solution yields a source depth of 5.6±3 km, which is 
consistent with our InSAR inversion results (Fig. 6). The 
dip of fault from the focal mechanism (USGS) is 9°, and 
from inversion is 20°. The dip of KPT obtained from the 
seismic reflection profile is ~15°. Comprehensive analysis 
of the above data, the depth and fault dip obtained by focal 
mechanism and InSAR inversion are highly consistent with 
the results interpreted in the seismic reflection profile. 
Hence, we conclude that the seismogenic structure of the 
Jiashi event was the KPT at the leading edge of the 
Kepingtage FTB. 
 

4. 2016 CENTRAL ITALY EARTHQUAKE 
 

On 24 August 2016 (UTC 01:36, local time 03:36), a 
destructive earthquake (Mw 6.2) occurred in Central Italy 
(the Amatrice earthquake). The USGS reported that the 
earthquake originated at a depth of 4.4 km, with a normal 
faulting mechanism. The epicenter was located at 42.70°N, 
13.23°E, between the towns of Norcia and Amatrice. 
According to the official figures of the Protezione Civile, 
this event caused the death of 297 people, with 234 of the 
casualties occurring in the town of Amatrice. Two months 
later, two major earthquakes were triggered to the 
northwest of the Amatrice earthquake on 26 October 
(19:18 UTC) and 30 October (19:18 UTC), with individual 
moment magnitudes of 6.1 (Visso earthquake) and 6.6 
(Norcia earthquake) (Fig. 7). There were no reports of 
serious injuries in the October earthquakes. 
The ground motion associated with the Amatrice 
earthquake was recorded by many geodetic and seismic 
instruments, including space-borne synthetic aperture radar 
(SAR) sensors and ground seismometers. These datasets 
can be used to constrain a fault slip model, which can help 
us to understand the earthquake mechanics and seismic 
hazard. Several source models have been inferred using 
one or several datasets. For example, Tinti et al. (2016) 
presented a first kinematic model of this event by inverting 
the waveforms from 26 three-component strong-motion 
accelerometers [11]. Cirella et al. (2016) gave another 
rupture model using strong-motion data of 22 stations [12]. 
Lavecchia et al. (2016) derived a static slip model 
constrained by differential interferometric SAR (DInSAR) 
measurements from several SAR satellites [13]. However, 
the features of these models differ from each other because 
different datasets were used in these studies. As InSAR 
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datasets and strong-motion datasets have complementary 
strengths in earthquake source inversion [14], it is possible 
to invert both datasets simultaneously for a more 
comprehensive fault slip model. 
The future hazard for a fault after an earthquake is of great 
importance for human life and property safety. The 2016 
central Italy earthquake sequence is located in a segmented 
fault system mixed of modern and ancient structures. 
Conventional seismic hazard models assume earthquake 
ruptures are controlled by fault segmentation, where the 
rupture is believed to unlikely propagate from one segment 
to another. In the 2016 sequence, the heterogeneous crust 
has broken the lateral continuity of the seismogenic fault, 
prohibiting it to grow to a large devastating earthquake. 
However, recent observations in the 2010 EI Mayor-
Cucapah earthquake [15] and the 2016 Kaikoura 
earthquake [16] show that multi fault segments is possible 
to simultaneously rupture in a single earthquake. In 
addition, the segmented faults may become more 
continuous and mature after many earthquakes repeatedly 
ruptured, and consequently inclined to host a larger 
earthquake. Therefore, the future seismic hazard in this 
region needs to be re-examined based on more 
observations. Besides the comprehensive rupture model, 
we can obtain as mentioned above, the complete Italian 
earthquake catalogue and available near-field high-
resolution topography enable us to retrieve more fault 
information including b-value, historical events trace and 
seismic activity. A detailed interpretation of the causative 
fault by combining this information can therefore benefit 
the earthquake hazard evaluation.  
In this paper, we first present the rupture processes of the 
three major earthquakes in the Central Italy earthquake 
sequence by inverting joint datasets, including both InSAR 
and strong-motion data. We then explore the b-values and 
historic earthquake scarp offsets through processing the 
earthquake catalog and near-field DEM data. Based on 
these results, we interpret the fault behavior of the 
earthquake sequence and discuss the future seismic hazard 
in this area. 

 
Fig. 7 Seismotectonic setting of the Central Italy 
earthquake sequence. (a) The three major earthquakes in 
the sequence are denoted by the red stars and beach ball 
symbols, and the two recent large historical events are 
colored in black. The dashed black rectangles represent the 
surface projection of the fault planes adopted in this study. 
The bold black lines are the two seismogenic normal fault 
systems, namely, the Mt. Vettore–Mt. Bove Fault (VBFS) 
system and the Mt. Gorzano Fault (GFS) system. The pink 
line shows the simplified trace of the preexisting 
compressional front named the Olevano-Antrodoco-

Sibillini (OAS) thrust. Aftershocks are marked by the small 
dots with different colors. The blue, purple, and yellow 
points represent the events taking place between 
2016.08.24–2016.10.24, 2016.10.24–2016.10.30, and 
2016.10.30–2017.10.8, respectively. (b) Map view of the 
SAR data coverage. The black rectangles represent the 
coverage of the ALOS 2 SAR data for generating the 
interferograms. The red rectangle denotes the area shown 
in Fig. 7a. (c) Cross section through A-A’ shown in Fig. 7a. 
The dashed black line represents the fault plane of the 30 
October 2016 Mw 6.7 Norcia earthquake. 
We used four SAR image pairs to measure the ground 
displacement relative to the 24 August Mw 6.1 Amatrice 
earthquake, the 26 October Mw 5.9 Visso earthquake, and 
the 30 October Mw 6.5 Norcia earthquake. To better serve 
the rupture model inversion, each selected SAR pair only 
covered one event mentioned above. Among the image 
pairs, three were from the Sentinel-1 satellite and the other 
was from the Advanced Land Observing Satellite (ALOS) 
satellite. Many institutions and researchers have created 
interferograms for the Amatrice and Visso events using 
Sentinel-1 images, and their results are quite similar. In this 
study, we directly used the InSAR interferograms from the 
European Space Agency’s InSARap program for the 
analysis (provided free online at http://insarap.org/). For 
the 24 August event, the deformation pattern is 
characterized by two NNW–SSE striking main distinctive 
lobes with different shapes, but having almost the same 
maximum negative line-of-sight (LOS) deformation of 
around 20 cm. Regarding the 26 October event, the 
interferogram reveals an ear-shaped deformation pattern, 
striking NNW–SSE, like the 24 August event. 
The 30 October Mw 6.5 Norcia earthquake generated much 
larger ground displacement than the previous two events, 
making the InSAR measurements more challenging. 
Therefore, we adopted the L-band ALOS 2 SAR image pair, 
which has better resistance to phase incoherence, to 
retrieve the coseismic deformation. A two-pass technique 
was used to process the data with Gamma software. The 
TanDEM-X digital elevation model (DEM) with a 12 m 
resolution was used to remove the topographic components 
in the interferogram. A baseline refinement step was 
carried out to remove the ionospheric disturbance. Finally, 
we obtained the displacement map after unwrapping the 
interferogram by the use of the minimum cost flow (MCF) 
algorithm. The InSAR interferogram reveals a similar ear-
shaped deformation pattern to the 26 October event, with 
around ~90 cm maximum negative LOS displacement. To 
reduce the quantity of InSAR data, we first applied uniform 
downsampling to reduce the displacement map to a size of 
~500 × 500, and we then used the equation-based quadtree 
downsampling algorithm to select ~1000 LOS 
measurements from each interferogram [17]. 
We tested three different inversion scenarios: InSAR data 
inverted alone, strong-motion data inverted alone, and a 
joint inversion with both geodetic and seismic data. In the 
three events, the InSAR-only model differs from the 
strong-motion data-only model in slip distribution. 
However, the joint inverted slip distributions seem to make 
a compromise, absorbing the characteristics from both 
models. Overall, the joint slip model is closer to the 
InSAR-only results, which is consistent with the fact that 
the near-field InSAR data have a better ability to constrain 
the fault slip pattern. The InSAR and strong-motion 369



prediction from the joint model fits quite well with the 
observations. 
 
The joint model of the 24 August earthquake shows two 
separate major slip concentrations with a maximum slip of 
0.76 m and 0.72 m, respectively, locating at depths between 
5 km and 3 km (Fig. 8). The characteristics of the rupture 
model are in general accordance with previous models [11], 
exhibiting a normal faulting mechanism, bilateral rupture 
directivity, and a relatively fast rupture velocity. Assuming 
a shear modulus of 30 GPa, the overall seismic moment of 
the two fault segments is 1.4 × 1018 Nm, equivalent to a 
moment magnitude of Mw 6.1. The slip pattern is mostly 
constrained by the near-field InSAR data, but the relative 
far-field strong motion still fits quite well. During the first 
6 s, the majority of the seismic moment was released. The 
moment rate rapidly increased in the initial stage and 
reached 3.9 × 1017 Nm/s at 2.8 s, and then decreased rapidly 
with time. The rupture process took place in a relatively 
simply manner, propagating gradually from the epicenter 
to distant patches, and no delayed slip patches were 
observed. 
For the 26 October earthquake, our joint model suggests a 
single elongated normal faulting slip concentration in the 
northern segment of the VBFS (Fig. 8). The rupture started 
from the southeast part of the fault plane, and propagated 
mostly unilaterally toward the northwest. The moment rate 
rapidly increased at the initial stage, reaching 2 × 1017 Nm/s 
at 2.1 s, but the relatively high moment rate (>1 × 1017 
Nm/s) lasted for about 4 s, and then decreased rapidly. This 
event released a seismic moment of 1.4 × 1018 Nm, 
corresponding to a Mw 6.1 event. 
The 30 October earthquake was the largest event in this 
earthquake sequence. The inverted rupture model suggests 
a normal faulting mechanism, consistent with the moment 
tensor solution, as well as the long-term behavior of the 
VBFS system. Two slip patches were found, the larger one 
located in the north with a maximum slip of 2.8 m at a depth 
between 4 km and 6 km, and the other one peaking at 2.3 
m at a depth between 5 km and 7 km (Fig. 8). It can be 
noted that the latter slip patch is almost below the 
northwest slip concentration of the 26 August event. The 
slip history shows that the largest moment rate reached 1.8 
× 1018 Nm/s at 4.2 s, and almost all the coseismic moment 
was released in the first 7 s. The overall seismic moment 
was 1.1×1019 Nm, equivalent to a Mw 6.7 event. 

 
Fig. 8 The inverted joint slip models for the Central 
Italy earthquake sequence. (a) Distributions of slip at 
depth for the Visso (left) and Amatrice (right) earthquakes. 
The yellow stars denotes the start point for the ruptures. (b) 
Distributions of slip at depth for the Norcia earthquake. 
(c)–(e) The moment rate functions of the Visso, Amatrice, 
and Norcia earthquakes, respectively. 
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1. INTRODUCTION

For the latter two decades of the 20th century, a widely-
held view about the Cascade volcanoes of the Pacific 
Northwest USA was that they did not deform until they 
were about to erupt.  This belief was rooted in the fact that 
no deformation was detected at Mount St. Helens prior to 
its reawakening in March 1980, two months before its 
infamous and catastrophic eruption of May 18, 1980, and 
that Electronic Distance Measurement (EDM) surveys of 
individual volcanoes in the arc showed no signs of 
deformation in the early 1980s.  Work since that time, 
however, has revealed the great scope of this 
misconception.  Of the 13 major volcanic centers in the 
Cascades (fig. 1), five have shown signs of deformation 
within the past 40 years (Baker, Mount St. Helens, South 
Sister, Medicine Lake, and Lassen), and there are no 
reliable measurements at two other volcanoes (Adams and 
Glacier Peak).  We therefore know that at least ~40% of the 
volcanoes in the arc have experienced some form of 
deformation in the past several decades.  It would seem that 
Cascade volcanoes are just as likely to be deforming as not, 
regardless of eruptive activity [1].  

Although InSAR provided the first evidence of 
deformation at three of the five deforming Cascade 
volcanoes (Lassen, South Sister, and Mount St. Helens), 
overall InSAR results from the Cascades have been of 
mixed utility, especially in the heavily vegetated northern 
portion of the arc (in Washington and northern Oregon). 
The primary purpose of this project was therefore to 
explore the utility of ALOS-2 data for assessing 
deformation of the northern Cascades, particularly at 
Mount Baker and Glacier Peak, which lack ground-based 
GNSS networks, and at Mount St. Helens. 

At all volcanoes, interferograms constructed from L-band 
ALOS-2 data offered a significant improvement in 
coherence over those from C-band Sentinal-1 data 
spanning similar time periods.  ALOS-2 interferograms 
that spanned more than one year were substantially less 
coherent than 1-year interferograms.  The best coherence 
was achieved when comparing scenes that were acquired 
in late summer, generally between July and October.  The 
preferred acquisition mode is stripmap, which provides a 
good balance between spatial coverage and resolution.  In 
some areas where localized deformation is occurring, like 
the crater of Mount St. Helens, spotlight images would be 
helpful, but none have been acquired.  The only 
deformation detected in long-term ALOS-2 interferograms 

of the northern Cascades was associated with subsidence 
of 1980 deposits at Mount St. Helens [2]. 

Fig. 1. Map of the Cascade volcanic arc, with major 
volcanic centers named and indicated by yellow stars. 
Red labels indicate volcanoes known to have deformed 
within the past 40 years, while no measurements can 
confirm or deny deformation at those with blue labels. 
Black labels denote volcanoes where measurements by 
GNSS and InSAR have shown no indication of 
deformation. 

2. MOUNT BAKER

Mount Baker is an ice-clad stratovolcano located in 
northern Washington. Only two eruptions are known in 
the Holocene: 9800 years ago (a scoria cone and lava flow 
on the volcano’s south flank) and 6500 years ago (an 
explosive eruption from the volcano’s summit) [3]. An 
episode of thermal unrest in 1975 has been ascribed to a 
magmatic intrusion at depth, and GNSS data indicate that 
the volcano is deflating due to depressurization of a 
source at 4–6 km beneath the summit [4]. 

Final Report on the 6th ALOS-2 Research Announcement 

372



 
ALOS-2 interferograms of the volcano are partially 
coherent over multi-year time spans (fig. 2).  The snow- 
and ice-covered summit area is persistently incoherent, 
but the vegetated flanks, especially the ridges, maintain 
coherence over several years.  This level of coherence 
should be sufficient to detect any significant changes in 
pressurization of a deep source (> 5 km), including the 
modeled source of pressure decrease suggested from 
GNSS data [4].  Localized deformation on the peak itself, 
however, will not be resolvable.  Spotlight imagery might 
be able to detect localized changes, but the snow and ice 
cover will limit coherence except possibly over short (14-
28 days) repeat intervals. 
 

 
Fig. 2.  ALOS-2 interferogram of Mount Baker, 
Washington, from track 66 (SM3) and spanning July 18, 
2015 through July 11, 2020. 
 
The known deflation of Mount Baker is not resolvable 
over the currently available 5-year time span—the 
deformation rate is too low.  Time series approaches are 
unlikely to yield useful results because very few 
summertime acquisitions are made.  Simple approaches 
for increasing signal to noise, like stacking, may provide 
better results; regardless, more data are needed to detect 
previously measured deformation at the volcano. 
 

3. GLACIER PEAK 
 
Glacier Peak has been a source several explosive eruptions 
over the past 13,000 years, the most recent occurring a few 
centuries ago.  Such eruptions occur on millennial 
timescales and pose significant hazards due to ash plumes 
and pyroclastic and debris flows [3].  No ground-based 
geodetic surveys have been completed at Glacier Peak, so 
its deformation state is unknown [1]. 
 
ALOS-2 interferograms spanning multiple years at Glacier 
Peak are surprisingly coherent (fig. 3) and offer promise 
that any significant volcano deformation would be 
detectable by L-band InSAR.  In interferograms that 
include images from summer months, even the volcano’s 
summit area and upper flanks are largely coherent.  Glacier 
Peak is therefore ideally monitored via L-band InSAR, 
perhaps more so than any other volcano in the Cascade arc. 
 

 
Fig. 3.  ALOS-2 interferogram of Glacier Peak, 
Washington, from track 66 (SM3) and spanning August 
1, 2015 through July 25, 2020. 
 

4. MOUNT ST. HELENS 
 
Mount St. Helens is the youngest and most active volcano 
in the Cascade arc.  Its summit and north flank were 
destroyed by the May 18, 1980, sector collapse and 
eruption, after which a lava dome formed in the ensuing six 
years.  Following 18 years of quiescence, a new lava dome 
formed during 2004-2008.  A variety of deformation 
processes have been noted at the volcano, including 
deflation during the 2004-2008 eruption due to 
depressurization of the volcano’s magma reservoir, 
inflation of that reservoir after the 2004-2008 eruption until 
about 2013, contraction of the 1980-1986 and 2004-2008 
lava domes due to cooling, and subsidence of the 1980 
debris avalanche deposits [2,3].  The subsidence of the 
1980 deposits would not have been detected without the 
use of InSAR (fig. 4). 
 

 
Fig. 4. Stack of 36 ERS-1/2 interferograms spanning 
summer months during 1992–2001 over Mount St. 
Helens (located in lower right).  Image shows three 
areas of subsidence (numbered) in 1980 debris-
avalanche deposit on the volcano’s north flank.  
Adapted from [2]. 
 
ALOS-2 SM3-mode interferograms are very coherent over 
the flanks of Mount St. Helens and would clearly detect 
any significant volcano-wide deformation due to pressure 
variations within the volcano’s magmatic system.  
Coherence is maintained over multiple years, and during 
2015-2020 interferograms show no significant volcano-
wide changes (fig. 5).  In the 5-year interferogram, 
subsidence patches within the 1980 debris avalanche 
deposit are clear.  This subsidence, occurring at a rate of 
about 1-2 cm/yr, may be due to cooling and contraction of 
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initially hot deposits (the subsidence corresponds to some 
of the thickest areas of the debris avalanche) or dewatering 
of the deposit [2].  Given the localized nature of this 

deformation and the lack of ground-based monitoring in 
these areas, InSAR provides the only means of tracking this 
subsidence. 

 

 
Fig. 5.  ALOS-2 interferograms of Mount St. Helens from track 67 (SM3) spanning 1 year (top) and 5 years (bottom).  
Coherence is similar in both interferograms.  No deformation is apparent in the 1-year interferogram, but the 5-year 
interferogram shows subsidence north of the volcano in the 1980 debris avalanche deposit (compare to fig. 4).  This 
deformation had been previously detected using C-band InSAR. 
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Deformation is also known to be occurring in the summit 
crater of Mount St. Helens, with displacements of up to 
tens of centimeters per week due to rapid cooling and 
contraction of the 2004-2008 lava dome and motion of rock 
glaciers along the crater walls.  Unfortunately, this 
deformation could not be resolved by ALOS-2 
interferograms due to a lack of spatial resolution (no 
spotlight images were acquired of the crater) and sparse 
summer acquisitions (data would need to be acquired every 
14-28 days during summer months to resolve changes of 
this magnitude). 
 
5. UTILITY AND RECOMMENDED ACQUISITION 

STRATEGY FOR ALOS-2 IN THE NORTHERN 
CASCADE ARC 

 
ALOS-2 is well-suited for monitoring deformation of 
volcanoes in the northern Cascades.  Coherence in 
interferograms constructed from images acquired during 
the late summer (July-October) is maintained over multiple 
years.  The only deformation apparent in interferograms 
created as part of this pilot project was due to subsidence 
of the 1980 debris avalanche deposits at Mount St. Helens. 
 
Although a wide variety of acquisition modes are possible 
for ALOS-2, stripmap modes (especially SM3) have the 
best mix of spatial resolution and coverage to track 
deformation at Cascade volcanoes.  The only exception is 
for the crater of Mount St. Helens, where spotlight data are 
needed.  If possible, future acquisition plans should include 
a few stripmap scenes over all volcanoes in the northern 
Cascades during summit months, similar to the current 
acquisition strategy.  At Mount St. Helens, it would also be 
helpful to have spotlight acquisitions to resolve the 
localized and raid deformation known to be occurring 
within the crater.  The lack of numerous acquisitions to this 
point means that time-series approaches for data analysis 
are not viable.  Simple methods for increasing signal no 
noise, like stacking, however, will be a useful means of 
detecting the minor deformation that seems typical of most 
Cascade volcanoes, provided ALOS-2 acquisitions 
continue in the coming years. 
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1. INTRODUCTION AND BACKGROUND

The primary objective of this project was to better 
understand the dynamics of Hawaiian volcanism, from 
magma supply at depth through storage in subsurface 
reservoirs to the emplacement of lava and other eruptive 
products at the surface.  Hawai‘i is home to two of the most 
active volcanoes in the world—Kīlauea and Mauna Loa—
and therefore provides abundant opportunities for 
observing the evolution of volcanic activity over time.   

The dynamic nature of Hawaiian volcanism has been 
demonstrated by recent unrest and eruptive activity on the 
Island of Hawaiʻi.  Mauna Loa, the largest active volcano 
in the world, has been inflating at varying rates since 2014 
due to magma accumulation in a reservoir system about 3 
km beneath the surface [1].  Kīlauea erupted almost 
continuously from vents on the volcano’s East Rift Zone 
during 1983–2018, and at the summit during 2008–2018, 
before a major flank eruption on the lower East Rift Zone 
in 2018 resulted in the effusion of over 1 km3 of lava, 
collapse of the summit by over 500 m, and the end of the 
two long-term eruptions [2].  During the more than 2 years 
of eruptive quiescence that followed, Kīlauea began 
recharging with magma, resulting in summit and East Rift 
Zone inflation.  The activity culminated in December 2020 
with the onset of an eruption at the summit that was still 
ongoing as of March 2021. 

The focus of this final report will be on deformation of 
Kīlauea Volcano, because Mauna Loa’s activity was 
relatively steady over the past several years—inflation with 
slight changes in rate over time [1].  The Kīlauea analysis 
is broken into four segments: (1) pre-2018 changes, (2) 
changes accompanying the 2018 flank eruption and 
summit collapse, (3) post-2018 changes, and (4) changes 
accompanying the onset of renewed eruptive activity in 
December 2020.  The report concludes with 
recommendations for future monitoring of Hawaiian 
volcanoes by ALOS-2. 

2. PRE-2018 RESULTS

During the 2013-2018 period, Kīlauea experienced 
persistent inflation (fig. 1) punctuated by occasional 
changes in subsurface pressurization related to intrusions 
and variations in eruptive activity [3].  The most 
noteworthy of these changes at the summit was in April-
May 2015, when an intrusion resulted in several 
centimeters of uplift due to a pressure increase within a 

magma reservoir beneath the south part of the caldera [4]. 
This activity was captured in ALOS-2 interferograms {fig. 
1, top).  All available interferograms spanned at least 
months, however, and therefore it was not possible from 
ALOS-2 data alone to distinguish intrusion deformation 
from inflation that was occurring at other times. 

Fig. 1.  ALOS-2 stripmap-mode interferograms of the 
summit and upper/middle East Rift Zone of Kīlauea 
Volcano.  Top interferogram spans April-May 2015 
summit intrusion.  Inflation at varying rates dominated 
the 2013-2018 period.  Coherence in all interferograms 
was excellent, including on the north side of the heavily 
vegetated East Rift Zone. 
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Of special note is the good coherence on the north side of 
Kīlauea’s East Rift Zone—a region of heavy vegetation 
where GNSS measurements are impossible and C- and X-
band interferograms are incoherent.  L-band ALOS-2 
interferograms have the ability to detect deformation in the 
region, especially in interferograms spanning less than one 
year (fig. 1, bottom).  No deformation was seen in any 
ALOS-2 interferograms in the upper East Rift Zone at any 
time between 2014 and 2020, suggesting that this region 
does not generally support magmatic deformation. 
 

3. 2018 FLANK ERUPTION AND SUMMIT 
COLLAPSE 

 
The 2018 flank eruption and summit collapse at Kīlauea 
was one of the most significant volcanic events to have 
occurred in Hawaiʻi in 200 years [2].  The event initiated 
with the propagation of a dike to the lower East Rift Zone, 
near the eastern tip of the island, starting on April 30, 2018.  
The summit began to subside on May 2 as magma drained 
to feed the growing intrusion, and an eruption started in the 
lower East Rift Zone on May 3.  A M6.9 earthquake 
occurred beneath the volcano’s south flank on May 4 as a 
consequence of the intrusion.  The eruption intensified in 
mid-late May, and lava flow activity over the next few 
months destroyed over 700 structures (fig. 2).  The great 
volume of magma withdrawal caused the summit of the 
volcano to collapse in a series of downdropping events, 
ultimately resulting in the formation of a new crater that 
was more than 500 m deep (fig. 3).  The flank eruption and 
summit collapse effectively ceased in early August [2]. 
 

 
Fig. 2.  Lava fountain in Kīlauea’s lower East Rift Zone 
on May 28, 2018.  Note houses in the foreground. 
 

 
Fig. 3.  View of the collapsed summit of Kīlauea 
Volcano on August 6, 2018.  Mauna Loa is in the 
background. 
 
 

 
Fig. 4.  ALOS-2 wide-swath-mode interferogram of Kīlauea Volcano’s summit and East Rift Zone spanning January 
25 to May 17, 2018.  Summit deformation indicates subsidence and collapse, while East Rift Zone deformation suggests 
magma withdrawal from the western part of the rift and magma intrusion beneath the eastern part. 
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The 2018 flank lava effusion and summit collapse were 
extremely well manifested in ALOS-2 interferograms, with 
wide-swath data providing the only comprehensive view of 
whole-volcano deformation owing to the combination of 
spatial extent (only Sentinel-1 data cover a similar swath 
width) and coherence (ALOS-2 provided the only L-band 
SAR data for the eruption).   Interferograms spanning the 
onset of the activity clearly show a major magmatic 
intrusion that propagated down the volcano’s East Rift 
Zone, coupled with strong summit subsidence (fig. 4).  
Interferograms focused on the lower East Rift Zone 
document the early evolution of the intrusion in excellent 
detail (fig. 5), thanks in large part to the implementation of 
14-day repeat views.  In these interferograms, the scope of 
the dike intrusion up to May 8 is obvious, but the dike 
continued to expand during May 8-22, which is consistent 
with insights from GNSS data [2].  Following this period, 
no significant deformation of the lower East Rift Zone was 
detected, despite the ongoing eruption. 
 

 
Fig. 5. ALOS-2 stripmap-mode interferograms of 
Kīlauea’s lower East Rift Zone showing deformation 
associated with the initial intrusion (top) and later 
evolution of the intrusion, through mid-May, 2018. 

 
Inverse models of the volcano-wide ALOS-2 
interferograms (fig. 5) indicate a maximum of over 4 
meters of opening, with the area of greatest opening 
shifting over time (fig. 6) [2]. 
 

 

 
Fig. 6. ALOS-2 data (top, from fig. 5) and derived 
model (bottom) of different stages of dike opening in the 
lower Eat Rift Zone up to May 8, and between May 8 
and 22, 2018.  Adapted from [2]. 
 
ALOS-2 spotlight-mode interferograms of the summit 
region were largely incoherent due to the extreme nature of 
the deformation (fig. 7).  More frequent repeat acquisitions, 
every 14 days, would be required to maintain coherence in 
such a rapidly deforming area. 
 

 
Fig. 7.  Spotlight ALOS-2 interferogram of the summit 
area of Kilauea spanning April 16 to June 11, 2018.  The 
black areas are regions of no topographic coverage (a 
high-resolution lidar DEM with partial coverage 
outside the caldera was used to process the 
interferogram).  Deformation in the caldera is so 
extreme that it is largely incoherent.  Only deformation 
on the caldera edges and just outside the caldera is 
recoverable. 
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4. POST-2018 RESULTS 

 
Following the end of the 2018 flank eruption and summit 
collapse, Kīlauea entered an extended period of eruptive 
quiescence.  Deformation, however, continued.  Within 
months of the end of the eruption, uplift was detected along 
the volcano’s middle East Rift Zone, and by early to mid 
2019, the summit was also uplifting (fig. 8).  Through the 
course of 2019 and 2020, East Rift Zone uplift gradually 
waned, while summit uplift accelerated.  These signals 
were a clear indication of magma recharge to the system, 
and that Kīlauea was preparing for its next eruption. 
 

 
Fig. 8.  ALOS-2 stripmap-mode interferogram of 
Kīlauea’s summit and East Rift Zone spanning 
December 4, 2018 to June 20, 2020 and showing 
inflation centered on the caldera and middle East Rift 
Zone due to magma accumulation following the end of 
the 2018 eruption and summit collapse.  Area covered 
is identical to that of fig. 1. 
 
In early December, a localized inflation event, 
accompanied by seismicity, indicated a shallow intrusion 
beneath the summit (captured by ALOS-2 interferograms; 
fig. 9).  This intrusion was a clear indication of the “primed” 
nature of the summit magma reservoir, and that an eruption 
may be imminent. 
 

 
Fig. 9.  ALOS-2 spotlight-mode interferogram spanning 
October 26 to December 7, 2020. Localized deformation 
within Kīlauea caldera was caused by a shallow 
intrusion that occurred on December 2, 2020. 

 
5. 2020-2021 ERUPTIVE ACTIVITY 

 
The inflation and pressurization of Kīlauea culminated on 
the night of December 20, 2020, when a new eruption 
began at the summit of the volcano (fig. 10).  ALOS-2 
interferogams spanning the onset of the eruption clearly 
show deflation of the summit region as magma drained 
from the shallow magma reservoir to feed the eruption (fig. 
11).  As of March 2021, the eruption is ongoing, although 
GNSS and InSAR data show little continuing deformation. 
 

 
Fig. 10.  Photo of summit eruptive activity at Kīlauea 
on December 21, 2020.  In this photo, lava is filling the 
collapse pit that formed in 2018 (fig. 3). 
 

 
Fig. 11.  ALOS-2 spotlight interferogram of Kīlauea’s 
summit region spanning December 11, 2020 to January 
22, 2021 and showing deflation associated with eruptive 
activity that began on December 20, 2020. 
 

6. RECOMMENDATIONS FOR FUTURE USE OF 
ALOS-2 IN STUDYING HAWAIIAN VOLCANOES 

 
ALOS-2 L-band data have demonstrated exceptional 
coherence, including in the heavily-vegetated East Rift 
Zone of Kīlauea Volcano—a region for which deformation 
data are otherwise absent.  Unfortunately, a lack of 
consistent and repeated acquisitions on the same paths 
prevent a thorough analysis of the transient nature of 
volcanic activity in Hawaiʻi.  Eruptive activity, like that of 
2018 at Kīlauea [2], evolves rapidly.  Repeat ALOS-2 
acquisitions on the same paths, with only 14 days between 
images, are almost nonexistent for Hawaiʻi, but when they 
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are present (e.g., fig. 5) provide outstanding fodder for 
modeling studies of transient magmatic activity (e.g., fig. 
6).  Without frequent repeat acquisitions, interferograms 
that span dynamic processes also include a significant 
amount of pre- and or post-event signal, which can be 
difficult to isolate.  The lack of numerous acquisitions also 
challenges the use of time-series approaches.  Such an 
acquisition strategy may be acceptable in an area where 
change is slow and steady, but it has no advantages when 
considering the active volcanoes of Hawaiʻi.  In the future, 
repeated acquisitions—every 14 days if possible—on a few 
paths would provide a better means of tracking the 
temporally and spatially complex deformation patterns 
associated with activity of Kīlauea and Mauna Loa 
volcanoes. 
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ABSTRACT 

Three-dimensional (3-D) seismic surface deformations are 
of great importance to interpret the characteristics of 
seismic deformations and to understand the geometries and 
dynamics of seismogenic faults. In this project, we first 
propose a method for mapping 3-D co-seismic 
deformations based on InSAR and characteristics of crustal 
strain, in which the criterion for the selecting of correlation 
points is optimized by using adaptive correlation distance, 
which greatly improves the applicability of the proposed 
method in the recovering of deformations in the 
decorrelation areas. The simulations reveal that the 
proposed method is superior to the conventional methods 
in both of accuracy and completeness. The proposed 
method is then applied to map 3-D co-seismic surface 
deformations associated with 2015 Mw 7.2 Murghab 
earthquake by employing ascending and descending 
ALOS-2 images. The results show that sinistral slips along 
NE-SW direction characterize the seismogenic SKF fault. 
The NW and SE plates moved towards SW and NE 
directions, respectively. In the NW plates, the northern 
section and the southern section (near the epicenter) of the 
faults occurred obvious ground subsidences. In the SE 
plates, the ground uplifted along the fault. The strain field 
of the earthquake is also provided by the proposed method 
in addition to the 3-D deformation fields. It is found that 
the earthquake experienced obvious effects of dilatation 
and shear. The whole tectonic features of the seismic area 
agree well with the co-seismic deformations dominated by 
sinistral slips. Actually, it is inevitable for the estimation of 
3-D deformations to combine multiple kinds of InSAR
measurements, whose accuracy is usually various between
each other. Therefore, the weights of InSAR measurements
used for the estimation would play an important role in the
estimation accuracy of the 3-D deformations. To deal with
this issue, we proposed in this project a method for
measuring 3-D surface deformations with InSAR based on
strain model and variance component estimation (SM-
VCE), which can exploit the spatial correlation of the
adjacent points’ deformations and produce accurate
weights for multiple InSAR measurements. The proposed
method is assessed with both simulated and real datasets.
The results have shown that the proposed method can
accurately measure 3-D surface deformations associated

with geo-hazards even those occurred in a transient or 
short-term period (e.g., earthquake and volcanic eruption). 
In the case study of the 2007 eruption of Kilauea volcano 
(Hawai’i) with ALOS-1 SAR data, improvements of 
51.2%, 22.4% and 18.5% have been achieved for the 
derived east, north and up displacements, respectively, 
with respect to those derived from the classical Weighted 
Least Squares (WLS) method. Furthermore, the proposed 
SM-VCE method is also employed to estimate the 3-D 
deformations associated with the 2016 Central Tottori 
earthquake and the 2016 Kaiköura earthquake based on the 
ALOS-2 SAR data. Finally, we combine the ALOS-2 and 
Sentinel-1 SAR data to study the co-/post-seismic 
deformations associated with the 2017 Jiuzhaigou 
earthquake in China. 

1. INTRODUCTION

Interferometric Synthetic Aperture Radar (SAR, InSAR) 
has been widely confirmed to be successful in measuring 
surface deformation with the characteristics of all-weather 
and all-day active operation mode, high spatial resolution 
and high measurement accuracy [1-6]. However, we can 
retrieve only one-dimensional deformation along the line-
of-sight (LOS) direction with Differential InSAR 
(DInSAR) technique [7], yielding possible 
misinterpretation of geo-hazards which generally occur in 
three-dimensional (3-D) framework. With respect to the 
imaging geometries of the current SAR satellites, except 
for the polar region it is impossible to retrieve accurate 3-
D surface deformations from the DInSAR LOS 
measurements even though they are acquired from 
different platforms or tracks [8].  
To overcome this shortcoming of the DInSAR LOS 
measurements, Pixel Offset-Tracking (POT) and Multi-
Aperture InSAR (MAI) techniques had been proposed to 
estimate surface deformation along the azimuth (AZI) 
direction, respectively [9, 10]. The former is based on the 
co-registration offsets of SAR images while the latter 
exploits the phase differences between the split-beam 
interferograms. By integrating cross-heading (i.e., 
ascending and descending) DInSAR LOS and/or 
POT/MAI AZI measurements, complete 3-D deformation 
fields caused by such as earthquake[11], volcanic eruption 
[12], glacier movement [13] and landslide [14] can thus be 
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retrieved with a linear inversion method (e.g., Weighted 
Least Square (WLS) algorithm).  
In addition, sparse 3-D measurements provided by GPS 
technique can also be employed to aid DInSAR LOS 
measurements for retrieving 3-D deformation fields [15, 
16]. This is extremely grateful with respect to the 
complementary natures of these two techniques in the 
aspects of spatial resolution and measuring accuracy. Due 
to the quite low spatial resolution of GPS sites, the GPS 
measurements are commonly interpolated into the same 
lattice of the DInSAR measurements before they are 
integrated [17].  
In the aforementioned researches, 3-D deformations are 
generally resolved on a pixel-by-pixel basis, thus ignoring 
the spatial correlation of ground deformations among the 
adjacent points. This is however reasonless according to 
the elastic deformation theory [18]. In order to exploit the 
spatial correlation of the adjacent points’ deformations, 
Guglielmino, et al. [19] proposed the Simultaneous and 
Integrated Strain Tensor Estimation From Geodetic and 
Satellite Deformation Measurements (SISTEM) method to 
combine InSAR and GPS measurements based on the 
Strain Model (SM), which can retrieve 3-D deformations 
as well as the strain parameters, and does not require the 
interpolation of sparse GPS measurements. Considering 
that the GPS sites are not always available in the interested 
area, Wang, et al. [17] proposed to extend the SISTEM 
method in the area without GPS by involving the DInSAR 
LOS and POT/MAI AZI measurements into the calculation. 
By incorporating the SM, the spatial correlation of the 
adjacent points' deformations is taken into account, and 
therefore quite more observations can be provided for the 
point of interest compared to the pixel-by-pixel based 
methods. 
With respect to so various kinds of measurements are 
involved in the estimating of 3-D deformations, it is of 
great significance to determine the exact weights for each 
kind of measurements [20]. In order to achieve the purpose, 
most of the existing studies used a moving window to 
estimate the a priori variances of the DInSAR, POT/MAI 
or GPS derived deformations on a pixel-by-pixel basis [21]. 
This method assumes that the observations have the 
characteristic of ergodicity within a limited range, which 
however can not be satisfied in the reality. Hu, et al. [20] 
introduced the variance component estimation (VCE) 
algorithm into the fusion of multi-temporal DInSAR and 
GPS measurements for estimating their posteriori 
variances. It had been demonstrated that the VCE method 
can determine accurate weights for each type of 
measurements without the ergodicity hypothesis. However, 
since the performance of the VCE algorithm depends on 
the redundancy of observations, under the pixel-by-pixel 
basis this condition can only be satisfied by providing large 
amount of InSAR observations in time series. Therefore, 
only the 3-D average velocities associated with long-term 
deformations can be expected [22]. 
In this project, we first propose to introduce the strain 
model into the InSAR observation model, and to construct 
a mathematical-physical model of InSAR measurements, 
so that to provide high-precision 3D surface displacements 
and strain characteristics [23]. Furthermore, the correlation 
point selection strategy is optimized by introducing the 
adaptive correlation distance. The proposed method is 
applied to the 2015 Murghab earthquake to build high-
precision co-seismic 3D surface deformation field and 

strain features in the seismic zone, which provide 
fundamental information for further studies on source 
parameters and fault geometry kinematics. Then, by 
combining the advantages of the SM in providing large 
amount of observations and the VCE algorithm in 
determining accurate weights, we propose in this project a 
InSAR-based method termed as SM-VCE to generate 
accurate 3-D deformations for geo-hazards even though 
they are occurred in a transient or short-term period (e.g., 
earthquake and volcanic eruption) [24]. A linear 
relationship between spatial-correlated InSAR 
measurements (including DInSAR LOS and POT/MAI 
AZI measurements) and 3-D deformations as well as strain 
parameters is firstly constructed based on the SM. By 
dividing the spatial-correlated InSAR measurements into 
different groups according to their characters, the VCE 
algorithm is then used to derive the accurate weights of 
each group of InSAR measurements. On the purpose of 
validation, the SM-VCE method would be firstly used to 
measure 3-D deformations from a simulated data, and then 
applied to re-construct the 3-D deformation fields 
associated with the 2007 Eruption of Kilauea volcano, 
Hawai’i [24], the 2016 Central Tottori earthquake [25], and 
the 2016 Kaiköura earthquake [26] by using the cross-
heading ALOS PALSAR or ALOS-2 PALSAR-2 data. 

2. RESEARCH METHODS AND RESULTS 

2.1. Mapping three-dimensional co-seismic surface 
deformations associated with 2015 Mw 7.2 Murghab 
earthquake based on InSAR and characteristics of 
crustal strain 

2.1.1 An optimized Methodology for mapping the 3D 
coseismic deformation field 

2.1.1.1 Model construction  
The conventional differential InSAR (D-InSAR) 
measurements is limited to LOS direction, but the Offset-
Tracking [9] (OFT) and the Multi-Aperture InSAR 
Technology [10] can acquire the Azimuthal Observation 
(AZO). By combining ascending/descending LOS and 
AZO measurements, we can generate the 3D deformation 
components of the displacements with the Weighted Least 
Squares (WLS) adjustment. When defining the ascending 
and descending InSAR deformation as 
[𝐷𝐷𝑎𝑎𝑎𝑎𝐿𝐿𝐿𝐿𝐿𝐿 ,𝐷𝐷𝑑𝑑𝑑𝑑𝑎𝑎𝐿𝐿𝐿𝐿𝐿𝐿 ,𝐷𝐷𝑎𝑎𝑎𝑎𝐴𝐴𝐴𝐴𝐿𝐿 ,𝐷𝐷𝑑𝑑𝑑𝑑𝑎𝑎𝐴𝐴𝐴𝐴𝐿𝐿]𝛵𝛵 , the relationship between the 
observation components and the unknown 3-D 
displacement components[𝑑𝑑𝑑𝑑 ,𝑑𝑑𝑛𝑛,𝑑𝑑𝑢𝑢]𝛵𝛵can be constructed 
[3] as follow: 
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where 𝜃𝜃and 𝛼𝛼 are the incidence and azimuth angles of the 
SAR imaging system, and the subscripts 𝑎𝑎𝑎𝑎  and 𝑑𝑑𝑑𝑑𝑎𝑎 
denote ascending and descending orbits, respectively.  
Basically, the tectonic activities such as faults, earthquakes 
and volcanoes are the comprehensive embodiment of the 
dynamic process from earth interior to the surface which 
affected by the crustal strains. Under the hypothesis of 382



infinitesimal and homogeneous strain, for arbitrary point 
𝑃𝑃with position [𝑑𝑑0𝑑𝑑 ,𝑑𝑑0𝑛𝑛,𝑑𝑑0𝑢𝑢]𝛵𝛵 and𝑁𝑁 surrounding Relevant 
Points ( 𝑅𝑅𝑃𝑃𝑎𝑎 ) with position 𝑑𝑑𝑖𝑖 = [𝑑𝑑𝑖𝑖𝑑𝑑 ,𝑑𝑑𝑖𝑖𝑛𝑛,𝑑𝑑𝑖𝑖𝑢𝑢]𝛵𝛵 , (𝑖𝑖 =
1,2,⋯ ,𝑛𝑛)  and displacements [𝛥𝛥𝑥𝑥𝑖𝑖 ,𝛥𝛥𝑦𝑦𝑖𝑖 ,𝛥𝛥𝑧𝑧𝑖𝑖]𝛵𝛵 , the 
connection of point 𝑃𝑃 and 𝑅𝑅𝑃𝑃𝑎𝑎 can be modeled by the 
Displacement-Strain equation [27]： 
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0 −𝜔𝜔3 𝜔𝜔2
𝜔𝜔3 0 −𝜔𝜔1
−𝜔𝜔2 𝜔𝜔1 0

� =

�
𝜀𝜀11 𝜀𝜀12 − 𝜔𝜔3 𝜀𝜀13 + 𝜔𝜔2

𝜀𝜀21 + 𝜔𝜔3 𝜀𝜀22 𝜀𝜀23 − 𝜔𝜔1
𝜀𝜀31 − 𝜔𝜔2 𝜀𝜀32 + 𝜔𝜔1 𝜀𝜀33

�(3) 

The symmetric (𝐸𝐸) and anti-symmetric (𝑄𝑄) describe three 
kinds of strain, which𝐸𝐸is correspond to the dilatation strain 
and shear strain, and 𝑄𝑄is the rotation tensor matrix of rigid 
body.  
Then we constructed a model of InSAR measurements, 3D 
displacements and the crustal strain characteristics, the 
method is therefore supposed to resolve 3D coseismic 
deformation of point 𝑃𝑃 from combining the 
ascending/descending LOS and AZO of 𝑁𝑁 𝑅𝑅𝑃𝑃𝑎𝑎 without any 
initial 3D intermedium. 
𝐴𝐴

4𝑁𝑁×3𝑁𝑁
⋅ 𝐵𝐵
3𝑁𝑁×12

⋅ 𝑋𝑋
12×1

= 𝐷𝐷
4𝑁𝑁×1

+ 𝑉𝑉
4𝑁𝑁×1

                                 (4) 
with 
𝐴𝐴

4𝑁𝑁×3𝑁𝑁
=

⎣
⎢
⎢
⎢
⎢
⎡ −𝑎𝑎𝑖𝑖𝑛𝑛(𝛼𝛼𝑎𝑎𝑎𝑎,𝑖𝑖 −

3𝜋𝜋
2

) 𝑎𝑎𝑖𝑖𝑛𝑛(𝜃𝜃𝑎𝑎𝑎𝑎,𝑖𝑖) ⋅ 𝐼𝐼𝑁𝑁 − 𝑐𝑐𝑐𝑐𝑎𝑎(𝛼𝛼𝑎𝑎𝑎𝑎,𝑖𝑖 −
3𝜋𝜋
2

) 𝑎𝑎𝑖𝑖𝑛𝑛( 𝜃𝜃𝑎𝑎𝑎𝑎,𝑖𝑖) ⋅ 𝐼𝐼𝑁𝑁 𝑐𝑐𝑐𝑐𝑎𝑎( 𝜃𝜃𝑎𝑎𝑎𝑎,𝑖𝑖) ⋅ 𝐼𝐼𝑁𝑁

− 𝑎𝑎𝑖𝑖𝑛𝑛(𝛼𝛼𝑑𝑑𝑑𝑑𝑎𝑎,𝑖𝑖 −
3𝜋𝜋
2

) 𝑎𝑎𝑖𝑖𝑛𝑛(𝜃𝜃𝑑𝑑𝑑𝑑𝑎𝑎,𝑖𝑖) ⋅ 𝐼𝐼𝑁𝑁 − 𝑐𝑐𝑐𝑐𝑎𝑎(𝛼𝛼𝑑𝑑𝑑𝑑𝑎𝑎,𝑖𝑖 −
3𝜋𝜋
2

) 𝑎𝑎𝑖𝑖𝑛𝑛( 𝜃𝜃𝑑𝑑𝑑𝑑𝑎𝑎,𝑖𝑖) ⋅ 𝐼𝐼𝑁𝑁 𝑐𝑐𝑐𝑐𝑎𝑎( 𝜃𝜃𝑑𝑑𝑑𝑑𝑎𝑎,𝑖𝑖) ⋅ 𝐼𝐼𝑁𝑁
− 𝑐𝑐𝑐𝑐𝑎𝑎(𝛼𝛼𝑎𝑎𝑎𝑎,𝑖𝑖 −

3𝜋𝜋
2

) ⋅ 𝐼𝐼𝑁𝑁 𝑎𝑎𝑖𝑖𝑛𝑛(𝛼𝛼𝑎𝑎𝑎𝑎,𝑖𝑖 −
3𝜋𝜋
2

) ⋅ 𝐼𝐼𝑁𝑁 0

−𝑐𝑐𝑐𝑐𝑎𝑎(𝛼𝛼𝑑𝑑𝑑𝑑𝑎𝑎,𝑖𝑖 −
3𝜋𝜋
2

) ⋅ 𝐼𝐼𝑁𝑁 𝑎𝑎𝑖𝑖𝑛𝑛(𝛼𝛼𝑑𝑑𝑑𝑑𝑎𝑎,𝑖𝑖 −
3𝜋𝜋
2

) ⋅ 𝐼𝐼𝑁𝑁 0 ⎦
⎥
⎥
⎥
⎥
⎤

  

(5) 
𝐵𝐵

3𝑁𝑁×12
=

⎣
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎡
1 0 0 𝛥𝛥𝑥𝑥1 𝛥𝛥𝑦𝑦1 𝛥𝛥𝑧𝑧1 0 0 0 0 𝛥𝛥𝑧𝑧1 −𝛥𝛥𝑦𝑦1
⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮
1 0 0 𝛥𝛥𝑥𝑥𝑁𝑁 𝛥𝛥𝑦𝑦𝑁𝑁 𝛥𝛥𝑧𝑧𝑁𝑁 0 0 0 0 𝛥𝛥𝑧𝑧𝑁𝑁 −𝛥𝛥𝑦𝑦𝑁𝑁
0 1 0 0 𝛥𝛥𝑥𝑥1 0 𝛥𝛥𝑦𝑦1 𝛥𝛥𝑧𝑧1 0 −𝛥𝛥𝑧𝑧1 0 𝛥𝛥𝑥𝑥1
⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮
0 1 0 0 𝛥𝛥𝑥𝑥𝑁𝑁 0 𝛥𝛥𝑦𝑦𝑁𝑁 𝛥𝛥𝑧𝑧𝑁𝑁 0 −𝛥𝛥𝑧𝑧𝑁𝑁 0 𝛥𝛥𝑥𝑥𝑁𝑁
0 0 1 0 0 𝛥𝛥𝑥𝑥1 0 𝛥𝛥𝑦𝑦1 𝛥𝛥𝑧𝑧1 𝛥𝛥𝑦𝑦1 −𝛥𝛥𝑥𝑥1 0
⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮
0 0 1 0 0 𝛥𝛥𝑥𝑥𝑁𝑁 0 𝛥𝛥𝑦𝑦𝑁𝑁 𝛥𝛥𝑧𝑧𝑁𝑁 𝛥𝛥𝑦𝑦𝑁𝑁 −𝛥𝛥𝑥𝑥𝑁𝑁 0 ⎦

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎤

     

   (6) 
𝑋𝑋 = [𝑑𝑑0𝑑𝑑,𝑑𝑑0𝑛𝑛 ,𝑑𝑑0𝑢𝑢, 𝜀𝜀11, 𝜀𝜀12, 𝜀𝜀13, 𝜀𝜀22, 𝜀𝜀23, 𝜀𝜀33,𝜔𝜔1,𝜔𝜔2,𝜔𝜔3]𝛵𝛵 (7) 
𝐷𝐷 =
�𝐷𝐷𝑎𝑎𝑎𝑎,1

𝐿𝐿𝐿𝐿𝐿𝐿,𝐷𝐷𝑎𝑎𝑎𝑎,2
𝐿𝐿𝐿𝐿𝐿𝐿,⋯𝐷𝐷𝑎𝑎𝑎𝑎,𝑁𝑁

𝐿𝐿𝐿𝐿𝐿𝐿 ,𝐷𝐷𝑑𝑑𝑑𝑑𝑎𝑎,1
𝐿𝐿𝐿𝐿𝐿𝐿 ,𝐷𝐷𝑑𝑑𝑑𝑑𝑎𝑎,2

𝐿𝐿𝐿𝐿𝐿𝐿 ,⋯𝐷𝐷𝑑𝑑𝑑𝑑𝑎𝑎,𝑁𝑁
𝐿𝐿𝐿𝐿𝐿𝐿 ,𝐷𝐷𝑎𝑎𝑎𝑎,1

𝐴𝐴𝐴𝐴𝐿𝐿,𝐷𝐷𝑎𝑎𝑎𝑎,2
𝐴𝐴𝐴𝐴𝐿𝐿 ,⋯𝐷𝐷𝑎𝑎𝑎𝑎,𝑁𝑁

𝐴𝐴𝐴𝐴𝐿𝐿 ,𝐷𝐷𝑑𝑑𝑑𝑑𝑎𝑎,1
𝐴𝐴𝐴𝐴𝐿𝐿 ,𝐷𝐷𝑑𝑑𝑑𝑑𝑎𝑎,2

𝐴𝐴𝐴𝐴𝐿𝐿 ,⋯𝐷𝐷𝑑𝑑𝑑𝑑𝑎𝑎,𝑁𝑁
𝐴𝐴𝐴𝐴𝐿𝐿 �𝑇𝑇 

(8) 
Where 𝐴𝐴 ⋅ 𝐵𝐵 is the coefficient matrix, 𝐼𝐼𝑁𝑁  is 𝑁𝑁  identity 
matrix. 𝐷𝐷 and 𝑉𝑉 are ascending/descending LOS and 
azimuth observation and its residual vectors at 𝑅𝑅𝑃𝑃𝑎𝑎 , 
respectively. The unknown vector 𝑋𝑋 consists of 12 
parameters: the first 3 parameter represent 3D 
displacement component to the arbitrary point P, while the 
last 9 parameters refer to the corresponding strain crustal 
component. 𝑋𝑋can be estimated using the WLS method: 
𝑋𝑋� = [𝐶𝐶𝛵𝛵𝑊𝑊𝐶𝐶]−1𝐶𝐶𝛵𝛵𝑊𝑊𝐷𝐷                                  (9) 
Where𝐶𝐶 = 𝐴𝐴 ⋅ 𝐵𝐵, 𝑊𝑊is 4𝑁𝑁 × 4𝑁𝑁 weighting matrix which is 
determined by using experimental variogram expressed by 
Eq. (15), the covariance matrix is given as 
𝑄𝑄 = [𝐶𝐶𝛵𝛵𝑊𝑊𝐶𝐶]−1                                     (10) 
Let 𝜎𝜎0 be the standard error of unit weight of InSAR 
observation, the accuracy of 3D deformation can be 
estimated by 
𝜎𝜎𝑋𝑋 = 𝜎𝜎0�𝑄𝑄                                      (11) 

In addition， this methodology provides the 3-D strain 
field by last 9 strain tensor of vector 𝑋𝑋 ,the dilatation 𝜎𝜎 , 
differential rotation magnitude 𝛺𝛺 and the maximum shear 
strain 𝑀𝑀 are is given by the following expression, 
respectively [19]: 
𝜎𝜎 = 𝜀𝜀11+𝜀𝜀22+𝜀𝜀33

3
                                  (12) 

𝑀𝑀 = 𝛬𝛬1 − 𝛬𝛬3                                    (13) 
𝛺𝛺 = 𝜔𝜔12 + 𝜔𝜔2

2 + 𝜔𝜔3
2                                  (14) 

where 𝛬𝛬1 and 𝛬𝛬3 are the largest and smallest eigenvalue of 
the strain tensor matrix 𝐸𝐸, respectively. 
2.1.1.2 Selection of Relevant Points from SAR 
Displacements 
In the process of 3D deformation estimation combining 
strain characteristics with InSAR monitoring, the crucial 
step is to search 𝑅𝑅𝑃𝑃𝑎𝑎 of point 𝑃𝑃 in the InSAR observations. 
InSAR-DGT method identifies𝑅𝑅𝑃𝑃𝑎𝑎with a constant relevant 
distance in the initial 3D ground displacements, so as to 
improve the 3D coseismic deformation field [17]. In this 
project, the relevant point search strategy is optimized by 
selecting the correlation points directly in the InSAR 
observations, and setting the relative distance to be 
adaptive. 
The experimental variogram is first applied to calculate the 
spatial correlation distance in the area far away from the 
epicenter of LOS and AZO displacements, which is 
considered as the zero-deforming zone and the spatial 
correlation is merely related to the distance. It is defined as 
follows [28]: 

𝐶𝐶(ℎ) = 𝐶𝐶0 ⋅ 𝑑𝑑
−ℎ𝑠𝑠                                    (15) 

where 𝐶𝐶(ℎ) andℎare the covariance function and distance 
between the two pixels, respectively. 𝐶𝐶0 and 𝑎𝑎 are 
undetermined coefficient expressing the variance and the 
relative distance. the relative distance 𝑎𝑎𝑎𝑎𝑎𝑎𝐿𝐿𝐿𝐿𝐿𝐿,𝑎𝑎𝑎𝑎𝑎𝑎𝐴𝐴𝐴𝐴𝐿𝐿,𝑎𝑎𝑑𝑑𝑑𝑑𝑎𝑎𝐿𝐿𝐿𝐿𝐿𝐿 and 
𝑎𝑎𝑑𝑑𝑑𝑑𝑎𝑎𝐴𝐴𝐴𝐴𝐿𝐿  can be fitted by a nonlinear model in far-field of 
ascending/descending LOS and AZO displacements, the 
averaged relevant distance𝑎𝑎0 and the adaptive correlation 
distance 𝑎𝑎 is defined through the comprehensive 
consideration of the efficiency and rationality. 

𝑎𝑎0 =
�𝑎𝑎𝑎𝑎𝑠𝑠𝐿𝐿𝐿𝐿𝐿𝐿+𝑎𝑎𝑎𝑎𝑠𝑠𝐴𝐴𝐴𝐴𝐿𝐿+𝑎𝑎𝑑𝑑𝑑𝑑𝑠𝑠

𝐿𝐿𝐿𝐿𝐿𝐿+𝑎𝑎𝑑𝑑𝑑𝑑𝑠𝑠
𝐴𝐴𝐴𝐴𝐿𝐿�

4
                            (16) 

𝑎𝑎 ∈ [𝑎𝑎0,𝑀𝑀𝑎𝑎𝑥𝑥[𝑎𝑎𝑎𝑎𝑎𝑎𝐿𝐿𝐿𝐿𝐿𝐿 , 𝑎𝑎𝑎𝑎𝑎𝑎𝐴𝐴𝐴𝐴𝐿𝐿 , 𝑎𝑎𝑑𝑑𝑑𝑑𝑎𝑎𝐿𝐿𝐿𝐿𝐿𝐿, 𝑎𝑎𝑑𝑑𝑑𝑑𝑎𝑎𝐴𝐴𝐴𝐴𝐿𝐿]]                          (17) 
We take the averaged relative distance 𝑎𝑎0 as the initial 
relative distance𝑎𝑎 = 𝑎𝑎0 , choose those surrounding points 
which the distance between point 𝑃𝑃and them is less than 𝑎𝑎 
and the coherence for both ascending and descending cases 
is higher than a certain threshold (i.e. 𝐶𝐶𝑐𝑐ℎ𝑎𝑎𝑎𝑎 ≥
𝐶𝐶𝑐𝑐ℎ𝑎𝑎𝑎𝑎𝑡𝑡ℎ𝑟𝑟𝑑𝑑𝑎𝑎ℎ𝑜𝑜𝑜𝑜𝑑𝑑and 𝐶𝐶𝑐𝑐ℎ𝑑𝑑𝑑𝑑𝑎𝑎 ≥ 𝐶𝐶𝑐𝑐ℎ𝑑𝑑𝑑𝑑𝑎𝑎𝑡𝑡ℎ𝑟𝑟𝑑𝑑𝑎𝑎ℎ𝑜𝑜𝑜𝑜𝑑𝑑) as 𝑅𝑅𝑃𝑃𝑎𝑎candidate 
of 𝑃𝑃, the coherence threshold is mainly determined by the 
high-precision deformation field obtained by D-InSAR. 
Then the mean and standard deviation of displacement of 
the 𝑅𝑅𝑃𝑃𝑎𝑎  candidates are calculated, and those within the 
range of two times of standard deviations away from the 
mean value (the probability of confidence is 95.5%) are 
identified as the 𝑅𝑅𝑃𝑃𝑖𝑖(𝑖𝑖 = 1,2,⋯ ,𝑛𝑛). 
We emphasize that it can cause an ill-condition model for 
insufficient 𝑅𝑅𝑃𝑃, and it will inevitably lead to the unsolvable 
ill-condition model if the number of𝑅𝑅𝑃𝑃 is less than 12. 
Wang, et al. [17] discussed the relationship between the 3D 
deformation error and 𝑅𝑅𝑃𝑃𝑎𝑎 , which showed that the 
deviation decreased with the increase of the number of 𝑅𝑅𝑃𝑃𝑎𝑎, 
and decrement tends to be gentle after the number of 𝑅𝑅𝑃𝑃𝑎𝑎 
over than 200. Therefore, we improve the rank deficiency 
model by defining the quantitive threshold of related 
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points𝑁𝑁𝑅𝑅𝑅𝑅𝑡𝑡ℎ𝑟𝑟𝑑𝑑𝑎𝑎ℎ𝑜𝑜𝑜𝑜𝑑𝑑  to be 200. if 𝑁𝑁𝑅𝑅𝑅𝑅 < 𝑁𝑁𝑅𝑅𝑅𝑅𝑡𝑡ℎ𝑟𝑟𝑑𝑑𝑎𝑎ℎ𝑜𝑜𝑜𝑜𝑑𝑑 , self-
increase 𝑎𝑎 in the range of its definition is realized to enlarge 
the search range of the 𝑅𝑅𝑃𝑃𝑎𝑎until the number is satisfied. 
After obtaining the 𝑅𝑅𝑃𝑃𝑎𝑎 of point 𝑃𝑃 in sufficient quantities, 
the ascending/descending LOS and AZO displacements are 
integrated to derive the high-precision 3d deformation field 
and strain field by Eq. (4). Fig. 1 describes the inversion 
process of the methodology. 

 

Fig. 1 Flow diagram of methodology 

2.1.2 Resolving 3d coseismic deformation field of the 
2015 Murghab earthquake 

2.1.2.1 Tectonic Setting 

The 7 December 2015 Mw 7.2 Murghab earthquake 
occurred in the interior of the seismically active Pamir 
Plateau, which is part of the India-Asia collision zone and 
the five mountain systems in Asia including Himalaya 
Mountains, Karakorum Mountains and the Kunlun 
Mountains, Tianshan Mountains, Hindu Kush are gathered 
here. Under the continuous northward compression and 
nappe-thrusting of the India plate, the Pamirs syntaxis 
extend northward with protruding form, which results in 
the crustal shortening and thickening of the Pamirs and 
massive surface uplift of the block media near 5000 m. 
Seismology and geology research shows, absorbed by 
southward subduction of the Asian crust beneath Pamirs 
along the Main Pamir Thrust (MPT) Pamirs and the 
northward subduction of the Indian plate under Hindu 
Kush to the south, the structural evolution of the Cenozoic 
Pamir arc structural belt is mainly manifested as northward 
positive thrust and crustal shortening in the north, the right-
lateral and oblique thrusting of the eastern margin, the 
sinistral-transpressive of the western margin, and the uplift 
and extension of interior [29]. GPS monitoring indicate that 
the interior of the Pamirs consistently moves along the 
NNW direction at the rate about 3~20 mm/yr refer to the 
Eurasian plate, which is much lower than the rate of the 
Pamir tectonic belt accommodate to the Eurasia along the 
MPT [30]. 
The SKF fault is a NE orientation fault that extends from 
the Sarez Lake to the Karakul Lake in North Central Pamir, 
and stretch along the SW to the shear fracture the southern 
of Sarez–Murghab Thrust System (SMTS) [31]. Series of 
shallow seismicity of NE-SW trend occurred at the 

intersection of SKF and SMTS indicates that the fault 
mechanism consistent with the left-lateral slip of NE 
direction [32]. The 2015 Mw7.2 Murghab earthquake and 
its aftershock distribution indicate that this event was 
caused by the near vertical, sinistral strike-slip faulting on 
NE-trending, which has a similar magnitude and focal 
mechanism to the 1911 MW7.3 Sarez–Pamir earthquake 
[33]. 
Since the MW7.8 earthquake that occurred in the Kunlun 
mountain pass in 2001, several highly destructive 
earthquakes have occurred successively around the 
Himalaya - Tibet Plateau, such as the 2008 MW7.1 Yutian 
earthquake, 2014 MW 7.0 Yutian Earthquake, 2015 MW 
6.5 Pishan Earthquake and 2015 Murghab event that 
occurred on the northern margin; 2008 MW 7.9 Wenchuan 
Earthquake and 2013 MW 7.0 Lushan Earthquake to the 
east [29]; and 2015 Mw7.8 Nepal earthquake and series of 
aftershocks in the south. The frequent occurrence of strong 
earthquakes shows that the movement of the India plate 
northward compress to the Eurasian plate continually has 
an extremely strong influence on seismic activities of the 
Tibetan Plateau and its surrounding area, the study of the 
seismicity fault of this event has a great importance to 
reveal the Cenozoic evolution and internal deformation 
mechanism of active Pamir tectonic belt. 
2.1.2.2 InSAR Observations and Processing 
After the Murghab earthquake, we obtained four ALOS-2 
PALSAR images include two ascending images and two 
descending images (Fig. 2, Tab. 1) from the Japan 
Aerospace Exploration Agency (JAXA) to determine the 
surface deformation based on the principle of shorter 
space-time baseline. The ALOS-2 satellite is a multi-modal 
imaging land observation satellite that launched by JAXA 
in May 24, 2014, equipped with L band PALSAR-2 sensor, 
and revisit once every 14 days. It should be noted that the 
descending path operated with the ScanSAR mode, which 
is composed of five sub-swaths and covers an area of 350-
km wide. Compared with the C band SAR data, the longer 
wavelength L band data can maintain a higher coherence 
in the denser areas of the vegetation [34]. 

Tab. 1 Interferograms used in this study 

ID Track Sensor Mode Data Perp. Baseline(m) 

1 T163A PALSAR-2 StripMap 2015/07/27-
2015/12/28 11.96  

2 T57D PALSAR-2 ScanSAR 2015/12/02-
2016/01/13 89.15  

 

Fig. 2 The topographic map of study region. The green 
box on the left is the ascending and descending ALOS-
2 data coverage, the Red Star shows the epicentre 
location. The round point of the right map corresponds 
to the aftershock distribution of the Murghab 
earthquake (http://www.isc.ac.uk/). The black line 
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indicates the fault trend (SMT: Sarez–Murghab Thrust 
System, TTS: Tanymas fault, SKF: Sarez-Karakul 
fault) 

All interferograms were generated from the PALSAR 
level1.1 images with two-pass differential InSAR method 
[35]. SLC image pairs were registered and resampled, and 
the multi-look processing of the ascending and descending 
interferogram was proposed respectively, in order to 
reduce the influence of interferogram noise as much as 
possible. Effects of topography were removed from the 
interferograms using 30 resolution Shuttle Radar 
Topography Mission (SRTM) digital elevation model 
(DEM). The interferograms were then filtered using an 
improved Goldstein filtering [36] to reduce the effects of 
phase noise, and the unwrapped effects with the branch cut 
method. The unwrapped InSAR phase was detrended by 
removing a polynomial ramp estimated from far-field LOS 
displacements for each track to account for possible orbital 
errors [37]. The interferograms were finally geocoded to 
the WGS84 geographic coordinates to obtain coseismic 
deformation field of 2015 Murghab earthquake (Fig. 3a-b). 
Fig. 3a-b clearly reflect the distribution characteristics and 
seismic rupture trace of the coseismic deformation field of 
the Murghab earthquake. Interference fringe take the SKF 
on NNE-trending as the center, the denser fringe intensity 
and greater deformation gradient with a closer distance to 
the fault, which indicates that the SKF is the seismogenic 
fault. The densest fringe is ~30 km away from the epicenter 
in the northeast of the rupture zone, where suffered the 
most disastrous damage in this event. Broken and jump 
interference fringes near the SKF is mainly caused by the 
severe ground deformation. From the map of ascending 
LOS displacements (Fig. 3a), the ascending interferometry 
fringes is roughly symmetrical on both sides of the SKF in 
a region about 65 km * 65 km, where the maximum LOS 
displacement in ascending T163A on the northern and 
southern parts are 59 cm and 70.8 cm, respectively. The 
deformation map of the descending T57D has a larger 
deformation range, four fringes (about 47.2 cm away from 
the satellite) and six fringes (about 70.8 cm toward the 
sensor) can be observed on the northern and southern walls, 
respectively (Fig. 3b).  
We extracted the AZO displacements both ascending and 
descending cases through the OFT processing, the image 
matching window was set to 64 × 192 (range×Azimuth), 
and the over sampling factor was 2. Effects of orbit were 
removed from offset by eliminating a polynomial ramp 
fitted from far-field AZO displacements. The ionospheric 
fringe induced by long wavelengths was corrected by the 
method of azimuth filtering and interpolation [38]. 
As shown in Fig. 3c-d, the azimuth deformation field 
reveals the genuine trace of the rupture, which is basically 
consistent with the LOS measurement along SKF. The 
obvious ascending displacements can be observed on both 
the northwest side and the southeast side, which range 
between -101.5 cm and 82.7 cm. The most significant AZO 
descending displacements with a maximum value of 185.7 
cm (toward flight direction) and 213.5 cm (against flight 
direction). The seismogenic fault characteristics present a 
sinistral movement that NW plate moving to the west and 
SE plate moving to the east. It should be pointed out that 
AZO displacement is more sensitive to rupture trace due to 
the intensity tracking used in OFT method. Combining the 
displacements of ascending/descending LOS and azimuth 

direction, a comprehensive analysis of the coseismic 
deformation field of the 2015 Murghab earthquake is 
conducted, indicates that the seismogenic fault SKF is 
dominated by the NE-SW trending strike slip with almost 
vertical dip angle. 

 

Fig. 3 The coseismic deformation field of the Murghab 
earthquake in LOS direction (left) and AZO direction 
(right). (a) and (b) are the re-wrapped LOS 
displacements derived from the ascending and 
descending pairs, respectively, in which one fringe 
represents the LOS displacements of 11.8 cm. (c) and 
(d) are for the AT displacements derived from the 
ascending and descending pairs, respectively, 

2.1.2.3 Results and discussion 
In order to intuitively analyze the impact of 2015 Murghab 
earthquakes, we use the WLS method, InSAR-DGT 
method and the new method to calculate the coseismic 3D 
deformation field of this event. The coherence threshold 
0.8 was used to mask the deformation field in the process 
of calculation, defined the number of threshold points as 
200 [17] and the coherent distance 𝑎𝑎0 = 2.7𝑘𝑘𝑘𝑘 , 𝑎𝑎 ∈
[2.7,4.03]km to select the 𝑅𝑅𝑃𝑃 by pixel. 

Tab. 2 Residual comparison of Murghab seismic 
displacement  

 
Mean（cm） RMSEs（cm） 

E-W N-S U-D E-W N-S U-D 

WLS  2.95 5.38 1.23 7.56 8.25 6.98 

New 0.49 0.51 0.33 3.61 4.98 4.00 
Improved 
percentage 

83.4
% 

90.5
% 

73.2
% 

52.2
% 

39.6
% 

42.7
% 
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Fig. 4 The E-W (left), N-S (middle) and vertical (right) 
coseismic deformation fields of the Murghab 
earthquake. (a) - (c) WLS method; (d) - (f) InSAR-DGT 
method; (g) - (I) New method. The dashed black lines 
denote three fault section A-A’ ,B-B’ 和 C-C’ are 
depicted in Figure10. The black rectangle marks far-
field areas for residual comparison. Two dashed black 
ellipse (I,II) mark large incoherent region. 
Fig. 4 shows the results of the 3D coseismic deformation 
fields of the Murghab earthquake resolved by WLS, 
InSAR-DGT and New method. It can be seen from the Fig. 
4a-c that there are many irrelevant holes in the 3D 
deformation field obtained by WLS method, especially in 
the vicinity of epicenter and fault, which is unfavorable for 
seismic interpretation and analysis. There are several 
remaining holes in the results obtained by the InSAR-DGT 
method, which mainly focus on two areas with larger 
incoherence: the I area is the snow-covered far-field in the 
northwest, and the II area is located in the northeast of the 
epicenter along fault. In addition, the InSAR-DGT method 
adopts the invariant coherence distance threshold, the 
abnormal value which is contrary to the overall 
deformation trend appears at the edge of the empties 
(marked by the dashed black ellipse in Fig. 4d-f). Basically 
consistent 3D deformation trend obtained by the three 
methods shows dislocation along the opposite direction of 
the fault. But it is obvious that the vertical deformation 
obtained by the InSAR-DGT method is on the low side 
compared to the other two, because the local high-
frequency information in the final 3D deformation field is 
removed to a certain extent, due to the excessive 
smoothness for the initial 3D deformation. Under the 
constraint of spatial correlation and ground strain vector, 
the new method obtains effective and reliable surface 3D 
surface information not only in the region of the continuous 
displacement gradient, but also in the case of the complex 
deformation near seismogenic fault (Fig. 4g-i).  

In this project, two far-field regions are selected for error 
analysis. Assuming that the far-field deformation is zero, 
the Mean and RMSEs corresponding to the three-
dimensional deformation field in those area are calculated 
and showed in Tab. 2. Comparing to the RMSEs obtained 
from WLS method (7.56 cm, 8.25 cm and 6.98 cm) and 
new method (3.61 cm, 4.98 cm and 4 cm) in E-W, N-S and 
U-D, the accuracy of the new method is improved by 
52.2%, 39.6% and 42.7% than that of WLS method. 
Meanwhile, the results of mean also decreased from 0.49 
cm, 5.38 cm and 1.23 cm to 0.49 cm, 0.51 cm and 0.33 cm, 
and the improvement degree reached 83.4%, 90.5% and 
73.2%. In addition, the RMSEs of InSAR-DGT method 
(3.92 cm, 4.76 cm and 4.25 cm) is extremely similar to the 
new case in the far-field without the influence of the 
incoherence factor, which further proves the rationality of 
the method in this project. We can also see from Tab. 2 that 
the deformation accuracy of the N-S direction is the worst 
compared with others, which is due to the geometric 
attitude of satellite imaging. The sensitivity of the D-
InSAR observations to the 3-D deformation components 
from high to low is vertical component, E-W component 
and N-S component. And the N-S component mainly 
depend on the azimuth deformation field obtained by the 
poor-precision OFT technology. 
The E-W deformation field (Fig. 4g) shows that there is a 
deformation center in the Southeastern wall near the fault, 
and the eastward maximum deformation is about 78.8 cm. 
two westward movement centers appeared in large-scale 
northwest wall with maximum is up to 79.4 cm. The N-S 
displacement of the Murghab earthquake (Fig. 4h) which 
characterizes a significant sinistral slip is far greater than 
the E-W and vertical components, the maximum 
deformation of southward northwest plate and northward 
southeast plate reach the peak to 122.6 cm and 106.1 cm, 
respectively. Deformation characteristics in vertical 
direction (Fig. 4i) is similar to the E-W, the surface of the 
southeastern wall was uplifted to 34.6 cm along fault zone. 
The overall subsidence in the NW plate formed two 
subsidence centers, which maximum settlement value is 
about 50.3 cm,  
The 2015 Murghab earthquake took the SKF fracture as the 
center of the surface rupture, showing a clear left-hand slip 
and can be divided into three segments from the north to 
south. In order to explore the across-fault deformation 
characteristics of the different segments of the seismogenic 
faults, three sections are constructed and further analyzed 
(Fig. 5). 
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Fig. 5 A-A '(left), B-B' (middle) and C-C '(right) 
deformation section, (a-c) E-W; (d-f) N-S; (g-i) U-D. 
The blue point and the orange point correspond to the 
profile deformation values of the WLS and the new 
method respectively. The brown area is the fault 
location. 

From the fault section deformation field (Fig. 5), we can 
see that the largest deformation of the earthquake already 
occurred near the fault, the three sections showed typical 
coseismic deformation characteristics for continuous 
deformation and obvious dislocation of the near-field 
surface. There is a fast decay rate on both sides of the fault 
with symmetrical displacement in A-A 'section, and the 
surface subsidence of the north wall is far greater than the 
uplift of the south wall. Northwest plate deformation of the 
middle section B-B’ is far less than the southeast with 
obvious deformation gradient. The southern section C-C 
'profile shows that there is a deformation center of the 
westward movement in the northwest wall about 2.7 km 
away from the fault. The southwest surface of the fault 
moves westward along with the subsidence, indicates that 
the Surface medium is not completely separated. And the 
deformation gradient in the N-S direction decreases greatly 
toward the far-field. The Murghab earthquake is an obvious 
strike slip earthquake, and the deformation component of 
vertical direction is less than the horizontal. 
The coseismic 3D deformation in near-field area (Fig. 6) 
shows that the 2015 Murghab earthquake is dominated by 
the left lateral strike slip, which is almost identical in 
magnitude and dislocation to both two walls, indicating 
that the fault dip angle is almost vertical. The stress 
concentrate on the southeast and extend to the northwest, 
the uplift and subsidence of the surface medium occur 
correspondingly. According to subtle differences of the 
fault strike and surface deformation, the seismic faults can 
be divided into three sections: the northern section shows 
obvious strike slip, and the surface has obvious dislocation 
and rupture. The uplift surface of the middle segment with 
sinistral strike-slip and thrust movement is subjected to the 
thrusting of the northern block. There is no evidently 
relative dislocation on the surface of the southern section, 
which is relatively stable with respect to the previous two. 
However, there are some slightly extensive subsidence in 
the northwest plate, and the concrete causes still needs 
further analysis with the geological data. 

 

Fig. 6 Near-field 3D coseismic deformation of the 
Murghab earthquake. The colors and arrows represent 
the vertical and horizontal deformation vectors, 
respectively. The white line mark the location of the 
SKF fault 

We emphasize that another important issue of the 
methodology in this project is to provide strain parameters 
of 2015 Murghab earthquake by Eq. (12-14): the dilatation 
strain component, the differential rotation magnitude, and 
the maximum shear strain component (see Fig. 7). Fig. 7a 
shows the dilatation strain component. The implicit far-
field strain in the seismic area tends to zero value, 
indicating that the far-field block is stable, and the 
influence of crustal tectonic stress extrusion is relatively 
small. The expansion value at the fault is positive and 
reached the peak about 1×10-2, it shows a clear three 
segment stretching movement from north to south. And 
under the extrusion of the SKF fault, the dilatation strain of 
the near-field is mainly contraction, and runs up to the 
extreme value in the south side near the epicenter. The 
high-value area of differential rotation magnitude (Fig. 7b) 
is mainly distributed in the middle and southern section of 
the fault, with the maximum 2× 10-4 in the southern 
segment close to the epicenter with a strong rotation and 
active tectonic. In addition, the spatial distribution 
characteristics of the differential rotating components are 
well correlated with the clockwise horizontal displacement, 
especially near the epicenter. The maximum shear strain 
component (Fig. 7c) is similar to dilatation in the spatial 
distribution, increases gradually from the far-field to near-
field and achieve the maximum value of 4 * 10-2 at the SKF 
with strong tectonic activity, suggestes the sharp fault zone 
and near-field and the weak far-field. 
The strain distribution of 2015 Murghab earthquake is 
mainly concentrated on the SKF fault and its surrounding 
area, indicates that the strain energy accumulated from the 
SKF in Murghab area can be released. As a whole, the 
seismic area is affected by the obvious dilatation strain and 
shear strain, the high-value area of the rotation force is 
mainly located in the south part of the fault near the 
epicenter, which is consistent with the characteristics of the 
surface deformation movement dominated by the left 
lateral strike slip. The extreme value of the strain field 
achieved at the SKF in the northeast of the epicenter, where 
serious incoherence occurred in the D-InSAR deformation 
field due to excessive surface breakage. There are still 
several empties both appeared in the 3D deformation field 
that calculated by WLS method and InSAR-DGT method, 
thus the strain obtained by the above two methods will lead 
to the disappreciation. 

 

Fig. 7 the strain field of the Murghab earthquake. (a) 
Dilatation strain component; (b) Differential rotation 
magnitude; (c) Maximum shear strain component. 
Three strain field components are all dimensionless 
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2.2.1 Methodology 

In this section, we will firstly introduce the method of 
applying the SM to establish the relationship between the 
3-D deformation components of the interested point and 
the InSAR measurements of the surrounding points. Based 
on the observation function established from the SM, the 
VCE algorithm is then presented to derive the exact 
weights of different type of InSAR measurements, and 
finally to produce the optimal 3-D surface deformations. 
2.2.1.1 Establishing the observation function based on 
the SM 
Assuming that two pairs of SAR images are acquired from 
ascending and descending tracks upon the same area, we 
can use the DInSAR and MAI/POT methods to produce 
four deformation components of this area along the 
ascending LOS, ascending AZI, descending LOS and 
descending AZI directions, respectively. 
Based on the SM, a portion of Earth’s surface, deformed 
by a geodynamic process (e.g., intrusion of magma or 
activity of fault), can be considered as a homogeneous 
strain field [19]. We suppose that a point of interest 𝑃𝑃0 , 
characterized by the position components 𝑥𝑥0 = �𝑥𝑥𝑑𝑑(0)  
x𝑛𝑛(0)  x𝑢𝑢(0)�𝑇𝑇  and the 3-D deformation components𝑑𝑑0 =
[𝑑𝑑𝑑𝑑(0) 𝑑𝑑𝑛𝑛(0) 𝑑𝑑𝑢𝑢(0)]𝑇𝑇, is surrounded by K points 𝑃𝑃𝑖𝑖  (𝑖𝑖 =
1. .𝐾𝐾) in a window with a fixed size (e.g., 450 m×450 m), 
whose the position and 3-D deformation components are 
𝑥𝑥𝑖𝑖 = �𝑥𝑥𝑑𝑑(𝑖𝑖)  x𝑛𝑛(𝑖𝑖)  x𝑢𝑢(𝑖𝑖)�𝑇𝑇 and 𝑑𝑑𝑖𝑖 = [𝑑𝑑𝑑𝑑(𝑖𝑖) 𝑑𝑑𝑛𝑛(𝑖𝑖) 𝑑𝑑𝑢𝑢(𝑖𝑖)] , 
respectively. Superscripts e, n, u denote east, north and up 
components, respectively. According to the SM [18], the 
relationship between the deformation components 𝑑𝑑0  of 
the interested point 𝑃𝑃0  and the deformation components 
𝑑𝑑𝑖𝑖of the surrounding point 𝑃𝑃𝑖𝑖  can be modeled as 
𝑑𝑑𝑖𝑖 = 𝐻𝐻 ⋅ Δ𝑖𝑖 + 𝑑𝑑0                               (18) 
where Δ𝑖𝑖 = [Δ𝑥𝑥𝑑𝑑(𝑖𝑖) Δ𝑥𝑥𝑛𝑛(𝑖𝑖) Δ𝑥𝑥𝑢𝑢(𝑖𝑖)]𝑇𝑇 , and Δ𝑥𝑥𝑑𝑑(𝑖𝑖) =
𝑥𝑥𝑑𝑑(𝑖𝑖) − 𝑥𝑥𝑑𝑑(0),Δ𝑥𝑥𝑛𝑛(𝑖𝑖) = 𝑥𝑥𝑛𝑛(𝑖𝑖) − 𝑥𝑥𝑛𝑛(0),Δ𝑥𝑥𝑢𝑢(𝑖𝑖) = 𝑥𝑥𝑢𝑢(𝑖𝑖) −
𝑥𝑥𝑢𝑢(0) denote the coordinate-increment vectors between the 
points 𝑃𝑃0 and 𝑃𝑃𝑖𝑖 . 𝐻𝐻 is the strain parameter matrix, which 
can be divided into a symmetric and an anti-symmetric 
parts [39] 

𝐻𝐻 = 𝐸𝐸 + 𝑅𝑅 = �
𝜉𝜉11 𝜉𝜉12 𝜉𝜉13
𝜉𝜉12 𝜉𝜉22 𝜉𝜉23
𝜉𝜉13 𝜉𝜉23 𝜉𝜉33

� + �
0 −𝜔𝜔3 𝜔𝜔2
𝜔𝜔3 0 −𝜔𝜔1
−𝜔𝜔2 𝜔𝜔1 0

� =

�
𝜉𝜉11 𝜉𝜉12 − 𝜔𝜔3 𝜉𝜉13 + 𝜔𝜔2

𝜉𝜉12 + 𝜔𝜔3 𝜉𝜉22 𝜉𝜉23 − 𝜔𝜔1
𝜉𝜉13 − 𝜔𝜔2 𝜉𝜉23 + 𝜔𝜔1 𝜉𝜉33

�     (19) 

Where 𝐸𝐸 and 𝑅𝑅donate the strain tensor and the rigid body 
rotation tensor, respectively. 𝜉𝜉𝑝𝑝𝑝𝑝  and 𝜔𝜔𝑟𝑟  (1 ≤ 𝑝𝑝 ≤ 3, 𝑝𝑝 ≤
𝑞𝑞 ≤ 3, 𝑟𝑟 = 1,2,3) represent the unknown parameters of the 
SM [13]. 
Eq. (18) can thus be re-written into  
𝑑𝑑𝑖𝑖 = 𝐵𝐵𝑎𝑎𝑠𝑠𝑖𝑖 ⋅ 𝑙𝑙                                 (20) 
where 
𝑙𝑙 =
�𝑑𝑑𝑑𝑑(0),𝑑𝑑𝑛𝑛(0),𝑑𝑑𝑢𝑢(0), 𝜉𝜉11, 𝜉𝜉12, 𝜉𝜉13, 𝜉𝜉22, 𝜉𝜉23, 𝜉𝜉33,𝜔𝜔1,𝜔𝜔2,𝜔𝜔3�

𝑇𝑇
 

is the column vector of unknown parameters, and 𝐵𝐵𝑎𝑎𝑠𝑠𝑖𝑖  is 
the design matrix defined as: 
𝐵𝐵sm
𝑖𝑖 =

�
1 0 0 Δ𝑥𝑥𝑑𝑑(𝑖𝑖) Δ𝑥𝑥𝑛𝑛(𝑖𝑖) Δ𝑥𝑥𝑢𝑢(𝑖𝑖) 0 0 0 0 Δ𝑥𝑥𝑢𝑢(𝑖𝑖) −Δ𝑥𝑥𝑛𝑛(𝑖𝑖)

0 1 0 0 Δ𝑥𝑥𝑑𝑑(𝑖𝑖) 0 Δ𝑥𝑥𝑛𝑛(𝑖𝑖) Δ𝑥𝑥𝑢𝑢(𝑖𝑖) 0 −Δ𝑥𝑥𝑢𝑢(𝑖𝑖) 0 Δ𝑥𝑥𝑑𝑑(𝑖𝑖)

0 0 1 0 0 Δ𝑥𝑥𝑑𝑑(𝑖𝑖) 0 Δ𝑥𝑥𝑛𝑛(𝑖𝑖) Δ𝑥𝑥𝑢𝑢(𝑖𝑖) Δ𝑥𝑥𝑛𝑛(𝑖𝑖) −Δ𝑥𝑥𝑑𝑑(𝑖𝑖) 0
�     

  (21) 
Assuming that there are a column vector 𝐿𝐿𝑖𝑖 =
�𝐿𝐿1𝑖𝑖 ,L2

𝑖𝑖 ,L3
𝑖𝑖 ,L4

𝑖𝑖 �
𝑇𝑇

 constituted by the InSAR measurements 

for point 𝑃𝑃𝑖𝑖 , and the subscripts 1, 2, 3, 4 represent 
ascending LOS, ascending AZI, descending LOS and 
descending AZI measurements, respectively. The 
relationship between the 3-D deformation components 𝑑𝑑𝑖𝑖 
and the observation vector 𝐿𝐿𝑖𝑖 can be represented by [40-42] 
𝐿𝐿𝑖𝑖 = 𝐵𝐵𝑔𝑔𝑑𝑑𝑜𝑜𝑖𝑖 ⋅ 𝑑𝑑𝑖𝑖                                 (22) 
where 𝐵𝐵𝑔𝑔𝑑𝑑𝑜𝑜𝑖𝑖  is the transform matrix which can be expressed 
by 

𝐵𝐵𝑔𝑔𝑑𝑑𝑜𝑜𝑖𝑖 =

⎣
⎢
⎢
⎢
⎡𝑎𝑎1

𝑖𝑖

𝑎𝑎2𝑖𝑖

𝑎𝑎3𝑖𝑖

𝑎𝑎4𝑖𝑖

𝑏𝑏1𝑖𝑖

𝑏𝑏2𝑖𝑖

𝑏𝑏3𝑖𝑖

𝑏𝑏4𝑖𝑖

𝑐𝑐1𝑖𝑖

𝑐𝑐2𝑖𝑖

𝑐𝑐3𝑖𝑖

𝑐𝑐4𝑖𝑖 ⎦
⎥
⎥
⎥
⎤
                              (23) 

and 

⎩
⎪
⎨

⎪
⎧ 𝑎𝑎1𝑖𝑖 = -sin(𝜃𝜃𝑎𝑎𝑎𝑎𝑖𝑖 ) 𝑎𝑎𝑖𝑖𝑛𝑛(𝛼𝛼𝑎𝑎𝑎𝑎𝑖𝑖 − 3𝜋𝜋/2) 𝑏𝑏1𝑖𝑖 = -sin(𝜃𝜃𝑎𝑎𝑎𝑎𝑖𝑖 ) 𝑐𝑐𝑐𝑐𝑎𝑎(𝛼𝛼𝑎𝑎𝑎𝑎𝑖𝑖 − 3𝜋𝜋/2) 𝑐𝑐1𝑖𝑖 = 𝑐𝑐𝑐𝑐𝑎𝑎(𝜃𝜃𝑎𝑎𝑎𝑎𝑖𝑖 )

𝑎𝑎2𝑖𝑖 = −𝑐𝑐𝑐𝑐𝑎𝑎(𝛼𝛼𝑎𝑎𝑎𝑎𝑖𝑖 − 3𝜋𝜋/2) 𝑏𝑏2𝑖𝑖 = sin(𝛼𝛼𝑎𝑎𝑎𝑎𝑖𝑖 − 3𝜋𝜋/2) 𝑐𝑐2𝑖𝑖 = 0
𝑎𝑎3𝑖𝑖 = -sin(𝜃𝜃𝑑𝑑𝑑𝑑𝑎𝑎𝑖𝑖 ) 𝑎𝑎𝑖𝑖𝑛𝑛(𝛼𝛼𝑑𝑑𝑑𝑑𝑎𝑎𝑖𝑖 − 3𝜋𝜋/2) 𝑏𝑏3𝑖𝑖 = -sin(𝜃𝜃𝑑𝑑𝑑𝑑𝑎𝑎𝑖𝑖 ) 𝑐𝑐𝑐𝑐𝑎𝑎(𝛼𝛼𝑑𝑑𝑑𝑑𝑎𝑎𝑖𝑖 − 3𝜋𝜋/2) 𝑐𝑐3𝑖𝑖 = 𝑐𝑐𝑐𝑐𝑎𝑎( 𝜃𝜃𝑑𝑑𝑑𝑑𝑎𝑎𝑖𝑖 )

𝑎𝑎4𝑖𝑖 = −𝑐𝑐𝑐𝑐𝑎𝑎(𝛼𝛼𝑑𝑑𝑑𝑑𝑎𝑎𝑖𝑖 − 3𝜋𝜋/2) 𝑏𝑏4𝑖𝑖 = sin(𝛼𝛼𝑑𝑑𝑑𝑑𝑎𝑎𝑖𝑖 − 3𝜋𝜋/2) 𝑐𝑐4𝑖𝑖 = 0

     

     (24) 
where 𝛼𝛼𝑖𝑖 and 𝜃𝜃𝑖𝑖 are the satellite heading angle (clockwise 
from the North) and the radar incidence angle with respect 
to the point 𝑃𝑃𝑖𝑖 , respectively. Subscripts as, des donate 
ascending and descending tracks, respectively. 
By combining Eqs. (20) and (22), the relationship between 
the unknown vector l and the InSAR measurements 𝐿𝐿𝑖𝑖 can 
be formed as  
𝐿𝐿𝑖𝑖 = 𝐵𝐵𝑖𝑖 ⋅ 𝑙𝑙                                 (25) 
where 𝐵𝐵𝑖𝑖=B𝑔𝑔𝑑𝑑𝑜𝑜

𝑖𝑖 ⋅ 𝐵𝐵𝑎𝑎𝑠𝑠𝑖𝑖 . For K surrounding points of 𝑃𝑃0, the 
overall observation equations can be constructed on the 
basis of Eq.(25) 
𝐿𝐿

4𝐾𝐾×1
+ 𝑉𝑉

4𝐾𝐾×1
= 𝐵𝐵

4𝐾𝐾×12
⋅ 𝑙𝑙
12×1

                            (26) 
where 𝑉𝑉 is residual vector. The observation vector 𝐿𝐿 and 
coefficient matrix 𝐵𝐵 can be represented by 
𝐿𝐿 = [(𝐿𝐿1)𝑇𝑇 , (𝐿𝐿2)𝑇𝑇 . . (𝐿𝐿𝐾𝐾)𝑇𝑇]𝑇𝑇                         (27) 
𝐵𝐵 = [(𝐵𝐵1)𝑇𝑇 , (𝐵𝐵2)𝑇𝑇 . . (𝐵𝐵𝐾𝐾)𝑇𝑇]𝑇𝑇                        (28) 
It should be noted that the matrix B consists of 4K rows: it 
can be viewed as K blocks of four equations with respect 
to the ascending LOS, ascending AZI, descending LOS and 
descending AZI measurements of point 𝑃𝑃𝑖𝑖 . 
2.2.1.2 Determining the accurate weights based on the 
VCE algorithm 
The VCE algorithm had been well proven in determining 
the accurate weights or variances of measurements without 
taking any a priori information into account [20]. To make 
good use of the VCE algorithm, the observations should 
firstly be classified into different groups on the basis of 
their statistical properties. In this study, the InSAR 
measurements derived from the same track and the same 
technique are regarded as homogeneous. Therefore, there 
are four groups with respect to the corresponding 
ascending LOS, ascending AZI, descending LOS and 
descending AZI measurements. 
For convenience, we make an assumption that the initial 
weight matrix of each group of observations are equal to 
unit matrix, i.e., 𝑊𝑊1 = 𝑊𝑊2 = 𝑊𝑊3 = 𝑊𝑊4 = 𝐼𝐼, where 𝑊𝑊𝑗𝑗(𝑗𝑗 =
1,2,3,4) represents the weight matrix of the group 𝑗𝑗 and 𝐼𝐼 
equals to unit matrix with a size of 𝐾𝐾 × 𝐾𝐾 . 𝐿𝐿1 =
[𝐿𝐿11 , 𝐿𝐿12 . . . 𝐿𝐿1𝐾𝐾]𝑇𝑇 represents the group which includes the 
ascending LOS measurements and 𝐵𝐵1 = [𝐵𝐵11 ,𝐵𝐵12 . . .𝐵𝐵1𝐾𝐾]𝑇𝑇 
represents corresponding coefficient matrix, where 𝐿𝐿1 and 
𝐵𝐵1 are the combination of the row index 1,5,9. . .4𝐾𝐾 − 3 of 
the matrix 𝐿𝐿  (i.e., Eq. (27)) and 𝐵𝐵  (i.e., Eq.(28)), 
respectively. Similarly, we can get the observation and 
coefficient matrixes for the groups which include the 388



ascending AZI (i.e., 𝐿𝐿2,𝐵𝐵2), descending LOS (i.e., 𝐿𝐿3,𝐵𝐵3) 
and descending AZI (i.e., 𝐿𝐿4,𝐵𝐵4 ) measurements, 
respectively. 
Supposing that 𝑁𝑁𝑗𝑗 = 𝐵𝐵𝑗𝑗𝑇𝑇𝑊𝑊𝑗𝑗𝐵𝐵𝑗𝑗 , 𝑈𝑈𝑗𝑗 = 𝐵𝐵𝑗𝑗𝑇𝑇𝑊𝑊𝑗𝑗𝐿𝐿𝑗𝑗 (𝑗𝑗 = 1,2,3,4), 
and 𝑁𝑁 = ∑ 𝑁𝑁𝑗𝑗4

𝑗𝑗=1 , 𝑈𝑈 = ∑ 𝑈𝑈𝑗𝑗4
𝑗𝑗=1 , the WLS solution of the 

unknown vector 𝑙𝑙 is 
𝑙𝑙 = 𝑁𝑁−1𝑈𝑈                               (29) 
Subsequently, the relationship between the observation 
residuals 𝛿𝛿  and the variance components 𝜎𝜎�2  can be 
constructed as [20] 
𝜎𝜎�2 = Γ−1𝛿𝛿                             (30) 
where 
𝜎𝜎�2 = [𝜎𝜎�12 𝜎𝜎�22 𝜎𝜎�32 𝜎𝜎�42]𝑇𝑇                       (31) 
Γ =

⎣
⎢
⎢
⎢
⎡𝐾𝐾 − 2𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁1) + 𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁1)2 𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁1𝑁𝑁−1𝑁𝑁2) 𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁1𝑁𝑁−1𝑁𝑁3) 𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁1𝑁𝑁−1𝑁𝑁4)

𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁1𝑁𝑁−1𝑁𝑁2) 𝐾𝐾 − 2𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁2) + 𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁2)2 𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁2𝑁𝑁−1𝑁𝑁3) 𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁2𝑁𝑁−1𝑁𝑁4)
𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁1𝑁𝑁−1𝑁𝑁3) 𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁2𝑁𝑁−1𝑁𝑁3) 𝐾𝐾 − 2𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁3) + 𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁3)2 𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁3𝑁𝑁−1𝑁𝑁4)
𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁1𝑁𝑁−1𝑁𝑁4) 𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁2𝑁𝑁−1𝑁𝑁4) 𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁3𝑁𝑁−1𝑁𝑁4) 𝐾𝐾 − 2𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁4) + 𝑡𝑡𝑟𝑟(𝑁𝑁−1𝑁𝑁4)2⎦

⎥
⎥
⎥
⎤
 

(32) 
𝛿𝛿 = [𝑣𝑣1𝑇𝑇𝑊𝑊1𝑣𝑣1 𝑣𝑣2𝑇𝑇𝑊𝑊2𝑣𝑣2 𝑣𝑣3𝑇𝑇𝑊𝑊3𝑣𝑣3 𝑣𝑣4𝑇𝑇𝑊𝑊4𝑣𝑣4]𝑇𝑇                
(33) 
𝑣𝑣𝑗𝑗 = 𝐵𝐵𝑗𝑗 ⋅ 𝑙𝑙 − 𝐿𝐿𝑗𝑗 (𝑗𝑗 = 1,2,3,4)                       (34) 
The variance components 𝜎𝜎�2  are exploited to update the 
weight matrixes of the four groups of InSAR 
measurements 
𝑊𝑊�1 = 𝐼𝐼,𝑊𝑊�2 = 𝜎𝜎�1

2

𝜎𝜎�2
2𝑊𝑊2

−1 ,𝑊𝑊�3 = 𝜎𝜎�1
2

𝜎𝜎�3
2𝑊𝑊3

−1 ,𝑊𝑊�4 = 𝜎𝜎�1
2

𝜎𝜎�4
2𝑊𝑊4

−1                 

(35) 
The updated weight matrixes are then used in Eqs. (29), 
(30) and (35) to re-update the weights until the following 
equation is satisfied 
𝜎𝜎�𝑠𝑠𝑎𝑎𝑚𝑚2 − 𝜎𝜎�𝑠𝑠𝑖𝑖𝑛𝑛2 < 𝜀𝜀                            (36) 
where 𝜎𝜎�𝑠𝑠𝑎𝑎𝑚𝑚2  and 𝜎𝜎�𝑠𝑠𝑖𝑖𝑛𝑛2  are the maximum and minimum of 
the variance components 𝜎𝜎�2 = [𝜎𝜎�12 𝜎𝜎�22 𝜎𝜎�32 𝜎𝜎�42]𝑇𝑇 , 
respectively. 𝜀𝜀  is the convergence criteria, which is 
determined based on the precisions of the observations and 
the convergence time. 
Finally, the optimal 3-D deformation components are 
determined from Eq. (29) with the weight matrixes from 
the final iteration. 

2.2.2 The case study of the June 2007 Eruption of 
Kilauea volcano, Hawai’I with ALOS-1 data 

Kilauea volcano, Hawai’i has been activated since 1983. A 
swarm of earthquakes and rapid deflation started in the 
vicinity of the volcano’s East Rift Zone (ERZ) on the 
morning of June 17, 2007. An intrusion of magma started 
at shallow level in the Mauna Ulu area on early June 17 but 
during the ongoing earthquakes the activity of the intrusion 
moved eastward about 6 km along the ERZ. On the 
morning of June 19, 2007, Kilauea Volcano zone has no 
significant activity, which indicates an end of this 
disturbance on this zone [42]. 

Tab. 3 Basic information of the ALOS PALSAR data 
used in this study 

Track 

Acquisitio

n date of 

master 

image 

Acquisition 

date of slave 

image 

Base

line  

(m) 

Incident 

angle  

(deg.) 

Azimuth 

angle 

(deg.) 

Ascen

ding 

May 5, 

2007 

Jun. 20, 

2007 

352 
38.75 349.24 

Desce

nding 

Feb. 28, 

2007 

Jul. 16, 

2007 

284 
38.76 190.77 

 

 
Fig. 8 Shaded relief map of the study area. Triangles 
represent the GPS stations. Blue and green arrows 
represent horizontal displacements of the GPS station, 
and red arrows represent vertical displacements of the 
GPS stations. The inset map shows the location of the 
study area in the Island of Hawai’i. 

 

Fig. 9 Deformation measurements of the Kilauea 
Volcano along the (a) ascending LOS, (b) descending 
LOS, (c) ascending AZI and (d) descending AZI 
directions, respectively. 
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Fig. 10 3-D deformation fields derived by the SM-VCE 
(a-c) and WLS (d-f) methods. Triangles represent the 
GPS stations. (Top) East component. (Middle) North 
component. (Bottom) Up component. 

 

Fig. 11 Weights determined from the SM-VCE (a-c) 
and the WLS (d-f) methods of different InSAR 
measurements in the red rectangle of Fig. 6. (Top) 
ascending AZI measurement. (Middle) descending LOS 
measurement. (Bottom) descending AZI measurement. 
Note that the weight of the ascending LOS 
measurement is unit matrix in both methods. 

 

Tab. 4 RMSEs of differences between InSAR and GPS 
observed 3-D deformations. 

Method 

 East (cm)  North (cm)  Up (cm) 

 25 

sites 

23 

sites 
 

25 

sites 

23 

sites 
 

25 

sites 

23 

sites 

SM-VCE  2.21 2.18  6.86 2.77  4.26 4.13 

WLS  4.77 4.47  7.47 3.57  5.19 5.07 

Improvem

ent 

 
53.7% 51.2%  8.2% 22.4%  17.9% 18.5% 

The ALOS satellite had imaged this zone before and after 
the activity. As shown in Fig. 8, a zone of about 35.6 
km×24.8 km focusing on the eruption area is selected in 
this project, where the 30 m SRTM data is used as the 
external DEM data in the processing of DInSAR [43]. 
Based on the two pairs of ALOS PALSAR images (Tab. 3), 
we can derive the LOS and AZI deformation maps with a 
spatial resolution of 30 m×30 m from the ascending and 
descending tracks by using the DInSAR and MAI 
techniques, respectively (Fig. 9). 
We involve the SM-VCE and WLS method for measuring 
the 3-D deformation fields of the Kilauea Volcano. In the 
SM-VCE method, a square zone of 450 m×450 m (i.e., 
15×15 pixel) is regarded as a homogeneous strain field, 
from which we derive the 3-D deformations of the 
interested point by involving the InSAR measurements of 
the around 225 pixels. In the WLS method, we calculate 
the weights of the InSAR measurements from the standard 
deviations estimated with a 15×15 pixel moving window 
on a pixel-by-pixel basis. Fig. 6 shows the 3-D deformation 
fields estimated by using different methods. As expected, 
the SM-VCE derived 3-D deformations (Fig. 10(a)-(c)) are 
more reasonable in region than the WLS derived ones (Fig. 
10(d)-(f)), although they are quite consistent in general.  
Typically, in the red rectangle of Fig. 10, there are obvious 
strip-shaped disturbances in the 3-D deformation fields 
derived from the WLS method. The corresponding weights 
of this zone with respect to SM-VCE and WLS are 
exhibited in Fig. 11. It is acknowledged that the weights of 
the DInSAR LOS measurements should be generally 
greater than those of the MAI AZI measurements [8, 38]. 
However, in the WLS method, the weights of the AZI 
measurements (Fig. 11(d), (f)) are basically greater than 
those of the LOS measurements (Fig. 11(e)). This might be 
caused by the over-filtering in the MAI interferograms. As 
a result, the errors in the InSAR measurements are 
magnified in the WLS derived 3-D deformations. While in 
the SM-VCE method, suitable weights are yielded for the 
LOS and AZI measurements (Fig. 11(a)-(c)), which 
guarantee accurate and reliable 3-D displacement 
estimations. 
In order to assess the accuracies of the 3-D deformations 
estimated from different methods, we compare the InSAR 
observed 3-D deformation fields with the counterparts 
from the 25 GPS sites that recorded the June 2007 event 
(Tab. 4). The locations of the GPS sites can be found in Fig. 
8 and Fig. 10. The RMSEs of the differences between the 
InSAR and GPS observed 3-D deformation are presented 
in Table IV. Improvements of about 53.7%, 8.2% and 
17.9% are achieved by the estimations of the SM-VCE 
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method in the east, north and up components, respectively, 
compared to those of the WLS method. It is observed that 
the improvement in the north component is quite small. 
This however might be biased by the GPS measurements 
at the sites of NUPM and KTPM (Fig. 10), which 
experienced much larger deformations in the north 
direction than the other sites. In addition, the basis can be 
partly due to the very local ground fracture at GPS stations 
caused by the strong seismic vibration. We re-evaluate the 
accuracy by excluding the two sites, resulting in an 
improvement of 22.4% for the north component.  
The 3-D displacements are also resolved by using the equal 
weights method (i.e., Equal Weighted Least Square, 
EWLS). Improvements of about 32.0%, 22.1% and 18.7% 
are achieved by the estimations of the EWLS method in the 
east, north and up components, respectively, compared to 
those of the WLS method. This is expected since the 
improper a priori variances can bias the accuracies of the 
estimated 3-D deformations and even be inferior to the 
situation without a priori variances. It is also found that the 
improvement of about 39.6% is achieved by the east 
estimation of the SM-VCE method, compared to that of the 
EWLS method, indicating that the posterior weights 
determined by the proposed method are reasonable. While 
in the north and up components, there are very little 
differences between the results of the SM-VCE and EWLS 
methods. This might be a coincidence for the case study of 
Kilauea Volcano. In the experiments with simulated data, 
the improvements of about 96.3%, 91.9% and 91.7% can 
be achieved by the estimations of the SM-VCE method in 
the east, north and up components, respectively, compared 
to those of the EWLS method. 

2.2.2 The case study of the 2016 Central Tottori 
earthquake by integrating left- and right-looking 
ALOS-2 SAR data 

At 05:07:22 (UTC) on 21 October 2016, an earthquake of 
magnitude 6.6 determined by the Japan Meteorological 
Agency (MJMA6.6) struck Central Tottori Prefecture [44], 
western Honshu, Japan. The epicenter was located ~6 km 
south of Kurayoshi, a city of Tottori Prefecture, at a depth 
of ~5.6 km [45]. Many infrastructures and residential 
buildings in the area with a radius of 20 km centered on the 
epicenter suffered serious damage. Fortunately, no people 
died in the event. In addition, this earthquake was slightly 
felt in the surrounding prefectures, such as Okayama and 
Shimane [45]. 
This event was observed by four interferometric pairs 
acquired by the ALOS-2 satellite from ascending and 
descending tracks with both left- and right-looking modes 
(Tab. 5). The footprints of these four interferograms are 
shown in Fig. 12(a). The study area (i.e., the blue rectangle 
in Fig. 12 (a)) is split into three zones by these footprints, 
labeled A, B and C. Note that different zones are imaged 
by different interferogram assemblies; for example, zone A 
is imaged by ascending right-looking interferograms and 
by descending right- and left-looking interferograms. 

 
Tab. 5 Basic information of the ALOS-2 
interferometric pairs used herein 

Parameters Pair 1 Pair 2 Pair 3 Pair 4 
Flight 
direction 

Ascendi
ng 

Ascendi
ng 

Descendi
ng 

Descendi
ng 

Beam 
direction Left Right Left Right 

Master date Jan-17-
2015 

May-23-
2016 

Dec-7-
2014 

Aug-3-
2016 

Slave date Oct-22-
2016 

Oct-24-
2016 

Oct-23-
2016 

Oct-26-
2016 

Path 
number 122 128 27 22 

Frame 
number 740 700 2870 2900 

Beam 
mode 

Strip 
Map 

Strip 
Map 

Strip 
Map 

Strip 
Map 

Azimuth 
angle (deg) -15.99 -10.62 -164.74 -169.37 

Incident 
angle (deg) 42.99 32.41 36.26 32.41 

Perpendicu
lar baseline 
(m) 

170 -40 9 3 

Covered 
zones B and C A and B A, B, and 

C 
A, B and 
C 

 

Fig. 12 Location and data coverage of the study area. 
(a) Color shaded relief map. The blue rectangle outlines 
the study area shown in subplot (b), and the dashed 
orchid boxes outline the footprint of each 
interferogram. (b) Locations of the inverted fault (black 
line), aftershocks (orchid dots) and some main cities 
(blue squares). The focal mechanism indicates the main 
shock location from the USGS (red star). (c) Location 
of the study area in Japan, where the black rectangle 
indicates the location of (a). 

Gamma software is employed to generate the LOS 
deformation measurements on the basis of the two-pass 
differential InSAR (DInSAR) technique [46]. In the 
interferometry process, a multi-looking operation with 24 
looks in the range direction and 30 looks in the azimuth 
direction is applied to suppress decorrelation noises, 
resulting in a final spatial resolution of approximately 
60 m × 60 m . The Shuttle Radar Topographic Mission 
(SRTM) 1-arcsecond (~30 m spacing) digital elevation 
model (DEM) is utilized to remove the topographic 
contribution from the interferograms. Then, decorrelation 
noise is minimized by an improved Goldstein filter [36]. 
The minimum cost flow (MCF) method [47] is exploited to 
unwrap the interferometric phase by masking the areas 
with coherence smaller than 0.4. Then, reference points are 
selected from the extremely far field, which is relatively 
stable. In addition, a linear polynomial model is employed 
to remove the possible phase ramp associated with orbital 
and ionospheric errors [48]. Furthermore, as the study area 
is located in a mountainous region and is situated along the 
seaside, data from the Generic Atmospheric Correction 391



Online Service for InSAR (GACOS) are applied to correct 
the possible tropospheric delay [49]. 

 

Fig. 13 InSAR LOS deformation measurements of the 
2016 Central Tottori Earthquake from ascending left-
looking (AsL), ascending right-looking (AsR), 
descending left-looking (DesL), and descending right-
looking (DesR) interferograms. Positive and negative 
values indicate ground deformation up toward and 
away from the satellite, respectively. The red star 
represents the epicenter of the earthquake. Long and 
short arrows denote the azimuth and LOS directions, 
respectively. 

The final geocoded LOS deformation maps with different 
viewing angles are shown in Fig. 13. The two descending 
measurements image the whole area of interest, whereas 
the coverage of the two ascending measurements is 
incomplete but complementary. The deformation patterns 
of the interferograms extracted from the ascending left-
looking (AsL) and descending right-looking (DesR) 
measurements are very similar. However, the ascending 
right-looking (AsR) and descending left-looking (DesL) 
images show distinct differences to the immediate 
southwest of the epicenter, which can be ascribed to the 
north deformation component. On the other hand, the DesL 
interferogram, though with a time span of approximately 
two years, is highly coherent in the study area due to the 
robust capability of L-band SAR to resist temporal 
decorrelation [50]. In contrast, the AsL interferogram, 
whose time interval is shorter than that of the DesL 
interferogram, shows obvious decorrelation errors in the 
lower right part of the image, which might be caused by 
snow cover in the master image acquired in January as well 
as by residuals produced by the topography-related 
atmospheric delay. 
The Japan mainland has been experiencing long-term 
tectonic deformation according to the GNSS network 
(http://geodesy.unr.edu/). However, the interferograms in 
this project can be considered to be free of interseismic 
deformation since such deformation is basically mitigated 
by the unwrapping operation due to the very similar 
patterns throughout the study area. In addition, by 
investigating the deformation time series from the GNSS 
stations in the study area, little deformation is observed 

following the second day after the earthquake, that is, 
October 22, 2016. Compared with the centimeter-level 
coseismic deformation, this slight postseismic deformation 
can generally be neglected [17, 42]. Therefore, the errors 
induced by the discrepancies among the slave images’ 
dates of the four interferograms can also be ignored in the 
estimation of the 3-D deformation. 
The spatially complete 3-D deformation field (see Fig. 
14(a)-(c)) associated with the 2016 Central Tottori 
earthquake is derived from only InSAR LOS 
measurements with four distinct viewing angles (i.e., AsL, 
AsR, DesL and DesR) using the SM-VCE method. To 
obtain a tradeoff between the 3-D deformation accuracy 
and the computational burden, a fixed window of 21×21 
pixels (i.e., approximately 1 km × 1 km) is preferred in this 
project. As shown in Fig. 14(a)-(c), the maximum 
deformation values on the east, north and up components 
are approximately 8.7, 11.7 and 4.6 cm, respectively. The 
vertical coseismic deformation zone (i.e., Fig. 14(c)) is 
divided into four sections. In the southeast and northwest 
sections, a subsidence pattern with generally epicenter-
ward horizontal deformation is observed, while the 
opposite deformation pattern appears in the other two 
sections. 
The 3-D deformation predicted by the model (Fig. 14(d)-
(f)) generally agrees with the InSAR-derived deformation 
(i.e., Fig. 14(a)-(c)), and their differences are shown in Fig. 
14(g)-(i). The residual on the north component is much 
higher than those on the east and up components. This is 
expected since InSAR measurements are insensitive to the 
deformation on the north component. Two profiles across 
the fault trace are selected for detailed analysis. As shown 
in Fig. 14(j), some discrepancies are observed on the east 
component along profile D-D’ and on the north component 
along profile E-E’. The tropospheric delay caused by the 
steep topographic slope and the presence of serious water 
vapor along the seaside can hardly be corrected by the 
GACOS data. The residuals due to the tropospheric delay 
could be responsible for these discrepancies. Since 
GACOS employs 0.125-degree (~14 km) gridded ECMWF 
data and continuous GNSS tropospheric delay estimates to 
produce global and near-real-time tropospheric delay 
products [49], these data can correct only the long-
wavelength tropospheric delays whose length scales are 
longer than 14 km. Another possible reason for these 
discrepancies is the strong constraint in the fault slip 
inversion. As such, the data might be better fitted if we 
relax the fault geometry and the rake angle based on a deep 
and comprehensive investigation of the fault. 
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Fig. 14 Complete coseismic deformation field produced 
by the 2016 Central Tottori earthquake extracted from 
the (a)-(c) InSAR data, (d)-(f) model predictions, and 
(g)-(i) residuals on the (Left) east, (Middle) north, and 
(Right) up components. Squares show the locations of 
the GNSS stations, and their color indicates the GNSS-
observed deformation. The epicenter is marked by the 
red star. Orchid dots represent the locations of 
aftershocks. The solid black line indicates the fault 
trace location, and the dashed black lines are the 
selected profiles across the fault trace. (j) Observed 
(red) and modeled (blue) deformation along profiles D-
D’ and E-E’. 
The search parameters of the fault geometry are 
summarized in Tab. 6, and the slip distribution from the 
source model inversion is exhibited in Fig. 15. The 
causative fault has a strike angle of N160°E and a dip angle 
of 90°, which are consistent with seismological solutions 
and previous research [45, 51]. As shown in Fig. 15, the 
majority of fault slip occurs at shallow depths within a slip 
asperity with a maximum value of ~1.1 m at a depth of 5 
km. The top edge of the fault is located approximately 2 
km below the surface, suggesting that the earthquake did 
not break the surface, which is consistent with geological 
observations [52]. The geodetic moment released was 2.4 
× 1018 Nm, equivalent to Mw 6.2. Our moment estimate is 
consistent with the seismic moment inverted from local 
strong motion data (i.e., 2.1 × 1018 Nm) [53] but is lower 
than that estimated by the USGS-NEIC (i.e., 2.8 × 1018 
Nm) [45]. 

 

Fig. 15 Coseismic slip distribution model of the 2016 
Central Tottori earthquake. The red star denotes the 
hypocenter recorded by the JMA. Blue cycles are the 
relocated aftershocks [54]. 

 
Tab. 6 Source parameters of the 2016 Central Tottori 
earthquake 

Lon. (deg)a Lat. (deg)a Depth 
(km)b 

Length 
(km) 

Width 
(km) 

Strike 
(deg) 

Dip 
(deg) 

Rake 
(deg)c 

Max. Slip 
(m) Mw 

133.856−0.025
+0.018 35.389−0.021

+0.033 1.0−0.2
+0.3 30 30 340−1.0

+1.1 90 0 1.1−0.1
+0.1 6.2−0.07

+0.06 

a. The center of the top edge of the fault 
b. The top edge of the fault plane 
c. The value is fixed in the modeling 
The 3-D coseismic deformation measurements observed by 
five GNSS stations are used to assess the accuracy of the 
InSAR-derived deformation. The locations of these GNSS 
stations can be found in Fig. 14. The InSAR results are in 
good agreement with the GNSS results. Fig. 16 
quantitatively compares the 3-D deformation results 
derived from GNSS and InSAR. The RMSEs between the 
GNSS and InSAR results are 0.4, 1.7 and 0.4 cm on the 
east, north and up components, respectively. The north 
component shows a lower accuracy than the east and up 
components, which can be ascribed to the fact that the 
observing geometry of InSAR measurements is less 
sensitive to the north deformation component [7, 8]. 
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Fig. 16 Comparison of the 3-D deformation 
measurements derived from GNSS and InSAR. The red, 
green and blue colors denote the east, north, and up 
components, respectively. The horizontal error bars 
denote 2×SD for the GNSS deformation, and the 
vertical error bars denote 2×SD for the InSAR 
deformation. 

2.2.3 The case study of the 2016 Kaiköura earthquake 
by combining ALOS-2 and Sentinel-1 SAR data 

Both C-band S1 TOPS mode and L-band ALOS2 
ScanSAR mode data from ascending (As) and descending 
(Des) tracks are available and used for estimating the 3-D 
deformations associated with the Kaiköura earthquake (see 
Tab. 7). The footprints of these four pairs are shown in 
Fig. 17. The deformation observations are generated 
along the LOS and AZI directions based on the framework 
of the DInSAR, MAI, and POT methods, in which the 
shuttle radar topographic mission (SRTM) 1-arcsecond 
(~30 m spacing) digital elevation model (DEM) is utilized 
to remove the topographic contributions and correct 
possible coregistration mis-fitting. Although the BOI-
derived deformation measurements, compared to the MAI-
/POT-derived measurements, are capable of estimating 
more accurate 3-D deformations by combining with 
observations along the LOS direction [55-57], they are 
available only in burst overlap regions and require 
interpolation over the whole region [57, 58]. This solution 
is susceptible to interpolation error, especially for a 
complicated event such as the 2016 Kaikoura earthquake. 
Therefore, the BOI method is not considered in the 
following analysis of this project. For the sake of simplicity, 
the combination of several abbreviations linked by 
underlines is used to represent the corresponding 
observation. For example, ALOS2_As_DInSAR 
represents the DInSAR observation of Ascending ALOS2 
data, S1_Des_POT_LOS represents the POT observation 
of Descending S1 data along the LOS direction, and 
S1_DInSAR represents the DInSAR observations of S1 
data from both ascending and descending tracks. 

Tab. 7 Information on the used SAR data 

Sensor Orbit 
direction Mater-Slave date 

Spatial 
perpendicular 
baseline (m) 

Wavelength 
(cm) 

Incident 
angle (deg.) 

Azimuth 
angle (deg.) Path/Frame Imaging 

mode 

ALOS2 As 20161018-
20161115 130 23.6 34.6 -16.4 194/4480 ScanSAR 

ALOS2 Des 20160811-
20161201 -78 23.6 43.5 -162.2 102/6350 ScanSAR 

S1 As 20161103-
20161115 -10 5.6 33.0 -14.1 52/1033&10

39 TOPS 

S1 Des 20160905-
20161116 -10 5.6 40.8 -165.9 73/730&735 TOPS 

  
Fig. 17 Color shaded relief map. The inset map shows 
the location of the study area (the red dashed rectangle) 
in New Zealand. The fault locations of the Humps fault 
zone (HFZ), Hope fault (HF), Hundalee fault (HDF), 
Papatea fault (PF), Jordan Thrust (JT), and Kekerengu 
fault (KF) are provided by Xu, et al. [59]. The magenta 
and blue dashed rectangles indicate the frames of the 
Sentinel-1 and ALOS2 SAR data, respectively. The red 
and white markers represent the campaign and 
continuous GNSS stations, respectively. The GNSS 
stations are shown as solid rectangles and are employed 
for the accuracy assessment of the 3-D deformations, 
and those shown as solid triangles are for the orbital 
error correction of the SAR observations. The 
continuous GNSS station GSCH is the reference point 
for phase unwrapping. The campaign GNSS stations 
AE20 and 1163 are the reference points for the phase 
unwrapping of the two isolated islands in Fig. 18(b), 
namely, the Papatea block and the Hope fault block, 
respectively. 
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Fig. 18 Deformation observations along the LOS and 
AZI directions from ascending/descending, ALOS2/S1 
SAR data based on the DInSAR, POT, and MAI 
methods. The insert plots show details in the dashed 
blue rectangles. Longer and shorter arrows represent 
the AZI and LOS directions, respectively, and the red 
arrow corresponds to the observing direction of each 
observation. The campaign GNSS stations AE20 and 
1163 are labeled in (b) to better correspond to Fig. 17. 

In summary, fourteen observations are derived from the 
available ascending/descending ALOS2/S1 data (see Fig. 
18), respectively. However, due to the contamination of 
severe ionosphere disturbances, the ALOS2_As_MAI (Fig. 
18(m)) and ALOS2_As_POT_AZI (Fig. 18(i)) are 
excluded in the following analysis. Therefore, the 
remaining twelve observations are used to estimate the 3-
D coseismic deformations caused by the 2016 Kaikoura 
earthquake. 
The complete 3-D coseismic deformation field for the 2016 
Kaiköura earthquake is determined from 12 independent 
SAR-related deformation observations (see Fig. 19) 
based on the SM-VCE method. In the implementation 
procedure of the SM-VCE method, we establish the 
observation functions in a fixed window, whose window 
size can self-adaptively vary with the location or the local 
deformation gradient. Due to the complexity and variety of 
the deformation patterns with respect to various events, it 
is very difficult to establish such a unique or self-adaptive 
relationship between the window size and the local 

deformation gradient. Alternatively, we could conduct a 
series of simulation experiments with different window 
sizes and find that a window with a fixed size of 15 × 15 
pixels (~1 km × 1 km) can achieve a good equilibrium 
between the efficiency and precision [24, 25]. In addition, 
the exact weights of the different observations are 
determined by the VCE algorithm with the convergence 
threshold being 1 cm2, which is a compromise on the 
accuracy between the POT/MAI and DInSAR observations. 
The final complete 3-D deformation field can be 
subsequently retrieved on a window-by-window basis. As 
shown in Fig. 19, the faults are successfully identified in 
the 3-D deformation field. In particular, the deformation on 
both sides of the KF and PF can be clearly distinguished. 
The maximum deformations in the E-W, N-S and U-D 
component are approximately 7.0 m, 5.5 m and 8.5 m, 
respectively, and the largest horizontal displacement with 
a magnitude of 7.8 m occurred on the northern portion of 
the KF, which is approximately parallel to the strike of KF, 
while the largest uplift occurred between the JT and PF.  

 
Fig. 19 3-D coseismic deformations for the 2016 
Kaiköura earthquake. The purple rectangle indicates 
the scope of the insert plot. (a) East component; (b) 
North component; (c) Vertical Component. (d) 3-D 
deformations in the blue rectangle, where the colored 
base map corresponds to vertical deformation and the 
arrows show the subsampled horizontal deformations. 
The circles show the locations of the GNSS stations used 
for accuracy assessment. All of the plots share the same 
color scale. 

The independent 3-D coseismic deformations observed by 
the other half of the GNSS stations (i.e., the rectangles in 
Fig. 19) are involved in assessing the accuracy of the SAR-
derived 3-D deformations. The GNSS dataset consists of 
both continuous and campaigned GNSS stations and can be 
found in the supplementary materials of [60]. Fig. 20 
exhibits the quantitative comparison of the 3-D 
deformation results derived from the GNSS and SAR data. 
The root mean square errors (RMSEs) between the GNSS 
and SAR-derived deformations are 6.1 cm, 13.2 cm and 6.4 
cm in the E-W, N-S and U-D components, respectively, 
which are qualitatively consistent with the SDs estimated 
by the SM-VCE method but show higher magnitudes. This 
finding can be attributed to the long-time span of the 
campaigned GNSS stations with much more uncertainty. 
In addition, the comparison between the SAR and GNSS 
derived observations is slightly tricky since GNSS 
measures the deformation very precisely at a given point, 
while the SAR data provides a map view and might not 
have a good estimate for the specific point where the GNSS 
station is located [38]. Fig. 20 reveals that the GNSS 
deformations are usually within the three times the SD of 
the SAR-derived deformations, which indicates the 395



reliability of the precision assessment by the SM-VCE 
method. 

 
Fig. 20 Comparison of 3-D deformations derived from 
GNSS and InSAR. The vertical bars denote three times 
the SD of the InSAR deformations. 

For comparison, the WLS method is also involved in 
estimating the 3-D deformations of the 2016 Kaiköura 
earthquake. The a priori variance of different observations 
are preliminarily estimated in the far-field area (i.e., the red 
dashed rectangles in Fig. 18), and they are employed to 
weigh different observations in the WLS method. The 
RMSEs between the GNSS and WLS-derived 3-D 
deformations are 8.5 cm, 15.0 cm and 7.8 cm in the E-W, 
N-S and U-D components, respectively, which indicates 
that improvements of 28%, 12%, and 18% can be achieved 
by the SM-VCE method for the E-W, N-S, and U-D 
components, respectively. 

2.3 Co-/post-seismic deformations associated with the 
2017 Jiuzhaigou earthquake 

This earthquake struck at 21:19:46 China (local time) on 8 
August 2017 in Jiuzhaigou County with magnitude 7.0, 
whose epicenter is (33.20°N 103.82°E). Around this region, 
the Tibetan Plateau abuts against the Yangtze Plate with 
immense pressure forming faults along the edges. 
Jiuzhaigou County is in the Min Mountains, a range that 
was formed at the intersection of these faults. The 
mountainous areas to the south of Jiuzhaigou County were 
the epicenter of the 2008 Sichuan earthquake that resulted 
in tens of thousands of fatalities. The Jiuzhaigou 
earthquake did not correlate with any of the known active 
faults. Field investigation and remote sensing of the surface 
effects of the earthquake (surface rupture, landslides) 
permitted the identification of a previously-unknown 
active fault segment. 

 
Fig. 21 The footprints of ALOS-2 and Sentinel-1 (S1) 
SAR data. As: ascending; Des: descending. 

In this project, we combine the ALOS-2 and Sentinel-1 
SAR data (see Fig. 21) to reveal the ground surface 
deformations associated with this earthquake, particularly, 
the coseismic and postseismic deformations of this 
earthquake. Fig. 22 shows the coseismic deformation map 
of the ascending ALOS-2 SAR data. The maximum 
deformation value along the line-of-sight direction is about 
-25 cm. Fig. 23 shows the postseismic deformation rate of 
the ascending and descending Sentinel-1 SAR data. As can 
be seen, the postseismic deformation of ascending SAR 
data is mainly on the west side of the seismogenic fault, 
and the magnitude of deformation is about 15mm/yr. While 
in the descending SAR data, The postseismic deformation 
of about 8mm/yr was observed in the southwest part of the 
seismogenic fault. Fig. 24 shows the deformation time 
series of a selected point in the ascending SAR data, 
illuminating that the magnitude of the postseismic 
deformation rate is larger in the near a half year compared 
with that of long term. 
 

 
Fig. 22 The coseismic deformation map of the ascending 
ALOS-2 SAR data. The negative value donates the 
motion away from the SAR satellite. 396



 
Fig. 23 The postseismic deformation rate of the (a) 
ascending and (b) descending Sentinel-1 SAR data. The 
negative value donates the motion away from the SAR 
satellite. The red triangle represents the location of a 
selected point, whose deformations time series are 
shown in Fig. 24. 

 
Fig. 24 The deformation time series of a selected point 
shown in Fig. 23. 

3 CONCLUSIONS 

In this project, a mathematical and physical model of 
InSAR measurements, 3D displacements and the crustal 
strain characteristics is first constructed, in which the 
search strategy of correlation points is optimized by using 
adaptive correlation distance, which greatly improves the 
applicability of the proposed method in the recovering of 
deformations in the decorrelation areas. The results show 
that the accuracy and completeness of the new method are 
significantly superior to that of the WLS method and 
InSAR-DGT method, which provides a new way for the 3D 
deformation recovery of InSAR. The proposed method is 
then applied to map 3-D co-seismic surface deformations 
and strain filed of 2015 Mw 7.2 Murghab earthquake, the 
seismogenic fault is dominated by the NE-SW trending 
strike slip with almost vertical dip angle. The north section 
and the south segment near the epicentre have obvious 
subsidence accompanied with the movement toward 
southwest in northwest wall, and northeast movement with 
surface uplift trend is presented along the fault zone in the 
southeast wall. The crustal block is affected by obvious 
dilatation and shear strain, which is in good agreement with 
the movement character of the sinistral slip. The study of 
the 2015 Murghab earthquake can lay a foundation for 
revealing the Cenozoic evolution process of the active 
Pamirs tectonic belt under the compression of India plate 

and Eurasian plate, so as to apply a further research on the 
stretching movement, deformation mechanism and the 
post-seismic evolution of medium-strong earthquakes in 
the Pamir Plateau. 
Then, we propose a method, termed as SM-VCE, to 
measure 3-D deformations by integrating the SM and VCE 
algorithm with InSAR, which can exploit the spatial 
correlation of the adjacent points’ deformations to produce 
accurate weights for the InSAR measurements from 
different techniques and/or different tracks. Since the 
spatial correlation of ground deformations among the 
adjacent points is exploited, the proposed method is not 
limited by the number of InSAR measurements and can be 
applied to map 3-D deformations associated with transient 
or short-term events such as earthquake and volcano 
eruption. Real data experiments associated with the 2007 
eruption of Kilauea volcano (Hawai’i), the 2016 Central 
Tottori earthquake, and the 2016 Kaiköura earthquake are 
carried out to validate the proposed method. As expected, 
the SM-VCE method can estimate more accurate 3-D 
deformations than the conventional pixel-by-pixel based 
approach (i.e., WLS method). Furthermore, we investigate 
the co-/post-seismic deformations associated with the 2017 
Jiuzhaigou earthquake in China by combining the ALOS-2 
and Sentinel-1 SAR data, which is useful for the further 
mechanism interpretation. 
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1. INTRODUCTION

A variety of mechanisms, such as decreased sand supply 
from rivers, storm action, flooding due to rising sea levels, 
or ground deformation, are currently eroding various types 
of coasts. Previous studies have several proposed methods 
to detect shorelines from SAR images using X-, C-, or L-
bands [1]-[4]. Additionally, Interferometric Synthetic 
Aperture Radar (InSAR) is an effective way to evaluate 
ground deformation in land area [5]-[7]. We believe that 
ALOS-2/PALSAR-2 observations are more useful than 
optical imagery in terms of their day and night observations 
under any weather condition to analyze shoreline detection 
and ground deformation all over the world. 
The purpose of this paper was to report the results of our 
research for analyzing shoreline detection by using full 
polarimetric ALOS-2/PALSAR-2 data and surface 
deformation around the coast by ALOS-2/PALSAR-2 data 
with stripmap mode. 

2. SHORELINE DETECTION

In Japan, existing shoreline vector data are maintained in 
the National Land Numerical Information (NLNI) database 
by the Geospatial Information Authority of Japan (GSI), 
which is freely available online 
(https://nlftp.mlit.go.jp/ksj/index.html). The vector data for 
each administrative zone containing the boundary at high 
tide between land and sea are amended every year using 
aerial surveillance or field surveys. The accuracy of the 
NLNI database is equivalent to a map with a 1:25,000 scale. 
This study aimed at evaluating, both qualitatively and 
quantitatively, the backscattering characteristics detected 
via full polarimetric PALSAR-2 data from the shorelines 
of coasts, using the administrative zone vector data of 
NLNI database [8]. 
Fig. 1 shows the process flow of this study. First, we pre-
processed full polarimetric PALSAR-2 data (Observation 
date: 12 January 2016, Off-nadir angle: 28.4 deg.) and then 
performed a model-based decomposition with four-
component scattering models. The four-component 
scattering images derived from full polarimetric PALSAR-
2 data were used to evaluate the characteristics of scattering 
models that affect shoreline detection. This was followed 
by canny edge detection applied to the four decomposed 
datasets. The shoreline was definitively interpreted from 
among the edges of four-component scattering images by  

Fig. 1 Flowchart of this study and algorithm for four-
component scattering power decomposition [8]. 

Fig. 2 Vector data used in this study to evaluate the 
actual location of the shoreline. The green line shows 
the administrative zones of the National Land 
Numerical Information in Chiba prefecture, and the 
blue line shows the shoreline extracted from the 
administrative zone. The administrative zone data were 
published in 2016 [8]. 

referencing an RGB color composite image of full 
polarimetric PALSAR-2 data. Fig. 2 shows the location of 
the study area. The greyscale image shows the areal extent 
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of the full polarimetric PALSAR-2 data used in this study, 
and the green lines denote the administrative zones in 
Chiba prefecture, and the blue lines denote the shoreline 
extracted from the administrative zone. 
We combined the edges of Ps, Pd, Pv and Pc images by 
logical conjunction to analyze the location of the shoreline 
features detected from PALSAR-2 data. The combined 
image consisting of the edges of Ps, Pd, Pv and Pc images 
show 15 classes under the conditions mentioned in Table 1. 
Fig. 3 shows that these images are binary, and their pixels 
have a value of 0 or 255. The combined image consisting 
of the edges of Ps, Pd, Pv and Pc images show 15 classes 
under the conditions mentioned in Table 1. The logical 
conjunction made it possible to interpret complicated 
features behind the edges of the Ps, Pd, Pv and Pc images. 
Fig. 4 shows the result of combining four canny edge 
detection images for site A. A part of the edge line in the 
Ps image corresponds to the sandy coast shoreline in the 
NLNI database. The photograph shown in Fig. 4 was taken 
at the location indicated by the blue arrow. Both images 
show the edges of the Ps and the combined image of the 
edges of Pd, Pv and Pc images. The boundary between the 
land and sea indicated by the edge line in the Ps image 
corresponds to the sandy coast shoreline in the NLNI 
database. 
 
Table 1. Legend of the combined image by logical 
conjunction consisting of the edges of Ps, Pd, Pv and Pc 
[8]. 

 
 

 
Fig. 3 Concept of the combined edge images by logical 
conjunction. These images are binary, and their pixels 
have a value of 0 or 255. Therefore, the combined image 
has 15 classes under the conditions of this study. 

 
Fig. 5 shows a histogram of the combined edges of the Ps, 
Pd, Pv and Pc images obtained by logical conjunction of 
analysis points located every 20m on the shoreline and 
extracted from the NLNI database (blue dashed and dotted 
lines) to analyze the backscattering characteristics in the 
three test sites. As a result, approximately 50% of the 
combined edges of the Ps, Pd, Pv and Pc images in the three 
test sites were found on the shorelines in the NLNI 
database. We detected multiple types of edges from the Ps, 
Pd, P Pv and Pc images, indicating that full polarimetric 
PALSAR-2 data are useful for detecting various types of 
shorelines more accurately than mono-polarization SAR 
data. The relationship between the four-component  

 
Fig. 4 Result of combining four canny edge detection 
images for site A. The blue dashed and dotted lines 
show the shoreline extracted from the National Land 
Numerical Information. The boundary between the 
land and sea indicated by the edge line in Part of the Ps 
image corresponds to the sandy beach shoreline of the 
National Land Numerical Information. The 
photograph at the upper right was taken at the location 
indicated by the blue arrow [8]. 
 

 
scattering model and the edges in these components can be 
explained by an SAR backscattering mechanism. Azimuth 
streaks that appeared in the boundary between land and sea 
in the Ps images may be whitecaps, and the combined 
image of the edges of Ps, Pd, Pv and Pc images showed 
double-bounce scattering, volume scattering, and helix 
scattering from civil engineering structures and terrain 
features of the rocky coast. Thus, it can be concluded that 
the edges of Ps images are generally useful for locating the 
shoreline in sandy coastal areas and that the combined 
image of the edges of Ps, Pd, Pv and Pc images is more 
accurate in identifying the shoreline with seawalls and in 
rocky coastal areas. 
Moreover, we demonstrate the result from another research 
[9]. Table 2 shows Full polarimetric ALOS-2/PALSAR-2 
datasets applied to four test sites located on the eastern, 

Px Px and Px Px and Px andPx Px andPx andPx andPx
Ps Ps+Pd Ps+Pd+Pv Ps+Pd+Pv+Pc
Pd Ps+Pv Ps+Pd+Pc
Pv Ps+Pc Ps+Pv+Pc
Pc Pd+Pv Pd+Pv+Pc

Pd+Pc
Pv+Pc

Table 2. Full polarimetric ALOS-2/PALSAR-2 
datasets (ascending orbit) used in this study [9]. 

Path Row Off-nadir angle Observation  Date 

17469 850 28.40 deg. 2017/8/17 

17262 810 25.45 deg. 2017/8/3 

17410 730 25.45 deg. 2017/8/13 

17617 690 28.40 deg. 2017/8/27 
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Fig. 5 Histogram of combined the edges of Ps, Pd, Pv 
and Pc images by logical conjunction on the shoreline 
extracted from the National Land Numerical 
Information database. (a) Total number of combined 
edges for site A was 99 from north to south. (b) Total 
number of combined edges for site B was 285 from 
north to south. (c) Total number of combined edges for 
site C was 498 from east to west [8]. 

western, northern, and southern sea, respectively. Table 3 
summarizes the results of shoreline detection using the 
edges of the Ps, Pd, Pv, and Pc images. Table 3 edges of 
the Ps, Pd, Pv, and Pc images. Table 3 subjectively indicate 

 
the grade three levels (good, fair or poor) for suitable edges 
among the Ps, Pd, Pv, and Pc images.  In this research  
“Good” means that the concordance rate, derived from 
qualitative evaluation through visual inspection, is over 80 
percent between the edge image and the shoreline of the 
NLNI data. “Fair” means that the concordance rate is from 
50 to 80 percent between the edge image and the shoreline 
of the NLNI data. Therefore, “Good” or “Fair” shows that 
the edge of any one of the four decomposed datasets should 
detect the shoreline, whereas “Poor” indicates that the edge 
of four decomposed datasets could not detect the shoreline. 
The combined image had the advantage of detecting 
various terrain features that characterize these shorelines 
and the orientations of the coastline compared with single 
polarization image analysis. This result suggests that 
updating the NLNI Administrative Zone vector data using 
full polarimetric ALOS-2/PALSAR-2 imaging is possible. 
 

3. GROUND DEFORMATION 
 
The Kujukuri coast, an approximately 60 km long stretch 
of uninterrupted sandy beach located on the Pacific side of 
Chiba Prefecture, Japan, is exposed to serious beach 
erosion. The Small BAseline Subset (SBAS) technique 
allows the detection of surface deformation and the 
analysis of space-time characteristics using the differential 
Synthetic Aperture Radar (SAR) interferometry algorithm. 
The SBAS method has been effective at retrieving 
temporal displacements of the line-of-sight signal using 
multi-temporal SAR data. In this study, we applied SBAS 
approach to ALOS/PALSAR datasets in order to evaluate 
spatial surface deformation on the Pacific side of Chiba and 
to explore the accuracy of the method [10]. We acquired 
eighteen ALOS/PALSAR datasets over the study area, 
observed using the Fine Beam Single (FBS) operation 
mode (Table 4). Each InSAR pair was determined by a 
combination of perpendicular baselines less than 1000 m. 
As a result, the line-of-sight displacement image derived 

Table 3. Summary of the combined images created 
using overlay analysis, consisting of the Ps, Pd, Pv, 
and Pc edges [9]. 

Coast 
type 

Coastal orientation Main 
edge 

Evaluation 

Sandy 
coast 

Along the range direction 
(southern or northern sea) 

Ps Good 

Sandy 
coast 

Rotated approximately 
45º from the range 

direction (eastern sea) 
Pv Fair 

Sandy 
coast 

Across the range direction 
(eastern sea) 

Ps Good 

Rocky 
coast 

Along the range direction 
(southern or northern sea) 

Pv Good 

Rocky 
coast 

Across the range direction 
(western sea) 

Pv Poor 
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Table 4. ALOS/PALSAR datasets used in this study. 
For all data, the offnadir angle is 34.3◦, the polarization 
is HH, and the satellite orbit direction is descending, 
and Path/Center frame number is 56/2900 [10]. 
 

No. Observation date 

1 2006/9/24 

2 2006/12/25 

3 2007/5/12 

4 2007/8/12 

5 2007/12/28 

6 2008/3/29 

7 2008/5/14 

8 2008/6/29 

9 2008/8/14 

10 2009/5/17 

11 2009/8/17 

12 2009/10/2 

13 2009/11/17 

14 2010/1/2 

15 2010/5/20 

16 2010/7/5 

17 2010/8/20 

18 2010/10/5 

 

 
Fig. 6 Mean displacement velocity image derived from 
SBAS analysis using ALOS/PALSAR datasets [10]. 

Table 5. ALOS-2/PALSAR-2 datasets used in this study. 
For all data, the offnadir angle is 32.8◦, the polarization 
is HH, and the satellite orbit direction is descending, 
and Path number is 18 [11]. 

 
No. Observation date 

1 2015/1/15 

2 2015/9/24 

3 2016/3/10 

4 2016/6/16 

5 2016/8/11 

6 2016/11/17 

7 2017/3/9 

8 2017/6/15 

9 2017/8/24 

10 2017/11/16 

11 2018/3/8 

12 2018/6/14 

13 2018/8/23 

14 2018/11/15 

15 2019/3/7 

 

 
Fig. 7 Corrected mean displacement velocity image 
derived from SBAS analysis using ALOS-2/PALSAR-2 
datasets [11]. 
 
from SBAS analysis using the twenty-nine InSAR pairs to 
combine PALSAR-2 data from Table 4 was not suitable in 
comparison with the first-order leveling survey results by 
Chiba prefecture. Thus, we selected six InSAR pairs 
having appropriate phase map images to retry the SBAS 
analysis. Fig.6 shows the result of SBAS analysis using the 
six InSAR pairs. The distribution of the line-of-sight 
displacement image of SBAS analysis is similar to the 
subsidence map, particularly the location of the area of the 
subsidence map is well matched with displayed large value 
area of the line-of-sight displacement. In addition, the 
subsidence of seashore area in Chiba Prefecture could be 
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evaluated by visual changes in the SBAS analysis. 
However, to improve analytical accuracy, the line-of-sight 
displacement image should not be used all InSAR pairs but 
rather InSAR pairs obtained from appropriate phase map 
images. 
Moreover, we demonstrate the result from another research 
[11]. The purpose of this study was to evaluate the 
displacement accuracy using ALOS-2/PALSAR-2 data 
and reveal the displacement in Kanto region including the 
Kujyukuri coast by SBAS analysis. We acquired fifteen 
PALSAR-2 datasets over the study area, observed using the 
ultrafine single mode (Table 5). Fig. 7 shows the results of  
SBAS analysis using forty-five InSAR pairs. We obtained 
as a knowledge that the Pacific side area of Chiba 
prefecture  has been subsidence for a long time from the 
results shown in Fig. 6 and Fig. 7. 
 

4. CONCLUSION 
 
In this paper, we reported research results on shoreline 
detection by using full polarimetric PALSAR-2 data and 
evaluating surface deformation by SBAS analysis using 
PALSAR and PALSAR-2 data. The result of analyzing full 
polarimetric PALSAR-2 data suggests that updating the 
NLNI Administrative Zone vector data using full 
polarimetric ALOS-2/PALSAR-2 imaging is possible. 
However, the accuracy of shoreline detection with satellite 
data depends on the spatial resolution of the image. In short, 
the full polarimetric PALSAR-2 data used in this study, 
was about 5 m, comparable to the geometric accuracy of a 
map with a scale of 1 to 25,000. The Kujukuri coast located 
on the Pacific side of Chiba Prefecture is well known as a 
serious beach erosion area. Our result of SBAS analysis 
using ALOS/PALSAR and ALOS-2/PALSAR-2 data 
suggests that subsidence around the coast can be concluded 
as a factor of beach erosion from the point of 
geomorphological features. Therefore, ALOS-2/PALSAR-
2 is a useful sensor for monitoring sea coast area to analyze 
time-series phenomena. 
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1. Introduction

This report includes all the studies that have been 
carried out at GET (Toulouse, France) that would not have 
been possible without the use of the data acquired during 
the project ALOS-2-R4-6 proposed by the Japan 
Aerospace Exploration Agency. The main objective of our 
proposal was to apply SAR interferometry using PALSAR 
data acquired by ALOS1 and ALOS2 to analyze ground 
deformation associated with the present-day volcanic 
activity of a subset of active volcanoes located in Andes 
(Chile, Argentina and Peru) and also ground displacement 
related to the seismic cycle along the active Andean 
margin. In favorable cases, we used an integrated approach 
combining both satellite observations (ALOS1-and 2, 
ENVISAT, SENTINEL 1 and 2) and ground based 
geodetic measurements (high resolution GPS, relative and 
absolute gravity, seismology) to better constrain the ground 
deformation time series and thus improve the modeling of 
related internal dynamic processes. Another objective of 
this project was to contribute to the development of SAR 
interferometry techniques for volcano monitoring in South 
America. It has been fulfilled as the results presented later 
on this report has been obtained in the frame of three thesis 
works of students coming from South America with which 
Geoscience Environnement Toulouse (GET) has 
partnership agreements.  

For the sites of interest in western South America 
(Section 2 3 and 4) where the interferometric data 
provided a clear evidence of ground deformation, we used 
numerical modeling to constrain the dynamics and the 
geometry of the sources responsible both for the far field 
and the near field signals. Our approach consisted in 
exploring possible source models by combining an 
optimized numerical modeling procedure and inversion 
based on stochastic approaches. The 3D mixed boundary 
element method (3D-MBEM) [1] and Finite Element 
model (ADELI) [2] were used to model the surface 
displacement caused by various types of sources, 
considering a uniform or a layered elastic half-space. The 
Section 1 concerns the characterization of the time 
evolution of slip over different phases of the seismic cycle 
is crucial to a better understanding of the factors controlling 
the occurrence of large earthquakes In Section 2, we 
characterize for the first time the mechanical properties of 
a mush reservoir, able to promote large surface 
displacements observed at Laguna del Maule (LdM). Using 
a 3D finite-element method we simulate a recharge of 

magma at the base of a crystal rich reservoir to model the 
observed temporal and spatial evolution of ground 
displacements measured with InSAR and GNSS data at 
LdM, a silicic volcano that has been inflating since 2007, 
accumulating 2 m of uplift without erupting. In Section 3, 
we are interested in the interaction between slip motions 
along a long margin parallel fault called Liquine Ofqui 
(LOFS), which accommodates the plate convergence in the 
South Volcanic Zone of South America. Here, we explore 
if a movement on this fault could be the trigger of the 2011 
Cordon Caulle eruption, which was one of the largest 
subaerial eruption of the 21st century. 

We also present in this report two studies that go 
beyond the strict framework of displacement studies 
carried out in South America in relation to volcanic or 
tectonic activities (Section 5 and Section 6). The first one 
presented in Section 5 concerns a study carried out in 
Azerbaijan on mud volcanoes. It was carried out in 
collaboration with Azerbaijanis researchers and allowed us 
to highlight insight difference in the characteristics 
between conical and flat mud volcanoes. 

Finally, Section 6 presents a study carried out in 
the Atacama Desert, which is one of the driest zones on 
Earth. This region has been recently impacted by low-
frequency, high-intensity rainstorm events (up to more than 
100 mm in a few hours) (2015, 2017, 2019) resulting in 
fatalities, substantial infrastructure damage and great loss 
of soil due to rain erosion We applied coherence change 
detection (CCD) techniques, based on the high sensibility 
of the interferometric correlation estimated between 
interferometric pairs of synthetic aperture radar (SAR) 
images towards subtle changes in scattering properties that 
have been demonstrated to be effective for mapping ground 
surface changes triggered by extreme rain events in arid 
zones [3-7]. In this still pioneer study we did not used 
ALOS data due to the low frequency rate of image 
acquisitions. But, we think from our experience that very 
promising results can be expected from the comparison of 
the coherence behavior over time to ground surface 
changes related to the degradation processes of the soil 
captured by SAR at different radar frequencies. When L-
Band images acquired approximately every 10 days will be 
available, we think that our approach opens a very rich 
exploratory field for geomorphologists initiated to the 
analysis of radar images. 
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2. Postseismic Relocking of the Subduction 
Megathrust Following the 2007 Pisco, Peru 

earthquake 

Characterizing the time evolution of slip over 
different phases of the seismic cycle is crucial to a better 
understanding of the factors controlling the occurrence of 
large earthquakes [8-10]. In this study [x], we 
complemented previous study [9] and  we took advantage 
of InSAR data and 3.5 years of continuous GPS (cGPS) 
measurements to determine inter-, co- and postseismic slip 
distributions in the region of the 2007, Mw 8.0 Pisco, 
earthquake, Peru, using the same fault geometry and 
inversion method (Fig.1-2).  

Our interseismic model, based on pre-2007 
campaign GPS data, suggested that the 2007 Pisco seismic 
slip occurred in a region strongly coupled before the 
earthquake while afterslip occurred in low coupled regions. 
Large afterslip occurred in the peripheral area of coseismic 
rupture in agreement with the notion that afterslip is mainly 
induced by co-seismic stress changes.(Fig.3) The temporal 
evolution of the region of maximum afterslip, 
characterized by a relaxation time of about 2.3 years, was 
located in the region where the Nazca ridge is subducting, 
consistent with rate-strengthening friction promoting 
aseismic slip. 

We estimated a return period for the Pisco 
earthquake of about 230 years with an estimated aseismic 
slip that might account for about 50% of the slip budget in 
this region over the 0-50 km seismogenic depth range. A 
major result of this study was that the main asperity that 
ruptured during the 2007 Pisco earthquake relocked soon 
after this event (Fig.3).  

 
Figure 1. Study area 

  
Figure 2. Observed and modeled coseismic 
interferograms for the Pisco earthquake. The largest 
InSAR displacement observed is about 0.85 m from 
ALOS interferogram acquired in track 111. The fit 
between predicted and observed interferograms is 
generally good with a 2 close to one.  

Figure 3. Left) Best co and postseismic slip distribution 
model inferred from cGPS and InSAR data. Right). 
Best interseismic coupling model. Black and white 
arrows show the observed and predicted interseismic 
GPS velocities, respectively.  
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3. Viscoelastic relaxation: a mechanism to explain the 
decennial large surface displacements at the Laguna 

del Maule silicic volcanic complex  

Silicic systems generate the most explosive 
eruptions on Earth. In contrast to basaltic systems, they can 
accumulate large volumes of magma without 
systematically erupting, confronting the classical 
interpretation that a volcano inflates when a magmatic 
intrusion occurs [11]. Understanding the mechanisms of 
volcanic inflation and unrest is thus one of the most 
important challenges in volcanic risk assessment. Laguna 
del Maule (LdM) in the Southern Volcanic Zone (SVZ) of 
Chile, is one of the most active Holocene silicic complexes 
in the world and it has been inflating since 2007, 
accumulating 2 meters of uplift without erupting. Several 
geophysical and geochemical studies conclude that a large 
crystal rich reservoir would be residing beneath LdM, in 
consistency with other multi-disciplinary studies showing 
that such crystal-rich reservoirs (“mush zones”) can be 
maintained beneath silicic volcanoes, fed by mafic magma 
recharge from below [12-13]. Nevertheless, the mechanical 
state of such reservoirs remains unclear. Here, we 
characterize for the first time the mechanical properties of 
such a mush reservoir, able to promote large surface 
displacements such as those measured at LdM.  

 
Figure 4. Subset of adjusted LOS displacement maps 
overlaid onto a shaded relief map, perpendicular 
baseline (in meters) as function of time and Cumulative 
LOS displacements and their 1σ uncertainties (in red) 
recorded at the location of the GNSS station MAUL2 
and the GNSS vectors recorded at MAUL2 projected 
into the radar LOS (in blue) 

Using a 3D finite element method (ADELI) we 
simulate a recharge of magma at the base of a crystal rich 
reservoir, by assuming an overpressurized source 

surrounded by a large viscoelastic shell. Inversion results 
show that this model fits the observed temporal and spatial 
evolution of ground displacements measured with InSAR 
data and GNSS data between 2007 and 2017 (Fig 4). We 
interpret the temporal behavior of ground displacement at 
LdM as resulting from two contributions. . A magma 
recharge occurred within the first 4 years of the active 
inflation, followed by the viscous response of the large 
viscoelastic shell, set to a viscosity of 1017 Pa.s. 

Compared to a purely elastic solution, our model 
suggests that up to 50 % of the accumulated surface 
displacement during the ten-year period can be explained 
by this viscous response, and predicts ongoing 
displacements 50 years after the onset of inflation (Fig.5). 
This model agrees with geophysical and geochemical 
observations and offers a simple explanation of the 
temporal evolution of surface displacements. It further 
allows to reconsider the mechanical behavior of large 
partially crystallized domains in the upper crust; such 
significant transient stress transfer over large viscoelastic 
areas should thus be accounted for in other studies of silicic 
volcanic complexes. 

 
Fig.5. Up) Mesh geometries for the finite element 
ADELI setup. The model is meshed with tetrahedral 
elements with high resolution in the source and up to 
the free surface close to the source. Bottom) Results of 
the best fit of the temporal evolution of surface 
displacements at MAU2 in the last 10 yr. 
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4. Activation of margin-parallel shear zones favors 
explosive eruptions: could the Liquiñe-Ofqui Fault 
System promote the 2011 Cordon Caulle eruption? 

 
Figure 6. Study area. a) Regional scale map of the 
Southern Volcanic zone of Chile (after Sielfeld 2019). b) 
zoom into the Cordon Caulle volcanic complex area 
(PCCVC) 

The 2011-2012 Cordon-Caulle eruption was one 
of the largest subaerial eruption of the 21st century, and 
was characterized by a rapid change from explosive to 
effusive behavior. This eruption was preceded by an 
inflation from 2007 to 2009, followed by two years of 
barely no ground deformation.[12-14] Despite intensive 
monitoring by geodetic and seismological data, its trigger 
mechanism remains undetermined. Here, we benefit from 
SAR imagery over the Puyehue Cordon-Caulle Volcanic 
Complex acquired by ALOS-1 and 2, ENVISAT and 
SENTINEL-1 data, to analyze the temporal and spatial 
behavior of ground displacements before, during and after 
the eruption. We find that a similar prolate spheroidal 
source explains the ground deformation for the pre-
eruptive and post-eruptive periods. Then we explore two 
hypotheses to explain the observed displacements during 
the explosive phase of the eruption, both related to a 
tectonic origin [15]. First, we model InSAR data by using 
standard analytical elastic models, to evaluate how slip 
motion along specific geometrical structures could be 
consistent with and eventually explain surface 
observations. Our inversion results show that the ground 
displacements observed during the explosive phase may 
have been produced either by the collapse of the caldera 
and the graben flanking the reservoir, or by seismic slip 
along a NW-striking dextral-strike slip branch fault of the 
north-trending Liquiñe-Ofqui Fault System (LOFS) (Fig. 
3).  Second, we use 3D numerical models and elastoplastic 
rheology to assess the failure conditions along each of these 
structures resulting from an overpressure applied at the 
wall of the prolate-spheroidal reservoir, simulating magma 
injection. 

 Our results show that the magma injection during 
the preeruptive period was too small to trigger the 2011 
eruption. Nevertheless, it likely promoted mechanical 
weakening of the bedrock domain over localized areas, 
which could explain the seismicity observed during the 
pre-eruptive period The presence of a weak graben-caldera 
structure did not seem to have facilitated magmatic fluid 
flow towards the surface since instead, it tends to enhance 
constrictional domains around the inflating reservoir. 

 
Figure 7. a) Ascending ENVISAT encompassing the 
explosive eruption b) Ascending ENVISAT 
interferogram encompassing the effusive period of the 
eruption. c) Pre-eruptive Ascending ALOS-1 
interferogram. d) Post-eruptive Ascending Sentinel-1 
interferogram.  

We favor the hypothesis of the activation of a 
LOFS branch, and suggest that the 2007-2009 episode of 
magma injection weakened this pre-existing fault zone. 
When investigating the elasto-plastic pattern resulting from 
the application of a dextral slip along the LOFS branch-
fault, we obtain a sub-vertical dilatational plastic zone that 
connects the reservoir wall to the surface, where it 
coincides with the location of the 2011 eruption. Hence we 
propose that the LOFS branch-fault, weakened during the 
pre-eruptive inflation phase, destabilized and slipped two 
years later in a way that it served as open channels for fluid 
migration from the magma reservoir up to the surface. 

The presence of a weak graben-caldera structure 
did not seem to have facilitated magmatic fluid flow 
towards the surface since instead, it tends to enhance 
constrictional domains around the inflating reservoir. We 
favor the hypothesis of the activation of a LOFS branch, 
and suggest that the 2007-2009 episode of magma injection 
weakened this pre-existing fault zone. When investigating 
the elasto-plastic pattern resulting from the application of a 
dextral slip along the LOFS branch-fault, we obtain a sub-
vertical dilatational plastic zone that connects the reservoir 
wall to the surface, where it coincides with the location of 
the 2011 eruption. Hence we propose that the LOFS 
branch-fault, weakened during the pre-eruptive inflation 
phase, destabilized and slipped two years later in a way that 
it served as open channels for fluid migration from the 
magma reservoir up to the surface. 
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Figure 8. InSAR best fit models a) Two deflation point 
sources, located by the white circles. b) Caldera-
Graben structure model. Black Line shows the 
geometry of the structure. Pure normal slip is imposed 
on the caldera border fault and reverse sinistral slip is 
imposed on the graben faults. c) Activation of a branch 
fault of the LOFS, along with a dextral-strike slip is 
imposed. Black Line shows the trace of the fault. d) 
Caldera collapse and activation of the southern branch-
fault only. The black rectangle represents the Okada-
fault zone and the black line shows the location of the 
Caldera-border fault.  
 
 
 
 
 
 
 
 
 
 

5. Activity as testimony to the structure of flat and 
conical mud volcanoes, examples from Azerbaijan 

 
Figure 9. Geological map of eastern Azerbaijan with 
Absheron Peninsula, redrawn from [16]. 
 

This study completes the one we have done before 
[17]. We compared the activity of several mud volcanoes 
in Azerbaijan by choosing examples of flat mud volcanoes 
and conical ones (Fig.9). Our goal was to investigate 
whether this difference in shape and structure could be due 
to a difference in volcanic activity. We used field data 
collected over a 6-year period, data from SAR imagery and 
microgravimetry data acquired in the field in 2018 and 
2019 (Fig.10). 

 
Figure 10. Example of several interferograms and 
easting and vertical components of the displacement at 
Otman-Bozdag volcano. a) Sentinel-1 wrapped 
interferograms for the pre-eruptive period. b). 
Sentinel-1 wrapped interferograms for the post-
eruptive period. c) Ascending and descending Sentinel-
1 and ALOS-2 wrapped interferograms encompassing 
the September, 2018 eruption. d) Easting and vertical 
components of the displacement observed during the 
eruption obtained from ALOS-2 data 
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All these data converge to show that conical mud 
volcanoes build up through frequent stacking of small 
volume pie-like mudflows in the summit caldera and 
occasional lateral overflow to the flanks during larger 
eruptions. Due to the period of quiescence between 
eruptions, the mud dries out and become stiffer which lead 
to the building up of the conical mud volcanoes. The 
caldera formation is limited and restricted to the top of 
conical mud volcanoes. As regards flat mud volcanoes are 
more regularly active and spread widely, pushing back 
their edges to grow horizontally. In any case, the mud 
volcano is built around a surface or shallow mud volume 
but it was not possible for us to specify the geometry of the 
supply pipes.(Fig.11) 

 
Figure 11. Elevation and cross sections from the 
inversion gravity models using a density contrast from 
0.05 to -500 g.cm-3.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

6. Mapping rainstorm erosion associated with an 
individual storm from InSAR coherence loss validated 

by field evidence for the Atacama Desert [7] 

Extreme high-magnitude and low-frequency 
storm events in arid zones provide the necessary runoff to 
entrain sediments from source areas and therefore dictate 
the linkages between hillslopes and channels. Nevertheless, 
the erosive impact of large storms remains difficult to 
predict. Most of the uncertainty lies in the lack of 
topographic change maps associated with single hydro-
meteorological events. Consequently, event-based erosion 
models are poorly constrained and their extrapolation over 
long time periods remains uncertain. 

In this study, a 15-month Sentinel-1A coherence 
time series, optical and field data are used to map the 
spatial patterns of erosion after the 5-day storm occurred 
on March 2015, in the Atacama Desert. The coherence 
change detection (CCD) analysis suggests that temporal 
loss of coherence is related to variations in soil moisture, 
while permanent loss of coherence is related to 
modification of soil texture by erosion and sedimentation. 
The resulting coherence loss map combined with optical 
imagery and field observations highlights great 
modifications by erosion and/or deposition of channels, 
suggesting that sediments from the relatively low slopes of 
catchments have a significant contribution during storms 
whilst this behavior is generally not observed for steep 
hillslopes (>30º) (Fig.11). The change in surface 
characteristics directly relates to the thickness of the 
regolith and/or sediment cover.(Fig.12) Thus the area of 
gentle slope, which are characterized by significant 
thickness of regolith, are strongly impacted by erosion after 
strong rainfall event. Consequently, this results show that 
the soil disturbance pattern during an individual rainfall 
event contradicts classical landscape models, which predict 
higher erosion on steeper hillslopes. Complementary, when 
analysing the factors that contribute to debris flow 
generation, the sediment storage, which depends in  
Fig. 11. CCD erosion map retrieve from Cabré et al. 
(2020) where red colours indicate ground change 
triggered by an individual storm event (03/2015), blue 

are stable areas and white (snow). On the right, two 
photos of the erosion evidence in the field 

topographical attributes, dictates whether the catchments 
are eroded or not during extreme storm events. The 
sediment is stored during the inter-storm periods preferably 
in larger catchments with low-relief/gentle surfaces 
controlled by both the channel development and the 
preservation of perched low-relief surfaces on the 
headwaters of these arid catchments. Therefore, sediments 
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are susceptible to be transferred by debris-flows by any 
extreme storm that impacts the area because there is 
abundant sediment supply. The high altitude of the zero-
isotherm and the heterogeneous cell storms distribution 
instantaneously increase run-off during storms and thus the 
entrainment of sediment impacts larger areas where stored 
sediments and soil are present. These findings contradict 
the landscape models predicting higher erosion on steeper 
hillslopes. The CCD technique represents a promising tool 
for analyzing and modelling sediment connectivity in arid 
areas, giving a clear picture of the relation between 
sediment sources and sink pathways 

Fig. 12. Field examples and their corresponding 
coherence time series encompassing the 03/2015 
rainstorm. 
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1. INTRODUCTION

The principal investigator and the research group carried 
detailed studies of the earthquake hazards based on the 
ALOS-1/2 PALSAR-1/2 images in the past years under the 
support of the 6th Research Announcement(RA-6) for the 
Advanced Land Observation Satellite-2(ALOS-2). It is a 
pity that the surface deformation in the seismic gap of the 
Longmenshan fault after the Wenchuan and Lushan 
earthquake has not successfully extracted from the 
PALSAR-1/2 images using the time series InSAR 
techniques due to too few of PALSAR-1/2 images and high 
dense vegetable cover in the interested area. However, 
some valuable studies of the surface deformation 
monitoring and source model estimating of the earthquakes 
occurred in the past years has been carried by the principal 
investigator and the research group. And we will summary 
the related research achievement in the following sections. 

2. SOURCE MODEL AND COULOMB STRESS
CHANGE OF THE 2015 MW 7.8 GORKHA

EARTHQUAKE DETERMINED FROM
IMPROVED INVERSION OF GEODETIC

SURFACEDEFORMATION OBSERVATIONS 

The Mw 7.8 earthquake struck the central Nepal near the 
city of Gorkha about 80 km northwest of Kathmandu on 25 
April 2015. The event resulted in more than 8500 fatalities 
and caused a widespread damage effect on over six million 
people in Nepal, China, India and Bangladesh [1-3]. This 
strong earthquake produced a ∼140 km rupture on the 
Main Himalaya Thrust (MHT) fault at the convergence 
zone of the Indian and Eurasian plates. The coseismic 
surface deformation, fault slip model and induced stress 
change are comprehensively investigated with the geodetic 
observations in this study. The surface deformation is 
mapped by the combination of the GPS observations with 
the descending and ascending track ALOS-2/PALSAR-2 
SAR images. We developed a non-linear model between 
the atmospheric delay and topography to correct the 
topography-correlated atmospheric delay (TCDA) 
component (See Fig. 1), which is written as the following. 

0 1 2 3 4 5( ) ( ) ( ) ( )i i i i i i i i i iAtmpha A A H A ln H A l ln H A p ln H A l p ln H= + ⋅ + ⋅ + ⋅ ⋅ + ⋅ ⋅ + ⋅ ⋅ ⋅

      (1) 
where Atmphai  indicates the atmospheric phase delay,

 -  5 0A A  denote the model parameters to solve, Hi  indicates
the local elevation of the used InSAR data point, i  denotes 
the number of the used InSAR data point, l  and p  are the 
geographical coordinates or radar image coordinates. 

Fig. 1 Differential interferogram from the descending 
track ALOS-2 ScanSAR images and (b) the corrected 
interferogram after removing the TCDA component. 
(c) Differential interferogram from the ascending
ALOS-2 Swath images and (d) the corresponding
corrected interferogram.

In addition, an improved forward modeling of the surface 
displacement considering the effect of topographic 
variation on the geodetic data inversion is developed (Fig. 
2), and applied to determine the fault geometry and slip 
distribution associated with the event. The derived faulting 
model (Fig. 3) shows that the thrusting motion occurs on a 

Final Report on the 6th ALOS-2 Research Announcement 

STUDY ON FAULT MOTION OF SEISMIC GAP AFTER WENCHUAN AND 
LUSHAN EARTHQUAKES BY PS-INSAR TECHNIQUE 

PI No: 3105 
Ying-Hui Yang 1, Lin Li 1, Xin-Xin Tao 1, Hao-Liang Li 1, Qiang Chen 2, Jyr-Ching Hu 3, Lang Xu 2 

1 State Key Laboratory of Geohazard Prevention and Geoenvironment Protection, Chengdu University of 
Technology, Chengdu 610059, Sichuan, China 

2 Department of Remote Sensing and Geoinformation Engineering, Southwest Jiaotong University, 
Chengdu 611756, Sichuan, China 

3 Department of Geosciences, National Taiwan University, Taipei 10617, Taiwan 

414



fault plane with a low dip of ∼ 6.2◦, and the significant slip 
concentrates at depths of 5–13 km. More than 90% of the 
seismic moment is released on the middle fault segment 
with a maximum slip of ∼6.7m. Two significant slip deficit 
zones located on the northwest and southeast of the fault 
are recognized from the source model. The shallow portion 
of the Main Frontal Thrust fault with little slip during the 
event is considered as the lower edge of the locked zone, 
which plays an important role in accommodating the 
convergence between the Eurasia and India plates.  

 
Fig. 2 Geometry between the fault dislocation depth 
and topographic relief. The depth of fault patch is D km 
relative to the half-space dislocation surface, the 
elevation of the observation data point is H, and thus 
D+H is the actual fault depth that is used to forward 
calculate the surface displacement in the inversion. 

 
Fig. 3 Estimating fault slip model of the 2015 Gorkha 
earthquake. (a) Total slip, (b) dip-slip, (c) strike-slip 
and (d) slip error on the fault plane. (e) Slip projected 
to the surface. The red star represents the epicenter of 
the main quake, black ellipses depict the two slip deficit 
zones marked by “SD-1” and SD-2”, and red solid 
circles are the epicenters of large aftershocks with 
magnitudes more than Mw 4.0. Red solid line denotes 
the upper edge of the main shock slip, and pale red area 
indicates a locked zone. 

 
Fig. 4 Change in Coulomb failure stress. Three 
significant negative CFS change areas of “A”, “B” and 
“C”, and three positive CFS change areas of “D”, “E” 
and “F” are recognized. Positive values indicate the 
stress increase with seismic potential, especially for the 
labeled “E” area. 

The change in Coulomb failure stress (Fig. 4) shows a 
significant increase for the slip deficits and the locked zone 
on the Himalayan front, which indicates that the 
accumulated strain on the MHT fault has been partially 
alleviated by the major quake and the aftershock sequence, 
but will continue to balance the slip deficit and high stress 
regimes, and drive the seismicity in the Himalayan front. 
 

3. COSEISMIC AND POSTSEISMIC FAULT 
MODELS OF THE 2018 MW 6.4 HUALIEN 

EARTHQUAKE OCCURRED IN THE JUNCTION 
OF COLLISION AND SUBDUCTION 

BOUNDARIES OFFSHORE EASTERN TAIWAN 
 
On 6 February 2018, a Mw 6.4 earthquake struck east 
Taiwan, and the epicenter (24.134°N and 121.658°E of 
USGS solution) is located at ~18.2 km NNE of the Hualien 
city. This strong earthquake caused the collapse of some 
buildings in Hualien city, and resulted in 17 deaths and 285 
injures until 12 February 2018. This earthquake occurred 
in the northern extension of the Coastal Range which is the 
junction of collision and subduction boundaries between 
the Eurasian plate and Philippine Sea plate. Previous 
studies suggested that a tear fault boundary could be the 
major seismogenic structure between the Taiwan orogen 
and Ryukyu subduction zone [4-5]. The GPS 
measurements in this area show that the Philippine Sea 
plate has a movement along NW direction at a rate of ~8.2 
cm /yr towards the Eurasian plate. The high rate of the 
collision between the two plates causes a very rapid uplift 
and develops a series of active faults in the east Coastal 
Range of Taiwan. And it also results in many destructive 
earthquakes including the 1951 Hualien-Taitung 
earthquake sequences, the 1999 Mw 7.6 Chi-Chi 
earthquake and the 2016 Mw 6.5 Meinong earthquake 
occurred in Taiwan in the past 100 years [6-7]. 
After this earthquake, we collected the ascending and 
descending InSAR deformations (Fig. 5) derived from 
ALOS-2 and Sentinel-1 satellites SAR images and GPS 
displacements to estimate the fault model of the 2018 Mw 
6.4 Hualien earthquake. And it is found that the sinistral 
fault dipping to west with a high dip angle of 89.4º and a 
rake angle of 201.7º (Fig. 6) is considered as the 
seismogenic fault of this event. This seismogenic fault also 
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triggered the ruptures of the Milun fault which dips to east 
with a dip angle of ~72º, and an unknown west-dipping 
fault with a dip angle of 85.2º. 

 
Fig. 5 Mapped surface deformation fields of the 2018 
Hualien earthquake using the ALOS-2 and Sentinel-1 
SAR images. (a) ALOS-2 ascending, (b) ALOS-2 
descending, (c) Sentinel-1 ascending, and (d) Sentinle-1 
descending InSAR deformation is wrapped by [-3.0 cm, 
3.0 cm]. (e-h) are the absolute InSAR deformation fields 
of the 2018 Hualien earthquake. 

Two faulting models indicate that the InSAR deformation 
fields include more postseismic slip than the GPS data. The 
north segment of the Milun fault and west-dipping fault 
have been triggered by the rupture of the seismogenic fault, 
but the postseismic slip occurred only in the south segment 
of the Milun fault (Fig. 6). The InSAR-derived coseismic 
and postseismic faulting model suggests that the significant 
slip concentrates at depths of 2.4-15.0 km of the main fault, 
0.0-14.0 km of the Milun fault. Only minor slip is detected 
on the west-dipping fault. The maximum fault slip of ~2.1 
m is located at the depth of ~2.4 km under the Meilun 
Tableland (Fig. 6).  
The Coulomb failure stress (CFS) change (Fig. 7) 
calculated by the coseismic and postseismic faulting model 
shows that there is a significant CFS increase in the east of 
the south segment of the Milun fault, but few of the 
aftershocks occur in this area, which indicates a high risk 
of future seismic hazard. 

 
Fig. 6 The faulting models respectively inferred by GPS 
and InSAR observations, and the red dots are the 
aftershocks of the 2018 Hualien earthquake. (a) The 
coseismic faulting model inferred by GPS 
displacements with a peak slip of ~0.9 m. (b) The 
coseismic & postseismic faulting model of the 2018 
Hualien earthquake, in which the maximum 
accumulated slip magnitude is up to ~2.1 m. 

 
Fig. 7 The Coulomb failure stress change on the faults. 
(a) The CFS change on the two triggered faults 
including the Milun and west-dipping faults calculated 
by the coseismic faulting model of the seismogenic fault 
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(Fig. 6a). (b) The CFS change on all the faults calculated 
by the coseismic faulting models shown in Fig. 6a. 

 
4. MIDCRUSTAL THRUSTING AND VERTICAL 
DEFORMATION PARTITIONING CONSTRAINT 
BY 2017 MW 7.3 SARPOL ZAHAB EARTHQUAKE 

IN ZAGROS MOUNTAIN BELT, IRAN 
 
On 12 November 2017, the Sarpol Zahab earthquake of 
Mw 7.3 struck northwest Iran near the border with Iraq, 
with the epicenter (34.902°N and 45.952°E, USGS 
solution) roughly ~120 km northwest of Kermanshah city. 
This strong earthquake caused severe surface shaking and 
building collapse, and it killed more than 400 and injured 
~8000 people [8]. The Sarpol Zahab earthquake occurred 
at the northwest Zagros Mountain belt, and it might be 
associated with the rupture of the Zagros Mountain Front 
Fault (MFF) in Pol-e-Zahab Region [8]. The Zagros 
mountain range is a part of the Alpine-Himalaya mountain 
chain formed from the oblique collision between the 
Arabian and Eurasian plates during the closure of the Neo-
Tethys Ocean [9-10]. The long-term geodetic observation 
in this zone shows that the convergence rate is ~28.0 mm/yr 
[11-12], and it accommodates almost half of the present-
day shortening between the Arabian and Eurasian plates 
[12]. 
After this earthquake, we investigate the geodetic data set 
of interferometric synthetic aperture radar (InSAR) 
including ALOS-2 and Sentinel-1A/1B satellites for 
inferring the fault model of the 2017 Mw 7.3 Sarpol Zahab 
earthquake (Iran). The InSAR deformation fields (Fig. 8) 
show that the seismogenic fault does not reach the ground 
surface, but some shallow folds have been triggered by the 
main shock.  

 
Fig. 8 The InSAR deformation fields of the 2017 Sarpol 
Zahab earthquake derived from ALOS-2 and Sentienl-
1 SAR images. One color cycle from violet to red 
indicates surface motion of 20 cm along satellite LOS 
direction. (a) ALOS-2 ascending, (b) ALOS-2 
descending, (c) Sentinel-1 ascending and (d) Sentinel-1 
descending InSAR deformation.  

The faulting model of this event is estimated based on the 
extracted coseismic surface deformation (Fig. 8), and it is 
found that the coseismic rupture occurs on a single planar 
fault surface with a strike angle of 337.5º (Fig. 9). Two 
significant slip sources are determined by the geodetic 
data: one is located within the depth range of 11.8-13.5 km 
with a peak slip of 4.9 m, and the other occurs at the 
shallower depth (10.5-12.5 km) with a peak slip of 4.5 m, 
both of them are responsible for the primary deformation 
signals in the geodetic imagery.  

 
Fig. 9 The inferred faulting model (a-b) of the 2017 
Sarpol Zahab earthquake by the ALOS-2 and Sentinel-
1 InSAR observations. The red dots denote the 
aftershocks within Nov/11/2017-Dec/26/2017, the black 
solid ellipses suggest the two high-slip areas. 
The significant fault slip concentrates at the depth of 10-14 
km within the Pan-African basement. However, most of the 
aftershocks locates depths of 3-12 km in the shallow 
sedimentary section. We hypothesize that the Hormuz Salt 
section with the depth of 12-13 km detaches the high-slip 
zones from the aftershock cluster, by which the fault slip is 
not transferred through the intervening salt section to the 
surface. 
The predicted static Coulomb stress change (Fig. 10) by 
our preferred faulting model at the depth of 10 km could 
encourage the occurrence of the aftershocks. Moreover, the 
Fig 10e shows the CFS change on the cross section through 
geologic section AF. It shows that a good number of the 
aftershocks has occurred in the negative CFS change area 
at depth of 5-12 km and along distance of 37-80 km. We 
hypothesize that these aftershocks could have occurred due 
to positive CFS change on a different fault plane in their 
location. Moreover, the dynamic coulomb stress change 
could also partly responsible for the occurrence of these 
aftershocks. Most of the shallow folds at distance of 35-
140 km experienced negative CFS change, which implies 
a restraint of the future rupture. The shallow fault-related 
folding within the black dotted ellipse at distance of 0-15 
km has an average positive CFS change ~0.6 bar. The 
InSAR interferograms (Fig. 8) show that the observed 
InSAR fringes are discontinuous around this fault-related 417



folding, which indicates that the main shock has triggered 
the rupture of this fault. 

 
Fig. 10 The CFS change at the 10 km depth with 
receiver parameters of 337.5º for the strike angle, 75º 
(high dip angle) for the dip angle, 90º (a) and 130º (b) 
for the rake angle. The CFS change at the 10 km depth 
with receiver parameters of 337.5º for the strike angle, 
11.2º (low dip angle) for the dip angle, 90º (c) and 130º 
(d) for the rake angle. The CFS change on a vertical 
plane through geologic section AF. 
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1. INTRODUCTION

Landsliding is the downhill movement of soil and/or rock 
under the force of gravity [1]. This important geomorphic 
process sculpts the landscapes by transporting large 
volumes of sediment through the fluvial system [2], [3]. 
Landslide hazards, costing several billions of dollars and 
resulting in tens of casualties in the United States every 
year [4], can be triggered by external factors: heavy rainfall 
or rapid snowmelt [5], ground shaking (volcanic eruptions, 
earthquakes) [6], changes in land cover (wildfires) [7], 
atmospheric tides [8], and anthropogenic activities (mining 
and deforestation) [9], among others.  
Dangerous landslides over the northern US have two 
general categories based on their mobility [10]. One is 
characterized by long periods of dormancy followed by 
abrupt mass movements and runout acceleration 
accompanying the failure of slopes and/or large slump-
blocks. A few of massive deep-seated landslides (e.g., 2014 
Oso landslide in Washington) during lengthened, heavy 
rainfalls can be extremely mobile and destructive, causing 
damages and fatalities at a large scale. The other landslide 
category exhibits relatively slow motions along a large 
hillslope, following visco-elastic or vis-co-plastic 
behaviors over a long period of time or coastal marine 
erosion on the landslide toe. Slow-moving landslides cause 
significant erosion, regulate hillslope angles and 
topographic relief, and are a principal geologic hazard to 
infrastructures. In addition, debris flows and mudflows 
usually occur in small, steep stream channels and are often 
interpreted as floods. Landslide debris can bulk or add 
volume and density to otherwise normal stream flow, or 
cause channel blockages and diversions creating localized 
erosions or catastrophic flooding. A common trigger for 
both runout failures and slow-moving landslides is intense 
precipitation, via an increased pore-water pressure and the 
attendant reduction in frictional resistance along basal 
shear zones. Quantifying the interaction between 
precipitation and landslide initiation and mobility is 
essential for characterizing the role of landslides in 
landscape evolution and hazard mitigation. It is still 
challenging to identify and characterize rapidly-developing 
shallow landslides and avalanches from recurring remote 
sensing datasets, which are better fit to monitoring slowly-
moving, deep-seated landslides.  
The northwestern US is vulnerable to extreme precipitation 
events (rainfalls of high peaks and long durations) during 
the winter months. Since 1955, extreme precipitation 
events have been responsible for about two-thirds of the 

primary disaster declarations in Washington and Oregon. 
For example, between Dec. 1996 and Jan. 1997, heavy 
rainfalls (25-100 cm in two weeks) produced severe 
flooding over parts of the Washington and Oregon states, 
causing $3.9 billion in losses and 36 deaths. In January 
2009, heavy rainfall and the subsequent flooding closed 
highways and railways in Washington, and affected major 
river drainages throughout the northwest. Additionally, the 
Howard Hanson Dam in Washington was heavily damaged, 
imposing a great threat to assets and infrastructures, and 
placing tens of thousands of lives at risk. Most major 
intense precipitation and flooding events in the 
northwestern US occur with landslides. For example, the 
devastating runout landslide struck the Oso, Washington in 
2014 after a long period of unusually heavy precipitation.  
Monitoring landslide movement constitutes a critical and 
requisite component of landslide hazard mitigation. 
However, the traditional investigation and reconnaissance 
methods over the landslide-prone areas, such as GPS, spirit 
leveling, tilting, in situ investigation, and optical remote 
sensing cannot alone provide the spatial or temporal 
resolution required for tracing the landslide development. 
The interferometric synthetic aperture radar (InSAR) 
technique has great advantages on broad spatial coverage 
and high spatio-temporal resolution under all weather 
conditions. The InSAR technique has been used in various 
landslide studies, not only for location detection but also 
for deformation monitoring. InSAR-derived land-slide 
deformation patterns have provided further insights into 
landslide dynamics. Even though the northwestern US 
typically has long periods of intense rainfall during the 
winter season, and is densely vegetated forests, previous 
studies have demonstrated that longer-wavelength (such as 
L-band) InSAR techniques are generally capable of
penetrating the forest canopy and capturing the concurrent
landslide activities through multiple radar acquisitions.

2. INSAR METHODS AND OFFSET TRACKING
FOR MAPPING LANDSLIDE MOVEMENTS

The use of InSAR for landslide studies has a great 
advantage compared to other geological survey and other 
remote sensing technologies. Long frequency of InSAR 
allows us to observe the slope motion beneath forests at 
high precision of centimeters-millimeters and spaceborne 
SAR datasets can cover wide areas (e.g., 70 km swath for 
ALOS-1/2 stripmap-mode, 350 km swath for Sentinel-1 
interferometric wide-swath mode), which help identify 
landslides from vast areas. Also, a short revisit time of SAR 
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satellites over landslides areas (e.g., 14/46 days for ALOS-
1/2 and 12 days for Sentinel-1) can offer temporally dense 
observations without much added cost for data acquisition, 
although airborne remote sensing sensors (e.g., LiDAR) 
are greatly limited by economic costs and weather 
condition [11].    
If only a limited number of SAR images are available, 
landslide detection can be done through conventional 
InSAR depending on the phase difference of two or 
multiple SAR images. However, the conventional InSAR 
has limitations because the error sources inherent in the 
outcomes of InSAR (e.g., topographic errors, atmospheric 
anomalies) cannot be reduced by the use of only a few 
InSAR pairs. Instead, the errors can be mitigated by 
utilizing multiple InSAR pairs together. For example, 
considering the linear relationship between the 
perpendicular baselines and InSAR unwrapped phases, the 
regression model from multiple InSAR pairs can be used 
for reducing the effects of topographic error that are 
prominent in InSAR results over landslide areas with 
continuously changing topography. When enough time-
series SAR images are available, time-series InSAR 
mapping of landslide motion can be accomplished through 
multi-temporal InSAR processing techniques such as 
PSInSAR and SBAS InSAR. Radar targets showing point-
like responses characterized by high coherence and phase 
stability over the entire period of observation are known as 
persistent scatterers (PSs). Therefore, PSInSAR can 
provide robust InSAR deformation measurements when 
sufficient PSs are available. Contrary to a conventional 
InSAR method, Both PSInSAR and SBAS InSAR have the 
capability of suppressing the errors through regression 
models and spatiotemporal filtering and capturing precise 
time-series movements at coherent pixels or surfaces over 
landslides. 
Even multi-temporal InSAR technique has limitation. The 
north-south movements of landslides are insensitive to 
InSAR acquisitions, because near polar-orbiting SAR 
satellites are measuring distance from a right angle of 
satellite moving direction. When landslide motion is 
beyond InSAR-resolvable displacement or surface 
condition (vegetation) changes significantly, InSAR 
method is not effective. In such cases, offset tracking from 
multiple SAR images can provide supplementary 
information regarding landslide motion. Offset tracking 
through a moving window approach can be used to map 
landslide motions with an accuracy about 1/20th of the 
pixel spacings with ideal coherence; the accuracy 
deteriorates with degrading coherence. Advanced offset 
tracking methods include the identification of point-like 
targets prior to the cross-correlation of the image pair. As 
point-like targets resemble 2D sinc-function patterns in 
SAR amplitude domain, a 2D sinc-function template can 
be used as a matching template to locate these optimal 
targets. Then the offset estimation on these point-like 
targets can be carried out through cross-correlation. When 
both ascending and descending datasets are available, 3D 
landslide motions can be obtained through integrating 
range and azimuth offsets from different satellite 
trajectories. Although offset tracking has the limited 
accuracy (at meter-level) depending on pixel size, 
correlation, and used window parameters compared to 
InSAR methods with centimeter-level accuracy, 
application of offset tracking on multi-temporal SAR 
images can derive spa-io-temporal landslide motions. 

 
3. STUDY AREA 

 
The Pacific Northwest extends over 800 km from 
Washington to Oregon to northern California. The oceanic 
Juan de Fuca plate in the west of the region is subducting 
below the North American continental plate along the 
Cascadia subduction zone. Pacific Northwest can be 
divided into eastern and western area by the Cascade Range, 
and each has different climates due to differences in rainfall 
and temperature. Contrary to eastern region with less 
precipitation in most places, the western Pacific Northwest 
receives much more rainfalls and the precipitation in some 
places of the Coast Range exceeds 2 m per year [12]. Inland 
Cascade Range creates steep terrain to the west of Cascadia 
coastline and the Pacific Northwest is underlain by 
Laurentia (pre-Jurassic rocks indigenous to ancestral North 
America), terranes that accreted to Laurentia in the past 
185 million years by plate tectonic processes, and 
sedimentary and volcanic rocks less than 56 million years 
old. Because of the steep terrain and high precipitation in 
winter, landslides are common in the western Pacific 
Northwest and most landslide studies have focused on the 
landslides in the area [12], [13]. 
 

4. UPDATING LANDSLIDE INVENTORY WITH 
INSAR 

 
The landslide inventory map plays a critical role in 
assessing the landslide hazards and evaluating the slope 
stability from their spatial distribution [14]. The state and 
federal agencies have distributed the landslide inventory 
maps developed from geological maps, topography, and 
historical landslide events. Washington Department of 
Natural Re-sources (DNR) provides the inventory map 
from Washington Geologic Information Portal 
(https://geologyportal.dnr.wa.gov). The statewide 
landslide inventory provides information about landslide 
type (e.g., deep-seated landslide, debris slide, avalanches), 
slope morphology, location confidence/certainty, etc. 
NASA landslide viewer 
(https://landslides.nasa.gov/viewer) as a part of federal 
program collected the world-wide landslides based on 
reporting of governments and civilians.  
The state of Washington is prone to frequent, seasonally 
recurring landslides, be-cause the region with steep terrain 
experiences extreme precipitation events during the winter 
months and the hydrologic force triggers the deep-seated 
landslides. While the landslides in Washington caused the 
fatalities and costed billions of dollars in property damage 
(e.g., 2014 Oso mudslide that resulted in 43 fatalities), a 
close correlation between landslides and intense 
precipitation is obvious. However, the locations, 
dimensions, geographical extent, and activeness of the 
landslides in the Washington are not well known. 
Therefore, mapping landsides over the region is essential 
for hazard mitigation, risk assessment, and characterization 
of each landslide. 
ALOS-2 PALSAR-2 InSAR pairs with short perpendicular 
baselines give the best opportunity to locate the landslide 
hazards in Washington and delineate their extents. One 
drawback of ALOS-2 PALSAR-2 is its sparse acquisitions 
in the region. Despite 14 days of revisit days, only 4~6 
images a year from the same track are available for most of 
the state of Washington, which prevents the generation of 
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dense time-series deformation. However, most 
interferograms from different seasons within a year (i.e., 
winter to summer) or between summers of different years 
with short perpendicular baselines (<100 m) maintain 
coherence in forested areas. From 2016 to 2020, ALOS-2 
PALSAR-2 scenes (one summer scene per year) covering 
northwestern Washington are used and the conventional 
InSAR method with InSAR pairs of short perpendicular 
baselines successfully identified active landslides. Given 
coherent InSAR images and non-zero phase values, the 
localized, deforming areas on the slope can be classified as 
the active landslides (Fig. 1) after manually delineating the 
extent of each landslide. The adoption of multi-temporal 
InSAR and the calculation of landslide velocity for 
landslide mapping is also possible [15], but InSAR 
coherence over the vegetated part of landslides is often lost 
with long-term datasets. Therefore, for better delineating 
the extent of landslides, not calculating the magnitude of 
landslide motion, the use of the conventional InSAR with 
SAR images from dry seasons is more appropriate.  
 All landslide inventory maps collected by 
agencies provide the detailed information on timeline, 
volume, depth, and geology of past landslides. However, 
the In-SAR-observed landslides from 3-year-long ALOS-2 
PALSAR-2 acquisitions present the distinction with the 
existing landslide inventories that underestimate the extent 
of landslides and fail to accurately locate the active 
landslides (Fig. 1). Majority of landslides in the inventory 
of Washington DNR depend on personnel field works and 
historic landslide inventories, and a few of landslides have 
been updated by using LiDAR DEMs. However, the 
landslides in the inventory do not often present their current 
activeness and the extent of landslides is continuously 
changing in time due to the human activities (e.g., logging, 
construction of infrastructures and towns) and/or recurring 
surface motion. LiDAR DEM can be used to delineate the 
extent of landslides based on topographic shape and 
deposits beneath vegetation, but the activeness of 
landslides cannot be identified by a single LiDAR DEM. 
Even when two or multiple LiDAR DEMs are available in 
a few areas, differencing the DEMs is better fit to capturing 
the collapse-type surface motions such as the runout events 
and avalanches rather than slowly moving horizontal and 
vertical motions (at a level of centimeters per year) in a 
deep-seated landslide. Measuring the activeness of 
landslides is challenging without installing numerous GPS 
stations on steep slopes. Because of labors and costs, the 
activeness of each landslide cannot be readily updated 
based on the field surveys and direct measurements in the 
regions. Furthermore, most landslide reports made by the 
state governments, media, and civilians can be heavily 
biased by a more focus on populated regions [16]; the 
landslides located near the residential areas and 
transportation corridors tend to be more likely reported and 
updated in the landslide inventories. Therefore, despite 
multiple landslides (Fig. 1), no report in the sparsely-
populated region has been made to NASA landslide reports. 
Due to the limited spatial and temporal resolution of the 
spaceborne and airborne InSAR, the In-SAR-based 
landslide inventory maps cannot fully replace the current 
landslide inventory and reporting systems. Also, it is 
difficult to identify avalanches and runout events from 
InSAR images because of the loss of InSAR coherence. 
However, they can provide supplementary and the latest 
information about the activeness of the landslides in the 

northwestern US, while supporting the assessment of 
seasonally/continuously moving or deep-seated landslides 
and forecasting the precursory deformation of the possible 
runout landslide areas. 
 

 

 
Fig. 1 (a) Comparison of InSAR-observed landslides 
(red-outlined polygons) in Washington and landslide 
inventory (blue-outlined polygons) from Washington 
Department of Natural Resources (DNR; 
https://geologyportal.dnr.wa.gov). (b) An enlarged 
region (box in Fig. 1a) illustrates the differences in 
detail. Landslide inventory (blue polygon) displays the 
location and extent of past landslides of all kinds 
(avalanches, runout, deep-seated landslides) but 
InSAR observation (red polygon) presents those of 
currently active deep-seated landslides.  

 
5. LONG-TERM LANDSLIDE DYNAMICS 

DERIVED FROM ALOS, SENTINEL-1A/B, AND 
LIDAR DEMS OVER HOOSKANADEN 

LANDSLIDE 
 
The Hooskanaden landslide in southwestern Oregon with 
large size (~600 m wide x 1,300 m long) and depth (~30 – 
45 m) has been active since at least 1958 [17]. The 
landslide had been in a slow motion, but occasionally 
caused moderated to severe damages to Highway 101. 421



Slow movement of the landslide resulted in road repairs 
costing tens of thousands of dollars yearly, but a major 
event to destroy the highway can lead to cost beyond 
million dollars. The latest major collapse event occurred on 
25 February 2019, which shifted the road surface about 40 
m to the west and 17 m downward [17]. Consequently, the 
highway was closed for 13 days during the temporary 
repair. Materials of the slide are derived from the Otter 
Point Formation of Late Jurassic geologic age, which 
consists of sheared sandstone, mudstone, conglomerate, 
and interbedded sandstone and shale, with scattered BIMs 
(blocks-in-matrix, composed of more resistant sandstone, 
greenstones, chert, and blueschist). These materials, 
geologically referred to as mélange, accumulated as an 
accretionary wedge along the Cascadia subduction zone 
during tec-tonic displacement and formed the accreted 
western margin of the Klamath Mountains region. 
Stratigraphically, the slide consists of harder upper layers 
of predominantly sandstone and softer lower layers of 
mixed shale and siltstone. Hooskanaden landslide is a good 
example to showcase the violent nature of deep-seated 
landslide and thereby severe damages and collapses 
triggered by intense rainfall during wet season.  
 

 
Fig. 2 Three-dimensional displacement field of the 
February 2019 movement reconstructed from 
Sentinel-1/Sentinel-2 pixel offset tracking 

 
Three-dimensional displacement field of the major event in 
2019 was reconstructed using the pixel offset tracking of 
both Sentinel-1 A/B SAR data and Sentinel-2 optical 
satellite images. When α is the slope angle and β is the 
slope aspect, 3D (eastward, northward, and upward) 
pixelwise displacement [E N Z]T can be obtained by 
inversion the following equation: 
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, where S1AZ, S1R, S2N, and S2E are offset measurements 
from Sentinel-1 in azimuth and range direction and 
Sentinel-2 in north and east direction, respectively. The 
displacement map (Fig. 2) retrieved from remote sensing 
datasets displays that the 2019 landslide event mainly 
moved along the downslope direction with an aspect of 
229˚ (clockwise from north), although the head and toe 
sections have slightly larger west facing components with 
aspects of approximately 240˚ and 250˚, respectively. The 
middle section moved larger than head and toe section, and 

its maximum horizontal displacement of ~40 m and a 
vertical movement of ~10 m observed from offset tracking 
are in a good agreement with LiDAR DEMs acquired 
before and after the landslide. 
Historical landslide motions were revealed from the 
integrated use of ALOS, Sen-tinel-1A/B, and LiDAR 
DEMs [17]. Those remote sensing datasets were obtained 
during variant periods; ALOS PALSAR data are acquired 
between 2007 and 2011, Sentinel-1A/B 2016 and 2019, 
and LiDAR DEMs occasionally from 2008 to 2016 with 
varying coverage. Because there is a gap between 2011 
(last acquisition of ALOS PALSAR) and 2016 (first 
acquisition of Sentinel-1 A/B), LiDAR DEMs were used 
for bridging the gap. Retrieved time-lapse (Fig. 3) exhibits 
seasonal variations during the long-term slow movements. 
The slope tends to move faster during winter wet seasons 
and slower in the dry summer seasons. The comparison 
with root-zone SMAP soil moisture (averaged up to top 1 
m depth) affirms the timing of accelerated landslide motion, 
given the increased downward water infiltration, elevated 
basal pore pressure, and triggered slide motion by reducing 
effective normal stress and consequent frictional shear 
resistance. 
 

 
Fig. 3 Long-term motion dynamics of the Hooskanaden 
slide from 2007 to 2019. Cumulative along-slope 
displacements of multiple points (cyan dots in Fig. 2) of 
the Hooskanaden landslide [17]. 
 
The decadal-scale landslide motion presents overall trend 
of apparent acceleration, with an average downslope 
displacement rate of ~10 cm/year from 2007-2011, ~20 
cm/year from 2011 to 2016, and ~50 cm/year from 2016 to 
2019 (Fig. 3). The long-term acceleration is possibly 
caused by coastal erosion of landslide toe. Differencing 
LiDAR DEMs clearly demonstrate significant loss of 
landslide toe for years [17]. The buttressing effect of the 
toe to prevent abrupt collapse of the landslide body was 
weakened by coastal erosion, and the loss of resistance 
against motion of landslide body can lead to the major 
landslide event in 2019. Moreover, daily precipitation 
records of the abnormally heavy rainfall in December 2016 
and February 2019 suggest that short-term but high-
intensity rainfall spikes triggered major events in 2019 [17]. 
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1. INTRODUCTION

Sinkhole is a depression or a hole caused by the collapse of 
land surface. Such a geological phenomenon can often be 
found in geologically karst areas where evaporite, 
carbonate and gypsum rocks in karst terrain dissolve as a 
consequence of chemical process and collapse. A karst 
system often witnesses cavernous and ground instability 
problems due to genetic and/or human-induced reasons. 
The sinkhole formation may be related to dissolution of the 
water-soluble rocks, the development and expansion of 
underground cavities, consecutive roof failures, and crop-
out on the surface. According to Gutiérrez and Parise [1], 
natural sinkholes can be classified into two types: 
“Solution sinkhole” and “Subsidence sinkhole”. Solution 
sinkhole is attributed to the surface dissolution, which 
creates shafts or conduits and can lead to a ground stability 
problem. In this case, karst rock is exposed with almost no 
mantle soil. On the other hand, subsidence sinkhole is 
created by ground surface subsidence, which may be 
attributed, for example, to chemical dissolution of caprock 
and bedrock underground, internal erosion of rock, 
subsurface dissolution and downward gravitational 
movement of the overlying material. It commonly shows 
one of the phenomena: collapse, sagging and/or suffusion.  
The sinkhole development can be induced by the natural 
process and/or anthropogenic activities in karst 
environment. According to Waltham et al. [2], the vast 
majority of newly formed sinkholes are human-made. The 
anthropogenic factors primarily reflect the following three 
aspects: (i) incremental water input into ground (cover and 
bedrock), (ii) aquifer exploitation and mining dewatering 
resulting in water level decline, and (iii) static and dynamic 
loadings such as water impoundment, vegetation removal 
or ground freeze and thawing. Due to the increase of 
resource demand, we can expect the growing negative 
effects on the sinkhole hazards in the future. Potential 
impacts due to the sinkhole activities can cause the 
economic losses, directly and/or indirectly. For example, 
sinkhole subsidence can severely destroy the integrity of 
the infrastructure such railways, roads, canals, pipeline 
systems, buildings, and even nuclear power stations. Thus, 
an inventory investigation and risk assessment is very 
important for sinkhole hazard analysis.  
Sinkhole is a kind of geological hazard, which can be found 
in some karst areas worldwide [3]. The well-known areas 
with sinkhole are located along the dead sea coastline [4], 
in the northeastern Spain [5], in the Netherlands [6] and in 
the North America [7]. 

The sinkhole collapses and deformation have been 
observed by using the following methods: microgravity [7], 
LiDAR (Light Detecting And Ranging) [8], spaceborne 
InSAR (interferometric synthetic aperture radar) [6], [9], 
field surveys, UAVSAR (Uninhabited Aerial Vehicle 
SAR) [10] and/or all kinds of the corresponding geological 
maps. The detailed information on subsurface can also be 
directly obtained in speleological exploration and 
geophysical field survey through trenching, probing, and 
drilling. By incorporating all types of data and field 
geological investigation, we expect to obtain much higher 
resolution of sinkhole deformation map and detailed 
information to characterize the sinkhole-related 
deformation. 
Although many researches were increasingly devoted to 
the investigation of sinkhole activities for last decades, 
there is still large space of improvement to further 
understand mechanism of sinkholes, in particular, through 
continuous monitoring of developing sinkholes. In the 
Permian basins of the west Texas, two large sinkholes at 
the Wink County were reported in 1980 and 2002, 
respectively. They are believed to continue to develop, 
likely attributed to a deep supply-water well, since fresh or 
under-saturated saline water flowing through the drillings 
or some fractures may contribute to salt dissolution. 
Paine and Buckley [7] processed microgravimetry, GPS, 
and InSAR data and concluded that the vertical subsidence 
can reach up to 30 cm per year.  Vaccari et al. [11] detected 
the subsidence from COSMO-SkyMed InSAR data 
collected from 29 Aug. 2011 to 25 Oct. 2012. Kim et al. [9] 
observed the recent development of Wink sinkholes using 
Sentinel-1A and found that the areas nearby the current 
sinkholes are unstable and experience a large deformation. 
However, there have been no extensive studies regarding 
temporal developments of two sinkholes from 2007 to 
2011. Thus the major motivation of this paper is to monitor 
the time-varying sinkhole development, which can be 
important to understand the mechanism of these two 
sinkholes, mitigate reduce potential sinkhole geohazard. 
More specifically, we have processed the time series of 
sixteen HH-polarized L-band ALOS-PALSAR images 
taken between 01 Jan. 2007 and 27 Feb. 2011 and 
confirmed that the two sinkholes are still subsiding and the 
neighborhood of Wink Sink #2 was experiencing the 
subsidence rate of 20 cm per year. 

2. DATA AND METHODS
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SAR system is able to obtain high resolution complex 
images by emitting radar wave to targets from airborne, 
ground-based, or orbital platform. InSAR technique 
represents the combination of the two SAR images from 
the same zone/area [12]. The complex conjugated result is 
called interferogram, which is proportional to a subtle 
terrain deformation, contaminated with atmosphere 
changes between the two acquisitions, topography, 
position uncertainty and other noises. Its phase per pixel is 
the difference of the corresponding pixels between two 
SAR scenes and is calculated by the following equation 
[13]: 
 

𝜙𝜙𝑖𝑖𝑖𝑖𝑖𝑖 = −
4𝜋𝜋
𝜆𝜆
𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵(𝜃𝜃 − 𝛼𝛼)
𝑟𝑟1𝐵𝐵𝑠𝑠𝑠𝑠𝜃𝜃1

ℎ + 𝜙𝜙𝑑𝑑𝑑𝑑𝑑𝑑 + 𝜙𝜙𝑎𝑎𝑖𝑖𝑎𝑎 + 𝜙𝜙𝑖𝑖𝑛𝑛𝑖𝑖𝑛𝑛𝑑𝑑  

 
where is the length of the baseline, α is the baseline 

orientation angle, λ is the radar wavelength, θ is the look 
angle, θ1 is the look angle on the reference surface, r1 is the 
slant-range from the target to the reference satellite, h is the 
topography height between the ground point and the 
reference surface and φdef, φatm and φnoise are respectively 
the components of the deformation, atmospheric and other 
noise in the interferometer phase. We can easily extract the 
topography components by using an external digital 
elevation model (DEM), three-pass method and/or four-
pass method. This is the so-called differential 
interferometric synthetic aperture radar (DInSAR), which 
has been widely applied to various geohazards, for example, 
landslides, seismology, (ground subsidence) deformation 
measurement, volcanology, and glaciology. Decorrelation 
in space and time between the two consecutive SAR 
acquisitions can, however, affect the robustness of the 
results. Artifacts due to atmospheric and orbital errors 
could significantly degrade the accuracy of measurement.  
More advanced DInSAR technique, namely, MTInSAR 
(Multi-Temporal InSAR) technique, which has been 
proposed to overcome these problems, including SBAS 
(Small Baseline Subset) InSAR, PSInSAR (Persistent 
Scatterers InSAR), and SqueeSAR, has been successfully 
applied to monitoring of all the characteristic surface 
deformation [14]. We will use this DInSAR technique to 
construct an associated time series of LOS (Line-Of-Sight) 
displacements from all the stacked interferogram images. 
The SAR data were provided by the ALOS (Advanced 
Land Observation Satellite) that was launched by the 
JAXA (Japan Aerospace Exploration Agency) in January 
2006. We utilized the HH-polarized Fine-beam mode 
PALSAR (Phased Array type L-band Synthetic Aperture 
Radar) collectively spanning from Jan. 01, 2007 to Feb. 27, 
2011. 
As the first step, we selected the reference image for 
coregistration with other images to process the identical 
region over the same grid and facilitate further MTInSAR 
processing. This is a key step that maintains the qualities of 
generated interferograms and strongly affects the final 
results. We set up the following criteria: (i) the 
perpendicular baselines should not be too long to avoid 
spatial decorrelation; (ii) the temporal baselines with other 
datasets should be small enough; (iii) less atmosphere-
affected image is preferred to minimize the noisy signals in 
the interferograms. According to these rules, we finally 
chose the 8th image acquired on Feb. 24, 2010 as our 
reference image. 

 
Fig. 1 Study area in Winkler County of West Texas that 
is covered by ALOS-PALSAR data. Wink Sink 1, 
developed in 1980, is located ~1.5 km north of Wink 
Sink #2, outcropped in 2002 (background image is from 
Google EarthTM). 
 
The second step is co-registration that is fundamental for 
the generation of the interferogram. It ensures that each 
identical pixel in all the master and slave images is in the 
same reference frame. The coregistration is performed 
based upon the correlation of the SAR intensities with 
reference and other images. As a result, the 88 
interferograms were generated by using the 1-arc-second 
(~30 m) SRTM (Shuttle Radar Topography Mission) DEM 
data. Then the residual topography components, orbital 
errors, and other artifacts (atmospheric effects) are 
modeled and corrected with considering the relationship of 
residual phases with perpendicular baselines (residual 
topography phases), 2D phase variation as polynomial 
form (orbital errors), and temporally low correlation 
(atmospheric effects). Finally, we can obtain all the 
diagnostic function coherence maps for deformation 
analysis. Since the coherence value reflects the change of 
the target scattering properties in time, the interferograms 
and region with critically low coherence need to be 
excluded from our analysis. Therefore, it is requirement 
that the baseline between the two acquisitions is equal to or 
less than the critical baseline. The critical baseline is 
defined as follows: 
 

𝐵𝐵𝑐𝑐 ≤
𝑅𝑅𝜆𝜆

2𝐿𝐿𝑐𝑐𝐵𝐵𝐵𝐵𝐵𝐵𝜃𝜃
 

 
where 𝐿𝐿𝑐𝑐is the resolution in the line-of-sight direction, 

and R is the distance between the sensors and a resolution 
element. To get a best possible result from time series 
analysis, time continuity is also an important factor in our 
data selection. Based on these criteria, we have finally 
chosen 18 differential interferograms with the InSAR 
configuration of temporal and spatial baselines and 
unwrapped the images by applying the MCF (minimum 
cost flow) method. 
The unwrapped differential interferograms are stacked to 
remove major parts of atmospheric inhomogeneous errors. 
If we assume that the LOS or vertical displacements of the 
sinkholes at Wink County change linearly with time, we 
can then predict and monitor the subsidence with a high 
accuracy by using the time series analysis of differential 
phases.  
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3. DEFORMATION RESULTS AND ANALYSIS 
 
With the stationary atmospheric statistics from the 18 
interferograms, and by assuming that the weight of the 
individual interferogram phase is in proportion to the time 
interval, the mean deformation phase rate along the LOS or 
vertical directions can be estimated as follows: 

𝜙𝜙𝑝𝑝ℎ_𝑟𝑟𝑎𝑎𝑖𝑖𝑑𝑑 =
∑ Δ𝑡𝑡𝑗𝑗𝜙𝜙𝑗𝑗𝑁𝑁
𝑗𝑗=1

∑ Δ𝑡𝑡𝑗𝑗2𝑁𝑁
𝑗𝑗=1

 

where N is the sum of the differential interferograms, 
φph_rate is the phase rate, ∆tj is the jth time interval, and φj is 
the jth differential phase assuming that all interferograms 
are sorted in a temporal order. In the case of Wink 
sinkholes area, the maximum mean deformation rate is 
estimated as 30 cm/yr along the LOS direction (Fig. 2). 

 

 
Fig. 2 Mean LOS deformation rates (cm/yr) around 
Wink sinkholes. Maximum LOS deformation rate is 

about 30 cm/yr. 
 

To spatially characterize deformation along profiles, we 
choose two profiles in the area with the largest deformation, 
as marked in Line P1-P2 (908 m) and Line P3-P4 (1,196 m) 
(Fig. 2). The deformations along these two profiles are 
shown in Fig. 3, where the maximum deformations can be 
seen to be equal to 17.7 cm and 13.3 cm per year, 
respectively.  
 

 
Fig. 3 Mean vertical displacement rate (cm/yr) along 

(a) P1-P2 and (b) P3-P4 in Fig. 2. 
 

The least squares method is applied to invert for the time 
series of the range changes from the time-dependent 
differential interferogram phases as follows: 

𝐺𝐺𝐺𝐺 = 𝑑𝑑,     𝐺𝐺 =

⎣
⎢
⎢
⎢
⎡

1 1 1 1 0
0 1 1 0 0 ⋯
0 1 1 1 0
0 0 1 1 1

⋮ ⋱⎦
⎥
⎥
⎥
⎤

,    𝐶𝐶 =

⎣
⎢
⎢
⎢
⎡

𝐺𝐺1
𝐺𝐺1 +𝐺𝐺2

𝐺𝐺1 + 𝐺𝐺2 + 𝐺𝐺3
𝐺𝐺1 + 𝐺𝐺2 +𝐺𝐺3 + 𝐺𝐺4

⋮ ⎦
⎥
⎥
⎥
⎤
     

where 1 2[ ], , ... , ..., T

i nm m m m=m , im  is the ith element of 
the incremental chronological range change vector m , n  

is the number of SAR images. 1 2[ ], , ... , ..., T

i nd d d d=d , d
is the InSAR phase data. C is the cumulative LOS direction 
deformation (Fig. 4). The time-series LOS deformation 
estimated from SBAS InSAR method (Figure 6) exhibits 
interesting features around Wink sinkholes (Wink #1, #2). 
From January 2007 to February 2011 (~4 year span), the 
maximum LOS deformation is approximated as 125 cm. 
We expect that the LOS deformation is mostly influenced 
by vertical deformation (subsidence), even though we 
cannot ignore horizontal deformation and erosion. The 
subsidence has been occurred in the existing sinkholes. 
Over Wink #1, the deformation shape is oval with major 
axis from northwest to southeast. The north and south part 
of Wink #2 has been most subsiding, and the region 500 m 
north of the sinkhole roughly shows 15 cm LOS changes 
(~19 cm subsidence). However, the most troubling places 
in Wink sinkholes are the region 1 km east of Wink #2, 
experiencing 125 cm LOS changes. The large subsidence 
gives a clue on the possibility that one or more cavities 
were developed under the sinkholes. The deformation 
shape is irregular rather than an oval shape differently to 
other sinkhole deformations. 
 

 
Fig. 4 Time series of the LOS deformation phase 

around Wink sinkholes estimated from 16 ALOS-
PALSAR scenes. Every image represents the 

cumulative vertical deformation since the time of the 
first image. Subfigures Ti (i = 0, 1, 2, …, 15) are 

corresponding to the cumulative deformation image 
along the LOS direction between the 1st (2007.01.01) 
and ith acquisition date. We marked the number and 
the corresponding date is following ( 0: 2007.01.01; 1: 

2007.07.04; 2: 2008.05.21; 3: 2008.07.06; 4: 2008.11.21; 
5: 2009.01.06; 6: 2010.01.09; 7: 2010.02.24; 8: 
2010.04.11; 9: 2010.05.27; 10: 2010.07.12; 11: 
2010.08.27; 12: 2010.1012; 13: 2010.11.27; 14: 
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2011.01.12; 15: 2011.02.27). Color is circular with an 
interval of 11.8 cm LOS deformation. 

 
5. CONCLUSIONS 

 
Interferometric radar techniques can indeed provide 
important information on sinkhole deformation. We have 
processed four years of InSAR data from 01/01/2007 to 
02/27/2012 to detect the deformation of sinkholes at Wink, 
Winkler county, Texas, USA. The time series of the 
DInSAR deformation has clearly shown that the sinkhole 
deformations in the study area are very significant, with a 
maximum subsidence of 49.7 cm within the period of four 
years, or equivalently, a maximum rate of subsidence 
deformation of about 30 cm per year. Our results are 
consistent with those reported by Paine [7] whose result 
was 10-15 cm subsidence from Jan. 2007 to July 2007. Our 
analysis may also have indicated that drought could further 
contribute to the subsidence of ground surface and 
sinkholes. Since the trend of deformation is basically linear 
with time over the study period, this should indicate that 
the sinkholes at Wink county are still under development 
and we should be prepared for any potential disaster due to 
sinkholes in the future.    
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1. INTRODUCTION

The title of the proposal we submitted in 2015 is 
“Locking Differences between Different Sections along 
Xiaojiang Fault Zone Revealed by InSAR Time series 
Analysis”.  The project goal is aiming to systematically 
study the tectonic deformation and variations of slip rates 
and locking depth along Xiaojiang Fault Zone (XFZ) 
main fault, China by time series InSAR technology with 
PALSAR and PALSAR-2 data, then to assess the seismic 
hazard along XFZ based on the tectonic deformation data. 
The objective region is the Xiaojiang Fault zone in 
Yunnan province, China. Unfortunately, there are not 
enough PALSAR or PALSAR-2 images covered the 
research area. 
For better applying PALSAR-2 we used some PALSAR-2 
images to study three strong earthquakes. First, we 
process PALSAR-2 data to obtain the coseismic 
deformation of these earthquakes by DInSAR technique. 
Then we invert the slip distribution of these earthquake 
sources and analyze the source characteristics which can 
contribute to the analysis of seismic implication. 

2. METHODOLOGY OF PALSAR-2 DATA
PROCESSING AND SOURCE INVERSION

2.1 PALSAR-2 data processing 
The PALSAR-2 data we collected from JAXA are the 
Single Look Complex (SLC) format products. We used 
the SARscape 5.4 and an automated processing system, 
gInSAR[1] which was originally developed under the 
GAMMA software at CCRS of NRcan [2] to generate 
coseismic interferograms. The 90 m resolution Shuttle 
Radar Topography Mission (SRTM) v4.1 digital elevation 
model (DEM) data [3] were used to resample slave SAR 
to master images, remove the topographic phase in the 
interferograms and geocode the unwrapped 
interferograms into WGS-84 geographic coordinates. To 
better improve the quality of the interferograms before 
unwrapping, an adaptive Goldstein filter method [4] was 
used in the processing. The minimum cost flow algorithm 
[5, 6] was applied to unwrap the interferograms. Orbital 
(or ionospheric) effects in the final interferograms are 
weakened using a linear polynomial method [7].  
In order to improve the efficiency of calculation and make 
the deformation observational points credible, we use the 
quadtree or uniform method to reduce the number of 
observational points. 

2.2 Source inversion 
Based on the downsampled InSAR deformation data, we 
invert the slip distribution of source by two steps: one is 
the nonlinear inversion or determination of source fault 
planar geometric parameters. In our studies of these three 
earthquake cases, we determine all the geometric 
parameters with the geological data, seismic aftershock 
data and along-track deformation field observation data 
etc. The other is linear inversion. A depth-based fault 
dividing method [8, 9] was applied to split the individual 
fault segment into distributed sub-faults, in which the size 
of individual fault patch varies with depth. We re-
calculated the Green’s matrix of the unit slip with all the 
fault patches based on the Okada’s analytical solution 
model [10]. Then, the slip on each fault patch can be 
retrieved by reaching the minimum of an objective 
function [11, 12] with the bounded constrained least 
squares method: 
F(s) = ǁ G s – d ǁ2 + κ2 ǁ L s ǁ2, (1) 
where G is the source dislocation Green’s matrix, s is the 
distributed slip, d is the LOS surface displacement 
observations, L is the finite difference approximation of 
the Laplacian operator. κ is the smoothing factor, which 
can be determined from the trade-off curve function 
between the misfit and the solution roughness. 

3. RESULTS

3.1 The 28 September 2018 Mw 7.4 Palu, Indonesia 
earthquake 
A great earthquake occurred near the northwest of 
Sulawesi, Indonesia on September 28, 2018. This 
earthquake is considered as the result of the Palu fault 
activity, which is a strike-slip fault, and the slip happened 
at shallow depths. Severe damages and tsunami were 
caused by it. To understand the surface deformation and 
determine the co-seismic slip model, we processed images 
of PALSAR-2 SAR data using InSAR technique. In the 
interferogram, the biggest deformation along the LOS is 
1.828m.  
The preferred coseismic distributed slip determined from 
the InSAR displacements is shown in Figure 3. From the 
slip distribution, we can find that the Palu earthquake is 
dominated by sinistral motions with normal and thrust 
components in several individual segments. The 
maximum slip of ~4 m reaches the surface and the major 
slip (>1m) is concentrated in the fault zone shallower than 
16 km depth. With a shear modulus of 30 Gpa, the 
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estimated geodetic moment is 1.4�1020 Nm, equivalent 
to an earthquake of Mw7.4.  
We also calculated the permanent Coulomb Failure Stress 
changes on causative fault based on our preferred slip 
model. The CFS changes on the southern segment of the 
fault induced by two previous earthquakes. The results 
show that the ruptures of the two previous earthquakes 
resulted in CFS decreases, and the decreases of the CFS 
are intriguingly consistent with the 2018 Palu earthquake 
faults hosting limited slip. 

 

Fig. 1 Coseismic Interferogram of the 2018 
Palu Earthquake 

 
Fig. 2 Coseismic Deformation of the 2018 

Palu Earthquake 

 
Fig. 3 Coseismic slip distribution of the 

2018 Palu Earthquake 

3.2 The 2016 Mw7.0 Kumamoto earthquake 
A destructive earthquake of Mw7.0 occurred in the 
Kumamoto region, Japan, on April 16, 2016. Two images 
of SAR data from Advanced PALSAR-2 SAR were 
processed with InSAR techniques to cover the co -seismic 
deformation which associated with the main Mw7.0 
earthquake and the two foreshocks of Mw6.0 and Mw6.2. 
The InSAR results reveal that the most deformation area 
is concentrated on the junction region of the Futagawa 
fault and the Hinagu fault. And the maximum coseismic 
deformation is 0.653m along the Line-of-sight direction. 
The coseismic deformation shows that on the south of the 
fault trace the surface lifted during the earthquake along 
the Line-of-sight direction. While on the north of the fault 
trace the surface subsidence, and the maximum 
deformation is 0.600m. 
Until now, we are still working on the co-seismic slip 
model of this case. 

 

Fig. 4 Coseismic Interferogram of the 2016 
Kumamoto Earthquake 
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Fig. 5 Coseismic Deformation of the 2016 
Kumamoto Earthquake 

3.3 The 2018 Mw6.4 Hualien earthquake 
A moderate size 2018 Mw 6.4 earthquake struck the 
Hualien area, Taiwan on Feb 6, 2018. It resulted in 
serious damages in the city of Hualien. Four tracks of 
SAR data from Sentinel-1 and Advanced PALSAR-2 
SAR were processed with InSAR techniques to image the 
co -seismic deformation associated with earthquake. The 
InSAR results revealed that the maximum coseismic 
deformation is -0.497m in the Line-of-sight direction. We 
inverted the geodetic observations for the coseismic slip 
model of the mainshock. The best-fitting slip model 
shows that the Lingding fault extends to the north and 
dips to the west as the main causative fault, and the Milun 
fault (MF) dipping to the east with a low high dip angle, 
and the two faults are of predominantly left-lateral and 
minor thrust type. The maximum slip is 1.615m and the 
estimated geodetic moment is 8.8×1018N•m, equivalent to 
an earthquake of Mw 6.5. 

 

Fig. 6 Coseismic Interferogram of the 2018 
Hualien Earthquake from PALSAR-2 Track27 

 

Fig. 7 Coseismic Interferogram of the 2018 
Hualien Earthquake from PALSAR-2 Track136 

4. DISCUSSION 
 
As we know that the traditional InSAR technique can 
detect the seismic deformation only caused by strong 
earthquake, and the time interval between the two SAR 
images used to construct the interferogram is at least 
several days. But the time interval mentioned above limit 
the applications in earthquake monitor sometimes. In the 
2016 Kumamoto earthquake case, there were two 
foreshocks bigger than Mw 6.0 before the Mw 7.0 
earthquake. Since the time interval between the main 
shock and the two foreshocks is only 28 hours. It is 
difficult to distinguish the surface deformation caused by 
them. Fortunately, an image of PALSAR covered the 
earthquake area was collected between the mainshock and 
the two foreshocks by JAXA, it is very useful to 
distinguish the surface deformation. But for other 
earthquake cases, we are fearful that there will not be 
suitable SAR data to help us do this. One method may be 
that we can combine multi-platform data to improve the 
time resolution of InSAR results. 
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1. INTRODUCTION

Full polarimetric SAR data are capable of identifying 
radar scattering mechanisms on the ground, and they have 
been used to estimate land cover class by connecting the 
radar backscattering mechanism to the land cover condition 
both by day and by night in all weather conditions. Such 
characteristics make these data applicable to the detection 
of a disaster area, especially for emergency observations 
made soon after a disaster happens. Watanabe et al. [1] 
used Japanese L-band satellite SAR (PALSAR; Phased 
Array type L-band Synthetic Aperture Radar) full 
polarimetric data to detect landslide areas induced by the 
Iwate-Miyagi Nairuku earthquake of 2008, using the 
surface scattering component of a three-component 
decomposition model. Furthermore, σ0

HV has also been 
used to distinguish landslide areas with rough surfaces 
from other surface scattering areas such as pastures and 
vacant pieces of land with smooth surfaces.  

 Polarimetric decomposition analysis was conducted on 
the data before and after a landslide event with ALOS 
PALSAR data [2]. For the detection of landslides areas, 30-
m resolution full polarimetric data using unsupervised 
classification based on the Entropy-α plane are more useful 
than 10-m resolution single-polarization data. Czuchlewski 
et al.[3] use L-band airborne SAR polarimetry data, and 
identify the extent of the landslide, using scattering entropy, 
anisotropy, and pedestal height. They also pointed out that 
one post-event single polarized SAR image is insufficient 
for distinguishing and mapping landslides. Rodriguez et al. 
[4] use L-band airborne SAR polarimetry data, and show
the landslide scar areas are dominated by single-bounce
scattering and the surrounding forested regions are
dominated by volume scattering. Radar vegetation index,
pedestal height, and entropy are used to identify forest, to
separate the landslide area. Shimada et al. [5] used
Japanese L-band airborne SAR (Pi-SAR-L2; Polarimetric
and Interferometric Airborne Synthetic Aperture Radar L2) 
data to show that the change of land cover from forest
before a disaster to bare soil after a disaster was detected
well by the polarimetric coherence between HH and VV
(γ(HH)-(VV)). Shibayama et al. [6] confirm the usefulness of
γ(HH)-(VV) for detecting a landslide. They also pointed out
that in landslide areas, the polarimetric indices of
normalized surface scattering power (ps), normalized
volume scattering power (pv), and γ(HH)-(VV) change
drastically with the local incidence angle, whereas in
forested areas, these indices are stable, regardless of the

change in the local incidence angle. Several full 
polarimetric parameters have been suggested to detect a 
landslide area since now. In this study, air/satellite-borne 
full polarimetric L-band SAR data, obtained both before 
and after a landslide event, were used to determine the most 
appropriate full polarimetric parameters and observation 
direction for identifying an area affected by a landslide 
induced by heavy rain and earthquake. The data used in our 
analysis are unique for two reasons: 

1) They comprise full polarimetric data observed just
after the disaster (landslide). 

2) Air-born data were observed from four different
observational directions at the same time after the disaster. 
One of the directions was also observed before the disaster. 

2. Pi-SAR-L2 data

On October 16, 2013, Typhoon Wipha struck Izu 
Oshima Island, which is located 100 km south of Tokyo 
(Fig. 1), generating a rainfall rate that was recorded at 
122.5 mm/h. This heavy rain induced a large-scale 
landslide that affected an area of 1.14 million m2 and led 
to 39 people being dead or missing. The Geospatial 
Information Authority of Japan (GSI) used aerial 
photographs taken after the disaster to produce a landslide 
map [7], and the main landslide areas are identified in Fig. 
2. The locations of many landslides can be observed in the
mountain area, and some material displaced by the
landslides intruded into residential areas. These data were
used as the validation data.

The study area was observed before and after the 
disaster using Japanese airborne SAR (Pi-SAR-L and Pi-
SAR-L2). The Pi-SAR-L2 observations were acquired in 
four different observational directions (L203201–L203204, 
Fig. 1) six days after the disaster. The time required for the 
four flights was about one hour. Before the disaster, one Pi-
SAR-L observation (L03801) had been made on August 30, 
2000, in the same observational direction as L203201. 
Three of the four data (L203201, L203202, and L203203) 
were used to determine the parameters and directions most 
appropriate for detecting landslide areas. L203204 was not 
used, because its configuration (incident and azimuth 
angles to the landslide area) is almost same as L203202 
data. These parameters for detecting landslide areas 
included backscattering coefficient (σ0), polarimetric 
coherence (γ), eigenvalue decomposition [8], and four-
component decomposition parameters [9]. 
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Fig. 1 After the landslide: configuration of Pi-SAR-L2 

observations performed using four different observational 
directions (L203201-L203204) on October 22, 2013. 
Before the landslide: Pi-SAR-L observation (L03801) 
performed using same flight course as L203201 on August 
30, 2000. 

 

 
Fig. 2 Optical image of the disaster area. Red polygon 
represents the landslide map, produced by GSI [8]. (a) 
Before the disaster (June 1, 2010) (b) After the disaster 
(Octover 17, 2013). The green line indicates the border 
between forest and other areas obtained from GSI, and the 
light blue polygon represents the field experiment sites. 

 
The γ is calculated from the correlation between two 
polarimetric states (HH-HV-VV base, (HH+VV)-(HH-
VV)-(HV) base). The eigenvalue decomposition 
parameters consist of entropy/α/anisotropy, and they were 
obtained using PolSARPro [10]. Entropy represents the 
randomness of a scatterer, α represents the scattering 
mechanism (0° for surface scattering, 45° for dipole 
scattering or single scattering by a cloud of anisotropic 
particles, and 90° for double-bounce scattering), and 
anisotropy represents the relative importance of the second 
and the third eigenvalues. The four-component 
decomposition parameters (double-
bounce/volume/surface/helix scattering) are related to 
surface, volume, double-bounce, and helix scattering 
components on the earth’s surface, and they were obtained 
using a program of our own making. The processing 
window size for calculating the parameters was 7 × 7 
pixels.  

 
Fig. 3 a) Google earth image. b) Four component 
decomposition image obtained with PALSAR-2 on April 
21, 2016 (R: Double bounce scattering G: Volume 
scattering B: Surface scattering). 
 

3. PALSAR-2 DATA 
 

On April 14 and 16, 2016, two consecutive earthquakes 
occurred in Kumamoto area, and many landslides were 
induced. Several emergency observations were carried out 
with PALSAR-2, and one of them were done by the full 
polarimetry mode (FP6-5, Ascending) on April 21, 2016. 
The other full polarimetric observation with same 
observation mode was done on Dec. 3, 2015 before the 
disaster. Fig. 3 a) shows the Google earth image and Fig. 3 
b) shows four component decomposition image obtained 
with PALSAR-2 on April 21, 2016. Green represents 
volume scattering, red represents double bounce scattering, 
and blue represents surface scattering. α and γ(HH)-(VV) 
were also calculated from the full polarimetry data. 
Validation data were obtained from the GSI web site [11], 
and the size more than 1ha was used for the validation data.  
To emphasize the parameter difference before and after 

the disaster, normalized difference were introduced for α 
and γ(HH)-(VV) as following. 

afterbefore

afterbefore
normalized αα

αα
α

+
−

=∆                     

(1) 

after VV,HHbefore VV,HH

after VV,HHbefore VV,HH
normalized VV,HH

−−

−−
− +

−
=∆

γγ
γγ

γ                     
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4. RESULTS 
   

4-1 Radar reflection from the landslide areas 
 The four-component decomposition image obtained 

by Pi-SAR-L2 (ID: L203201) in Izu-island is presented in 
Fig. 4. Four component decomposition image, and α 
observed before and after the disaster near Aso Ohashi are 
presented in Fig. 5. The area, where larger α difference are 
observed between before and after the disaster are also 
shown in the figure. The landslide area shows the surface 
scattering is dominant scattering component, as pointed out 
by Watanabe et al. [12, 13], and Shibayama et al. [6].   
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Fig. 4. Four-component decomposition image obtained by 
Pi-SAR-L2 (ID: L203201, R: Double bounce scattering G: 
Volume scattering B: Surface scattering). The main 
landslide area is surrounded by the red rectangle. The field 
experiment sites are represented by red circles. 
 
Histogram of  α angle, αnormalized, γ(HH)-(VV), and γ(HH)-(VV), 
normalized for a landslide area in Kumamoto obtained before 
and after the disaster are presented in Fig. 6. The α angle 
before the disaster was more than 40°. On the other hand, 
The α angle before the disaster was less than 40°. The 
γ(HH)-(VV) was increased to be more than 0.5 after the 
disaster. Detection rate are estimated to be 63% in 
Kumamoto area. Main reason for the failure of the 
detection is a radar shadow, and the landslide area, where 
the area is vacant piece of land or low vegetation before the 
disaster. 
 
4-2. Landslide area detection in three different 
observational directions 
The entropy, α, and anisotropy obtained from the three 

different observational directions (L203201, L203202, and 
L203203) obtained by the Pi-SAR-L2 are presented in Fig. 
7. The main landslide area is delineated by the red rectangle. 
The forest area is indicated as the yellow area and the 
blue area represents the bare soil area, which also indicates 
the landslide area. A visual inspection reveals that the 
landslide area is detected well in L203201, wherein 
observations are made from the bottom to the top of the 
landslide, whereas the clarity is lower in L203203, with 
observations made from the top to the bottom of the 
landslide. Small directional dependency can be observed 
for Site 1, because the slope is 5°. Small directional 
dependency is also observed for the forest area near Site 2, 
because random scattering in the forest canopy induces less 
directional dependency. However, relatively larger 
directional dependency can be observed for Site 2, because 
the slope is 20°.  

The landslide area was clearly identifiable using data 
observed from the bottom of the landslide to the top. The 
clarity was degraded when using data observed from the 
top of the landslide to the bottom, indicating that smaller 
local incident angle is better to distinguish landslide and 
forested area. 

 
Fig. 5 Four component decomposition image observed a) 
before the disaster: Dec. 3, 2015 and b) after the disaster: 
Apr. 21, 2016. Eigenvalue decomposition image (R: 
Entropy G: α B: Anisotropy) observed c) before the 
disaster, and d) after the disaster. e) Google Earth image. f) 
The area, where larger α difference are observed between 
before and after the disaster with filter. Red: ∆α normalized  ≥ 
0.2 Orange: 0.2 > ∆α normalized ≥ 0.1 
 

 
Fig. 6 Histogram of (a) α angle, (b) αnormalized, (c) γHH−VV, 
and (d) γHH−VV, normalized for a landslide area obtained before 
and after the disaster in Kumamoto. 
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Fig. 7. Entropy, α, and anisotropy obtained from three 
different observational directions. Landslide area used for 
validation [7] is shown by red lines in a). The field 
experiment sites are represented by light blue circles. 
 

5. summary 
PALSAR-2 (Phased Array type L-band Synthetic 

Aperture Radar 2), L-band SAR on-board Advanced Land 
Observing Satellite-2 (ALOS-2), data were used to detect 
landslide caused by the 2016 Kumamoto earthquake. 
Difference of α angle and γ(HH)-(VV) obtained before and 
after the disaster were used. Some landslides occurred in a 
forest area before the disasters were detected by these 
parameters. But miss-identification were prominently 
observed. Forest mask was applied to the image taken 
before the disaster, so that it was confirmed that the forest 
mask worked well to reduce the miss-identification of 
landslide area. Detection rate are estimated to be 63%. 
Main reason for the failure of the detection is a radar 
shadow, and the landslide area, where the area is vacant 
piece of land or low vegetation before the disaster. 
Pi-SAR-L2 full polarimetric data observed in four 

different observational directions over a landslide area 
were analyzed to clarify the most appropriate L-band full 
polarimetric parameters and observational direction to 
detect a landslide area. The landslide area was clearly 
identifiable using data observed from the bottom of the 
landslide to the top. The clarity was degraded when using 
data observed from the top of the landslide to the 
bottom,indicating that smaller local incident angle is better 
to distinguish landslide and forested area. 
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1. INTRODUCTION

There is a great demand for deformation monitoring of very 
large areas by exploiting several SAR data frames [1, 2], 
which makes the wide swath mode of SAR an attractive 
imaging mode for large scale geophysical studies. It can 
provide a wide coverage with more than 300km range 
swath and short repeat cycle, which is significant for 
seismic displacement and large scale land subsidence study. 
A land deformation map over 300×300km area can be 
obtained by using only one wide swath data pair instead of 
processing several tracks of SAR data from stripmap mode 
based on DInSAR technique. The research of Wenchuan 
earthquake is a good example to see the advantages of 
ScanSAR interferometry [3, 4]. With the recent successful 
operation of Sentienel-1 and ALOS-2 mission, there is 
increasing interest in exploiting the wide-swath mode of 
SAR for measuring surface topography and deformation 
over large area. By using TOPS data from Sentienl-1, the 
land subsidence of Mexico city over 39000km2 area is 
obtained [5]. And the line-of-sight displacement of Nepal 
earthquake is studied by using ALOS-2 PALSAR 
ScanSAR mode data [6, 7].  

Due to groundwater over-exploitation, Beijing-Tianjin 
areas have been suffered from land subsidence during last 
two to three decades, which is the most serious land 
subsidence disaster area in China, and there are many 
previous works in this area using TerraSAR-X, Envisat 
ASAR, Cosmos-SkyMed, Radarsat-2 and Sentinel-1, 
which has shown large subsidence in Beijing and nearby 
region. ALOS-2 ScanSAR mode data has very wide 
coverage and high coherence, thus it can be used to acquire 
subsidence information for large region rapidly, which is 
less influenced by decorrelation and atmospheric effect.  In 
this work, we explore the ALOS-2 ScanSAR data and 
Sentinel-1 data from 2015 to 2016 to study the ground 
subsidence over Beijing-Tianjin area based on 3-pass 
DInSAR technique. The result shows that the ground 
deformation over large area can be benefit from ScanSAR 
interferometry greatly. And the two results has also been 
compared in the Beijing city, which has shown that the 
ALOS-2 ScanSAR results can obtain more accurate 

deformation than Sentinel-1 due to longer wavelength and 
less atmospheric effect.  

2. THE ALOS PALASR-2 SCANSAR DATA USED
IN THIS STUDY 

In order to investigate the ground subsidence over Beijing-
Tianjin area, the descending ScanSAR data of PALSAR-2 
are acquired on Sep.10 2015, Oct.22 2015 and Oct. 20 2016 
respectively using “full-aperture mode” compression 
method with dual-polarization HH and HV. Each product 
is divided into 5 sub-swath SLCs for 350km total swath, 
which covers Beijing-Tianjin and its surroundings. Fig.1 
shows the location and the range of this data and its 
amplitude. Because all of the data are acquired after Feb.8 
2015, there is no problem with burst overlap for ScanSAR 
interferometry. The table 1 shows the acquisition records 
used in this study and only HH polarization is considered 
for ScanSAR interferometry. 

Figure 1. (a) Location and range of ScanSAR data; (b) the 
amplitude map of the data 

Table 1. ScanSAR observation records for Frame 2800 Path 
32 used in this study 

Number Scene ID Date 
1 ALOS2070092800-

150910 
Sep. 10 
2015 

Master 

2 ALOS2076302800-
151022 

Oct. 22 
2015 

Slave for 
topography 

3 ALOS2130122800-
161020 

Oct. 20 
2016 

Slave for 
Deformation 

3. MEHODOLOGY

3-pass DInSAR technique is applied for ground subsidence,
which assuming that there is little deformation between the
first two images and the deformations happens between
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those two images with long temporal baseline. The two 
iamges without deformation are regarded as topo-pair for 
high precision DEM, and those two images for deformation 
estimation are combined as deformation-pair. The 
displacement phase can be obtained by [8],  

1212

13

13d φϕϕ ⋅−=
⊥

⊥

B

B                               (1) 

Where 13ϕ is the flatten phase of deformation-pair, 𝜙𝜙12 is 
the unwrapping phase of the topo-pair, 

⊥B is the 
perpendicular baseline. 
The main workflow is shown in Figure 2. Firstly, the 
earliest image is selected as the super-master image and the 
other two images are slave images. Both slave images are 
co-registrated on the super-master. After the two slave 
SLCs are resampled and applied spectral filter. Both topo-
pair and deformation-pair interferograms are generated. 
two images are interferometry and use MCF phase 
unwrapping method to unwrap the interferogram. Then the 
unwrapped interferogram is transformed into DEM by 
geocoding. The two SAR images with long temporal 
baseline are then coregistrated, and generating the 
differential interferogram by removing the phase estimated 
by previous DEM. Then use the MCF algorithm to unwrap 
the differential interferogram and generate the final 
deformation result. 
 

Master

Slave1 Slave2

Orbit Registering parameters 
estimation

Local frequency 
estimation

Registrating &
Resampling

Common Band 
Filter

Defo-pair 
Interferogram

Topo-pair 
Interferogram

Ramp fringe remove

Topography DInSAR
Interferogram

Deformation

Unwrapping

Fig. 2 Workflow of the proposed method 
 

4. EXPERIMENT 
Fig.3 shows the interferogram generated by topo-pair and 
defo-pair respectively. The orbital fringes are evident in 
Fig.3 (a) and (c). By using 3 degree polynomial 
approximation and a low-frequency filter, those non-
crustal fringes are removed and shown in Fig.3 (b) and (d). 
 
 

 
(a)                                         (b) 

 
(c)                                          (d) 

Figure 3. Original interferogram and the non-crustal fringe 
removed interferogram for topo-pair (a,b) and defo-pair (c,d) 
 
 

  
(a)                                           (b) 

Figure 4. The fringe of DInSAR interferogram (a) 
Original DInSAR interferogram; (b) non-crustal 

fringe removed 
 

After the topo-pair interferogram is unwrapped by snaphu 
method, the DInSAR interferogram is obtained by (1) 
presented in Fig.4(a). There seems some orbital fringes 
visible in Fig.4 (a) which are removed by a 3 degree 
polynomial approximation. 
 
By using ScanSAR interferometry, the whole region 
deformation of Beijing-Tianjin and its surroundings can be 
mapped. It is clear that there are about 7 main “sink holes” 
in 2016 over the whole plain region as shown in the 
deformation map of Fig.5. 
 
1) Beijing area 
The main ground subsidence zones occurred in the east and 
north of the Beijing plain which are corresponding to 
Liyuan, Zhangjiawan and Songzhuang town in Tongzhou 
district (the 2nd circle in Fig.5) and Shangzhuang town and 
Shahe town at the junction of Haidian and Changping 
district (the 1st circle in Fig.5), where the deformation 
exceeds 120mm and 70mm in 2016. 
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Figure 5. The line-of-sight deformation map of 

2015.10-2016.10 
 
2) Tianjin area 
The main subsidence zones occurred in the northern coastal 
of Binhai New district (the 5th circle in Fig.5) and the 
junction of southern Wuqing distric and west of Xiqing 
district (the 6th circle in Fig.5) where the deformation 
exceed 70mm and 100mm during the observations. 
 
3) Surroundings area 
There are three main subsidence zones occurred, which are 
Langfang city (the 3rd circle in Fig.5), shengfang town in 
Bazhou city (the 7th circle in Fig.5) and Baigou town in 
Boding city (the 4th circle in Fig.5) respectively. 

 

The deformation results for ALOS-2 ScanSAR in Beijing. 
Using the small temporal baseline interferometric pair to 
generate the high precision DEM in Figure 6(a), and using 
DInSAR to generate subsidence in Beijing in Figure 6(b). 
 

 
                    (a)                                          (b) 

Fig.6 ALOS-2 deformation results: (a) DEM; (b) 
Subsidence 

To compare ALOS-2 and Sentinel-1, we use the multi-
temporal InSAR results in Beijing by Sentinel-1 [9]. And 
both deformation results of ALOS-2 and Sentinel-1 are 
shown in Figure 3. 

 
                     (a)                                          (b) 

Fig. 7. Deformation in Beijing estimated by (a) ALOS-
2; (b) Sentinel-1 

Compared to the C-band deformation result, the ALOS-2 
has shown more accurate deformation results due to less 
atmospheric effect influence and high coherence with the 
long temporal baseline. From Figure7, we can see that 
subsidence in Beijing mainly occurs in Tongzhou, 
Chaoyang and Changping district, and it is closely related 
to economy and residential development in Beijing. 
Besides, the maximum subsidence rate reaches 154mm/y, 
which is located in Tongzhou district. And we can 
conclude that the main reason of land subsidence in Beijing 
is the groundwater over-exploitation due to the expansion 
of city and population. 
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1. INTRODUCTION

When a volcano erupts, a 3-phase system abruptly 
crosses the threshold from quasi-static equilibrium to 
turbulent instability. Understanding the dynamics of such a 
system requires measuring and modeling processes that 
operate on characteristic scales ranging over many orders 
of magnitude. NSF’s 2009 GEO Vision Report identified 
“ten primary research challenges in the area of prediction 
of hazardous events”, including, “understanding the 
fundamental processes of plate boundary interactions, 
earthquake generation, and volcanic eruptions”. To meet 
this challenge requires: (a) mapping the three-dimensional 
structure of a large magmatic system; (b) tracking its 
evolution on time scales of weeks to years, and (c) linking 
these observations to processes acting on longer, 
geological time scales.  

We propose to study several historically active 
volcanoes in the Central America Volcanic Arc (CAVA) in 
Guatemala. Specifically, the sites include: Santiaguito, 
Almolonga, Atitlán, Acatenango, Fuego, and Pacaya 
(Figure 1).  

Figure 1: Location of the major volcanoes of 
Guatemala. The location of the Santiaguito volcano on 
this map is the same as that of Santa Maria volcano. 

2. RECENT VOLCANIC ACTIVITY

Almolonga, Atitlán and Acatenango volcanoes are not 
currently active; their last registered eruptions occurred in 
1818, 1853, 1972, respectively. There is a geothermal field 
at Almolonga.  

Santiaguito’s most recent activity has consisted of weak 
to moderate explosions with ash plumes, short pyroclastic 
flows, block and ash avalanches, lava flows and lahars [1]. 
The Santiaguito lava dome complex has been growing 
persistently since 1922 in the explosion crater formed by 
the 1902 eruption of the Santa Maria Volcano. Activity 
since 1922 has consisted of intermittent explosions and ash 
plumes and the extrusion of dacitic lava flows, forming a 
dome complex of ~1.1 km3 [2]. Since 1977, activity has 
been centered on El Caliente vent. An average extrusion 
rate between 1922 and 1984 of 0.46 m3/s was estimated 
from detailed field mapping and thermal satellite imagery 
showed a cyclical pattern in extrusion between 1987 and 
2000 with a short (3-6 yr) burst of high rate extrusion, 
followed by a longer period (3-11 yr) at a lower rate, with 
an overall decay in extrusion rate between 1922 and 2000 
[2]. Activity at Santiaguito has changed from endogenous, 
where the dome grows by the subsurface accumulation of 
magma (1922-1929), through a period of transition (1929-
1958) to exogenous behavior (1958 onwards), where lava 
is extruded onto the ground surface [2]. Later observations 
show an increased extrusion rate in 2002 [3] and more 
recently in 2011-early 2012. A study using ALOS data 
between 2000-2010 detected no magmatic deformation [4]. 
They also observed changes in flow morphology over this 
time and measured of lava subsidence up to 6 cm/yr [4]. 
Broadband seismometers have been used to measure cycles 
of recoverable, near-vent deformation at Santiaguito 
(eruptive cycle of ~1h) [5] and Fuego (tilt begins ~ 25 min 
before explosion) [6]. Explosions at both volcanos are 
associated with conduit pressurization processes [5], [6].  

Pacaya volcano’s late activity is characterized by 
multiple semi continuous lava flows and intermittent 
strombolian activity, with ash and fumerolic plumes. Mass 
flux estimated from SO2 degassing flux and melt inclusion 
sulphur content exceed effusion rate by 2 or 3 orders of 
magnitude [1]. Estimations of volume flux suggest that 
there is no localized magma accumulation above depths of 
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~ 40 km [1]. A 2-day eruption in 2010 produced a ~3 m 
displacement of the flank of the edifice, as well as 
topographic changes, confirming the threat of slope 
instability at Pacaya [7], [8].  

Fuego’s late activity is intermittent moderate 
strombolian with pyroclastic flows, lava flows and ash 
plumes [1]. In June 2018, the volcano erupted violently and 
with little warning, sending ash nearly four miles into the 
air, and burying villages under an avalanche like 
pyroclastic flow of super-heated ash and volcanic gasses. 
More than 150 fatalities were reported. 

In the time span of ALOS, the downsampled 
interferograms have shown that the Pacaya volcano is the 
most promising target to study with images from this 
satellite, for a signal has been detected even with a 
treatment suited for different processes [8]. 
 

3. RECALL OF THE OBJECTIVES OF THE 
PROJECT AND BROADENING OF ITS SCOPE 

 
Previous studies [4], [7], [9] have used InSAR data to 

search for magmatic deformation in the historically active 
volcanoes of the Central America Volcanic Arc (CAVA) 
and detected none. This could be related to magma storage 
that doesn’t favor surface deformation rather than to 
InSAR monitoring limitations [1]. However, shallow 
subsidence associated with flow deposits and edifice 
loading was measured at three volcanoes, one of which 
(Santiaguito) is located in Guatemala [1].  

The original objective of our proposed research was, 
thus, to improve our understanding of the complex 
processes that drive the volcanic activity in in Guatemala. 
To this end, our proposal was to integrate geological, 
geodetic and geophysical observations to constrain the 
modeling of the processes driving volcanic activity in 
Guatemala. We aimed to establish with the recent InSAR 
data whether there is detectable magmatic deformation on 
the proposed sites and to measure other changes in 
topography, such as shallow lava subsidence, that provide 
useful information that, together with other available 
geological, geodetic and geophysical data, help understand 
the underlying processes of named volcanic activity. For 
this, we planned on using both pair-wise analysis of InSAR 
data and time-series analysis of multiple InSAR pairs. 

During the course of the PhD of the PI on this project, 
an opportunity of a collaboration between UW-Madison 
and ISTerre, Grenoble was presented, which was of 
particular interested since the grad student is originally 
from Guatemala, and the proposed region of study was the 
same. This collaboration regarded a project of combining 
GPS, InSAR and optical image correlation to study string 
partitioning at the different fault systems of the zone. The 
project also aimed to be the start of a long term 
collaboration between the three countries involved to use 
geodesy in the study of different geological processes in 
the region, tectonics and volcanoes included. As part of the 
project, a GPS survey in 2018 was performed and we used 
the opportunity to stablish contact with INSIVUMEH 
(Institute of Seismology, Volcanology, Meterology and 
Hidrology). We learned that, although the seismic network 
in the country is not particularly dense, there’s some 

regular seismic monitoring of the Pacaya, Santiaguito, and 
Fuego volcanoes. However, we also learned that the GPS 
active network of the country (encompassing most of the 
continuous GPS stations), which belonged to the IGN 
(National Geographic Institute) was offline and not storing 
data anymore, and was finally dismantled by 2019.  

 
4. DATA ANALYSIS 

 
Our main interest in using the ALOS1 and ALOS2 

images was that, due to the dense vegetation in large parts 
of the Guatemalan territory, L-band images were best 
suited to study volcanic or tectonic processes in the area. 

As part of the above mentioned collaboration we began 
analyzing ALOS1 data from three adjacent tracks: 170 (20 
images, 64 interferograms), 171 (15 images, 58 
interferograms) and 172 (21 images, 78 interferograms) 
(Figures 2 and 3), which cover the volcanoes of interest as 
well) for the study of strain partitioning using the NSBAS 
(New Small Baseline) processing chain [10], correcting for 
tropospheric delays [11], and also applying DEM 
corrections [12] (Figures 4 and 5). We aimed to use this 
work to establish the optimal processing steps and 
corrections for interferograms that would be later used for 
time series analysis to isolate slow deformation 
(tectonic/interseismic and volcanic).   Participation on this 
collaboration delayed our activities focused on volcanoes, 
but served as a learning path on InSAR data processing for 
the grad student, as well as a first order exploratory tool of 
data quality in the region. We also ordered ALOS-2 data 
(paths 147, 148, and 149) up to February 2018, covering 
the area of interest (Figure 6), but we haven’t processed 
those yet. 

 

 
 
Figure 2: Coverage of ALOS1 data [13]. Regional 

tectonic setting [14]. Seismicity from Dec. 31 2006 to 
Apr. 1 2011 from the Global CMT catalog). Blue boxes 

show the location of the ALOS1 tracks used for our 
preliminary analysis. 
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Figure 3: ALOS1 interferogram networks for 

tracks 170 (top), 171 (center), and 172 (bottom). 

 
Figure 4: Examples of interferograms after 

tropospheric corrections and flattening in range 
and azimuth [13]. Top: comparison of different 
temporal baselines (Bt) for small perpendicular 
baselines (Bperp < 70m). Bottom: comparison of 

different Bperp for small Bt (1-2 months). 

 
Figure 5: Interferogram in Pacaya volcano area 

before (left) and after (right) DEM correction [13]. 
 

 
Figure 6: Coverage of the ALOS2 data. 

 
From our work with ALOS1 data, we learned our data 

presents strong atmospheric phase delays and coherence 
loss partly due to large topographic variations (~3000 m). 
The velocity fields obtained from time series inversion of 
the interferograms corrected for tropospheric delays show 
long wavelength signals with strong gradients not 
corresponding to any tectonic features (Figure 7). These are 
likely due to ionospheric phase delays, which are pervasive 
in our data set in the latitudes of interest. Thus, careful 
modeling and correction of ionospheric phase delays [15] 
are required in order to enhance the signal-to-noise ratio of 
tectonic deformation in our study area (Figure 8).  

Unwrapping of the interferograms has proven difficult 
due to low coherence, particularly at the tropical forests to 
the north and near the southern coastal areas, where the 
volcanic chain is located and small deformation associated 
to subduction processes is expected [16]. To date, we 
haven’t succeeded to achieve this satisfactorily. Thus, our 
InSAR derived velocity fields from time series analysis of 
our interferograms are still very noisy and do not isolate 
well the tectonic signal. Our progress in this large scale 
InSAR project was presented in posters in MDIS-
Form@Ter Colloquium 2017 [13], 19th General Assembly 
of WEGENER 2018 [17], and AGU Fall Meeting 2018 
[18]. 

 
5. FUTURE WORK 

 
We continue to work on improving the quality of our 

interferograms processed with NSBAS and also exploring 
other means of processing, such as the use of ISCE (InSAR 
Scientific Computing Environement) software [19] to 
perform and establishing collaborations to attempt DS 
(Distributed Scatterers) Interferometry techniques [20]. 
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Figure 7: LOS-velocity map from time series 

inversion of ALOS1 interferograms [17],[18]. 
Convention is negative approaching the satellite. 

Continuous black lines show the location of stacked 
profiles AA’ (middle) and BB’ (bottom) over the 
common area of the ALOS1 adjacent tracks, for 

quality control [17],[18]. Thin black lines show the 
halfwidth of the stacked profiles. The profiles are also 
compared to Sentinel-1 data and the predictions from 

a block model for the area (tdefnode [16]). 

 

  
 

Figure 8: Correction of ionospheric phase delays 
for two interferograms from our data set performed 

with ISCE [18]. Left panels are interferograms before 
correction, center panels show the ionospheric phase 

delay, and right panels show the corrected 
interferograms. 

 
The PI of this project obtained her PhD on December 

2020 by finishing her main project at the University of 
Wisconsin-Madison. She is currently based in Guatemala 
as a Professor/Researcher at the local public University, 
where she will continue to work on this InSAR project with 
the support of her collaborators in the United States and 
France, and she is now in a position to also engage local 
students in the project.  

Thus, besides the ongoing work with ALOS1 data, we 
plan to retrieve and analyze existing SAR data covering 
study area from archives of JERS-1. We will also use the 
acquired ALOS2 images to search for deformation related 
to volcanic processes for all the above mentioned 
volcanoes,  as well as tectonic deformation for our large 
scale deformation project.  

After the June 2018 eruption, Fuego volcano has 
become of particular interest and we expect to acquire 
available ALOS2 images from February 2018 to date, in 
order to span pre- and post-eruption times. Data processing 
will consist of pair-wise analysis, performing the pertinent 
atmospheric corrections, and time-series analysis and 
inverse modeling of multiple InSAR pairs.  

The results will be presented at a conference such as the 
Fall Meeting of the American Geophysical Union (AGU) 
and submitted for publication in the international, peer-
reviewed literature.  
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1. SUMMARY

We have processed ALOS-2 and other satellite InSAR 
images into high-quality deformation images by correcting 
various artifacts. We have harnessed the complementary 
strengths of high-spatial-resolution ALOS-2 PALSAR-2 
InSAR deformation maps and high-temporal-resolution 
GPS solutions, and integrated them to produce time-variant 
models of deformation sources through Kalman filtering, 
enabling greater understanding of volcanic processes 
before, during and after eruptions of Aleutian volcanoes. 
Our investigation has improved our understanding of 
volcanic plumbing systems over selected volcanoes along 
the Aleutian arc.  

2. L-BAND INSAR COHERENCE MODELING

InSAR provides capability to detect surface deformation. 
Numerous processing approaches have been developed to 
improve InSAR results and overcome its limitations. 
Regardless of the processing methodology, however, 
temporal decorrelation is a major obstacle for all InSAR 
applications especially over vegetated areas and dynamic 
environments such as Alaska. Temporal coherence is 
usually modeled as a univariate exponential function of 
temporal baseline. It has been, however, documented that 
temporal variations in surface backscattering due to the 
change in surface parameters, i.e. dielectric constant, 
roughness, and the geometry of scatterers, can result in 
gradual, seasonal, or sudden decorrelations and loss of 
InSAR coherence. The coherence models introduced so far 
have largely neglected the effect of the temporal change in 
backscattering on InSAR coherence. We have introduced a 
new L-band temporal decorrelation model that considers 
changes in surface backscattering by utilizing the relative 
change in SAR intensity between two images as a proxy 
for the change in surface scattering parameters. Our model 
also takes into account the decorrelation due to the change 
in snow depth between two images (Fig. 1). Using the L-
band ALOS-2 PALSAR-2 data over Alaska, a new L-band 
temporal coherence model has been assessed. The model 
decreases the root-mean-square error of temporal 
coherence estimation from 0.18 to 0.09 in average [1]. The 
improvements made by our model has been statistically 
proved to be significant with 99% confidence level. We 
have also found that 14-day L-band coherence over snow 

can be much higher than expected. This indicates that 
InSAR monitoring of Aleutian can be done with L-band 
images acquired within a couple of weeks during winters.  

Fig. 1 Temporal coherence functions from the 
conventional coherence model A and our developed 
model B as well as coherence observations over forest 
(top) and shrub (bottom).  In conventional model A, the 
temporal coherence is modeled as a univariate 
exponential function of temporal baseline. Our newly 
developed temporal coherence model B considers 
changes in surface backscattering by utilizing the 
relative change in SAR intensity between two images as 
a proxy for the change in surface scattering parameters. 
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3. EPISODIC INFLATION AND COMPLEX 
SURFACE DEFORMATION OF AKUTAN 

VOLCANO, REVEALED FROM GPS SERIES 
 
Akutan is one of the most active volcanoes in the Aleutian 
arc. Studies involving seismic, GPS, and InSAR data have 
observed activity and deformation on the island since 1996 
[2-5]. Here we inverted measurements of volcanic 
deformation, observed using three components of motions 
at 12 continuous GPS sites to define magma source 
parameters using Mogi point source and Okada dislocation 
models. In order to analyze the evolution of this magma 
source we split the GPS data into five consecutive time 
periods, and one period that incorporates all available data. 
These time periods are designed around two inflation 
events in 2008 and 2014, when a sudden and significant 
increase in vertical velocity is observed (Fig. 2). Inversion 
of these time periods independently has allowed us to 
create a magma volume time-series that is related to the 
physical migration of magma through the estimated source 
parameters (Fig. 3). The best fit model parameters resulting 
from these inversions describes a planar surface of magma 
storage centered on the northern rim of the caldera of 
Akutan volcano, extending from a depth of 6 km to10 km, 
with a length of ~4 km, a strike of ~N50°W, and shallow 
dips of ~30° from the horizontal extending to the northeast 
(Fig. 3). The inflation event in 2008 contributed a large 
injection of magma (0.005 km3) followed in 2014 by an 
additional increase in volume of 0.00417 km3. No periods 
of deflation are observed in the GPS data after these events, 
and we believe the total volume of magma accumulated in 
this region 0.0107 km3 remains as a hot, partial melt. Our 
model results are compared with seismic studies and found 
to support previous interpretations of episodic inflation 
beneath Akutan volcano with complicated magma storage 
at intermediate depths [6].  
 

 

Fig. 2 Time-series of daily position solutions relative to 
stable North America at a GPS over Akutan volcano 
are plotted for the east (top), north (middle) and 
vertical (bottom) components. The horizontal 
components, east and north, have been detrended, but 
deflation events are still barely visible. Red lines 
separate the five time periods, pre-2008 (1), 2008 event 
(2), 2009–2013 (3), 2014 event (4), and post-2014 (5). 
Additionally, all of the available data were used as a 
time period extending from the beginning of pre-2008 
to the end ofpost-2014. Velocity estimates are indicated 
for each time period, illustrating the sharp increase in 
velocity associated with the 2008 and 2014 inflation 
events. 

 
 
Fig. 3 Source locations for each of the best fit models 
in each time period (Fig. 2) of Akutan volcano. All is in 
black, pre-2008 is purple, 2008 is yellow, 2009–2013 is 
blue, 2014 is red, and post-2014 is green. 

 
4. RECENT ERUPTIVE ACTIVITY AT SHRUB 

MUD VOLCANO  
 
Shrub mud volcano is one of three large mud volcanoes 
that comprise the Klawasi Group in the Copper River Basin 
of southcentral Alaska. Except for minor discharges in the 
mid-1950s when the group was first described, Shrub was 
dormant prior to its reactivation in summer 1996. From 
1997 to 1999, Shrub vigorously erupted more than 5 x 105 
m3 of saline mud and CO2-rich gas at temperatures as high 
as 54˚C. Thereafter, activity waned but continued at least 
through 2015. We have analyzed 192 interferograms 
derived from 106 SAR images acquired by the JERS-1 (L-
band), ERS-1/2 (C-band), RADARSAT-1 (C-band), and 
ALOS PALSAR (L-band) satellites to characterize ground 
deformation at Shrub before, during, and after its 
reactivation. Collectively, the interferograms span 1992–
2000 and 2006–2011. We fit the observations with two 
deformation sources: a deflating, steeply-dipping, pipe-like 
body under the summit area and an inflating, shallow-
dipping, sill-like body under the southwest flank. Both 
sources are shallow, with centroids less than 1 km beneath 
the summit. Prior to reactivation, the flank source inflated 
~0.35 x 105 m3/yr from July 1992 to May 1996. During 
eruptive activity, the summit source deflated at higher rates 
that peaked at -8.71 x 105 m3/yr during May–November 
1997 and continued at -0.95 x 105 m3/yr during the 2006–
2011 observation window [7]. Cumulative source-volume 
loss is comparable to the volume of mud erupted. We 
interpret the summit source as the volcano’s feeder conduit 
that pressurized prior to the first SAR observation in 1992. 
Also before 1992, the conduit ruptured to feed a lateral 
intrusion of mud under the southwest flank, perhaps along 
a bedding plane in underlying glaciolacustrine deposits. 
The growing sill caused the southwest flank to inflate while 
it accommodated the mud supply from depth, which 
explains why we observed pre-eruptive inflation of the 
flank but not the summit. The summit began deflating 
when the conduit ruptured to the surface at the onset of 
eruptive activity. The flank source did not deflate 
concurrently because the weight of the thin overburden was 
insufficient to collapse the sill. There is a suggestion in the 
modern topography that lateral intrusions under Shrub’s 
southwest flank are a common feature of activity there.  
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Fig. 4 Examples of interferograms showing 
deformation of Shrub volcano between 2006 and 2011 
during the post-activity period: (a) - (e) are ascending 
ALOS PALSAR path 252 pairs between 2006/10-
2008/07(~0.8 years), 2007/07-2008/07 (~1 years), 
2007/07-2010/06 (~2.9 years), 2008/07-2009/09 (~1.2 
years) and 2010/12-2011/03 (~3 month), respectively; (f) 
- (i) are descending ALOS PALSAR path 596 pairs 
between 2006/06-2009/07 (~3.1years), 2007/07-2008/07 
(~1 years), 2007/07-2010/06 (~2.9 years) and 2008/07-
2009/07 (~1 years), respectively. 
 

 
Fig. 5 Time series of estimated volume changes in the 
combined flank + summit sources at Shrub volcano, 
with linear fits showing average rates. (a) July 1992–
May 2000; (b) May 2006–March 2011; (c) July 1992–
March 2011. Satellites and orbital paths for individual 
interferograms are shown in lower left of each panel. 

 
 

5. INFLATION OF OKMOK VOLCANO DURING 
2008 TO 2020 FROM PS ANALYSES AND SOURCE 
INVERSION WITH FINITE ELEMENT MODELS 

 
Okmok volcano, located on northeastern Umnak Island 
along the eastern end of the Aleutian island arc, is one of 
the most active volcanoes in Alaska, producing multiple 
eruptions in the past century [2, 8-17]. The most recent 
eruption, which occurred during July-August of 2008, was 
the most explosive since the early nineteenth century. In 
the years following the 2008 eruption, Global Navigation 
Satellite System (GNSS) and InSAR observations indicate 
that Okmok has inflated at a variable rate of 40-195 mm/yr. 
In this study, we have investigated the post-eruptive 
deformation of Okmok (2008-2020) using InSAR and 
GNSS. L-band ALOS-2, C-band Sentinel-1/ Envisat and 
X-band TerraSAR-X data have been analyzed with 

Persistent Scatterer (PS) InSAR method (Fig. 6). The 
deformation time series calculated from InSAR and GNSS 
are assimilated into finite element models (FEMs) using 
the Ensemble Kalman Filter (EnKF) to track the evolution 
of the magma system through time. The deformation time-
series, estimated magma accumulation, and stress changes 
are compared with those during the last inter-eruption 
period (1997-2008), providing critical information on the 
probability of next eruption. 
 

 
 
Fig. 6 Cumulative deformation maps of Okmok volcano 
from ALOS-2 P92 track. 
 

 

 
 
Fig. 7 Comparison of deformation time series at Okmok 
volcano from InSAR with the CGPS observations in the 
LOS direction: (a) (b) (c): deformation from Envisat 
P222 track and GPS at station OKCE, OKNC and 
OKSO, respectively; (d) (e): deformation from ALOS-
2 P92 and GPS site OKCE and OKSO, respectively;  (f) 
(g) (h): deformation from ALOS-2 P93 and GPS site 
OKCE, OKNC and OKSO, respectively; (i): 
deformation from TerraSAR-X P116 and GPS site 
OKCE. All the GPS observations are referenced to 
OKFG and are shifted to the same reference data of the 
InSAR observations, respectively. 
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ABSTRACT 

Several techniques have proposed to observe long-term land 
deformation using phase information of synthetic aperture 
radar (SAR), for example, InSAR, DInSAR, PS-InSAR, 
SBAS using spaceborne SAR images. But every mission of 
spaceborne SAR has an orbit duty period less than ten years 
and other problems of discontinuity or blank period of 
observation using the similar specification of sensors. Hence 
land deformation with an observed time of more than ten 
years is not available to be monitored continuously using a 
single mission. This research proposed a method called 
Bridging Consecutive DInSAR (BC-DInSAR) to connect 
Consecutive DInSAR. These methods were employed to 
investigate land deformation and the impact caused by hot 
mudflow accident at Regency of Sidoarjo, Indonesia, where 
this disaster happened on 29 May 2006 and is flowing until 
now. The differential GPS data since 2006 was employed to 
validate the analysis result of BC-DInSAR, which obtained 
0.46 m RMS error. 

Index Terms— Synthetic Aperture Radar, Consecutive, 
DInSAR, Law of conservation of material, Multi Sensor 

1. INTRODUCTION

Synthetic Aperture Radar (SAR) is well-known as a 
multi-purpose sensor that can operate in all-weather and 
day-night time. The SAR system generates images that 
contain information on intensity, phase, and polarization. 
Several methods have proposed to observe disaster and 
environmental change using phase information, especially 
interferometric SAR (InSAR) and differential InSAR 
(DInSAR) for single event change by a pair of images, 
Permanent Scatterer InSAR (PSI) to derive velocity of land 
deformation.  

The author has proposed the Consecutive DInSAR (C-
DInSAR) technique to observe long-term land deformation 
using images of JERS-1 SAR and ALOS-1 PALSAR-1 
sensors [1]. Satellite mission has limited operating period, 
i.e., JERS-1 and ALOS-1 were operated by JAXA from 15
April 1992 to 11 October 1998, 15 May 2006 to 13 April

Fig.1.  Concept of Bridging Consecutive DInSAR 

Fig.2. Subsidence and mudflow model 

2011; ERS-1, ERS-2, and Envisat were operated by ESA 
from 17 July 1991 to 10 March 2000, 21 April 1995 to 4 
July 2011, and 1 March 2002 to 8 April 2012, respectively. 
Therefore, the previous C-DInSAR technique remains the 
issue to derive land deformation between two periods of 
different satellite missions. Therefore, this research 
proposed a Bridging C-DInSAR (BC-DInSAR) method to 
connect two or more C-DInSAR to realize long term 
continuous observation using spaceborne multi-sensor in 
multi-mission. 
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2. PROPOSED METHOD 
 

The author proposed the C-DInSAR method in 2012 
using SAR images of two missions of JERS-1 SAR and 
ALOS-1 PALSAR-1 to observe land deformation [1]. This 
method remained an issue on land deformation estimation 
derived by C-DInSAR between two missions, e.g., JERS-1 
and ALOS-1 or blank satellite mission from 1998 to 2004. 
A. Bridging Consecutive DInSAR 

Fig.1 shows the concept of Bridging Consecutive 
DInSAR (BC-DInSAR), where this method solves the blank 
satellite mission by employing a digital elevation model 
(DEM) at the end of the earlier satellite mission and 
beginning of later satellite mission. For example, we have 
three satellite missions (Satellite-1, Satellite-2, and Satellite-
3) shown in Fig.1. Each image of C-DInSAR of analyzed 
mission as C-DInSAR-1, C-DInSAR-2, and C-DInSAR-3. 
DEM of Satellite-1 (DEMS1-1) is derived using a pair of 
images observed in closed time at the end period of the 
satellite-1 mission.  The image pair recorded in close time to 
get high accuracy of DEM. The same manner is done to 
derive DEM using a pair image at the beginning period of 
the satellite-2 mission to get accurate DEMS2-1. Then 
DEMS2-1 was eliminated using DEMS1-1 to get 
information on land deformation of the study area in blank 
mission period. The same manner for further analysis of land 
deformation using later satellite missions, i.e., Satellite-3 
and so on. 

B. The Law of Material Conservation  

We propose the model of continuity equation of the law of 
conservation of material to estimate the volume of released 
material in the study area as Fig.2. S is analyzed subsidence 
area with a volume of material (mud) inside and material 
density are V (m3) and m (kg/m3), respectively. The pressure 
of material outflow is caused by subsidence, gravity’s 
pressure G, heating’s pressure H by magma, and inner 
Earth’s pressure E with velocity v on surface S’s change. We 
consider a small area S with perpendicular or norm vector 
n, and flow strength or current of spouted material 
(mudflow) P (kg/m2s) to derive the relationship of the 
current of spouted material on drilling well’s hole and 
velocity of release material as shown on Fig.2. The current 
means an outflow of material on surface S, where the 
outflow causes the material volume decreases in this closed 
surface. In other words, if the total material in this closed 
surface S is V, and the material density at the point indicated 
by the coordinate vector r is m, hence this phenomenon 
could be derived as 

 

                (1) 

 
 

 

 
Fig.3. Map of the study area: Hot mudflow at Regency of Sidoarjo, 
Indonesia 

 
The mud sample collected in ground surveys and the 

density m is measured as 1,400±200 kg/m3. In this model, 
we focus to investigate the contribution of subsidence that 
caused the current and volume of released material, 
therefore we simplify Eq.(1) as 

         (2) 
Then the left side can be derived from Gauss's theorem and 
since V can be of any size, if we consider V as a very small 
volume ∆𝑉 around the point r, then we obtain 

                (3) 
Eq.(3) shows a continuity equation and expresses the law of 
material conservation of material (hot mud). In the case of 
steady material, the material density does not change over 
time. In the case of subsidence in this study, we don’t 
consider other potential or pressures. In other words, we 
only consider the current that generated by the subsidence or 
volume change on Fig.2 that could be derived by the 
proposed BC-DInSAR. 

As the assessment and demonstration of the BC-DInSAR, 
we applied it to analyze long-term land deformation of hot 
mudflow at the regency of Sidoarjo, East Java province, 
Indonesia, then spouted volume estimation using equations 
above, as discussed in the further sections.   

 
3. STUDY AREA 

 
The study area locates in the Regency of Sidoarjo, the 

southern capital city of East Java province, Surabaya as 
shown in Fig.3. This area is the location of the various 
industry includes oil and gas industries for domestic and 
export. This area is a strategic area to connect the capital 
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city, Surabaya, and the southern East Java province. This 
figure shows landuse map of the study area and the position 
of differential Global Positioning System (DGPS) stations 
for validation. 

   Indonesian private gas and oil industry, Lapindo Brantas 
Inc started to drill the site in February 2006 for the first test 
drilling with depth well in Banjar Panji 1 (BJP-1) station 
targeted with 4,000 m depth at Reno Kenongo village of the 
district of Porong for gas exploration. Hot mud bubble and 
gas release started to flow at 150 m away from BJP-1 
drilling well on 29 May 2006, where this accident is 
considered by miss procedure in drilling activity. The hot 
mud flew to settlement and the industrial area surrounding 
the accident well and destroyed 600 ha and 16 villages in 
Porong, Jabon, and Tanggulangin districts. About 8,200 
people in Reno Kenongo, Siring, Jatirejo, and Kedung 
Bendo villages evacuated in August 2006.  

The hot mud and gas spout in the study area since May 
2006 generated subsidence and serious damage around the 
center of the accident area. In this research, the impact of 
subsidence in the study area was investigated numerically by 
the proposed BC-DInSAR method using images of Fine 
Beam Single Polarimetric (FBS) and Fine Beam Dual 
Polarimetric (FBD) modes of ALOS-1 PALSAR-1 and SM3 
mode of ALOS-2 PALSAR-2 between 19 May 2006 and 14 
July 2020. 
 

4. SATELLITE IMAGES, ANALYSIS USING BC-
DINSAR, AND VALIDATION USING DGPS 

 
A. Analysis using BC-DInSAR 

Firstly, the C-DInSAR images of ALOS-1 PALSAR-1 
generated by using images of FBS mode (ascending) for the 
period of 19 May 2006 to 24 November 2008. ALOS-1 
satellite did not cover the same area with FBS mode after 24 
November 2008. Therefore, we continue the C-DInSAR 
using FBD mode images (ascending) in period 4 October 
2008 to 25 August 2010. Then we employed image pair of 
25 August 2010 and 10 October 2010 (FBD mode) to 
generate a digital elevation model (DEM) as DEMS1-1 in 
Fig.1 to bridging to consecutive images generated by ALOS-
2 PALSAR-2 images.  We processed the ALOS-1 PALSAR-
1 images (FBS and FBD modes, original data: Level 1.0 or 
raw data, resolution 20 m) using JAXA SIGMA-SAR 
software [2] to obtain interferogram for C-DInSAR and 
DEMS1-1 for bridging to DEMS2-1 generated by ALOS-2 
PALSAR-2 images in the next process.  

Secondly, DEM of ALOS-2 PALSAR-2 was derived 
using Stripmap (SM3) mode of 7 July 2015 and 15 
September 2015 images with 20 m of output resolution to 
adjust to the resolution of DEMS1-1. This process did by 
SARPROZ software [3]. We substituted the DEMS2-1 by  

 
Fig.4.  Analysis result of BC-DInSAR with observation period of 19 May 
2006 to 14 July 2020 using ALOS-1 and ALOS-2 satellites 

 
Fig.5. Regression value of BC-DInSAR and DGPS measurement in the 
period of 2006 to 2016 (Three GCP stations) 

 
DEMS1-1 to bridging ALOS-1 and ALOS-2 mission to 
obtain pixel value of land deformation of the study area in 
period 10 October 2010 and 7 July 2015 (five years). In the 
same manner, the C-DInSAR of ALOS-2 PALSAR-2 images 
processed by using SM3 mode (ascending) for the period of 
15 July 2015 to 14 July 2020. 

Fig. 4 shows the analysis result of BC-DInSAR with an 
observation period of 19 May 2006 to 14 July 2020 using 
ALOS-1 and ALOS-2 satellites with the coverage in Fig.3. 
Pair of FBS-1 observed in the preliminary period from 29 
May 2006 to 19 February 2007.  It shows a large subsidence 
area centered on the hot mudflow area and impacted the 
northern area about 10 km. Pairs of FBS-2, FBS-3, FBD-4, 
and FBD-5 show active subsidence in the accident area. 
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Fig.7. Total subsidence in the study area  
 

The BRIDGE was derived using DEMS1-1 and DEMS2-
1 of ALOS-1 and ALOS-2. The result shows subsidence 
within five years of observation in period 10 October 2010 
to 7 July 2015. The noise appeared in this figure caused by 
the long-term analysis and different sensor's characteristics 
used in the method, that needs further investigation.   

SM3-1 to SM3-4 shows the decreasing of subsidence in 
the center of the accident well, but a new subsidence area 
appeared in the eastern accident area since SM3-2 period. 
We found three new subsided sites around new mining 
facilities in the visual analysis of optical satellite images and 
ground surveys. The western accident center shows 
subsidence since 2006, as an effect of volume loss in the 
accident area. 

As shown in Fig.3, we measured differential GPS (DGPS) 
for validation of BC-DInSAR result with nine ground 
control point (GCP) stations that recorded from 2006 to 
2010 (five years), and three GCP stations that observed from 
2006 to 2016 (11 years). The DGPS used dual-frequency 
geodetic receivers with observation session lengths of 5 to 
10 hours starting on 22 September 2006 to 2016. Some 
numbers of observed GPS stations measured in different 
periods shown in Fig.5, due to the change in the mudflow 
coverage area. Base on Fig.5, BC-DInSAR method has an 
accuracy of 0.46 m (RMS). 

5. RESULT AND DISCUSSION 

Fig.6 depicts total subsidence in the study area in the 
period of 19 May 2006 to 14 July 2020 (15 years). Fig.7 
shows total subsidence in the study area derived from Fig.6 
observed between 19 May 2006 and 15 July 2020. This 
result shows mean of subsidence with a value more than 0.3 
m occurred at villages of Pejarakan (B01) 0.38 m at the 
district of Jabon; villages of Reno Kenongo (C02) 0.43 m, 
Siring (C03) 0.68 m, Jatirejo (C04) 0.61 m, Mindi (C05) 0.4 
m, Gedang (C07) 0.32 m, Kedung Boto (C13) 0.36 m, 
Pesawahan (C14) 0.30 m at the district of Porong; the 
village of Waung (D01) at the district of Krembung; villages 
of Ketapang (F02) 0.43 m, Kedung Bendo (F04) 0.45 m, 
and Kedung Banteng (F08) at the district of Tanggulangin.  

The ground survey was held five times on 17 November 
2006, 28 March 2013, 13 June 2014, 5 September 2017, and 
17 October 2019 to investigate infrastructure conditions in 
the study area. Base on the ground survey, the subsidence 
generated a significant impact on the study area, as well as 
wall cracked in settlement and infrastructures, bent railway 
track, tilted electricity transmission towers, and poles, 
broked gas pipe, and explosion on 22 November 2006. This 
hot mudflow also made sedimentation and change habitat at 
the Porong river. 

 
5. SUMMARY 

This research proposed a Bridging Consecutive DInSAR 
(BC-DInSAR) method to connect Consecutive DInSAR 
using images of multi spaceborne SAR missions. This 
method was assessed to investigate long term of land 
deformation and the impact caused by hot mudflow accident 
at regency of Sidoarjo, East Java province, Indonesia, where 
this disaster happened on 29 May 2006.  

In this research, the DGPS data observed in the period of 
2006 to 2016 was employed to validate the analysis result of 
BC-DInSAR, which acquired 0.46 m error (RMS). It could 
be improved by increasing the resolution of SAR images in 
the future mission to improve the quality of DEM used in 
BC-DInSAR.   
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1. INTRODUCTION

Coastal zone is one of the most complex and fragile natural 
ecological environments in the world. Synthetic Aperture 
Radar Interferometry (InSAR) techniques can be able to 
provide vital information on surface topography and 
deformation in the ocean-land transition zones under the 
background of global human activities, climate warming 
and violent tectonic movements over subduction zones [1-
6].  

In this study, we firstly evaluated the impact of ocean 
tidal load (OTL) on wide-swath (WS) mode InSAR (e.g. 
ALOS-2 PALSAR-2 and Sentinel-1A) deformation 
monitoring with various ocean tidal models in three typical 
coastal regions including China, Chile and Gulf of Alaska. 
Then we detailedly demonstrated the method of 3D 
component estimation of OTL and differential OTL phase 
for WS InSAR and further discussed the differences of 
ocean tidal models in the estimation of OTL displacements. 
Furthermore, we investigated the land subsidence over the 
Yellow River Delta (YRD), China, with InSAR time series 
analysis technique.  

2. IMPACTS OF OCEAN TIDAL LOAD

Previous space geodetic studies (e.g. GNSS/VLBI) have 
shown that ocean tides cause a temporal variation of the 
ocean mass distribution and the associated load on the crust 
and produce time-varying deformations of the Earth that 
can reach 100 mm with a wavelength scale of 102~103 km 
and deformation gradients of mm level to cm level [7-9]. 
This kind of non-tectonic signals will have a significant 
impact on InSAR precision deformation analysis (e.g. 
large-scale slow and non-steady tectonic deformation with 
small magnitude). There are relatively few cases and 
discussions on the practical application of how to estimate 
and correct the 3D component of InSAR tidal load 
conveniently, quickly and effectively. Most InSAR users 
in coastal zones do not consider this effect. Therefore, we 
firstly evaluated the impact of OTL on coastal InSAR 
deformation monitoring. 

=ref topo orb defo atmo OTL noiseϕ φ φ δφ δφ φ φ φ φ∆= − + + + + +

We did not give detailed fundamental theory on 
computing OTL that has been introduced in previous 
literatures [10-13]. The procedures of OTL estimation and 
correction are as follows:  
(1) 3D (E/N/U) components of OTL is estimated with a
specific ocean tide model;
(2) OTL displacements are transformed into LOS direction
with identical spatial and temporal information as
interferograms.

cos sin sin sin cos
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α θ α θ θ
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Fig. 1 Study regions with the coverages of ALOS-2 
PALSAR-2 and Sentinel-1A WS images (red and blue 
rectangles, respectively). (a) Fujian, Southern China; (b) 
Gulf of Alaska and Canada; (c) Northern Chile. Please 
note that (i) Solid dots represent recent earthquakes with 
Mw>4 from USGS earthquake catalogue.  

Using ALOS-2 PALSAR-2 and Sentinel-1A wide-swath 
(WS) mode as examples, the 3D component estimation and 
differential phase extraction of OTL for WS InSAR 
deformation monitoring are carried out, and the differences 
of ocean tide models are investigated. The ALOS-2 
PALSAR-2 SCANSAR data, with a standard swath of 
350km, can cover a much larger land area than the 
Sentinel-1 TOPSAR data, with a standard swath of 250km. 
In addition, the available Sentinel-1A/1B interference pairs 
with a revisit period of 6 or 12 days are still rare, and that 
of the ALOS-2 PALSAR are close to the minimum time 
baselines of most available Sentinel-1A wide SAR data (28 
and 24 days, respectively). 

As shown in Fig. 1, three study areas were distributed on 
both sides of the Pacific Ocean, including 24 ° N-28 ° N in 
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Fujian, China, 22 ° S-26 ° S in Chile, and 58 ° N-62 ° N in 
the Gulf of Alaska, North America. The selection of the 
study area is based on the comprehensive consideration of 
human activities, glacial changes and geological structures 
related to the surface deformation of the coastal zone, and 
the three regions are representative to some extent. 

In this study, two global tidal models (GOT4.7 and 
Hamtide11a) and a regional tidal model in China 
(OSU.ChinaSea.2010) were selected to analyze the 
difference of the selection of tidal models on the estimation 
of OTL of a single InSAR interferogram (Fig. 2). We can 
find that: 
(1) In Fujian, the displacement difference of OTL is 
basically the same. 
(2) In the Gulf of Alaska, there is a great difference 
between the displacement difference of OTL, which may 
be related to the special topographic structure and tidal 
characteristics of the coastal zone in this region. 
(3) In Chile, the differential displacement of OTL has a 
good consistency. 
(4) The influence of OTL is not only related to the size of 
the research area, but also related to the location of the 
research area. 
(5) SAR images acquired during astronomical spring tides 
are greatly affected by OTL displacements. 

 
Fig. 2 Differential maps of OTL displacements 
estimated from different ocean tidal models (GOT4.7, 
HAMTIDE11a and OSU.CHINASEA.2010). (a) Fujian, 
Southern China; (b) Gulf of Alaska and Canada; (c) 
Northern Chile. 
 

3. COASTAL DEFORMATION OVER YRD 
 

As a typical fan-shaped delta and one of the youngest 
landmasses in the world, the YRD is formed by the 
reclamation of the Yellow River from the sea and has a dual 
phase structure of marine layer covered by river alluvial 
material. Due to the short time of land formation, the 
geological environment system in this area presents 
variability, instability and fragility under the interaction of 
ocean, land, river and wetland. Weight of consolidation 
process has not yet completed newly sedimentary 
formation has its special engineering geologic features, 
delta facies clayey soil show that the low bearing capacity, 
easy sedimentation characteristics, combined with oil, 
natural gas, the influence of the extraction of groundwater 
engineering and economic activities, makes the ground 
subsidence in the region one of the most important 
environmental geological problems.  

As shown in Fig. 3, we collected time series of multi-
band SAR data to investigate the spatial-temporal land 
surface deformation pattern.  

Differential maps of OTL displacements were estimated 
with GOT4.7 model over different time spans. Fig. 4 
indicates that the OTL effects in the YRD have the same 
regular characteristics as the orbital plane. 

We used ALOS-2 PLASAR data to generate a 10-month 
long interferogram to inspect the land subsidence due to 
fewer observational plan in this area. As shown in Fig. 5 
and Fig. 6, over the last ten years, large scale oil 
exploitation and the medium and shallow brine 
exploitation have led to the significant increase of 
subsidence rate and range in this area.  

We also generated 5-years land deformation velocity 
maps with existing Sentinel-1 IWS images as illustrated in 
Fig. 7 and Fig. 8. The tropospheric delay has been corrected 
with the Generic Atmospheric Correction Online Service 
for InSAR (GACOS) products. Both show consistent 
deformation characteristics with high correlation in the 
same areas.  

 
Fig. 3 Schematic diagram of SAR data distribution in 
the study area. Data source: blue box represents ESA 
Sentinel-1; ESA Envisat ASAR in red; Cyan and bright 
green represent JAXA ALOS-2 and ALOS PALSAR, 
respectively; Pink stands for DLR TerraSAR-X. Base 
map data from NOAA NCEI ETOPO-1 with a spatial 
resolution of about 1.8km. 
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Fig. 4 Differential maps of OTL displacements 
estimated from GOT4.7 model with different time 
spans.  

 
Fig. 5 An geocoded filtered interferogram (141206-
150926) generated from ALOS-2 PALSAR over the 
YRD. 

 
Fig. 6 An geocoded unwrapped interferogram (141206-
150926) generated from ALOS-2 PALSAR over the 
YRD. 

 
Fig. 7 Land subsidence veloctiy in the LOS direction 
generated from ascending Sentinel-1 track (A069) over 
the YRD in 2016-2020. 

 
Fig. 8 Land subsidence veloctiy in the LOS direction 
generated from descending Sentinel-1 track (D076) 
over the YRD in 2016-2020. 
 

4. DISCUSSION AND CONCLUSION 
 
We find that (1) the magnitude of the OTL effects relates 
with the spatial range of the study regions, and (2) there are 
strong correlations between the OTL deformation gradient 
changes and costal topography. Therefore, traditional flat 
or curved surface fitting methods are difficult to effectively 
separate the tidal load displacement for the long 
wavelength deformation monitoring. It is thus highly 
recommended in this paper that they should be estimated 
and corrected carefully in interferometric processing, 
particularly when long-wavelength crustal deformation is 
targeted.  

For long time series of deformation monitoring over a 
wide range of coastal zone region (> 100 km), if image 
acquisition time was not away from the astronomical tide 
and tidal changes in the peak time especially for those 
Sentinel SAR images with shorter temporal baselines (e.g. 
12 days), one should consider how to effectively estimate 
and correct the OTL effects. Besides, InSAR OTL 
estimation should keep up to date with the latest global 
ocean models at high spatial resolution or region tidal 
models integrated with long-term tide gauge observation. 
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Compared with the traditional ground survey and 
geological survey methods (levelling, GNSS, drilling, etc.), 
the satellite-borne advanced InSAR time series analysis 
method has the advantages of large scale, all-weather, high 
spatial and temporal resolution in land subsidence 
monitoring. Therefore, subsidence phenomena in the river 
deltas can be investigated with respect to cause (such as 
land compaction through urbanization or underground 
resource extraction) and relative to sea level rise modelling. 
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1. INTRODUCTION

Large rock slope instabilities are widespread in the 
mountain areas. They can creep slowly for thousands of 
years as a result of long-term damage accumulation 
processes, and suddenly undergo a progressive evolution 
towards catastrophic collapses[1]. These phenomena hold 
enough potential to damage or weaken engineering 
infrastructures like roads, buildings and dams; however, 
catastrophic failure events may involve volumes up to 
hundreds million cubic meters, threaten human lives, urban 
settlements, industrial and power facilities, as well as 
transportation infrastructures including trans-national 
highway and railway corridors. Due to their complexity, 
often including both creep behavior and hydro-mechanical 
coupling[2], the evolution towards failure events is 
difficult to anticipate. Furthermore, large landslides are 
usually characterized by complex styles of activity 
associated to slope sectors with different kinematics and 
strain partitioning into morpho/structural features. 

Surface deformation is a key indicator to capture spatial 
and temporal changes of landslide phenomena. For this 
reason, high resolution monitoring data of surface 
deformation is essential to investigate and interpret 
changes of landslide kinematics[3]. An important 
technique to monitor slope displacement is spaceborne 
Differential Synthetic Aperture Radar Interferometry 
(DInSAR). This method can be used to measure ground 
deformation by relying on the phase difference between 
multi-temporal SAR acquisitions with sub-centimetric 
accuracies[4]. Since 2014, the availability of the ESA 
Copernicus Sentinel-1 mission enhanced our capability to 
detect and monitor surface displacements also in landslide 
scenarios. Despite, some intrinsic limitations of the 
Sentinel-1 system might hinder the nominal performance 
of standard and advanced space-borne DInSAR methods in 
alpine settings, especially in cases where continuous 
monitoring is necessary to protect important economic and 
societal assets. For example, the use of C-Band SAR leads 
to a number of disadvantages in scenarios where the 
surface is affected by rapid changes (due to surface erosion, 
presence of vegetation, rainfall/snowfall), and/or the 
displacements are relatively large (usually when exceeding 
the λ/4 threshold, where λ is the SAR wavelength) between 
subsequent SAR measurements. In these cases, the quality 
of the SAR signal (measured by the phase correlation, 
known also as coherence) can be severely compromised[5]. 
An important advantage of lower frequency, longer 

wavelength systems, such as L-Band, is a reduced temporal 
decorrelation. This can be regarded as complementary 
property to the high-frequency systems. In addition, L-
Band may provide under certain conditions also 
information in areas covered by vegetation, as 
demonstrated in several examples in literature. Thus, even 
if the sensitivity to line-of-sight displacements is generally 
lower, they permit maintaining a good phase quality in 
scenarios when relatively rapid changes occur.  

In this report, we summarize the research activities 
performed in the framework of the 6th Research 
Announcement (RA-6) for the Advanced Land Observing 
Satellite-2 (ALOS-2). The work was aimed at scientific 
investigations related to large rock slope instabilities, and 
to perform cross comparisons and validations with ground 
data and other space-borne systems. The initial goal of the 
project was to focus in the high mountain areas of Bhutan 
only; however, we also studied other areas, and here we 
show additional important results related to Tajikistan and 
in Switzerland.  

2. ROCK SLOPE DEFORMATION IN THE HIGH
HIMALAYAS OF BHUTAN 

The small kingdom of Bhutan, nested between Tibet 
and India, roughly between 26N and 28N and 88E and 92E, 
is characterized by a unique variability of landscapes and 
climatic zones. The elevation ranges from just over 1’000 
m a.s.l. in the far southeast of the region to over 7’000 m 
a.s.l., over a north south extent of only 90 km
approximately, bringing about extreme topographic
gradients. The study area covers around 7’550 km2 (Fig.1),
stretching from the northern border to Thimphu in the
south, and from the western border to Phobjikha in the east.
The north of the study area is characterized by the high
peaks of the Higher Himalaya, with average elevations of
4’400 m a.s.l., whilst in the south the ranges have average
elevations of 2’800 m a.s.l. and are separated by mainly
north-south oriented valleys. The choice of the study area
is to 1) include a variety of landscapes, geological and
geographical settings (from high mountain regions to more
populated areas), 2) avoid the completely forested southern
regions that are not suitable for investigations with
DInSAR and 3) take advantage of the relatively higher
availability of SAR data.

Final Report on the 6th ALOS-2 Research Announcement 
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Figure 1. Black dashed line, area of study. Dark blue 
polygon, ALOS track 503 frame 530, dark purple 
polygons, ALOS track 502 frame 530, lighter purple 
polygons ALOS tracks 502 and 503, frame 540. Grey 
box, Envisat track 176. Hillshade is from SRTM 30m 
over the whole country, but from ALOS World3D 5m 
resolution digital surface model within black dashed 
line. In insert the geographical setting of Bhutan.  
 

In the paper [6] we presented a DInSAR based 
methodology for the creation of regional scale slope 
instabilities inventories in alpine settings and we apply it to 
the Himalaya of northwestern Bhutan. The dearth of 
available data on active slopes in northwestern Bhutan 
hinders the understanding of processes responsible for 
ground displacements in the region and prevents future 
regional landslide hazard assessments. The extent as well 
as the largely inaccessible nature of the study area have 
hindered the development of background knowledge on 
geology, structural geology, landslides and natural hazard 
and make both photointerpretation DInSAR among the 
better suited techniques to fill the existing gap. 

The slope instability inventory generated for the 
Himalaya of northwestern Bhutan proposed here provides 
a basis to investigate orogen-scale processes controlling 
mass wasting activity and landslide hazards in the 
Himalayas and other high alpine regions. The primary 
goals of this paper were to present a method assessing the 
likelihood of activity based on the analysis of DInSAR data 
and to show a new regional data base of active slopes in the 
Himalaya of northwestern Bhutan which relies almost 
entirely on EO data (Fig.2). The inventory was obtained by 
maximizing the extraction of information in a way that 
would result as objective as possible, through the addition 
of a methodology that focuses on how to use the DInSAR 
results in an engineering geological context. Active slope 
movements were mapped using DInSAR. A large-scale 
analysis of 521 interferograms obtained with data acquired 
by ALOS-1 and Envisat was performed and 693 potentially 
unstable slopes were mapped on the basis of displacement 
patterns observed in individual interferograms. Moreover, 
a comparison between the optical data inventory and the 
DInSAR based inventory was performed. The detailed 
analyses of the factors controlling slope instabilities 
distributions and hazards in the Himalaya of Bhutan has 
been the focus of two subsequent papers[7], [8]. Moreover, 
a detailed investigation of a specific site is presented in the 
following section. 

 
 
 

 
 
Figure 2. Likelihood of activity obtained for unstable 
slopes mapped on single interferograms. The weight 
applied allows for the generation of a relative likelihood 
level for each potential instability. Details are found in 
the Reference [6].  
 
 

2. THE PUNATSANGCHHU-I DAM 
LANDSLIDE, BHUTAN 

 
Narrow valleys of deeply incised mountainous ranges 
represent an ideal set-up for the construction of dams, 
because they allow the creation of large reservoirs with the 
minimum structure width. Occasionally, valley 
constrictions caused by landslides provide a deep, narrow 
gorge bounded by steep sides, and offer, at least at first 
sight, the picture of an appealing site for dam construction. 
However, gravitational movements at the abutment of a 
dam can also have critical consequences.  

The 1’200 MW Punatsangchhu-I hydropower project, 
located 20 km south of Punakha and 50 km east of the 
capital Thimphu, is part of the 10’000 MW initiative and it 
comprises a 134 m high gravity concrete dam, two 
diversion tunnels and a 10 km long headrace tunnel. The 
project began in November 2008 and it was initially 
scheduled to be completed by 2015 (Fig. 3). Lacking 
geological and geotechnical investigations have, however, 
caused large delays and a large increase in the overall costs, 
with the project not yet being completed at time of writing. 
A large failure occurred in July 2013 on the east-facing 
slope, causing the construction works to come to a halt in 
favor of a huge effort aimed at stabilizing the lower portion 
of the slope. More recently, in January 2019, another 
failure injured a worker and caused additional damage. An 
incomplete understanding of the nature and extent of the 
real problem, during planning, design, excavation and 
construction phases has led to costly delays and the 
potential future amplification of an existing natural hazard. 
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Figure 3. (A) Google Earth CNES/Airbus image of the 
area of study. Red lines with ticks represent the head 
scarp, presumed (red dashed) and known (red 
continuous) boundaries. Hatched area represents 
damaged rock (diagonal) and undisturbed residual soil 
(vertical). White square is the area in B. Inset shows the 
regional setting. (B) Google Earth CNES/Airbus image 
of white square in A. Black line represents the dam axis, 
thick dotted line indicates the 2013 failure area, thin 
dotted lines indicate scarps likely related to the 2013 
failure. (C) Photo of the 2013 failure area. Given the 
angle from which the photo is taken, only the southern 
boundary is well visible, marked by scarps and the 
appearance of vegetation on stable ground. On the left 
of the photo, the construction of the left dam abutment 
is visible. (D,E) intensely damaged rock, location shown 
in A. 
 
 

In the study [9], we measured the spatial and temporal 
evolution of the surface displacements over an area of 15 
km2 at the Punatsangchhu-I dam site before and during the 
construction works, with 11 years of satellite SAR data 
acquired from 2007 to 2018. A multi-temporal DInSAR 
analysis highlights that the valley flank was already 
affected by displacements before the start of the 
construction of the dam and shows an increase of the 
surface displacement rates subsequent to the beginning of 
the works. The spatial coverage of the measurements also 
highlights that the instability is not only affecting the area 
immediately around a large failure which occurred in 2013, 
but it covers a much larger area of about 8 km2 in total.  

 
 
 

This have critical implications for the volumes of rock 
involved, which could be of the order of hundreds of 
millions of m3 in the worst-case scenario. Our 
measurements and analyses underline that remote sensing 
techniques, and in particular DInSAR, an established 
method for detecting ground displacements with 
millimetric accuracy, could have allowed stakeholders to 
identify a potential problem at this dam site and to 
understand its extent before the instalment of such critical 
infrastructure (Fig. 4). The increased availability of remote 
sensing data has now the potential to play an important role 
in filling a gap in the site-specific knowledge caused by 
insufficient or inadequate investigations and can 
significantly increase the transparency and public 
awareness around such large projects. 
 

 
Fig. 4 The top three panels show LOS cumulative 
displacements in the three sensors. Color scales are 
different and non-symmetrical to highlight areas of 
highest displacements, with high variability in different 
sectors and in the three sensors. Letters indicate the 
sectors described in section 2. Left and center panels at 
the bottom show the time series of ALOS-1 and ALOS-
2 of three points in sectors B, C, and D. Sentinel-1 panel 
at the bottom right shows the time series for the same 
points as in the other two sensors, with the addition of 
one point in sector B (cross). Points shown in the 
corresponding panels above. Dam axis in red. ALOS-1 
and ALOS-2 SAR imagery obtained from JAXA 
(Dataset ©JAXA/METI ALOS PALSAR L1.0 2007, 
2008, 2009, 2010, 2011, 2014, 2015, 2016 and 2017). 
Copernicus Sentinel data (2014, 2015, 2016, 2017, 2018) 
accessed through the ESA Copernicus open access hub. 
InSAR processing done with the software SARScape 
from Sarmap. 

 
 

3. THE ROGUN HYDROPOWER PROJECT, 
TAJIKISTAN 

 
The region of Tajikistan where the Rogun Hydropower 
Project is currently under construction has experienced 
large and catastrophic slope failures in the past, often 
triggered by earthquakes (Fig.5). Co-seismic slope failures 
are thus common and pose a high hazard potential; 
however, to date no specific analysis of slope activity in 
this area has been undertaken. We performed an inventory 
of active landslides identified through satellite imagery 
analysis, and in particular by exploiting space borne 
differential radar interferometry.  
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Figure 5: Study area indicated in black on ArcGIS 10.8 
World Imagery. It is located in Tajikistan in Central 
Asia to the NW of the Himalayan Orogeny and is 
marked by the Vakhsh – Surkhob River and 
Obikhingou River basins that form the catchment area 
of the Rogun Dam reservoir (blue area). 
 
 
Surface displacements provide the basis for the detection 
of active slope instabilities, which are then further 
classified by using geomorphological indicators visible in 
optical satellite imagery. Additionally, the proximity of 
active landslides to tectonic lineaments, as well as regional 
seismicity, is analyzed to investigate potential relationships 
and to provide an integrated river damming hazard 
potential. Following the results of the DInSAR analysis, we 
performed several classifications on the detected active 
slope features, including a geomorphological classification 
of the movement type, an activity likelihood analysis [6] to 
assign a level of confidence to each movement and spatial 
analyses to estimate average velocities and sizes. 39.6 % of 
the slope movements identified in the DInSAR analysis are 
rock slope deformations and rockslides, 40.52 % are soil 
creep and slides, 2.7 % are debris flows, 11.9 % are rock 
glaciers and ice debris and 5.28 % features are of unknown 
type (e.g. unidentifiable due to cloud/snow coverage). This 
classification is based on optical images such as those 
provided in Google Earth Pro and ArcGIS and the SRTM 
1" DEM. Identification is largely based on the detection of 
vegetation patterns, exposed rock or soil, distinct scree 
cover, talus cones and debris fans, slope color, angle and 
curvature and the presence of fractures and scarps.  
A total of 227 rock slope deformations, rockslides, soil 
creep and slides, debris flows, rock glaciers and ice debris 
with a largely moderate to high likelihood of activity are 
detected in the study area using the DInSAR technique, 
indicating considerable surface slope activity of various 
movement types (see example in Fig. 6). An integration of 
the obtained data allows development of a probability-
intensity damming hazard analysis to evaluate the hazard 
potential of each detected slope instability considering a 
seismic influence. The results indicate that 31.06 % of the 
analyzed detected slope instabilities present a high 
damming hazard to the Rogun HPP, 53.41 % a medium 
hazard and 15.53 % a low hazard.  
This work has been performed in the framework of a 
Master Thesis project at ETH Zurich. A manuscript related 
to this work is currently under review in the journal 
Landslides.  
 

 
 
Figure 6: Detection of a rock slope deformation 
complex based on DInSAR phase signal in 12d 
descending (78) and 24d ascending (173) Sentinel-1 (S1) 
orbits and 56d ascending (164) ALOS PALSAR-2 (P2) 
orbit. Differential interferograms are named according 
to a yyyymmdd format. No data areas (due to layover 
and shadowing) are displayed as transparent. 
 
 
 

4. THE BRIENZ/BRIENZAULS LANDSLIDE 
COMPLEX, SWITZERLAND 

 
We focused on a large landslide complex affecting the 
southern flank of Piz Linard and involving the village of 
Brienz/Brinzauls (hereafter referred to as Brienz, see Fig. 
7), located in canton Graubünden (Switzerland). The 
landslide recently experienced a rapid acceleration of 
surface displacements, causing major concerns to the 
authorities on its potential evolution towards a catastrophic 
failure event. One of the main complexities in the 
investigation of the Brienz landslide is due to remarkable 
morphological heterogeneities, which lead to a formal 
distinction into two principal domains. The upper slope 
portions (Rutschung Berg, i.e. German expression to 
indicate “Landslide affecting the mountain”, hereafter 
referred to as RB) range between approximately 1’770 m 
and 1’150 m a.s.l. with an average slope of 36 degrees, and 
currently experience surface velocities between 2 m/year 
and 7 m/year [1]. The lower slope portions (Rutschung 
Dorf, i.e. German expression to indicate the “Landslide 
affecting the village”, hereafter referred to as RD), extend 
from about 1’150 m a.s.l. to the Albula river bed located at 
approx. 870 m a.s.l. with an average slope of 8 degrees, and 
are currently affected by surface velocities up to 1 m/year 
[1]. The origin and mutual relationship between RB and 
RD are currently under investigation and to date not well 
understood. 
 
We performed an analysis of multiple C-Band SAR 
datasets (5.6 cm wavelength) acquired from satellites in the 
period 1992-2020, in order to reconstruct the spatial and 
temporal evolution of the surface displacements at the 
Brienz landslide complex.  
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Figure 7. Overview of the Brienz landslide complex 
with outlines approximately indicating the principal 
domains (Red: Rutschung Berg, RB, Yellow: 
Rutschung Dorf, RD). On the eastern portions of the 
RB the location of the Igl landslide is also indicated. 
Background optical image is from Google Earth © 
 
 
Moreover, we jointly consider multi-temporal Digital 
Terrain Models (DTM) and DInSAR results to compute the 
3-D surface deformation field. We validate our results 
against ground-based GNSS measurements and also 
considering independent information derived from 
additional satellite radar imagery. DInSAR on L-band SAR 
images acquired by the Japanese Aerospace Exploration 
Agency (JAXA), i.e. the ALOS-2 PALSAR-2 satellite 
mission (2018-2020). Due to the capability of L-band radar 
waves to maintain coherence also in areas with vegetation 
and/or with large and/or rapid displacements, this analysis 
served mainly for comparison and validation of the 
Sentinel-1 results (Fig. 8).  
 
We have performed a comparison between the 3-D 
deformation considering different SAR data sources. In 
particular, we have used DInSAR results obtained with L-
band SAR imagery acquired from the Japanese satellite 
ALOS PALSAR-2 and applied DIC on a new satellite 
acquiring SAR imagery at very high resolution, i.e. the 
ICEYE constellation. This satellite mission, with its first 
launch in 2018, includes small X-band SAR satellites (3.1 
cm wavelength) weighing less than 100 kg each, thus 
enabling energy-efficient and cost-effective radar imaging 
of the Earth [10]. The SAR data used for our purpose is in 
Spotlight High format, having a ground resolution of 18 cm 
in range and 48 cm in azimuth directions, respectively. Due 
to reduced data availability over Brienz, the comparison 
can be performed only for the 2019-2020 time period. 
Figure 9 shows the obtained results. The general pattern 
and the amplitude of the retrieved deformation in all 
directions is very similar. Differences can be noted 
especially in the East-West component in the upper reaches 
of RB and in the Up-Down component in the area of the Igl 
earthflow. In both cases, the L-band DInSAR results are 
capable of measuring more deformation than the C-band, 
because it is less impacted by phase decorrelation caused 
by large movement and potentially local failure (see dashed 
circle), and/or can follow displacements occurring in areas 
with vegetation (see dashed rectangle). 
This work is part of a research contract with regional 
authorities and will be submitted soon to a scientific 
journal. 

 
 
Figure 8. Selected ALOS Palsar-2 L-band 
interferograms, descending orbit. (top) Comparison 
between 14 days interferogram in L-band and 6 days 
interferogram in C-band. (bottom) Comparison 
between 14 days and 3 months interferograms with L-
band, detail over RB and Igl. 
 
 

5. SUMMARY 
 
The main conclusions of our experience with the use of 
ALOS PALSAR-2 data in different contexts are: 
 

 
1) Combination of multiple satellite data acquired 

from optical and SAR sensors is convenient 
strategy for the identification, analysis, and 
understanding of complex landslide processes.   
 

2) The L-Band SAR datasets provide good 
complementary information in areas where the 
deformation is very large and/or large portions of 
the targets under investigation are covered by 
vegetation. 
 

3) Shorter revisit time would have been beneficial in 
the context of projects where not only 
identification and survey were important tasks, 
but also monitoring of the landslide evolution. We 
think that revisit times in the order of 12-days or 
less (as planned for the L-Band NISAR mission) 
will greatly increase our capacity to better 
interpret surface deformation phenomena in 
landslide prone areas. 
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Figure 9. 3-D surface velocities over the Brienz 
landslide complex during the 2019-2020 time period. 
(top) Results obtained by considering the differential 
interferometry on L-Band ALOS PALSAR-2 imagery 
and DIC on the X-band ICEYE high resolution SAR 
imagery. (bottom) Results obtained by using Sentinel-1 
and the DIC on the LiDAR s DTMs.     
 
 
 

6. REFERENCES 
 

 
[1] F. Agliardi, M. M. Scuderi, N. Fusi, and C. 

Collettini, “Slow-to-fast transition of giant creeping 
rockslides modulated by undrained loading in basal 
shear zones,” Nat. Commun., vol. 11, no. 1, Art. no. 
1, Mar. 2020, doi: 10.1038/s41467-020-15093-3. 

[2] G. B. Crosta, F. Agliardi, C. Rivolta, S. Alberti, and 
L. D. Cas, “Long-term evolution and early warning 
strategies for complex rockslides by real-time 
monitoring,” Landslides, pp. 1–18, Mar. 2017, doi: 
10.1007/s10346-017-0817-8. 

[3] S. Loew, S. Gschwind, V. Gischig, A. Keller-Signer, 
and G. Valenti, “Monitoring and early warning of the 
2012 Preonzo catastrophic rockslope failure,” 
Landslides, vol. 14, no. 1, pp. 141–154, Feb. 2017, 
doi: 10.1007/s10346-016-0701-y. 

[4] J. Wasowski and F. Bovenga, “Investigating 
landslides and unstable slopes with satellite Multi 
Temporal Interferometry: Current issues and future 
perspectives,” Eng. Geol., vol. 174, pp. 103–138, 
May 2014, doi: 10.1016/j.enggeo.2014.03.003. 

[5] A. Manconi, “How phase aliasing limits systematic 
space-borne DInSAR monitoring and failure 
forecast of alpine landslides,” Eng. Geol., vol. 287, 
p. 106094, Jun. 2021, doi: 
10.1016/j.enggeo.2021.106094. 

[6] B. Dini, A. Manconi, and S. Loew, “Investigation of 
slope instabilities in NW Bhutan as derived from 
systematic DInSAR analyses,” Eng. Geol., May 
2019, doi: 10.1016/j.enggeo.2019.04.008. 

[7] B. Dini, S. Daout, A. Manconi, and S. Loew, 
“Classification of slope processes based on 
multitemporal DInSAR analyses in the Himalaya of 
NW Bhutan,” Remote Sens. Environ., vol. 233, p. 
111408, Nov. 2019, doi: 10.1016/j.rse.2019.111408. 

 
 
 

[8] B. Dini, J. Aaron, A. Manconi, L. D. Palezieux, K. 
Leith, and S. Loew, “Regional scale investigation of 
preconditioning factors of rock slope instabilities in 
NW Bhutan,” J. Geophys. Res. Earth Surf., vol. n/a, 
no. n/a, p. e2019JF005404, doi: 
10.1029/2019JF005404. 

[9] B. Dini, A. Manconi, S. Loew, and J. Chophel, “The 
Punatsangchhu-I dam landslide illuminated by 
InSAR multitemporal analyses,” Sci. Rep., vol. 10, 
no. 1, Art. no. 1, May 2020, doi: 10.1038/s41598-
020-65192-w. 

[10] S. W. Paek, S. Balasubramanian, S. Kim, and O. de 
Weck, “Small-Satellite Synthetic Aperture Radar for 
Continuous Global Biospheric Monitoring: A 
Review,” Remote Sens., vol. 12, no. 16, p. 2546, 
Aug. 2020, doi: 10.3390/rs12162546. 

 
 

APPENDIX 
 
The list of publications resulting from the research 
agreement is here below. The PDF files are provided as 
supplementary information. 
 
B. Dini, A. Manconi, and S. Loew, “Investigation of slope 

instabilities in NW Bhutan as derived from 
systematic DInSAR analyses,” Eng. Geol., May 
2019, doi: 10.1016/j.enggeo.2019.04.008. 

B. Dini, S. Daout, A. Manconi, and S. Loew, 
“Classification of slope processes based on 
multitemporal DInSAR analyses in the Himalaya of 
NW Bhutan,” Remote Sens. Environ., vol. 233, p. 
111408, Nov. 2019, doi: 10.1016/j.rse.2019.111408. 

B. Dini, J. Aaron, A. Manconi, L. D. Palezieux, K. Leith, 
and S. Loew, “Regional scale investigation of 
preconditioning factors of rock slope instabilities in 
NW Bhutan,” J. Geophys. Res. Earth Surf., vol. n/a, 
no. n/a, p. e2019JF005404, doi: 
10.1029/2019JF005404. 

B. Dini, A. Manconi, S. Loew, and J. Chophel, “The 
Punatsangchhu-I dam landslide illuminated by 
InSAR multitemporal analyses,” Sci. Rep., vol. 10, 
no. 1, Art. no. 1, May 2020, doi: 10.1038/s41598-
020-65192-w. 

 
 
  

462



MONITORING GROUND SURFACE DISPLACEMENTS AT PITON DE LA 
FOURNAISE WITH PALSAR-2 

PI P3187 
Jean-Luc Froger 1, Quentin Dumond 1, Valérie Cayol 1, Aline Peltier 2, Raphaël Grandin 2, 

Philippe Durand 3, Nicolas Villeneuve 2, Dominique Rémy 4 

1 IRD, OPGC, Université Clermont Auvergne, CNRS, 63000 Clermont-Ferrand, France; 
2 Université de Paris, Institut de physique du globe de Paris, CNRS, F-75005 Paris, France 
3 DSO/SI/TR bpi 601, CNES 18 avenue Edouard Belin, 31401 Toulouse Cedex 9, France 

4 GET IRD UR154, OMP 14 Av. E. Belin, Toulouse, France 

1. INTRODUCTION

Piton de la Fournaise, located on the French island of La 
Réunion, is one of the world's most active volcanoes with 
more than two eruptions per year since 1998. Since the 
beginning of systematic ASAR acquisitions in 2003, more 
than 2600 radar images have been acquired on Piton de la 
Fournaise by various space agencies, mainly on the request 
of the Indian Ocean InSAR Observatory Service (OI2), a 
component of the National Service for Volcanological 
Observation of the French National Research Council 
Institute for Earth Sciences and Astronomy (CNRS/INSU). 
OI2's main tasks include regular acquisitions of radar 
images on Piton de la Fournaise, production of 
interferograms from these images, and providing 
interferograms to the scientific community through a 
dedicated web site (https://wwwobs.univ-
bpclermont.fr/casoar, [1]). In more than 18 years of InSAR 
monitoring of Piton de la Fournaise carried out by OI2, 
2015 – 2020 was particularly enlightening on the benefits 
of using high resolution L-band InSAR data to investigate 
thoroughly volcanic processes.  

2. MAIN RESULTS

During the 2015 – 2020 period, the displacements 
produced by 20 eruptions and two intrusions were imaged 
with Sentinel-1 (C band) and ALOS-2 (L-band) data (more 
often with both right-looking and left-looking data). Some 
of the eruptions were also imaged by Cosmo-Skymed (X-
band) data, TerraSAR-X/TanDEM-X (X-band) data, PAZ 
data (X-band) or by RADARSAT-2 (C-band) data. From 
these data, we were able to calculate, for each eruption, 
between 4 and 12 independent interferograms. The number 
of interferograms covering a particular eruption is not only 
determined by the availability of SAR images acquired by 
the space agencies on the volcano during the eruption 
(more precisely, in the days or weeks preceding and 
following the eruption), but also by the lapse of time 
between two successive eruptions. For instance, two 
eruptions occurred in April 2018 that were only separated 
by 23 days. During this short period of time, only a few 

radar images were acquired that could be used as slave 
images for interferograms covering the first eruption 
and/or as master image for interferograms covering the 
second eruption. Nevertheless, the amount and diversity of 
radar data available for each eruption allow to retrieve the 
3-D displacement components with an unprecedented
accuracy. In this respect, the ~400 ALOS-2 L-band images
provided by JAXA in the framework of our RA4 ALOS-2
project and our RA6 ALOS-2 project were especially
useful (Figs. 1 & 2). In particular, the availability of both
right looking and left looking interferograms, produced
from images acquired in both ascending and descending
pass, allows reducing significantly the geometric dilution
of precision of the displacement measurements and then
characterizing more accurately the displacements [2].

Fig. 1. Co-eruptive displacement of the Piton de la 
Fournaise July 2017 eruption imaged by an ALOS-2 
Spotlight interferogram (160/6796, Asc Left) spanning 
the 11/06/2017 – 18/02/2018 period. Poorly coherent 
area to the south of the displacement pattern 
corresponds to the lava flow emitted during the 
eruption 
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Fig. 2. Co-eruptive displacement of the Piton de la 
Fournaise 3-4 April 2018 eruption imaged by an 
ALOS2 Spotlight interferogram (159/6801, Asc Left) 
spanning the 19/12/2017 – 10/04/2018 period. Note also 
the small wavelength subsidence pattern at the location 
of the previous July 2017 lava flow (see Fig. 1). 
 
In addition, thanks to both good spatial resolution and 
lowest sensibility to displacement of the L-band ALOS-2 
data, we were able to record, for the first time, near field 
displacement on each side of an eruptive fissures (Fig. 3). 
In the first few hundred meters on each side of the eruptive 
fissures, the displacement gradient is generally too strong 
to be measurable from X-band or C-band InSAR data (the 
interferometric coherence is lost due to phase aliasing). 
Thus, the L-band data provide valuable information to 
understand the poorly known processes occurring in the 
shallowest part of dike propagation to the surface. 
 

 
 
Fig. 3. Comparison of the near-field displacement 
between ALOS-2 SPT and TSX for Piton de la 
Fournaise February 2015 eruption (4-16/02/2015). Left) 
ALOS-2 SPT Asc Interferogram 3618_3825 23/01/2015 
– 06/02/2015. Right) TSX SM Asc Interferogram 
42152_24486 20/01/2015 – 11/02/2015. Estimated 
location of the eruptive fissure is indicated by the cyan 
line. Incoherent pixels to the west and to the south of 
the eruptive fissure on the ALOS2 interferogram 
correspond to the lava flow emitted during the eruption. 
On the TSX interferogram the near field is poorly 
coherent due to phase aliasing while the near field 
displacement is well imaged by the ALOS2 
interferogram.  
 

The September – October 2020 intrusive crisis of Piton de 
la Fournaise provides another good example of the benefits 
of the lowest sensibility of L-band data for displacements 
characterisation. During this event, a sill intruded within 
the eastern flank of Piton de la Fournaise but failed to reach 
the surface. As a consequence of the intrusion, the eastern 
flank experienced a significant displacement (up to 90 cm 
of eastward displacement and to 70 cm of upward 
displacement) that saturated, in some places, the C-band 
(Sentinel-1) interferograms while the ALOS-2 
interferograms provide an accurate and complete record of 
the displacement (Fig. 4). 
 

 
Fig. 4. Displacement induced by the September – 
October 2020 intrusion at Piton de la Fournaise imaged 
by an ALOS-2 Spotlight interferogram (58/4056, Dsc 
Right) spanning the 24/08/2020 – 05/10/2020 period. 
 
The displacements deduced from interferometric data can 
be used to determine the sources of deformation through 
inverse modeling [3]. An interesting example is provided 
by the displacements modeling related to the August 2019 
eruption at Piton de la Fournaise. After 10 days of edifice 
inflation and increase in seismic activity, an eruption 
started at around 12h20 UTC on August 11 on the southern 
- southeastern flank of the volcano. It lasted for four days 
until August 15. This eruption was characterized by the 
opening of a complex of two eruptive fissures at 1700 m 
and of another fissure at 1500 m of elevation. On August 
11, an ALOS-2 Spotlight (SPT 55/4082) image was 
acquired at 07h16 UTC. The interferogram produced by 
combing this image with an image acquired earlier, on 
February 24th 2019, shows a large wavelength 
displacement pattern affecting the southeastern flank of the 
Piton de la Fournaise summit cone.  This displacement 
indicates that the magma migration to the surface initiated 
before 07h16 UTC (Fig. 5a). The interferogram produced 
by combining the August 11 image with another image 
acquired on September 8th 2019 shows a large 
displacement pattern, to the east of the previous one, 
corresponding to the final step of magma migration to the 
surface (Fig. 5b). It shows also near field displacement 
around the eruptive fissures and poorly coherent areas at 
the location of the lava flows. We modeled the 
displacements deduced from these interferograms, using a 
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3D mixed boundary element method for elastic media, in 
order to find the geometry of the intrusion (Fig. 5). 
 

 
 
Fig. 5. Modelling of the ground surface displacements 
related to August 2019 eruption at Piton de la Fournaise. 
The top row shows the InSAR observations : a) ALOS-
2 Spotlight interferogram (55/4082, Dsc Right) 
spanning the 24/02/2019 – 11/08/2019 period; b) ALOS-
2 Spotlight interferogram (55/4082, Dsc Right) 
spanning the 11/08/2019 – 08/09/2019 period; c) ALOS-
2 Spotlight interferogram (55/4082, Dsc Right) 
spanning the 24/02/2019 – 08/09/2019 period. The 
middle row shows the best models obtained from the 
inversion of the InSAR displacement data. Bottom row 
shows the residuals between models and observations. 
The magenta quadrangle is the projection on the 
surface of the source geometries and green thick lines 
show location of the eruptive fissures.   
 
The interferograms produced from the ALOS-2 data are 
also very useful to monitor lava flow emplacement during 
eruptive crisis at Piton de la Fournaise. Due to frequent bad 
weather conditions or to difficulties to access the eruption 
site, radar data are often the only source of information to 
know where is located the lava flow, in which direction it 
is flowing, to estimate its surface area and, with some 
assumptions, to estimate the emplaced lava volume. Lava 
flow monitoring from InSAR data is mainly based on 
coherence images since the backscattering properties of the 
pixels covered by the lava flow change critically between 
the SAR acquisition before and the SAR acquisition after 
the lava flow emplacement, resulting in a complete loss of 
interferometric coherence. We have used this approach for 
recent lava flows (2015 – 2020 eruptions) monitoring and, 
thanks to the (relative) high frequency of SAR acquisitions 
on the Piton de la Fournaise by the different space agencies 
(e.g. about one SAR acquisition every two days since the 
beginning of 2018), we were able to provide to our 
colleagues of the Piton de la Fournaise Volcano 
Observatory regular mapping of the lava flows during the 
last eruptive crisis. This contribution to the operational 
monitoring of the volcano is described in a paper published 
in a special issue of the Annals of Geophysics [4]. Again, 

the ALOS-2 data are particularly valuable for this type of 
application since they allow mapping lava flow contour 
with a remarkable accuracy, even in the vegetated lower 
eastern flank area where the other data are less useful (Fig. 
6). 
 

 
 
Fig. 6. Comparison of Sentinel-1 and ALOS-2 
interferograms and coherence images on the August 
2019 eruption at Piton de la Fournaise. a) Sentinel-1 
Stripmap interferogram (Dsc Right) spanning the 
09/08/2019 – 21/08/2019 period. b) Coherence image of 
the Sentinel-1 interferogram displayed in a). c) ALOS-
2 Spotlight interferogram (59/4048, Dsc Right) 
spanning the 03/08/2019 – 31/08/2019 period. d) 
Coherence image of the ALOS-2 interferogram 
displayed in c). The near-field displacements related to 
the two August 2019 eruptive fissures are clearly visible 
on c) as well as the two lava flows fed by these eruptive 
fissures visible both on the L-band interferogram (c) 
and on its coherence image (d) while they are very 
difficult to discriminate from poorly coherent 
background on the C-band data (a) and (b). 
 

3. CONCLUSIONS 
 
One of the main results of our RA6 ALOS-2 project is the 
major improvement on the characterisation of ground 
surface displacements related to volcanic processes due to 
the use of high-resolution L-band InSAR data (ALOS-2 
Spotlight), taken in various acquisition geometries. The 
ALOS-2 spotlight data are also well suited for the mapping 
of volcanic products. Hence, L-band data are of great help 
in monitoring volcanic activity in tropical context, where 
volcano flanks can be densely vegetated. On the other hand, 
the main limitation we experienced, using the L-band 
ALOS-2 data in our task of routinely monitoring the Piton 
de la Fournaise activity, is the irregular temporal sampling 
rate of the data with a mean time interval of 117 ± 179 days 
on the 2014 – 2020 period for a given acquisition geometry. 
A shorter and more regular sampling rate could make 
possible very interesting applications, such as monitoring 
of large wavelength displacements, which are potential 
precursors of eruption and that affect the whole edifice 
included the external (vegetated) flanks, or such as 
monitoring subtle long term sliding of the partially 
vegetated eastern flank. With this regard, the next 
generation of L-band radar missions (ALOS-4, TanDEM-
L, NISAR) offer very promising perspectives. 
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1. INTRODUCTION 3. INTERSEISMIC DEFORMATION OF THE

SUMATRAN FAULT 

The Sumatran fault in the Indonesian island of Sumatra is 

a major right-lateral strike-slip fault that accommodates a 

significant amount of the trench-parallel component of the 

oblique convergence between the Indo-Australian and 

Sunda plates. The fault extends the entire length of the 

island and is located close to several populated cities such 

as Banda Aceh and Padang. Over the last 200 years, the 

fault has generated large earthquakes with magnitude 

sizes ranging from 6 to 7. In order to evaluate the seismic 

potential and improve the seismic hazard assessment of 

the fault, knowledge of key important parameters such as 

slip rate and locking depth is required. However, these 

parameters had been either unknown or even debated for a 

long time. Our study in 2017 based on new long-term 

rates derived from the Sumatran GPS Array (SuGAr) and 

refined geologic slip rates suggests an average slip rate of 

~15-16 mm/year along the fault [1]. 

The Sumatran fault, segmented into 19 segments [4], may 

limit the rupture area of earthquakes on the fault, and thus 

limiting the size of events. However, due to their 

proximity to dense population centers, earthquakes 

generated by the shortest segments of the fault still pose 

significant hazard to local residents and infrastructure. To 

better understand the seismic potential of the fault 

segments, previous studies have investigated the slip rates 

of the fault segments using GPS observations [1, 5, 6, 7, 

8] and ALOS-1 data [9]. The latest modelling result of

GPS observations suggests a constant slip rate of 15

mm/year along most of the fault segments [1]. This result

is different from previous studies that proposed a

northward increases of slip rates, from ~4 mm/year in

southern Sumatra to ~30 mm/year in northern Sumatra [5,

6, 7]. In addition, modelling results of GPS observations

[8] and ALOS-1 data [9] suggest that Aceh segment,

which is located in the northern region of Sumatra, creep

at a rate of ~20 mm/year.

Here we report our results on (1) investigating active 

deformation of the fault using ALOS-2 data and (2) 

studying factors controlling the extent of earthquake 

ruptures on the Sumatran Fault Zone (SFZ) using ALOS-

1 and ALOS-2 data. Our results on investigating active 

deformation of the fault are preliminary and we are 

continuing our work on this topic using ALOS data. 

However, our study on factors that controlling the extent 

of earthquake ruptures on the SFZ has been published in 

2020 in Journal Geophysical Research: Solid Earth.  

To better understand the slip rates of the Sumatran fault 

segments, we processed ALOS-2 SAR data from six paths 

(hereafter referred to as ‘P’) and seven frames (hereafter 

referred to as ‘F’): P034/F3700, P035/F3650, P036/F3600, 

P036/F3650, P037/F3600, P038/F3550, P040/F3500. All 

data based on descending track acquisition from February 

2015 to September 2020, and each path/frame contains 

65-70 SAR scenes. After the processing, we calculated

the mean line-of-sight (LOS) velocity using a Small

BAseline Subset (SBAS) approach [10] and applied the

atmospheric delay correction [11] implemented in Miami

InSAR time-series software (MintPy) [12]. Because our

focus is to investigate the slip rates of the Sumatran fault

segments, we masked out pixels beyond ~40 kilometers in

both sides of the fault segments.

2. METHODS

We used the latest version of the InSAR Scientific 

Computing Environment (ISCE) software [2] to process 

all ALOS-2 data for investigating active deformation of 

the Sumatran fault, and we used Generic Mapping Tools 

Synthetic Aperture Radar (GMTSAR) [3] to process all 

ALOS-1 and ALOS2 data for studying earthquakes on the 

SFZ. The details of the data and methods used for each 

topic will be described individually in each of the 

following sections.  
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Fig. 1 Left figure, mean LOS velocity covering the 

whole regions of the Sumatran fault segments (shown 

as red lines). Positive and negative values represent 

motions toward and away from the satellite, 

respectively. The white rectangle is the northern 

region of the Sumatran fault which shows a velocity 

discontinuity along Aceh segment. The green rectangle 

is the southern region of the Sumatran fault which 

shows a velocity contrast between the eastern and 

western sides of the fault segments.  

 

30 km

 

Fig. 2 Mean LOS velocity for the northern region of 

the Sumatran fault shows a velocity discontinuity 

along the Aceh segment (highlighted by black arrows). 

The velocity discontinuity is likely related to creeping-

fault.  
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looking numbers to suppress noisy signals, apply different 

global atmospheric models such as ERA5 and ECMWF to 

correct tropospheric delays. In addition, in order to 

mitigate inaccurate global atmospheric models, we will 

also apply a phase-to-elevation technique to correct 

tropospheric delays.  

 

 

4. RUPTURE EXTENT OF RECENT SUMATRAN 

FAULT ZONE EARTHQUAKES 

 

We studied four geodetically observed Mw ~6 strike-slip 

earthquakes that occurred in mainland Sumatra between 

2007 and 2016. Three events ruptured the SFZ segments, 

and one event ruptured a previously unmapped active 

fault along the northern coastline of Aceh.  

 

 
Fig. 3 Mean LOS velocity for the southern region of 

the Sumatran fault shows a velocity contrast between 

the eastern and western sides of the fault segments 

(red lines). In the eastern side, the mean LOS velocity 

values are mostly close to zero. In the western side, 

mean LOS velocity values are approximately negative 

1–1.5 cm/year. This velocity contrast is potentially 

related to interseismic deformation of the fault 

segments. 

 

Fig. 4 The LOS displacements for the 2007 Lake 

Singkarak earthquake doublet. The red star 

represents the first Mw 6.4 event, while the purple star 

represents the second Mw 6.3 event. 

 

 

The first and second events were the 2007 Lake Singkarak 

earthquake doublet. The first event, Mw 6.4, ruptured the 

northern part of the Sumani segment on 6 March 2007; 

two hours later and ~15 km to the northwest, the second 

event, Mw 6.3, ruptured the neighboring southern part of 

the Sianok segment (Fig. 4). The northern end of the 

Sumani segment and the southern end of the Sianok 

segment run parallel to each other for ~20 km, separated 

by Lake Singkarak and at least a 3-km-wide step over. We 

used ALOS-1 SAR data (descending track: P117/F3630) 

to obtain the coseismic displacements. The reference 

scene was acquired on 19 October 2006, while the 

repeated scene was acquired on 06 June 2007. Our LOS 

displacements based on ALOS-1 data, which span the first 

3 months after the event  (Fig. 4), indicate right‐lateral 

deformation along the Sianok and Sumani segments. 

North of the lake, the LOS displacements show clear 

 

Our preliminary mean LOS velocity results for the whole 

regions of Sumatra (Fig. 1) do not show clear deformation 

related to interseismic activity of the fault segments 

except in the northern and southern regions of Sumatra. In 

the northern region (Fig. 2), our result shows a 30-

kilometer-long velocity discontinuity along Aceh segment 

which potentially related to creeping-fault as suggested by 

previous studies [8, 9]. In the southern region (Fig. 3), our 

result shows a velocity contrast between the eastern and 

western sides of the fault segments. The velocity contrast 

extends for about 150-kilometer-long. Besides these two 

regions, the mean LOS velocity shows either negative or 

positive values in both sides of the fault. To produce more 

robust results, additional works are needed, such as 

reprocessing the data with higher filtering and multi-
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near‐fault displacements over a distance up to 10 km. 

Decorrelation of pixels along the Marapi volcano flank, 

east of the fault trace, obscures the northern limit of 

surface rupture. Further northwestward, the LOS 

displacements do not show right‐lateral deformation. 

South of the lake, we masked out the LOS displacements 

near the fault due to very large values associated with 

unwrapping errors. Our modelling results suggest that the 

extent of the first earthquake rupture was coincide with 

the step over that separate the Sumani segment with the 

Sianok segment.  

tracks (Fig. 5). Along the descending track, the LOS 

displacements show surface rupture over a distance of 

~10 km, with a maximum LOS offset of ~60 cm. Along 

the ascending track, the LOS displacements show 

deformation across the fault but do not show clear surface 

offsets, probably due to the remaining near‐fault 

unwrapping error in an area of low correlation. Our 

modelling results suggest that the extent of the earthquake 

rupture was coincide with the step over that separate the 

Dikit segment with the Siulak segment. 

 

 

 

   

 Fig. 6 The LOS displacements for the 2016 

earthquake. The red star represents the earthquake 

epicenter location. Top and bottom panels are the 

ascending and descending LOS displacements, 

respectively. 

Fig. 5 The LOS displacements for the 2009 Dikit 

earthquake. The black line is the northwestern part of 

the Dikit segment, while the blue line is the 

southeastern end of the Sikulak segment. The red star 

represents the epicenter location of the 2009 event.  
 

 

The fourth event was the 6 December 2016 Mw 6.6 

earthquake that ruptured a previously unmapped active 

fault in a region of historically low seismicity near the 

northern coastline of Aceh. We used ALOS-2 ascending 

(P153/F0090) and descending (P040/F3500) SAR data to 

obtain the coseismic displacements. For the ascending 

data, the reference scene was acquired on 04 December 

2016, while the repeated scene was acquired on 12 

February 2017. For the descending data, the reference 

scene was acquired on 29 November 2016, while the 

repeated scene was acquired on 10 January 2017. Our 

LOS displacements provide surface deformation 

observations from both ascending and descending tracks 

(Fig. 6). Along the ascending track, the surface 

deformation extends along a northeast‐southwest trending 

axis. In addition, along the descending track, the LOS 

 

The third event was the 1 October 2009 Mw 6.6 

earthquake that ruptured the northern part of the Dikit 

segment. The Dikit segment had been classified as a 

seismic gap along the SFZ. In addition, the Dikit segment 

is limited by an ~11-km-wide step over between its 

northwestern end and the Siulak segment (Fig. 5). We 

used ALOS-1 ascending (P445/F7130) and descending 

(P114/F3670) SAR data to obtain the coseismic 

displacements. For the ascending data, the reference scene 

was acquired on 21 September 2009, while the repeated 

scene was acquired on 06 November 2009. For the 

descending data, the reference scene was acquired on 19 

January 2009, while the repeated scene was acquired on 

22 October 2009. Our LOS displacements provide surface 

deformation from both the descending and ascending 
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displacement is asymmetric across the fault, suggesting 

that the earthquake ruptured a southeast dipping plane. 

Our modelling results suggest that the event was 

generated by a fault that is approximately perpendicular to 

the regional strike of the Sumatran fault (Fig. 6). The 

strike of the fault is almost parallel to the strike of the 

geological structure in the region. Our results also suggest 

that this event has strike-slip motion on a relatively low-

angle dipping fault, which likely results from reactivation 

of a thrust fault. 

segment of the Sumatran fault from L-band ALOS-

1/PALSAR-1 observations,” Geophys. Res. Lett., 45(8), 

3404-3412, 2018. 

 

[10] P. Berardino, G. Fornaro, R. Lanari, E. Sansosti, “A 

new algorithm for surface deformation monitoring based 

on small baseline differential SAR interferograms,” IEEE 

Trans. Geosci. Remote Sens., 40(11), 2375-2383, 2002.  

 

[11] R. Jolivet, R. Grandin, C. Lasserre, M.P. Doin, G. 

Peltzer,”Systematic InSAR tropospheric phase delay 

corrections from global meteorological reanalysis data”, 

Geophys. Res. Lett., 38(17), L17311, 2011. 

 

 

5. REFERENCES 

  

[1] K.E. Bradley, L. Feng, E.M. Hill, D.H. Natawidjaja, 

and K. Sieh, “Implications of the diffuse deformation of 

the Indian Ocean lithosphere for slip partitioning of 

oblique plate convergence in Sumatra,” J. Geophys. Res., 

122, 572-591, 2017. 

[12] Z. Yunjun, H. Fattahi, F. Amelung, “Small baseline 

InSAR time series analysis: unwrapping error correction 

and noise reduction,” Computers & Geosciences, 133, 

104331, 2019. 

  

  

[2] C. Liang and E.J. Fielding, “Interferometry with 

ALOS-2 full-aperture ScanSAR data,” IEEE Trans. 

Geosci. Remote. Sen., 55(5), 2739-2750, 2017. 

 

********************************************** 

APPENDIX 

  

[3] D. Sandwell, R. Mellors, X. Tong, M. Wei, and P. 

Wessel, “Open radar interferometry software for mapping 

surface Deformation,” Eos Trans. AGU, 92, 234, 2011. 

[1] R. Salman, E. Lindsey, L. Feng, K. Bradley, S. Wei, 

T. Wang, M.R. Daryono, E.M. Hill, “Structual controls on 

rupture extent of recent Sumatran fault zone earthquakes, 

Indonesia.” J. Geophys. Res.: Solid Earth, 125(2), 2020.  

[4] K. Sieh, and D.H. Natawidjaja, “Neotectonics of the 

Sumatran fault, Indonesia,” J. Geophys. Res.: Solid Earth, 

105(B12), 28,295-28,326, 2000. 

 

 

 

  

[5] L. Prawirodirdjo, Y. Bock, R. McCaffrey, J. Genrich, 

E. Calais, C. Stevens, S.S.O. Puntodewo, C. Subarya, J. 

Rais, “Geodetic observations of interseismic strain 

segmentation at the Sumatra subduction zone,” Geophys. 

Res. Lett., 24, 2601-2604, 1997.  

 

 

 

[6] L. Prawirodirdjo, R. McCaffrey, C.D. Chadwell, Y. 

Bock, C. Subarya, “Geodetic observations of an 

earthquake cycle at the Sumatra subduction zone: Role of 

interseismic strain segmentation,”  J. Geophys. Res.: Solid 

Earth, 115, B03414, 2010.  

 

[7] J.F. Genrich, Y. Bock, R. McCaffrey, L. 

Prawirodirdjo, C.W. Stevens, S.S.O. Puntodewo, C. 

Subarya, S. Wdowinski, “Distribution of slip at the 

northern Sumatra fault system,” J. Geophys. Res.: Solid 

Earth, 105, 28,327-28,341, 2010.  

 

[8] T. Ito, E. Gunawan, F. Kimata, T. Tabei, M. Simons, 

I. Meilano, Agustan, Y. Ohta, I. Nurdin, and D. 

Sugiyanto, “Isolating along-strike variations in the depth 

extent of shallow creep and fault locking on the northern 

Great Sumatran Fault,” J. Geophys. Res.: Solid Earth, 

117, B06409, 2012. 

 

[9] X. Tong, D.T. Sandwell, and D.A. Schmidt, “Surface 

creep rate and moment accumulation rate along the Aceh 

471



TOWARDS A BETTER UNDERSTANDING OF ACTIVE VOLCANOES IN 
SOUTHEAST ASIA FROM PALSAR-2 AND IN-SITU OBSERVATIONS 

PI Number 3206 

PI: Benoit Taisne 
 CO-Is: Eric Lindsey, Emma Hill 

Earth Observatory of Singapore 
Nanyang Technological University, Singapore 

1. INTRODUCTION

Volcanoes in Indonesia and the Philippines are 
situated at the confluence of several major 
tectonic plates; they are among the most active 
in the world. This is also one of the most 
densely populated regions in the world, making 
the potential eruption hazard significant. The 
Earth Observatory of Singapore (EOS) is 
involved in real-time observation and 
monitoring of several volcanoes in both 
countries using seismic, geodetic, and chemical 
techniques (Fig. 1), in close collaboration with 
the Indonesian Center for Volcanology and 
Geological Hazard Mitigation (CVGHM) and 
the Philippine Institute of Volcanology and 
Seismology (PHIVOLCS). By extending our 

 
Fig. 1. Seismic and geodetic observation 
network at Gede and Salak volcanoes in West 
Java, Indonesia. 

analysis efforts to include InSAR observations 
from PALSAR-2, we are able to provide 
enhanced warnings to these agencies, and 
through ongoing study of the PALSAR-2 data, 
we will be able to better understand the 
underlying dynamics and magma system of 
these volcanoes and compare them to other less 
well-monitored volcanoes nearby. 

Thus far, we have focused our study on time-
series analysis of three active volcanoes in 
Sumatra and Java: Gede, Salak and Sinabung, as 
well as ongoing analysis of recent activity at 
Mayon in the Philippines. The in-situ 
observations we are collecting at Gede, Salak 
and Mayon have contributed to a multi-
disciplinary verification of the signals observed 
by PALSAR and PALSAR-2. We now plan to 
extend our InSAR observations to include other 
nearby volcanoes, some of which are not as well 
instrumented on the ground. In these cases, 
InSAR observations may be the only way to 
detect if these volcanoes are becoming active. 

2. RESULTS: GEDE/SALAK

The volcanoes Gede and Salak are close to the 
densely populated cities of Jakarta and Bogor, 
and thus have the potential to threaten tens of 
millions of people. To better interpret and detect 
renewed activity at these volcanoes, a new 

*Note: All time given are in UTC unless otherwise stated.  1

GEDE & SALAK

A. Summary on station data acquisition and transmission at Gede-Salak network

GEDE SALAK
SEISMIC CLM MKR PUN CTK MWG KDP PUT BDL SLK PSR PST

TILT MKRJ PUNT CTKT PSRT
GPS PSBL MKRJ MKRW PUTR

Data available1 Data partially available2 

Data available but unreliable/problematic/unprocessed3 Data unavailable4 

1: Complete or almost complete data ���0%) with occasional small gaps 2: <90% data available
3: Data files available but with weird data values 4: Data files not available at all

- Seismic stations: Data unavailable for PSR since 28th Aug 2015. No PSR data because of
no telemetry and no recent visit to download the data (data should be on the instrument).
Good data availability for the rest of the stations.

- Tilt stations: Good data availability for all of the stations. However, CTKT and PSRT seem
to have instrument problems.

- GPS stations (30/7 to 12/8): Good data availability for all of the stations.
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Fig. 2. Thirty years of cumulative seismicity 
at Gede volcano shows the occurrence of 
seismic swarms symptomatic of magma 
intrusion at depth. The most recent swarm, 
in 2010, was the subject of our processing of 
archived PALSAR-1 data. However, no 
visible deformation was detected. 
 
 
observation network has been deployed in 
collaboration with CVGHM (Fig. 1).  
 
Gede and Salak are representative of many arc 
volcanoes that exhibit only minor visible 
degassing and yet exhibit seismic swarms 
(Gede) and thermal features (Salak) that suggest 
recent magma and gas input from depth. In the 
spectrum of open to plugged conduits, Gede is 
intermediate and Salak appears to be plugged. 
Cumulative seismic energy release at Gede 
between 1985-2013 exhibits several seismic 
swarms that suggest successive small intrusions, 
although we have not yet been able to verify by 
other techniques (deformation or gas) whether 
some of the seismicity is in fact related to 
tectonic movements. If the swarms are 
magmatic they imply periodic resupplies of 
magma that will ultimately lead to a build-up of 
pressure for the next eruption. We are working 
toward a better interpretation of these crises, a 
task for which we hope InSAR will provide 
significant insight. In 2015 we installed four 
new continuous GPS stations; in combination 
with the high spatial density of observations 
provided by InSAR, this will help us to 
distinguish between magmatic and tectonic 
processes, as well as estimating the volume of 
magmatic intrusions, and reconstructing the 
magmatic storage system 

 
We processed available data from PALSAR-1 
(2007-2011) and PALSAR-2 (2015-2020) over 
Gede and Salak volcanoes. Then, we estimated 
a time-series of the deformation using the SBAS 
algorithm. The result for PALSAR-1 is shown 
in Fig. 3. During the period of 2007-2011, there 
is no convincing deformation over either 
volcano, although coherence is relatively low.  
During the period of 2015-2020, our 
preliminary result observes an uplift 
deformation at a rate of ~1.5 cm/year (Fig. 4).  
 

 
 
Fig. 3. PALSAR-1 averaged Line-of-Sight 
(LOS) velocity over Gede and Salak 
volcanoes shows no clear signal of 
deformation. This suggests that any 
deformation is deep and/or of relatively small 
magnitude. 
 

 
Fig. 4 Estimated uplift deformation based on 
ALOS-2 data from 2015 to 2020. 
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Background and Results  
 
Gede and Salak 
 
This year, the activity at Gede and Salak volcanoes has been low, allowing some upgrade of 
equipment and the installation of 4 new GPS. It is likely that in the near future a new seismic 
swarm will occur (figure 1) and the joint inversion of the existing seismic network with the newly 
installed GPS will help us to better understand this slow recharge process. An example of 
seismic data analysis linked to magma migration is illustrated using the 2012-2013 Tolbachik 
eruption (see appendix E). 
 

 
Figure 1. Thirty years of cumulative seismicity at Gede volcano shows the occurrence of seismic 
swarms symptomatic of magma intrusion at depth. 
 
Mayon 
 
We have successfully renewed MoU with PHIVOLCS to work on Mayon for three more years! 
In 2014, Mayon volcano entered a period of unrest with the extrusion of a lava dome. This 
extrusion was “quiet” and the alert level at Mayon volcano was risen to level 3 after visual 
observation of the dome (figure 2), and not based on monitoring data. The alert level was kept 
at 3 until December 2014. In previous Mayon eruptions it has been observed that a delay of 
several months was possible between first extrusion of lava and major event, but not this time, 
although it could still happen. This seems a rather unique event, and we will use the data that 
we have to better understand it. The available data are the flux of SO2, figure 3, tilt data, figure 
4, and seismic data, figure 5. The GPS data still needs to be process before it can be analyzed.  
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2. RESULTS: MT. SINABUNG 

 
The inflation of a shallow magma chamber 
within the edifice of a volcano is a significant 
warning signal that an eruption may be 
imminent. Mt. Sinabung, in Sumatra, had been 
inactive for more than 400 years, but PALSAR-
1 data shows that there was a shallow magma 
chamber inflating since at least 2007. We 
looked at the complete timeseries of PALSAR-1 
data from Mt. Sinabung, which began erupting 
in August 2010. The data (Fig. 5) show a clear 
pattern of shallow uplift from 2007 to 2010, and 
quick deflation afterward.  
 

 
 
Fig. 5. (a) One date from the PALSAR-1 
timeseries over Sinabung volcano, showing a 
very shallow pattern of inflation. The pattern 
of uplift (in red) is only a few pixels wide. (b) 
Timeseries shows uplift from 2007 to August 
2010, followed by quick deflation. 
 

We will continue analysis of this volcano using 
PALSAR-2 during its ongoing eruption.  
 
 

3. RESULTS: MT. MAYON 
 
Mayon volcano (Philippines) is an openly 
degassing basaltic andesite volcano, producing 
mostly small, but frequent eruptions. Prior to 
2018, the most recent eruptions in August - 
September 2006, December 2009 and August -
December 2014 were essentially effusive, but 
the threat of explosive activity required costly 
evacuations of ~50,000 people for weeks at a 
time. The EOS/PHIVOLCS project combines 
geophysical and geochemical observations with 
petrological studies to understand the timing and 
rates of magma resupply and degassing at 
Mayon to improve eruption forecasts. Careful 
analyses of the data after the phreatic explosion 
in 2013 and the dome extrusion in 2014 showed 
no evidence of precursory signal. 
 
On 13 January 2018, Mayon entered a phase of 
unrest that led to a dome extrusion and several 
explosive events, sending ash at least 2.5km 
high, and lava flows and pyroclastic flows were 
observed extending several kilometres from the 
summit. In response to the activity, we 
generated ALOS-2 interferograms for the period 
leading up to the eruption (Fig. 6), but found 
that no deformation signal was evident. This 
suggested that no significant pressure change 
had occurred inside the volcanic system. This 
reinforces the importance of monitoring and 
developing new types of analysis for open-vent 
type volcanoes. 
 
Despite the end of the magmatic phase of this 
eruption, we will continue our analysis using 
PALSAR-2 as well as the in-situ observation 
stations to better understand both the sources 
and patterns of the erupted material, as well as 
test new type of post-processing analysis, so that 
we can better understand what is ‘typical’ for 
open-vent systems and what is unusual.  
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Fig. 6. Three PALSAR-2 interferograms over 
Mayon Volcano in the Philippines during the 
period leading up to the eruptive crisis in 
January 2018. The lack of a clear 
deformation signal suggested that the 
eruption was not preceded by any unusually 
deep magmatic activity. 
 
 

4. OUTLOOK AND FUTURE WORK 
 
At the Earth Observatory of Singapore, we are 
committed to the project of ongoing analysis 
and study of the volcanoes where we currently 
operate in-situ networks, although none of these 
volcanoes have yet shown a significant pattern 
of deformation that is observable by InSAR. 
This means that our present analysis for Gede 
and Mayon has focused on searching for small 
signals, and assessing the noise levels of the 
InSAR data used for the observations. In the 
future, we intend to conduct a careful noise-
character analysis of these sites where zero 
deformation has been independently measured 
by GPS, to determine a reference noise level for 
detecting deformation of other similar volcanoes 
in vegetated areas by InSAR.  
 
Our result at Sinabung shows a convincing but 
spatially narrow pattern of deformation leading 
up to the 2010 eruption, giving us confidence 
that our analysis methods are sensitive to even 
small volcanic signals. Thanks to the ultra-wide 
spatial coverage of PALSAR-2 WD1 mode 
data, we hope to extend this type of analysis to a 
much larger number of volcanoes throughout 
Indonesia and the Philippines by doing 
significantly more processing and analysis of 
PALSAR-2 data. 
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1. INTRODUCTION

The Marmara region of Turkey includes one of the highly 

populated urbanized area in the World, i.e., the city of 

Istanbul which is the second largest metropolitan region of 

Europe. Population is approximately 13 million and each 

year is increasing with high rates, causing unplanned and 

illegal urban sprawl. This brings environmental problems 

associated to rapid industrialization and land degradation 

[1]. Besides, the region is susceptible to natural hazards, 

many humans passed away, and private and public 

properties have been damaged or destroyed  by the 

earthquakes occurred over North Anatolian Fault. Last 

large scale earthquake was occurred in 1999 in Golcuk and 

affected Istanbul and other cities with high rate of 

deformation. Meanwhile, the area is prone to other natural 

disasters such as landslides and flooding [2, 3]. Due to 

having a complex geological and geophysical structure, 

Marmara region has been selected as permanent geohazard 

supersite which is an area of highest priority for the 

scientific geohazard community 

(http://supersites.earthobservations.org/).  

In this area, advanced Differential Interferometric SAR 

(DInSAR) technique has been used to monitor deformation 

using C-band ERS and ENVISAT data [2, 4]. For the time 

span between 1992 and 2010, 1 cm/year of ground 

deformation has been found by [4]. In our previous study 

we used higher resolution X-band TerraSAR-X images to 

explore deformation patterns in urbanized areas of Istanbul 

megacity [5]. We applied the small baselines technique to 

TerraSAR-X data acquired in stripmap mode; our 

preliminary results indicated that several areas were 

affected by deformation which reaches up to ~5 cm/year 

for the 1.5 year period of analysis. Results show that the 

SBAS method may contribute to monitor high-risky areas 

and support strategies to be taken for sustainable urban 

planning. However, the presence of vegetation in some 

areas causes decorrelation effects within X- and C-band 

processing.  

In this frame, we want to benefit from the longer 

wavelength of ALOS/PALSAR-2 to investigate 

deformation patterns in the Istanbul area, including 

vegetated areas usually affected by decorrelation in X- and 

C-band analyses. For the analysis Persistent InSAR (PSI)

approach is applied.

2. STUDY AREA

The study area is located at the north-west of Turkey. The 

city has two districts and it is divided by the Bosporus strait 

which connects Black Sea to Marmara Sea.  This strait is 

also the natural border between Asia and Europe. The 

InSAR analysis are conducted over two sub-sections 

located at Europe side; Avcilar-Beylikduzu landslide (a) 

and Golden Horn (GH) coastlines (b) (Figure 1).  

Fig. 1 Overview of study area 

a 

b

5 km 
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2.1 Avcilar-Beylikduzu Landslide Region 

 

The study area is vulnerable to landslides due to its 

geological structure. Old and active landslides are located 

widely in conglomerate, sandstone and mudstone 

lithology. They also appear along the coastline of Marmara 

Sea and the lakes of Kucukcekmece and Buyukcekmece 

(Fig. 2). Today, landslides are caused by the re-emergence 

of old landslides. In addition to deep-seated landslides with 

very low velocities, there is also a relatively high velocity 

and very high damaging soil flow in the region. 

 

 

 
 

Fig. 2 lithology and landslides over the study area 

 

2.2 Golden Horn 

 

The Golden Horn is a natural estuary that border the 

peninsula where old city is located. As the region has been 

one of the most developed, populated and industrialized 

part of the city it has undergone many changes. It plays the 

role of natural port for many transportation over the sea. 

Meanwhile both coastline of the estuary has been 

renovated for parks and recreational areas. However, the 

geological structure is weak and composed of quaternary 

deposits that includes alluvial and human-made fillings has 

caused it to subside [5]. A preliminary study of us indicated 

that the region is subsiding about 5 cm/year using 

TerraSAR-X [5]. A flowing study was showed that the 

region is still subsiding about 8 mm/yr using Sentinel-1 

data from 2015 and 2017 [6]. 

 

 

3. DATASET AND METHODOLOGY 

 

For the analysis a combination of open source SNAP and 

StaMPS multi-temporal analysis approach is used for the 

study area (a) (Figure 2) [7, 8]. The other approach 

SARProz is applied for the region (b) [9]. 

 

The interferograms are created using the software SNAP, 

the output interferograms are converted to the software 

StaMPS for further analysis (Fig. 3). For the phase 

unwrapping step snaphu algorithm is applied. In the 

processing 30 m x 30 m SRTM data is used to remote the 

topographic phase contribution.  

 

 

 

Fig. 3 PSI analysis flowchart for landslide 

 

The Strip Map mode L-band ALOS-2 SAR data cover the 

period from 2015 to 2020 (Table 1). For the region A C-

band Sentinel-1 data is also acquired. The all data have 

SLC format.  

 

ALOS 

PALSAR-2 
Pass Pol Period 

Image 

No 

Region (A) ASC HH 
20160724-

20181014 
19 

Region (A) ASC VV 
20150101-

20181030 
174 

Region (B) ASC HH 
20141005-

20200301 
27 

Table 1 SLC dataset 

 

4. GPS MEASUREMENTS 

 

During the ALOS-2 data acquisitions The GH Global 

Positioning System (GHGPS) network was designed to 

determine the displacements along to GH. The Global 

Positioning System (GPS) measurements have been started 

in August 2017 and repeated until March 2020 using 14 

stations (Fig. 4). In August 2017, 14 stations were 

established according to deformation areas given by [5] 

(Figure 4). However, due to the construction activities in 

the GH region, the GH12 station was re-established and 

named as GX12. Moreover, new two stations named as 
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GH14 and GH17 were established after fifth campaign. 

The duration of measurements was about 6 hours with an 

interval of 10 seconds for all stations. The details of the 

campaigns are given in Table 2. 

 

 

 
 

Fig. 4 The GHGPS network. 14 established stations in 

August 2017 are colored red, and the others are 

colored blue. 

 
GPS observations were processed by Relative Point 

Positioning (RPP) technique. RPP solutions were carried 

out using Bernese v5.2 developed by the Astronomical 

Institute of the University of Bern (AIUB). In RPP 

technique, coordinates and covariance’s of GHGPS 

stations were obtained by fixing International GNSS 

Service (IGS) stations shown in Figure 5. Antenna offset 

parameters and phase variations were implemented. 

Double differences linear combination was used to 

eliminate the first order ionospheric effect. Global 

ionosphere maps produced by the Center for Orbit 

Determination in Europe (CODE) and precise orbit 

products released by IGS were used. GMF was chosen to 

model dry and wet parts of troposphere. Moreover, ocean 

tides were considered by the FES2004 ocean tide model. 

Detailed information about Bernese can be found [10]. 
 

 

Table 2. The details of the campaigns 

 

 

 
 

Fig. 5 Reference IGS stations 

 

5. RESULTS AND DISCUSSION 

 

For the first region 19 images are used and 10 June 2018 

dated image is selected as master image to create 

interferograms for the PSI analysis (Fig. 6). The 

geometrical baselines changes between 4 m and 235 m. In 

the first region the slowly developing landslide regions are 

extracted at line of sight direction (LOS). The displacement 

ranges between -10 mm/year and 10 mm/year in the results 

of ALOS-2 while it is slower in the results of Sentinel-1 

(Fig. 7 and 8).  The results of the L-band was compared 

with the C-band of Sentinel-1 data. The results indicated 

that they are compatible [8]. There are also some 

differences which might be due to the differences in the 

size of data and the wavelength. In some parts ALOS-2 
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shows more points than Sentinel-1. Especially at the 

coastline of the lake ALOS-2 indicated PS points and 

deformation where Sentinel-1 could not provide (Fig. 9). 

As we have only ascending orbit data of ALOS-2 we have 

the displacement only at LOS direction. The 

decomposition of Sentinel-1 is also showed that the 

deformation is dominated by horizontal movement [8].  

 

 

Fig. 6 Baselines of ALOS-2 for the region 1 

 

 

Fig. 7 Displacement of ALOS-2 at LOS direction over 

region 1 

 

 

Fig. 8 Displacement of Sentinel-1 at LOS direction 

over region 1 

 

Fig. 9 Subset over LOS values  

 

For the second region 27 PALSAR-2 images are used and 

23 July 2017 dated image is selected as master image to 

create interferograms. The geometrical baseline reaches up 

to 220 m (Figure 10). In this region the deformation type is 

more vertical due to subsidence occurred over filled parts 

of coastline. Currently, only ascending acquisitions are 

applied due to lack of other orbit. The results of the L-band 

and C-band provided similar pattern of deformation [6]. In 

total 2773 persistent Scatterers are determined which show 

high level of coherence. Especially, high deformation rates 

are monitored along the coast where recreational facilities 

are located. ALOS-2 resulted high deformation rates and 

high density of PS points over the urbanized region (Figure 

11). The displacement over the region ranges between 20 

mm/year to -20 mm/year. It is also clear in Figure 11 that a 

new port created with filling the sea has a slow 

displacement. Other high level of displacements are 

located at the northern of the region along the river.  

 

Fig. 10 Baselines of ALOS-2 for the region 2 
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Fig. 11 Displacement of ALOS-2 at LOS direction over 

region 2 

 
In both approaches we had problems on geo-referencing 

step when using ALOS-2 data. The results could not 

overlap with other maps and on Google Earth very well 

compared to Sentinel-1 results.   

 

The results of the PSI analysis over Halic region is 

compared with the GPS measurements. Time series of two 

stations are presented in Figure 12 and 13.  

 

The relationship between LOS displacements and ground 

surface deformation estimated from GPS campaigns can be 

given as below [11]: 

 

LOS = UV cosθ − sinθ [UNcos (α −
3π

2
) + UEsin (α −

3π

2
)]            

 

where, θ and α are the incidence angle of radar wave and 

heading angle of satellite, respectively; UV, UN, and UE is 

the displacement obtained from GPS campaigns as vertical, 

north-south direction, and west-east direction, respectively. 

The reference epochs were chosen 2017.616 and 2014.759 

for GPS and InSAR, respectively. For the validation a 

circle was applied. The center of the circle was chosen as 

the geographical coordinates of the GPS stations and the 

radius was selected as 150 m. The number of GPS 

campaigns and number the InSAR points for each GPS 

points are given in Table 3. The LOS displacements were 

calculated as the mean of the InSAR points. The 

displacements obtained from GPS have been shifted in 

Figures 12 and 13 to show coherence of two techniques, 

clearly. 

 

  

 

Station Number of InSAR 

Points 

Number of GPS 

Campaigns 

GH01 15 7 

GH02 10 7 

GH04 4 6 

GH05 8 7 

GH06 2 7 

GH07 5 7 

GH11 35 4 

GH12 4 2 

GH13 25 7 

GH14 31 2 

GH15 39 7 

GH17 16 2 

GH18 12 5 

GH19 20 5 

GH22 29 7 

GX12 14 5 

IGNA 6 7 

 

Table 3. The number of GPS Campaigns and InSAR 

Points 

 

 

 

Fig. 12 The displacements for InSAR and RPP 

techniques at GH04 station (mm) 

 

 

 

Fig. 13 The displacements for InSAR and RPP 

techniques at GH05 stations (mm) 

 

2 km 
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For two techniques the velocities were calculated in the 

LOS direction depending on the equation as given below: 

 

𝐿𝑂𝑆𝑡 = 𝐿𝑂𝑆0 + 𝑣 (𝑡 − 𝑡0) 

 

Here, LOSt  and LOS0  are the displacements in the LOS 

direction at the epoch t and t0 , respectively, v is the 

velocity. For the InSAR and RPP techniques velocities 

were estimated. To answer the question of whether the 

difference between estimated velocities is significant or 

not, a significant test based on the T-test is applied: 

 

𝑇 =
|𝑣𝐼𝑛𝑆𝐴𝑅−𝑣𝑅𝑃𝑃|

𝑠
≈ 𝑡1−𝛼,𝑓  

 

where T is the test value,  𝑡1−𝛼,𝑓 is the critical value, s is 

the standard deviation of difference between velocities, 𝛼 

is the significance level, f is the degree of freedom, 𝑣𝐼𝑛𝑆𝐴𝑅 

and  𝑣𝑅𝑃𝑃 are the velocities for InSAR and GNSS analysis, 

respectively. If the test value T is bigger than the critical 

value the difference between two velocities is considered 

as significant, otherwise not. The results are given in Table 

4. Since GH11, GH12, GH14 and GH17 have fewer than 5 

GNSS campaigns statistical analysis is not carried out for 

these points. The differences for GH05, GH15, GH19 and 

IGNA are obtained as significant. The differences for other 

points are not significant. Although the differences for 

GH06, GH18 and GH22 are insignificant, the standard 

deviations of the differences are high and the standard 

deviation affects the statistical results.  

 

 

 

Table 4. The velocities, standard deviations and test 

statistics (α = 0.01) 

 

 

5. CONCLUSIONS 

 

In this project first results of multi-temporal PSI analysis 

of ALOS-2 is presented over Istanbul city. Landslide and 

subsidence over urbanized regions are determined. Even 

Sentinel-1 provides high density of data it may fail over 

some parts where ALOS-2 has advantages. For a better 

analysis of the dynamics of the phenomena frequent 

ALOS-2 is needed which is a lack due to its acquisition 

program.  

 

Some parts of the region is dominated with horizontal 

movement due to slowly developing landslides. However, 

it is not possible to determine the direction and deformation 

rate using the images acquired from only one orbit. Images 

should be acquired at least one ascending and one 

descending to determine 2D deformation map. The ALOS-

4 satellite is expected to receive more orbit views to 

provide 2D data for deformation monitoring purposes. 

Another suggestion is to acquire more frequent images for 

multi-temporal analysis.  
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1. INTRODUCTION

The Qinghai-Tibet Plateau (QTP) develops the largest 
area of middle-low latitude and high-altitude permafrost in 
the world [1]. The changes of permafrost not only affect 
regional and global water circulation, carbon deposit and 
climate warming, but also influence ground ecological, 
geophysical, and biogeochemical processes in cold region 
[2-7, 21]. The active layer over permafrost plays a 
significant role in local landscape stability, carbon cycling, 
and socioeconomic development as most exchanges of 
energy and mass fluxes between the surface and the 
atmosphere occur through it. The active layer thickness 
(ALT) is one of the important indexes reflecting the 
stability and degeneration of the permafrost and 
degeneration of permafrost [9, 21, 22]. Under the global 
climate warming, the obvious increasing of ALT 
intensifies the surface deformation and triggers geological 
disasters [2-9]. The long-term measurements of surface 
deformation over frozen soil area are of great significance 
to local and global climate change study, ecosystem and 
hydrological research, and cold region geo-hazard 
prevention and mitigation.  

Time series InSAR techniques such as persistent 
scatterer interferometry (PS-InSAR) [10] and small 
baseline subset interferometry (SBAS-InSAR) [11], have 
been proposed and gradually applied in surface 
deformation monitoring. At present, in typical time series 
InSAR analysis, linear deformation model is generally 
adopted to model the surface deformation, after that the 
nonlinear deformation is recovered from the un-modeled 
residual. Zhang, et al. [12] proved that using linear 
deformation model could result in large residual phase 
( π> ) in the resolving of the interferometric phase
equations, when the present deformation is deviated
significantly from linear. This will cause large error to the
estimated deformation. Choosing an appropriate
mathematical model to describe the surface deformation is
thus of great importance in time series InSAR analysis. A
couple of mathematical models, such as the trigonometric
function, hyperbolic model, step function, spline function
and polynomial model, have been proposed to approximate 
the surface deformation [6,8,12-14]. However, these
models are almost pure mathematical models, without

considering the physical characteristics of the 
environmental factors around the deforming body. This 
will on one hand bias the deformation estimation, due to 
the deviation of real ground deformation from the 
theoretical model, and on the other hand prevent the correct 
interpretation of the estimated deformation. 

As for measuring ALT, traditional methods rely on 
point-based field surveys, such as drilling, soil temperature 
monitoring and ground-penetrating radar measurement 
[15-17]. Although characterized by high quality and good 
time continuity, these methods are extremely labor-
intensive and time-consuming, and limited to only very 
sparse spots, due to the severe coldness and oxygen deficit 
environment in permafrost area like QTP. A few efforts 
have been made to estimate the ALTs in the whole QTP by 
extrapolating the in-situ measurements based on the Stefan 
and the Kudryavtsev’s formulas, which describe the 
empirical and/or statistical relationship between ALT and 
related factors such as vegetation type, elevation, air and 
ground temperature, etc [18]. Also a finite difference 
model for one-dimension heat conduction with phase 
change is used to investigate the ALTs in QTP based on the 
surface air temperature and snow depth [18]. However, 
these methods are region-based (implemented by 
interpolation/extrapolation) and with considerably low 
spatial resolution, generally a few to tens of kilometers. Liu 
et al. [8-9] introduced an improved vertical displacement 
model into Small Baseline Subset (SBAS) InSAR  to 
monitor the surface deformation over the permafrost in 
Alaska. They expressed the relationship between the 
subsidence in summer and the ALT by a function, based on 
which they inverted the ALT by assuming that the surface 
subsidence is caused solely by the pore ice melting in the 
active layer [9]. Wang et al. [3] improved the ALT 
estimation model proposed by Liu et al. [9] to estimate the 
ALT in Beiluhe basin.  

In this project, we intend to monitor and characterize 
the surface deformation over permafrost in QTP with 
SBAS-InSAR, with emphasis on climatic factors (mainly 
temperature and precipitation) modeling to enhance the 
monitoring accuracy and to improve our understanding on 
the causes of the surface deformation over permafrost area 
[22]. Meanwhile, we propose and test two new approaches 
to estimate high-resolution ALTs based on InSAR 
observations and one-dimensional heat transfer model of 
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soils or layered subsidence model of soils [21-22]. Also, 
for better understanding the characteristic and mechanism 
of permafrost, we propose a new strategy to monitoring the 
deformation over the degradated Island Permafrost [23]. 
Furthermore, we propose an InSAR-based method to 
retrieve high spatio-temporal resolution 3-D displacements 
by fusing multi-track InSAR observations and a prior 
model [24]. 

2. RESEARCH METHODS AND RESULTS 

2.1 Monitoring surface deformation over permafrost 
with improved SBAS-InSAR: with emphasis on 
climatic factors modeling [20] 

2.1.1 Construction of the deformation model 
considering climatic factors 

Permafrost is a very complex natural heterogeneous 
soil layer, composed of mineral particles, ice, water and gas, 
etc. In frozen soil areas, the variations of seasonal 
environmental factors such as air temperature, 
precipitation, solar radiation, underground water (ice), 
surface water, and ground temperature at different depths, 
etc. affect the hydrothermal properties of frozen soil and 
cause the ground surface undergoing seasonal deformation.  
Also, strong tectonic activities in the QTP have frequently 
triggered geological disasters, for example earthquakes 
[25], and made the hydrothermal properties of frozen soil 
abnormal. These along with the special soil composition of 
the permafrost make its surface deformation more complex. 
The influence of the external environmental factors (such 
as temperature and precipitation) and internal factors (such 
as tectonic activities and the soil properties of frozen soil) 
should be considered when constructing the deformation 
model of ground surface over frozen soil [20]. 

By comprehensively considering the external and the 
internal factors that affect the surface deformation in frozen 
soil areas, we construct the following deformation model: 

3

1 2
1

( ) ( )p
LP p

p
d t T t P tµ β β

=

= + +∑
 
             (1) 

where t  is the accumulated time relative to the first SAR 
acquisition, p  is the exponent ( 1 2 3p = , , ), 1µ , 2µ  and 3µ  
are the coefficients accounting for the mean velocity, mean 
acceleration and mean acceleration variation, respectively. 

( )T t  and ( )P t  are the air temperature and precipitation at 
time t , respectively. 1β  and 2β  are the coefficients 
accounting for air temperature and precipitation, 
respectively.  
2.1.2 Experiment and Discussion 

Using the new deformation model developed above, we 
estimated the time series deformation of the study area over 
2007-2010 (reference to February 20, 2007, the acquisition 
time of the first SAR image) based on improved SBAS-
InSAR and presented in Fig. 1. It can be seen that the 
overall accumulated deformations are characterized by a 
subsidence trend, and the maximal localized settlement, 
occurred on August 3, 2010, reached up to 60 mm. On the 
whole, the soil is frozen in cold seasons from October to 
March of the following year. With the temperature 
dropping from October, the heat released from the deep soil 
into the atmosphere is greater than that absorbed from the 
atmosphere, and then cold energy accumulates. These 

results in the occurrence of a two-way freezing process, i.e., 
from the top of the active layer downward and from the 
bottom upward. The water in the soil is frozen and the 
ground surface develops heave displacement. The freezing 
heave gradually reaches a relatively stable state from 
November to the end of December and the stable state 
keeps until February. 

 
Fig. 1 Time series deformation of the study area with 

reference to February 20, 2007 (the acquisition time of 
the first SAR image) 

 
Fig. 2 Correlation analysis between the deformation 
and the factors of temperature and precipitation. (a) 
Correlation coefficients between the deformation and 
the temperature. (b) Correlation coefficients between 
the deformation and the precipitation. (c) Histograms 

of the correlation coefficients showed in (a) and (b). (d) 
Detailed correlation analysis at a typical point between 

the time sequence deformation and that of the air 
temperature and the precipitation, respectively. 
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In order to statistically ascertain to what degree the 
temperature and precipitation will influence the ground 
surface deformation in the frozen soil areas, correlation 
analyses are carried out between the time sequences 
deformation and the two factors, i.e., the monthly mean air 
temperature and the monthly precipitation (Fig. 2). The 
results show that the time series deformations of the whole 
area are negatively related to both the air temperature and 
the precipitation. As shown in Fig. 2a, the pixel-based 
correlation coefficients between the time series 
deformation and the air temperature range from -0.80 to -
0.45, and the majority of the correlation coefficients 
concentrate on -0.65, as revealed by the solid red line in 
Fig. 2c. This means that the surface deformation over the 
frozen soil is moderately correlated to the temperature.  

In contrast to the case of the temperature, the surface 
deformation is strongly correlated to the precipitation, with 
most of the correlation coefficients amounting to -0.9 (Fig. 
2b). The dashed purple line in Fig. 2c shows that the 
correlation coefficients between the deformation and the 
precipitation range from -0.95 to -0.75, and most of them 
concentrate on -0.92. This is because the precipitation has 
a greater influence on the moisture contents in the soil, and 
at the same time leads to physically significant latent heat 
effects, which will cause the surface deforms intensively.  

2.2 InSAR analysis of surface deformation over 
permafrost to estimate active layer thickness based on 
one-dimensional heat transfer model of soils [21] 

2.2.1 InSAR result  

We use the small baseline subset interferometry 
technique (SBAS-InSAR) to investigate the surface 
deformation of the study area. As the ground surface 
underlain by frozen soils generally undergoes both long-
term linear deformation and seasonal undulation, we 
adopted a superimposed model incorporating both 
deformation styles to approximate the low-pass (LP) 
temporal component of ground surface deformation [6,7,14, 
21, 26]: 

( ) ( ) ( ) ( )1 2 3
2 2; , , , sin , cosd t x r a x r t a x r t a x r t
T T
π π   = ⋅ + ⋅ ⋅ + ⋅ ⋅   

   
 (2) 

where t  is the time interval with respect to the reference 
SAR image, T is the period of the seasonal undulations 
(assuming to be one year in this study), 1α , 2α and 3α  are 
the coefficients to be determined, and ( )x,r  represent the 
azimuth and range coordinates. 

 
Fig. 3 Time series deformation maps of the study area 

The time series deformation of the study area is 
presented in Fig. 3. Fig. 4 depicts the chronological 
sequence of the computed deformations (blue triangles) for 
the two typical points located along the QTR and QTH, 
respectively. Also shown in Fig. 4 are the mean monthly 
air temperatures of Lhasa weather station (red circles). The 
deformation and temperature sequences are then fitted by 
the sinusoidal function, shown as blue and red curves, 
respectively. However, from the best-fitted blue and red 
curves, we can find that there exists a time lag of about two 
months between them, and we will fully exploit this time 
lag to estimate the ALT. 

 
Fig. 4 Comparison of the InSAR derived time series 

deformation (blue triangles) and the air temperature 
records of Lhasa station (red circles). The blue and 

red curves are fitted from the time series deformation 
and temperature, respectively, by periodic function. 
Points B and C are located along the QTR and QTH, 

respectively 

2.2.2 One-dimensional heat transfer model and ALT 
estimation 

According to the heat conduction law, the temperature 
at soil depth z  and time t , denoted as ( )T z,t , generally 
satisfies the following differential equation [27] 

2

2

( ) ( )T z,t T z,tK
t z

∂ ∂
= ⋅

∂ ∂
                      (3) 

where K  is the thermal diffusivity. 
Commonly, the ground surface temperature in a year's 

cycle presents the simple approximated periodic changes 
and is assumed to behave in accordance with [27]:  

sin( + )mT T A tω β= + ⋅                     (4) 
where T  is the ground surface temperature, mT  is the 
average surface temperature, A  is the amplitude of the 
surface temperature fluctuation, and β  is the initial phase, 

= 2 Pω π . 

By using the method of separation of variables to solve 
the partial differential Eq. (3) and considering Eq. (4), the 
temperature at soil depth z  is obtained [27]: 

( )= exp( 2 ) sin( + 2 )mT z,t T A z K t z Kω ω β ω+ ⋅ − ⋅ ⋅ − ⋅  (5) 
Eq. (5) is the general solution of one-dimensional heat 

transfer function of soils, under the condition that the 
effects of geothermal heat flux are ignored. 

exp( 2 )zA A z Kω= ⋅ − ⋅  is the amplitude of the time-
dependent soil temperature fluctuation, which decreases 
exponentially with soil depth. sin( + 2 )t z Kω β ω− ⋅  is 
the periodic part of the temperature at soil depth z . 
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Comparing the periodic parts in Eqs. (4) and (5), we find a 
phase difference zϕ between the temperature fluctuations 
at ground surface and at soil depth z  . 

= 2z z Kϕ ω⋅                          (6) 
Generally, the temperature changes at ground surface 

and at soil depth z  are not in phase. It is clear that the 
maximum temperature at soil depth z  lags behind that at 
ground surface, namely, there exists a time delay t∆  
between them. The time delay can be understood as the 
time required for the temperature maximum to diffuse from 
the ground surface downward to the soil depth z , which 
can be estimated by empirical method (discussed later). 
The time delay t∆  corresponds to a phase difference (i.e., 
the phase advance that the temperature at ground surface is 
over that at soil depth z ) 

t tϕ ω∆ = ⋅∆                          (7) 
Both referring the phase differences between the 

temperature at ground surface and at soil depth z , zϕ  in 
Eq. (6) should be equal to tϕ∆  in Eq. (7), which yield  

= 2z t K ω∆ ⋅ ⋅                       (8) 
Eq. (8) can be exploited to derive the thawing depth of 

the frozen soil (i.e., ALT) if we know the time delay t∆  in 
one period of the temperature fluctuation (one year in the 
paper).  

 
Fig. 5 (a) Time lag map between the periodic curves of 

InSAR-observed thawing settlement and 
temperatures. (b) Estimated ALT map 

Fig. 5a showed that the time lags between the 
maximum air temperature and the maximum thawing 
settlement of most of the study area ranged from 39 to 98 
days. Then, along with the time lag  in Fig. 5a, we 
derived the pixel-based maximum thawing depths (ALTs) 
of the study area (shown in Fig. 5b). 

The averaged ALT of the entire study area (Fig. 5b) 
was 1.95 m over 2007-2010, and in the NTM and the PM 
area the ALT increased to about 3.14 m, while in the flatten 
basin with relatively low altitude it decreased to about 1.02 
m. Along the QTR and QTH, the ALT was relatively 
uniform and with an average of less than 2.0 m, which was 
smaller than that of mountainous area.  

2.3 Estimating the active layer thickness in Wudaoliang, 
Qinghai-Tibet Plateau based on SBAS-InSAR and the 
simplified layered subsidence model of frozen soils [22] 

2.3.1 Surface deformation estimation based on 
improved SBAS-InSAR 

Sixteen ALOS-1 PALSAR ascending images, spanning 
from January 17, 2007 to September 9, 2009, covering the 
Wudaoliang permafrost area were used in this study. 
employed the improved SBAS-InSAR with the 

deformation model considering climatic factors to estimate 
the surface subsidence over permafrost. The new 
deformation model improved SBAS-InSAR with emphasis 
on climatic factors modeling was adopted to retrieve the 
time series surface deformation [20], as shown in Fig. 6.  

 
Fig. 6 Time series deformation of the study area. 

The deformation is large and presents a significant 
seasonal pattern aligning with the variation of temperature 
and precipitation. The peak-to-peak seasonal oscillation of 
deformation within one year is up to 10.5 cm over 2007-
2009, and the seasonal maximal uplift in the cold season 
(from October to April of the following year) and 
subsidence in warm season are 2.5 cm and 8.0 cm, 
respectively, with respect to January 17, 2007. The surface 
subsidence along the QTH and QTR is large, with the 
maximal deformation of 5.2 cm, which can be caused by 
the permafrost variation attributed to the construction and 
operation of QTH and QTR. 

2.3.2 ALT estimation based on layered subsidence 
model of frozen soils 

    In permafrost regions, the surface over the active layer 
presents frost heave in winter and thaw settlement in 
summer. Influenced by climatic warming and human 
activities, the melting of the thick ice at the bottom of the 
active layer and the shallow high-ice content permafrost 
may intensify the surface subsidence. In general, the 
surface deformation in permafrost areas can be classified 
into two types. First, when the ice crystal and ice inclusions 
among the soil particles, and the ice layer containing soil 
or pure ice layer formed by long-term freezing in the active 
layer, melt in warm seasons, the surface deformation is 
caused by the volume contraction (corresponding to a 
density change from 0.9 g/cm3 of ice to 1 g/cm3 of water) 
under no external pressure, as well as the melting of the 
permafrost layer with temperature increasing. Second, 
there is surface subsidence caused by the soil compaction 
in the active layer and the permafrost layer, because the soil 
structure in the active layer has varied with the 
multigelation of soil water and the melting of the 
permafrost layer. This kind of deformation appears as 
compression settlement under external pressure. Therefore, 
the thawing settlement in permafrost areas can be 
calculated by the layered subsidence model of frozen soil 
[28]: 

t∆
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1 1 1 1 2 2 20S A h Ph P hα α= + +                           (9) 
where S   is the total settlement (cm), 0A   is the 
coefficient of the thawing settlement in the frozen soil, 
defined as the ratio of the thaw settlement to the thaw 
depth of soil under null external pressure, 1h   is the 
steady thaw depth from the top of the active layer, and 

2h  is the thaw depth of the high-temperature permafrost 
layer below the active layer, 1α   and 2α   are the thaw 
compressibility coefficients (MPa-1) corresponding to 

1h   and 2h  , respectively. 1P   and 2P   (MPa) are the 
pressure, consisting of the frozen soil self-gravity and 
additional pressure, loaded on the active layer 1h  and the 
permafrost layer 2h , respectively. The first term on the 
right side of Eq. (9) represents the thaw settlement 
caused by ice melting and the volume reduction of soil, 
the second and third items represent the compression 
settlement caused by self-gravity and external pressures, 
respectively. We simplified Eq. (9) and retrieved the ALT 
according the simplified layered subsidence model of 
frozen soils. The result was shown in Fig. 7. 

 
Fig. 7 The estimated ALT map of different time in 

Wudaoliang permafrost area. (a) 2007, (b) 2008, (c) 
2009. 

The estimated ALTs in Wudaoliang, Qinghai-Tibet 
Plateau are about 0 ~ 365 cm in 2007, 0 ~ 394 cm in 2008 
and 0 ~ 432 cm in 2009. The root mean square error 
(RMSE) is 0.46 m by comparing the estimated mean ALTs 
of 2007-2009 with 16 in-situ ALT measurements. Relative 
to the ALTs in 2007, the estimated ALTs in most areas 
increase by 0~16.5 cm in 2008 and 0~22.7 cm in 2009. In 
some regions, the ALTs increase obviously, and it reaches 
as large as 432 cm in the Chumaer River High Plain in 2009. 
The average ALTs in the study area are 225 cm, 229 cm 
and 234 cm in 2007, 2008 and 2009, respectively, 
increasing 4.5 cm per year.  

2.4 Monitoring the Degradation of Island Permafrost 
Using Time-Series InSAR Technique: A Case Study of 
Heihe, China [23] 

2.4.1 The elaborated data processing strategy for 
Monitoring the Degradation of Island Permafrost 

In the context of global warming, the air temperature of 
the Heihe basin in Northeast China has increased 
significantly, resulting in the degradation of the island 
permafrost. A total of 20 L-band ALOS/PALASAR 
stripmap images over the Heihe area were used to retrieve 
the ground deformation caused by permafrost degeneration.  
In order to obtain highly coherent interferometric results, 
an elaborated data processing strategy combining the 
SBAS-InSAR and PS-InSAR methods is used to process a 
long dataset for retrieving the deformation time-series and 

the corresponding mean deformation velocity, as shown in 
Fig. 8.  

 
Fig. 8 The elaborated data processing strategy. 

2.4.2 InSAR result  

The average annual deformation rate in the Heihe area 
(Heilongjiang Province, China) between June 2007 and 
December 2010 was shown in Fig. 9. The regions presented 
island permafrost surface deformation, and the 
deformation rate along the line of sight mainly varied from 
–70 to 70 mm/a. Based on the analysis of remote sensing 
and topological measurements, we found that the 
deformation area generally occurred at lower altitudes and 
on shady slopes, which is consistent with the distribution 
characteristics of permafrost islands. Additionally, the 
deformation of permafrost is highly correlated with the 
increase of annual minimum temperature, with an average 
correlation value of –0.80 (See Fig. 10). The accelerated 
degradation of permafrost in the study area led to the 
settlement, threatening the infrastructure safety. Our results 
reveal accelerated degradation characteristics for the island 
permafrost under the background of rising air temperature, 
and provide a reference for future relevant research. 

 
Figure 9. Average annual deformation rate along the 

line of sight direction. The black dashed polygons 487



denote the island permafrost areas, the bold black 
dashed line denotes the expressway from Bei’an to 

Heihe. 

 
Figure 10. The deformation time-series for area P1 

and the temperature. 

2.5 Fusing Adjacent-Track InSAR Datasets to Enhance 
the Temporal Resolution of Time-Series 3-D 
Displacement Estimation over Mining Areas with a 
Prior Deformation Model and a Generalized Least-
Squares Method [24] 

Interferometric synthetic aperture radar (InSAR) 
technology can be used to observe high spatial resolution 
one-dimensional (1-D) deformation along the line-of-sight 
direction from a single-track synthetic aperture radar (SAR) 
dataset. With the aid of multi-track InSAR data or a prior 
model, InSAR can be extended to infer 3-D deformation 
information, but the temporal resolution is generally 
limited.  We propose an approach for estimating time-
series 3-D mining displacements by fusing multi-track 
InSAR (MTI) observations, with the assistance of a prior 
deformation model. Hereafter, for simplification, we refer 
to this approach as the MTI-based method. The core idea 
of the proposed method is to enhance the temporal 
resolution of the time-series 3-D displacement estimates by 
fusing multi-track InSAR observations and a prior model. 
Firstly, we retrieve high spatial resolution 3-D mining 
displacements from single-track InSAR 1-D deformation 
observations, with the assistance of the prior deformation 
model. By applying this approach to multi-track InSAR 
data over the same area, we obtain much denser 3-D mining 
displacement samples in time than those derived from a 
single-track InSAR dataset. Secondly, we propose a 
generalized weighted least-squares method to integrate the 
denser 3-D displacement samples, to solve the high 
temporal resolution 3-D mining displacements, in which 
the rank deficiency needs to be tackled. Finally, time-series 
3-D mining displacements at the chronological dates of all 
the available multi-track SAR images are estimated. The 
Yungang coal mining area of China was selected to test the 
proposed method using two adjacent-track ALOS 
PALSAR-1 datasets. The time-series vertical subsidence 
and horizontal motion in the north and east direction were 
shown in Fig. 11, Fig. 12 and Fig. 13, respectively. 

As can be seen from Figs. 11 to 13, the 3-D 
displacement components of the mining area were small 
(with a maximum of 1.5 cm in the vertical direction, 2.1 
cm in the east direction, and 3.4 cm in the north direction) 
before July 30, 2007. This can be attributed to the 
following reasons. Firstly, the size of the goaf (i.e., mined-
out area) between June 14, 2007 and July 1, 2007 was small. 
Theoretically, under the same geomining conditions, the 
smaller the goaf, the smaller the mining-induced 
deformation magnitude [29]. In addition, the small 
deformation magnitude would be further reduced by the 
supporting role of the overlying rock strata [30]. As the 

working face continued to advance, the displacement basin 
gradually expanded and the maximum displacements 
increased up to about 0.91 m, 0.42 m, and 0.22 m in the 
vertical, north, and east directions, respectively, over the 
following 10 months (see Figs. 11(k), 12(k), 13(k)). 

 
Fig. 11 The MTI method estimated time-series vertical 
subsidence at the dates of the fused SAR images with 

respect to June 14, 2007. The estimated vertical 
subsidence is rewrapped by 0.1 m, i.e., one color cycle 
corresponds to 0.1 m vertical subsidence, for the sake 

of visualization 

 
Fig. 12 The MTI method derived time-series 

horizontal motion in the north direction at the dates of 
the fused SAR images with respect to June 14, 2007. 

Positive and negative values indicate the points 
moving toward the north and south directions, 

respectively 

 
Fig. 13 The MTI method derived time-series 

horizontal motion in the east direction at the dates of 
the fused SAR images with respect to June 14, 2007. 488



Positive and negative values indicate the points 
moving toward the east and west directions, 

respectively 

Compared with the single-track InSAR-derived results, 
the proposed method not only significantly improves the 
temporal resolution of the monitoring results by 42.6%, 
obtaining more detailed 3-D displacements, but it also 
provides important data support for understanding and 
modeling the distinctive kinematics of mining deformation 
and assessing mining-related geohazards. What is more, 
the core idea of the proposed method will be beneficial to 
high spatio-temporal resolution 3-D deformation 
estimation in other geophysical processes. 

3. CONCLUSIONS 

We propose a novel deformation model considering the 
climatic factors of temperature and precipitation and 
incorporate it into the SBAS-InSAR technology. Using the 
improved SBAS-InSAR method, we estimate the surface 
deformation over the permafrost area of Dangxiong-
Yangbajing in the southern of the QTP. We find that in the 
study area, the surface deformation over permafrost is 
negatively correlated with the temperature and the 
precipitation. In addition, time lags between the 
deformation and the air temperature cause their correlation 
degraded. After compensating the time lags in warm 
seasons (from May to September of every year), the 
correlation between the deformation and the temperature 
rises considerably, varying from -0.95 ~ - 0.65, and the 
RMSs of the residual deformation was reduced remarkably. 
Most importantly, we construct a physical link between the 
climatic factors and the surface deformation (by the 
improved deformation model), and it is superior to InSAR 
modeling and analyzing the surface deformation in 
permafrost areas [20].  

We propose a new method to estimate the ALT based 
on InSAR observations and the one-dimensional heat 
transfer model of soils with a case study of Dangxiong 
County area at southern QTP as a concept demonstration. 
InSAR observations show that most of the study area 
underwent up to 5.5 cm peak-to-peak seasonal surface 
deformation in annual cycle. The time lags between the 
maximum thawing settlement and the highest air 
temperature in a full year were 39-98 days. These time lags 
are then translated into the ALTs through the heat transfer 
model of soils. The derived ALTs in the areas from 
Dangxiong to Yangbajing ranged from 1.02 to 3.14 m, with 
an average of 1.95 m. Compared with the sparse point-
based filed measurements by traditional methods, the 
InSAR-based ALT estimates are of extraordinary high 
spatial resolution, about 40 m, and easily extended to cover 
large, remote and unreachable regions.  

Besides, a novel method to estimate the ALT over 
permafrost based on Interferometric Synthetic Aperture 
Radar (InSAR) observations and the layered subsidence 
model of frozen soils. The estimated ALTs in Wudaoliang, 
Qinghai-Tibet Plateau are about 0 ~ 365 cm in 2007, 0 ~ 
394 cm in 2008 and 0 ~ 432 cm in 2009. The root mean 
square error (RMSE) is 0.46 m by comparing the estimated 
mean ALTs of 2007-2009 with 16 in-situ ALT 
measurements. Relative to the ALTs in 2007, the estimated 
ALTs in most areas increase by 0~16.5 cm in 2008 and 
0~22.7 cm in 2009. In some regions, the ALTs increase 

obviously, and it reaches as large as 432 cm in the Chumaer 
River High Plain in 2009. The average ALTs in the study 
area are 225 cm, 229 cm and 234 cm in 2007, 2008 and 
2009, respectively, increasing 4.5 cm per year. The 
presented methods can be used to retrieve high-resolution 
ALTs in remote areas of the QTP, which are assumed to 
help understand the permafrost change pattern, to provide 
important data for scientific research, and to contribute to 
the prevention and mitigation of the damages caused by 
permafrost changes in the QTP[21-22]. 

Moreover, we propose a new strategy to monitoring the 
deformation over the degradated Island Permafrost. The 
deformation rate along the line of sight mainly varied from 
–70 to 70 mm/a. At lower altitudes and on shady slopes, 
the deformation area generally occurred, which is 
consistent with the distribution characteristics of 
permafrost islands. Additionally, the deformation of 
permafrost is highly correlated with the increase of annual 
minimum temperature, with an average correlation value 
of –0.80.  
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1. INTRODUCTION

Volcanoes  situated  on  medium-sized,  isolated  islands,
represent a specific threat to local populations living on
their flanks. To detect  precursory signs of unrest, ground
instrumentation  is  mantatory.  Volcanic  observatories
maintain  a  number  of  geophysical  and  geochemical
monitoring devices, that track the activity of the volcano,
and  allow  for  warning  of  any  sign  of  awakening,  as
indicators depart  from baseline.  In the event of a major
eruption,  these  instruments  may  fail  or  become
temporarily unavailable, which makes it difficult to track
the ongoing activity and impacts of the eruption, hence
increasing the uncertainty involved in decision-making. In
periods  of  unrest,  as  ground  instrumentation  may  not
necessarily  cover  the  area  with  a  sufficient  density  of
observations, it may be difficult to determine precisely the
location  of  sources  of  deformation.  In  these  kinds  of
situations,  volcanologists  have  to  rely  on  alternative
observation  approaches,  by  turning  their  attention  to
remote sensing data.  In particular,  SAR (radar)  satellite
observations have the capability to provide images of the
morphology  of  the  volcano,  and  can  measure  ground
deformation thanks to interferometric techniques. The all-
weather  day-and-night  observation  capability  of  SAR
make  them  particularly  suited  to  the  monitoring  of
equatorial and tropical island volcanoes. 

Initially,  the aim of this project consisted in monitoring
volcanic  deformation  affecting  the  Lesser  Antilles
volcanoes, and in particular La Soufrière de Guadeloupe
and Montagne Pelée volcanoes,  in the french islands of
Guadeloupe and Martinique,  respectively  (Fig.1).  These
two volcanoes are targeted for a number of reasons. First,
in  addition  to  a  well  documented  record  of  major  pre-
historical eruptions, these two volcanoes were affected by
significant  unrest  episodes in  the recent  past,  including
the  1902  Montagne  Pelée  eruption  that  killed  ~30,000
people, and the 1976 La Soufrière volcanic crisis, which
led  to  evacuation  of  part  of  the  island  of  Guadeloupe.
These two volcanoes are rated among the most dangerous
volcanoes in the world, partly because of the difficulty to
evacuate their densely populated flanks in case of a major
disaster.

Unfortunately, the lack of measurable deformation on the
volcanoes of Guadeloupe and Martinique, combined with

the unavailability of high-resolution data from ALOS-2,
did not allow for reaching these initial objectives.

During  the  course  of  the  project,  an  exceptional  and
totally  unexpected  geological  event  occurred  in  the
volcanic  island  of  Mayotte.  From  May  2018  to  2021,
scientists  have  witnessed  the  birth  of  a  new submarine
volcano.  This  newborn  volcano  produced  substantial
deformation  on  the  island  of  Mayotte,  which  was
succesfully tracked by ALOS-2 InSAR. 

The present report will present these two contrasting cases
studies (Lesser Antille and Mayotte).

2. LESSER ANTILLES VOLCANOES

Figure 1: location of the volcanoes targetted by the 
Lesser Antilles project.

The  Institut  de  Physique  du  Globe  de  Paris  (IPGP)  is
currently in charge of two volcano observatories on these
volcanoes.  Geophysical  and  geochemical  evidence
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suggest that La Soufrière de Guadeloupe volcano (Fig. 2) 
is currently entering of new phase of unrest. This new 
situation calls for the exploitation of all possible sources 
of information, in order to better assess potential hazards 
associated with an awakening of the volcano. 

132). Using a few WD1 pairs, we computed a series of 
ALOS-2 ScanSAR interferograms covering the island of 
Guadeloupe, in order to test the potential of these data. 
Overall, the coherence of these interferograms is 
satisfactory in most locations (Fig. 2). However, these 
interferograms show a poor coherence on the densely 
vegetated slopes of the volcanoes, while the vegetation- 
free summit area is only covered by a few pixels. 

Unfortunately, the ALOS-2 acquisition plan over the 
target area was inadequate to monitor deformation of the 
volcano, as explained in the following. 

These tests demonstrate that the resolution of the WD1 
data acquired by ALOS-2 (100m) is insufficient to enable 
a mapping of surface deformation of the volcanoes of 
Guadeloupe  and  Martinique,  which  are  currently  in   a 

Very few or no acquisitions in SPT, SM1 or SM2 modes 
were available. Images were acquired in SM3 mode at a 
rate of 1 image per year for each pass direction, which is 
insufficient to allow for measuring slow ground 
deformation. In addition, in spite of the reduced 
vulnerability of L-band data to coherence loss due to 
vegetation (compared to C- or X-bands), ALOS-2 images 
spaced one year apart are largely incoherent. 

situation of low activity, with GNSS 
velocities smaller than 1 cm/year. 

showing ground 

3. MAYOTTE 

Figure 2: ALOS-2 WD1 interferogram focussed on 
Soufrière de Guadeloupe 

On the other hand, WD1 mode (ScanSAR) images are 
acquired on a regular basis, every ~ 1.5 month, but only in 
descending geometry (up to 2018, 32 images on 
observation  path  131,  30  images  on  observation   path 

Figure 3: Tectonic setting of the Mayotte island (from 
[1]). 
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The island  of  Mayotte  is  located  in  the  western  Indian
Ocean. This french overseas territory  includes  ~300,000
inhabitants.  The  last  known volcanic  eruption  occurred
approximately 6kyr before present.

In  May 2018, an unexpected seismicity and deformation
was recorded by onland sensors. Numerous earthquakes
were  felt  by  the  population,  raising  concern  about
potential  danger.  The  source  of  the  seismicity  and
deformation was quickly located offshore, approx. 50 km
to  the  east  of  the  island  [2,3].  A  geophysical  marine
expedition discovered the birth of a submarine volcano in
May 2019 [4].

Figure 4: Deformation measured by the Mayotte 
GNSS network.

Deformation detected by the GNSS network installed
in Mayotte before  the crisis shows a gradual tilt  of  the
island, associated with subsidence (Figure 4).  However,
the  density  of  GNSS  sensors  is  insufficient  to  capture
short-scale gradients of displacement, which are essential
to determine the location and geometry of the  source of
deformation.

Figure 5: cumulative displacement on Mayotte from 
2015 to 2020 derived from time-series processing of 
ALOS-2 data.

Thanks to an exceptional effort carried out by JAXA,
following  a  request  by  their  European  partners  (in
particular,  the  French  Space  Agency  and  the  European
Space  Agency),  the  frequency  of  acquisitions had been
enhanced  in this  previously non-tectonic /  non-volcanic
area.  Using  the  ISCE software,  we  processed  the  data
acquired  in  ascending  (stripmap,  SM3)  and  descending
(scansar, WD2) passes. In the geometry, the eastward and
downward  motion  add  constructively  in  the  projection
onto  the  line-of-sight  (LOS),  leading  to  an  optimal
sensitivity  to  displacement.  A difficulty  however  arises
from  the  fact  that  the  whole  island  is  moving,  which
implies that no stable point exists on the island. Hence,
absolute  displacement  cannot  be  constrained  by InSAR
independently.  The  2015-2020  cumulative  LOS
displacement shows a difference of approximately 15 cm
between  the  eastern  and  western  parts  of  the  island
(Figure  5).  This  matches  with  the  magnitude  of  the
displacement inferred from the GNSS. When referencing
the InSAR dataset with respect to a point situated on the
western part of the island (corresponding to GNSS station
GAMO),  the time-series  of displacement  of a  pixel  co-
located with GNSS station KAWE shows a remarkable
agreement  with  the  GNSS-derived  time-series  of
displacement projected into the LOS (Figure 6).

This work is expected to provide important constraints
on the dynamics of the source of deformation, as well as
its  location and geometry.  Continued monitoring of  the
area  is  requested,  in  order  to  complement  ground
instrumentation in case of a change in the style of eruptive
activity.

Figure 6: time-series of displacement for two pixels. 
Blue : reference pixel, serving as reference for the 
time-series. Red: "KAWE" pixel, which hosts a GNSS 
sensor. The KAWE GNSS time-series is shown by the 
red line.
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5. CONCLUSIONS

Thanks  to  its  L-band  sensor,  the  ALOS-2  satellite  is
currently the most efficient system for monitoring ground
deformation  in  vegetated  areas  using  interferometric
synthetic  aperture  data.  However,  the  large  number  of
applications that use these data cannot be satisfied using a
one-size-fits-all acquisition mode. In particular, volcanic
applications  need  frequent  acquisitions  at  high  spatial
resolution, whereas wide-swath (scansar) acquisitions are
often the only background acquisition mode available in
many  volcanic  areas  of  the  world.  Suppressing  this
limitation should be considered as a target  for improving
future L-band SAR sensors. High-resolution wide-swath
acquisition  capabilities  will  be  mandatory  to  make  the
best possible use of L-band SAR data for a broad range of
applications.
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1. INTRODUCTION

At its eastern edge, the Indian plate collides 
with the Sunda plate at a rate of 30 - 40 mm/yr 
[e.g. Socquet et al., 2006], forming a complex 
right-lateral oblique convergent boundary. At 
the latitude of Myanmar, the Sagaing fault 
accommodates approximately 20 mm/yr of 
north-south transform motion between the two 
plates [e.g. Maurin et al., 2010] while the Sunda 
megathrust accommodates 10-20 mm/yr of 
eastward subduction of the Indian plate. In 
between, a narrow terrane known as the Burma 
sliver shows evidence of active convergence and 
oblique transform motion, while to the east of 
the Sagaing fault a complex network of faults 
accommodates broad-scale shearing of the 
Eurasian lithosphere throughout the Shan 
plateau [Wang et al., 2014]. A schematic map of 
the faults in the region is shown in Figure 1.  

This complex tectonic setting is home to more 
than 200 million inhabitants in Bangladesh and 
Myanmar, who are at risk of devastating 
consequences from large earthquakes. Historical 
earthquakes with magnitude 6 - 7 (or larger) 
have occurred on all of the major fault systems 
in the region but to date there has been little 
systematic study of the potential rate of future 
earthquakes, their sources or their possible 
magnitudes [Wang et al., 2014]. With the 

region now undergoing rapid growth and 
development, locating the active faults and 
better characterizing potential hazards is an 
urgent need. Furthermore, the unstable political 
situation in Myanmar makes the use of InSAR 
remote observations an attractive method. 

Fig. 1. Location map showing active faults in 
the oblique India-Sunda collision zone, and 
locations of GPS observations throughout the 
region. 
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In 2011 and 2012, 24 permanent GPS sites in 
Myanmar, Bangladesh, India, and Bhutan were 
installed by EOS in collaboration with our local 
partners (red circles in Figure 1). In 2018, this 
network was augmented with 9 additional 
stations in central Myanmar (green circles),  
 

 
 
Fig. 2. PALSAR-2 interferograms from (a) 
descending and (b) ascending orbits acquired 
over the January 11, M6.0 Phyu earthquake 
in central Myanmar. White line marks a 
possible fault trace identified from the 
topography. 

along with more than 80 temporary sites where 
we conducted survey GPS observations to 
measure regional tectonic deformation. Despite 
promising results from these data, these sites 
remain sparse and too widely distributed 
(average marker spacing is > 50 km) to record 
all of the deformation occurring in this complex 
collision zone, necessitating the use of InSAR to 
fill in the gaps and provide a more spatially 
continuous map of tectonic deformation in the 
region. 
 
2. RESULTS: 2018 MW6.0 EARTHQUAKE 

 
On January 11, 2018, a magnitude 6.0 
earthquake struck central Myanmar, in a remote 
forested area where no faults had been mapped 
previously. The ALOS-2 satellite acquired the 
first post-event image on January 14, and we 
produced an interferogram (Figure 2a) showing 
that there did not appear to have been a surface 
rupture. Subsequent ascending data (Figure 2b) 
and joint seismic-geodetic modeling (Figure 3) 
confirms the absence of surface rupture, despite 
an unusually shallow pattern of slip (< 8 km). 
These results are now in review for publication 
(see Appendix). 
 

3. RESULTS: FAULT CREEP? 
 
We looked for fault creep using PALSAR and 
PALSAR-2 data along the Churachandpur-Mao 
fault in eastern India, and the Sagaing fault in 
northern Myanmar, where previous GPS 
observations have suggested a very shallow 
locking depth for the fault [Gahalaut et al., 
2013; Maurin et al., 2010]. However, this area 
proved challenging for InSAR, due to dense 
vegetation and steep topography resulting in 
significant atmospheric and unwrapping errors 
(Figures 4 and 5). In addition, the nearly north-
south direction of the Sagaing fault makes it 
difficult for InSAR to observe deformation, as it 
runs nearly perpendicular to the line-of-sight 
direction. We plan to continue looking for 
signals related to fault creep in the ALOS-2 data 
as the timeseries becomes longer, resulting in 
lower noise levels in the averaged velocities. 

(a) Descending interferogram: 2017/12/03 - 2018/01/14

(b) Ascending interferogram: 2017/12/26 - 2018/03/05
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Fig. 3. Joint seismic-geodetic model of the 
January 2018 M6.0 Phyu earthquake 
showing coseismic slip contours (black 
contours) and aftershocks (colored circles), 
showing that slip was concentrated at a depth 
of less than 8 km, despite the absence of a 
surface rupture. 
 

 
 
Fig. 4. LOS velocities over the Imphal valley 
in eastern India show possible creep along 
the strike-slip Churachandpur-Mao fault. 
 
 

 
Fig. 5. Averaged ALOS-1 line-of-sight 
velocities across a section of the Sagaing fault 
(red lines) in Northern Myanmar. Initial 
results do not suggest a strong creep signal 
across the fault. This area is particularly 
difficult for InSAR because the fault is nearly 
perpendicular to the line of sight direction. 

 
4. RESULTS: NON-TECTONIC MOTION 

 
Our timeseries analysis of the data in Myanmar 
is not yet accurate enough to measure the nearly 
north-south tectonic motion characteristic of 
slow deformation in the Burma sliver, but it did 
reveal a significant acceleration in the rate of 
ground subsidence in Myanmar’s largest city, 
Yangon (Figure 6). This is a concerning 
development, and is the subject of a separate 
analysis by our group (under PI project 3209). 
 
As we expand our processing of the ALOS-2 
data, we will also be able to observe subsidence 
in nearby growing cities across the delta region 
of Myanmar. This extremely low-relief area is 
subject to significant flooding hazards, so noting 
whether there is any subsidence is important. 
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Fig. 6. ALOS-1 and ALOS-2 average LOS 
velocities showing rapid increase in rates of 
subsidence near Yangon, particularly in the 
fast-growing industrial areas to the east and 
south of the city. 
 

5. OUTLOOK AND FUTURE WORK  
 
Observing slow tectonic deformation of the 
Burmese sliver through InSAR has proved 
difficult thus far. Problems related to 
atmosphere, topography, dense vegetation, and 
the nearly LOS-perpendicular nature of 
deformation in Myanmar have limited the 
applicability of this technique in this region. 
However, we have shown some success so far 
(Figures 2, 4 and 5), and our focus on this 
region has revealed other interesting 

deformation phenomena that will likely lead to 
future studies and publications. 
 
In particular, we hope to extend our analysis in a 
future project to form timeseries using the 
ALOS-2 data in Bangladesh and western 
Myanmar, now that several years of data are 
available. We hope to achieve two primary 
goals: (1) clarify whether the possible creep 
signals seen in ALOS-1 are robust, and (2) 
apply ionospheric corrections to investigate 
long-wavelength tectonic deformation across the 
Burma sliver and the Arakan megathrust. 
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1. INTRODUCTION

Ground surface deformations due to human and naturally 

induced factors are geohazards and may cause damage to 

buildings and other infrastructures. Excessive ground 

movements can even lead to loss of human lives. Therefore, 

identifying and regularly monitoring the ground 

deformations is crucial before it could become latent risk 

factors. Interferometric synthetic aperture radar (InSAR) 

technique provides an all-weather imaging capability for 

measuring continuous ground surface deformation and 

detecting minor surface changes. The aim of this study is 

the applications of monitoring the surface deformation 

induced by human activities and natural causes using 

InSAR techniques.  

The first case was conducted in Urayasu City, Chiba 

Prefecture. The long-term land deformation patterns were 

investigated using ERS-1/-2 (C-band), ALOS PALSAR 

and ALOS-2 PALSAR-2 (L-band) images by multi-

temporal InSAR techniques. Leveling survey data were 

also used to verify the accuracy of the InSAR-derived 

results. 

The second case study was detecting the landslides induced 

by the 2018 Hokkaido Eastern-Iburi Earthquake. The 

coherence and intensity calculated from the six pre- and 

post-event ALOS-2 PALSAR-2 images in descending and 

ascending orbit were used to extract landslide areas. To 

improve the accuracy of identified landslides, six different 

combination methods were tested. Moreover, the results 

were verified by comparing with optical satellite images 

and truth data. 

2. LAND SUBSIDENCE OVER THE COASTAL

CITY OF URAYASU, JAPAN 

Urayasu City is located in the Tokyo Bay area, where more 

than 70% of the area was reclaimed from 1964 to 1980. The 

reclamation was performed using the sand and soil dredged 

from the seabed off the coast of Urayasu [1]. In addition, 

Urayasu City is located in an earthquake-prone area, which 

increases the risk of land subsidence due to the combined 

effects of seismicity and the natural consolidation of soil. 

On 11 March 2011, a devastating earthquake of moment 

magnitude Mw 9.0 occurred off the coast of Tohoku, Japan, 

which caused severe damage to buildings and 

infrastructures and created large ground settlements of up 

to 60 cm in the reclaimed areas [2]. 

2.1 Data set 

The SAR data collected by the ERS-1/-2 and ALOS-1/-2 

satellites were used to monitor the long-term deformation 

pattern of Urayasu City. The ERS-1/-2 data were provided 

by the European Space Agency (ESA) and the PALSAR & 

PALSAR-2 data by the Japan Aerospace Exploration 

Agency (JAXA). A total of 52 C-band ERS-1/-2 single 

look complex (SLC) scenes were acquired from the 

track/frame 489/2889 during the period from May 1993 to 

February 2006. Note that there is a data gap in 1994 and 

1995 due to the limited acquisitions of ERS-1 data; 24 L-

band ALOS PALSAR SLC data were acquired from the 

path/frame 58/2900 during the period from June 2006 to 

December 2010; 13 L-band ALOS-2 PALSAR-2 SLC data 

were acquired from the path/frame 18/2900 during the 

period from December 2014 to November 2017. The 

detailed acquisition parameters of these three SAR data are 

given in Table 1. 

2.2 Methodology 

The multitemporal InSAR methodologies involve the use 

of multiple SAR datasets to overcome the limitations of 

conventional InSAR (e.g., spatial and temporal 

decorrelations and atmospheric disturbance) and measure 

the land surface displacements with high precision [3]. In 

this study, the persistent scatterers InSAR (PSI) and the 

small baseline subset method (SBAS) were applied to the 

archived (i.e., ERS-1/-2 and ALOS PALSAR) and recent 

(i.e., ALOS-2 PALSAR-2) SAR data. 

As shown in Fig. 1, the ERS-1/-2 and PALSAR data were 

processed using both the PSI and SBAS methods. Due to 

the limited number of PALSAR-2 acquisitions, we used 

only the SBAS method. The SARscape® Modules (5.4) for 

ENVI (5.4) software suite was employed to perform the 

interferometric analyses. For the ERS-1/-2 data, we used 

the latest precise orbit products provided by the ESA to 

correct the orbit inaccuracies and generate a total of 424 

interferograms, including 36 for PSI processing and 388 for 

SBAS processing pairs (Fig. 1). 
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2.3 Results 

2.3.1 Time-Series Analysis of the ERS-1/-2 Data from May 

1993 to February 2006 

The mean velocity (mm/year) maps of the final geocoded 

displacements generated from the ERS-1/-2 data are shown 

in Fig. 2. The color cycle from green to purple indicates the 

positive to negative velocities in the LOS direction. The 

negative values indicate that the surface is moving away 

from the satellite (i.e., subsidence) while the positive 

values indicate the opposite direction of movement (i.e., 

uplift). The major subsidence areas were highlighted by 

both InSAR measurements, which were located on the 

borders of the Naka-Machi and Shin-Machi areas. The 

results derived from the SBAS method show higher 

densities of the obtained points than those of the PSI. The 

average displacement rate and the standard deviation for 

the PSI were -1.0 and 4.9 mm/year, while those for the 

SBAS were -0.95 and 1.9 mm/year, respectively. In general, 

the ERS-1/-2 results show that approximately 85% of the 

PS points indicate displacement rates between -4 mm/year 

and 2 mm/year. 

2.3.2 Time-Series Analysis of the ERS-1/-2 Data from May 

1993 to February 2006 

The mean velocity (mm/year) maps of the displacements 

for the period from June 2006 to December 2010 is shown 

in Fig. 3 for PSI and SBAS. The same color cycle from 

green to purple was used for those results. The density of 

the measured points by the PSI is coarser than those by the 

SBAS, due to the existence of vegetation in the study area. 

The average displacement rate and the standard deviation 

for the PSI were -1.3 and 3.9 mm/year, whereas those for 

the SBAS were -1.7 and 3.3 mm/year, respectively. Overall, 

the PALSAR results show that approximately 85% of the 

PS points indicate displacement rates between -6 mm/year 

and 3 mm/year. 

2.3.2 Time-Series Analysis of the PALSAR-2 Data from 

December 2014 to November 2017 

The mean velocity (mm/year) maps of the displacements 

for the period from December 2014 to November 2017 are 

shown in Fig. 4. The same color cycle from green to purple 

was used for the result. The average displacement rate and 

the standard deviation are −0.5 mm/year and 1.9 mm/year, 

which are lower than those obtained with the ERS-1/-2 and 

PALSAR data. In general, the PALSAR-2 results show that 

approximately 85% of the PS points indicate displacement 

rates between -3 mm/year and 1 mm/year. 

To show the variations in the LOS displacement velocities 

at different locations over the three observation periods, six 

profiles across several locations in Urayasu City were 

selected. We can see from Fig. 5 that these selected profiles 

show different displacement dispersion patterns, such as 

profiles P1–P1’ and P5–P5’ which show a dispersion of 

approximately -0.5 mm/year to -2.6 mm/year. Along 

profile P4–P4’, the subsidence rate increased from 0.1 to 

21 mm/year within the distance of 0.6 km. The profiles in 

Fig. 5 (b, c, d and f) reveal that the PALSAR-estimated 

subsidence rate has a larger value than those from the ERS-

1/-2 and PALSAR-2. Contrary to the ERS-1/-2 and 

PALSAR-estimated displacement velocity, the PALSAR-

2 results show an uplift within the distance of 300 to 900 m 

in the profile P1–P1’ across the Moto-Machi area (Figure 

11a). Moreover, both PALSAR and PALSAR-2 estimated 

displacement rates show a significantly decrease along P4–

P4’ (Fig. 5d) 

2.4 Comparison of the InSAR-Derived Results with the 

Leveling Data 

To assess the accuracy of the InSAR-derived results over 

the three observation periods, a quantitative comparison of 

the time-series displacements with the leveling survey data 

provided by the Chiba Prefecture at 22 measurement points 

was performed. To locate each leveling point, we 

referenced the online version of the Chiba information map 

and the illustration figures of each leveling point provided 

[4]. For the InSAR measurement points, especially those in 

incoherent areas, the pixels that lay within 100 m of the 

corresponding leveling points were assigned, and the 

average velocity of these pixels was calculated. We 

selected the leveling data in the same overlapping periods 

Table 1. Acquisition parameters of the ERS-1/-2, ALOS PALSAR and ALOS-2 PALSAR-2 data sets. 

SAR1 Sensor ERS-1/-22 ALOS PALSAR ALOS-2 PALSAR-2 

Orbit direction Descending Descending Descending 

Operation mode SAR/IM3 FBS/FBD4 Strip map (SM)1 

Band (wavelength) C-band (5.6 cm) L-band (23 cm) L-band (23 cm)

Resolution 20 m 10/20 m 3 m 

Revisit cycle 35 days 46 days 14 days 

Look angle 23° 34.3° 35.4° 

Incidence angle 23.3° 38.7° 39.7° 

Swath 100 km 70 km 50 km 

Number of images 52 24 13 

Temporal coverage 
May 1993 to February 

2006 

June 2006 to December 

2010 

December 2014 to November 

2017 
1 synthetic aperture radar; 2 European Remote Sensing satellites; 3IM: image mode; 4 FBS: fine beam single; FBD: fine beam 

double. 
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as the three InSAR measurement periods. We assumed the 

Fig. 1. The temporal and spatial baseline distributions of the SAR interferograms from the ERS-1/-2, ALOS PALSAR and 

ALOS-2 PALSAR-2 data sets (a–e), where each acquisition is represented by a diamond associated to an ID number; the green 

diamonds represent the valid acquisitions and the yellow diamonds represent the selected master image of persistent scatterers 

interferometry (PSI) and super master image of the small baseline subset (SBAS). 

Fig. 2. Line of sight (LOS) displacement velocity in Urayasu City from 1993 to 2006 for the ERS-1/-2 data: (a) Estimated 

mean displacement velocity using the PSI method; (b) estimated mean displacement velocity using the SBAS method. The 

background image is an ERS-2 intensity image acquired on May 24, 1999.  
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horizontal deformation was negligible, and the LOS 

displacement velocity was converted into the vertical 

displacement velocity by dividing the cosine of the sensor 

incidence angle [5]. 

Fig. 6 shows the spatial distribution of the leveling points 

and the comparison between the leveling and InSAR-

derived linear subsidence rate. Note that the number of 

leveling points are different among the different InSAR 

observation periods; 17 leveling points were used for the 

comparison of the ERS-1/-2 and PALSAR observation 

periods, while 21 leveling points were used for the 

PALSAR-2 observation period, which is due to five new 

leveling points being established after the 2011 Tohoku 

Earthquake and the leveling point U-12A being missing in 

2016. We also used different plot scales (20 mm/year vs 12 

mm/year) and (2/4 mm vs 1/2 mm for error lines), due to 

the smaller errors shown in PALSAR data using the SBAS 

method (Fig. 6d). The comparison results show that the 

results from the ERS-1/-2 data using the SBAS method 

have the largest root mean square errors (RMSEs) of 4.4 

mm/year, while the results from PALSAR and PALSAR-2 

data using the SBAS method have the smallest RMSEs of 

0.9 and 2.2 mm/year, respectively. For the ERS-1/-2 and 

PALSAR data, more than 12 out of the 17 measurement 

points showed a residual value of less than 

Fig. 3. Mean LOS displacement velocity in Urayasu City from 2006 to 2010 for the PALSAR data: (a) estimated mean 

displacement velocity using the PSI method; (b) estimated mean displacement velocity using the SBAS method. The 

background image is a PALSAR-2 intensity image acquired on 04 December 2014. 

Fig. 4. Mean LOS displacement velocity in Urayasu City from 2014 to 2017 for the PALSAR-2 data. The background image 

is a PALSAR-2 intensity image acquired on 4 December 2014. P1–P1’ to P6–P6’ are the selected profiles to show the 

displacement velocities at different sites.   
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4 mm/year (a–d); for the PALSAR-2 data, and 14 out of 

the 21 measurement points showed a residual value of less 

than 2 mm/year (e). As shown in Fig. 6a, b and e, the 

results from the ERS-1/-2 and PALSAR-2 data using the 

PSI and SBAS method showed the largest discrepancies at 

several leveling points. This may have been caused by the 

low coherence of ERS-1/-2 datasets and the contribution of 

phase noise. The fewer PALSAR-2 image pairs and the 

sudden elevation changes in the ground, i.e., the leveling 

point U-17 subsided by the influence of construction work 

during 2015–2016, may also affect the comparison result. 

Nevertheless, according to these comparisons, the InSAR-

derived results agree relatively well with the result of the 

leveling measurements and suggest the reliability of the 

InSAR-measured subsidence rate.  

3. EARTHQUAKE-INDUCED LANDSLIDE

MAPPING USING PALSAR-2 DATA

Earthquake is one of the most dangerous natural disaster 

events around the world, and most of the earthquakes are 

occurring in mountain areas. In general, the moderate to a 

severe earthquake could trigger landslides in the 

mountainous region [6]. These landslides may cause 

injuries and loss of human life, damage to infrastructures, 

and lead to enormous economic losses. Therefore, quickly 

identifying and mapping of the landslide has great 

importance in emergency response and restoration 

activities after landslides. 

On 6 September 2018, a powerful earthquake of moment 

magnitude Mw 6.7 occurred off the Iburi Subprefecture in 

southern Hokkaido, Japan. The earthquake took place just 

one day after the typhoon Jebi (No. 21) left torrential rains 

in the region. After the earthquake, up to 6000 landslides 

occurred near the epicenter-Atuma town, due to the heavy 

rains soaked subsurface deposits of volcanic soil in the 

region, turning them into a geologic grease layer [7]. The 

Geospatial Information Authority of Japan (GSI) mapped 

the landslide area using the aerial photographs on 6, 8 and 

11 September 2018, and published their results on their 

website [8]. 

In this study, we present a rule-based method to identify 

and map the Earthquake-induced landslide in Hokkaido, 

taking advantage of ALOS-2 PALSAR-2 SAR images 

taken before and after the event. Moreover, the high-

resolution optical image- WorldView-2 and Geo-Eye-1, 

truth data, and field survey data were used for reference and 

validation purpose. 

Fig. 5. Mean LOS displacement velocities for the three 

observation periods (a–f) along the six profiles whose 

positions are indicated as purple lines in Figure 4. 

Fig. 6. Comparison between InSAR-derived linear 

subsidence velocity and leveling measured linear 

subsidence velocity during the three InSAR observation 

periods: (a) and (b) ERS-1/-2 derived linear subsidence 

rate (May 1993 to February 2006) and leveling-derived 

linear subsidence rate (January 1993 to January 2006); (c) 

and (d) PALSAR-derived linear subsidence rate (June 

2006 to December 2010) and leveling-derived linear 

subsidence rate (January 2006 to January 2011); (e) 

PALSAR-2-derived linear subsidence rate (December 

2014 to November 2017) and leveling-derived linear 

subsidence rate (January 2015 to January 2017); and (f) 

spatial distribution of leveling points in Urayasu City. 
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3.1 Study area and date set 

After considering the availability of ALOS-2 PALSAR-2 

data, its coverage and reference optical data, we chose an 

area near the Atsuma town spanning from 42.43°North to 

42.48°North of latitude and from 141.52.5° East to 141.60° 

East of longitude as a study area (Fig. 7). Fig. 7b shows the 

landslide distribution map produced by the GSI, Japan [8], 

and we used this map as ground truth data. 

The L-band PALSAR-2 satellite data sets covering the 

region of interest were provided by the Japan Aerospace 

Exploration Agency (JAXA). The interferometric 

coherence was computed from single look complex (SLC) 

PALSAR-2 data taken on 14 June 2018, 23 August 2018, 

and 06 September 2018 (Descending), and on 09 August 

2018, 23 August 2018, and 06 September 2018  

(Ascending). Both Descending and Ascending data is in 

Stripmap (SM1) mode and HH polarization with a high 

resolution of 3 m. A 10-m high-resolution digital elevation 

model (DEM) provided by the GSI was used to co-register 

the InSAR pairs [9]. 

We also collected two high-resolution optical images, 

WorldView-2 and GeoEye-1 acquired on 24 October 2017 

and 20 October 2018 with a resolution of 2m. The optical 

image was used for the visual comparison of the landslide 

classification. To remove effects, such as the image 

perspective (tilt) and relief (terrain) effects, we 

orthorectified the image using the same 10 m DEM data 

that were used for the SAR data. 

3.2 Methodology 

SAR has the capability of obtaining both amplitude and 

phase backscattering echoes from targets. The SAR 

products, such as SAR amplitude and InSAR coherence, 

can be complementary to each other for landslide mapping 

in highly vegetated regions. Fig. 8 shows both descending 

and ascending SAR coherence and intensity images and the 

corresponding landslide features on these images. The 

interferometric coherence map for both the ascending and 

descending PALSAR-2 data was generated by employing 

the SARscape®. For the original descending PALSAR-2 

data, the SLC image from August 23, 2018, was selected 

as the master image, and the images from June 14, 2018, 

and September 6, 2018, were selected as slave images to 

generate two interferometric coherence images. For the 

original ascending PALSAR-2 data, the SLC image from 

August 23, 2018, was selected as the master image, and the 

images from August 9, 2018, and September 6, 2018, were 

selected as the slave images to generate two interferometric 

coherence images.  

Both descending and ascending coherence images were 

multi-looked by a factor of eight looks in azimuth and 

seven looks in range, giving a pixel size of approximately 

15 m. Multitemporal ANLD filtering with a 3 × 3-pixel 

window was applied to the multi-looked coherence images 

and were geocoded in the WGS84 reference ellipsoid. For 

the descending and ascending intensity images, the same 

processes were performed and were geocoded to the same 

reference ellipsoid. The geocoded intensity images were 

calibrated to the normalized backscattering coefficients 

(sigma naught). For the final geocoded products, we 

applied the same enhanced Lee filter with 5 × 5 window 

size for both the coherence and intensity images. 

Additionally, we calculated the differences between the 

pre- and co-event coherence and between the pre- and post-

event intensity images. 

The decision tree (DT) classification technique was 

adopted to map landslides by using pre- and post-event 

PALSAR-2 images. The decision tree classifier is a type of 

multistage classifier that can be applied to a single image 

or to a stack of images. Because of its simplicity, flexibility, 

and computational efficiency, it has been widely used in 

many studies. The decision tree scheme is built based on 

inputs from pre- and co-event coherence differences, pre- 

and post-event intensity difference images, DEMs, and 

(a) 

(b) 

Fig. 7. The map of the study area, Hokkaido, Japan. (a) the 

geographic location of the study area; (b) identified 

landslide areas by the GSI, Japan. 
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slopes. Through the analysis of the nature of landslides, and 

the topography of the study area, we established a decision 

tree-based classification scheme as described in Fig. 9. 

3.3 Results 

The intensity and InSAR coherence are sensitive to 

changes of the ground surface; therefore, they can provide 

useful information for landslide detection. However, the 

Path Difference Color composite 

R: pre-event; G&B: 

Intensity 

Descending 

Ascending 

Coherence 

Descending 

Ascending 

Fig. 8. The SAR intensity and coherence difference and color composite map of the study area. The intensity difference was 

calculated by subtracting the pre-event from post-event SAR intensity image; descending and ascending coherence difference 

was calculated by subtracting pre-event from co-event InSAR coherence. 
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performances of these products in identifying landslides 

might vary depending on the SAR acquisition conditions to 

some extent. Therefore, we tried six different 

combinations: (1) using only the coherence differences in 

the descending paths; (2) using only the intensity 

differences in the descending paths; (3) using both the 

coherence and intensity differences in the descending 

paths; (4) using the coherence differences in both the 

descending and ascending paths; (5) using the intensity 

differences in both the descending and ascending paths; 

and (6) using both the coherence and intensity differences 

in both the descending and ascending paths. 

To evaluate the performance of the six different 

combinations for landslide mapping, we compared the 

detected landslides with the polygon data of the landslides 

released by GSI, Japan [8]. The confusion metrics for the 

six different combinations as shown in Table 2. 

The quantitative comparison results show that the 

descending and ascending intensity-based classification 

(case 5) has the best overall accuracy and a kappa 

coefficient with fewer commission errors. The coherence 

was low in highly vegetated areas even without the 

earthquake. The geometrical and temporal decorrelations 

also hindered the applicability of InSAR coherence, which 

showed more commission errors and led to a lower overall 

accuracy for the classification. 

In case 5, for the use of PALSAR-2 ascending and 

descending intensity, the intensity difference threshold 

wasΔInt < -2.13 dB or ΔInt > 1.91 dB for descending or 

ΔInt < -1.64 dB or ΔInt > 2.83 dB for ascending (μ = 0.593, 

σ = 2.232, k = 1) in the main node. Then, the same 

thresholds for slope and DEM were also used to exclude 

the classified landslides in flat areas. After segmentation, 

the final classification results are shown in Fig. 10. The use 

of both the descending and ascending intensities shows a 

better result than the coherence with fewer commission 

errors. 

4. CONCLUSIONS

This research aimed to investigate the features and 

feasibility of different radar images in the extraction of 

ground deformations. The traditional and advanced InSAR 

methods and GPS observations are also implemented to 

improve the accuracy of estimated ground deformations. 

The InSAR coherence and intensity-based classifications 

for the earthquake-induced landslides have also carried out 

using ALOS-2 PALSAR-2 data. 

The long-term spatial pattern of land subsidence of coastal 

city Urayasu was monitored using ERS-1/-2, ALOS-

PALSAR, and ALOS-2PALSAR-2 data by applying the 

advanced InSAR techniques (PSI and SBAS). The 

obtained InSAR results during the three observation 

periods from 1993–2006 and 2006-2010 and 2014 to 2017 

show continuing subsidence occurring in several reclaimed 

areas of Urayasu City. The maximum subsidence rate from 

1993 to 2006 was approximately 27 mm/year, from 2006 

to 2010 it was 30 mm/year, and from 2014 to 2017 it was 

about 18 mm/year. The results form PALSAR-2 data 

showed better coherence than the PALSAR and ERS-1/-2, 

because of its higher resolution. The quantitative 

comparison with the leveling data showed that the results 

from ERS-1/-2 have the largest RMSE of 4.4 mm/year, 

while the RMSE for PALSAR and PALSAR-2 data was 

0.9 and 2.2 mm/year, respectively. the InSAR-derived 

Fig. 9. The scheme of the decision tree-based landslide 

mapping 

Fig. 10. The landslide classification map using intensity 

difference in both descending and ascending SAR images. 

The background image is a high-resolution GeoEye-1 

image taken on 20 October 2018. 
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 results agree relatively well with the result of the leveling 

measurements and suggest the reliability of the InSAR-

measured subsidence rate. 

The landslides induced by the 2018 Hokkaido Eastern Iburi 

earthquake were identified using the intensity and 

coherence from both the ascending and descending 

PALSAR-2 images. We have used six different 

combination methods to identify landslide areas. A rule-

based decision tree classification was used to implement 

six different combinations. The decision tree classification 

was established based on the calculated pre and co-event 

InSAR coherence and intensity images, DEM, and slope. 

Moreover, the landslide classification results were 

compared with the high-resolution optical images and truth 

data. The detected landslides have a good match with the 

reference images. The quantitative accuracy assessment 

results showed that the descending and ascending SAR 

intensity-based classification results have the best accuracy 

than other methods. In general, the InSAR coherence and 

intensity has great potentials in quickly identifying and 

mapping earthquake-induced landslides. 
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1. INTRODUCTION

Vanuatu, the "Timeless Islands", comprises a group of 
approximately 80 islands, situated some 2,250 km North-
East of Sydney, Australia, and 800 km West of Fiji. Like 
all islands in the Pacific Rim of Fire, the archipelago lies 
on a subduction zone responsible for intense seismic and 
volcanic activity.  
Ambrym is the most active volcano of the archipelago. It 
is a wide basaltic volcano, about 1800 m high relative to 
the nearby sea bottom. The main cone is crowned by a 
circular, 12 km diameter caldera and activity is mainly 
from Marum (1270 m) and Benbow (1160 m) intra-
caldera cones. (Fig. 1). Ambrym also has the specificity to 
present high rates of passive degassing (7 kt per day of 
SO2 emitted from 2005–2015 [1]).  
Recently, an intra-caldera effusive eruption occurred in 
2015 and an island-scale rift zone intrusion and caldera 
subsidence took place in 2018. For each of these events, 
ALOS-2 data provided key information on the induced 
surface displacement field in the context of a highly 
vegetated tropical island with limited ground-based 
instrumentation. This geodetic information was used to 
improve our understanding of basaltic calderas [2]. The 
results summarized below have been further described in 
two articles (one published and one submitted), as well as 
a PhD dissertation [2,3,4]. 

2. THE 2015 INTRA-CALDERA EFFUSIVE
ERUPTION 

On February 21st, 2015 at Ambrym volcano in Vanuatu, a 
basaltic dike intrusion produced more than 1 meter of co-
eruptive uplift, as measured by InSAR (Fig. 2), SAR 
correlation, and Multiple Aperture Interferometry (MAI) 
[2,3]. Radar data also show an average of 40 cm of slip 
occurred on a normal caldera ring-fault during this 
moderate-sized event, which intruded a volume of 24*106 
m3 and erupted 9.3*106 m3 of lava (DRE). 

Fig. 1 : Map of Ambrym volcano. Adapted from [5]. 
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Fig. 2: ALOS-2 co-eruptive interferogram, ascending 
data spanning the time period 24 January to 21 Mars 

2015 [3]. 
 
Using a 3D Mixed Boundary Element Model, we showed 
that the normal slip on the caldera ring-fault was 
promoted by the depressurization of the magma reservoir 
resulting from magma propagation towards the surface 
[3]. 
 

3. THE 2018 RIFT INTRUSION AND CALDERA 
SUBSIDENCE  

 
Fig.3: ALOS-2 co-eruptive interferogram, ascending 

data spanning the time period 24 November to 22 
December 2018 [2]. 

 
 
On 14 December 2018, a volcano-seismic crisis begins at 
Ambrym marked by 8 M < 3 seismic events detected 
inside the caldera. The onset of an intra-caldera eruption 
was detected around 23h UTC by observations of thermal 
anomalies and SO2 emissions from the Japanese 
geostationary satellite Himawari-8. Once the eruption 
starts, thermal anomalies associated with the lava lakes 
progressively disappear, evidencing a drop in lava lake 
level. In the following days, ALOS-2 acquisitions 
revealed the lateral migration of >0.4 cubic kilometers of 
magma into the rift zone and 2.5 m of caldera-wide 
subsidence. Magma migrated more than 20 km from the 

caldera and erupted offshore. ALOS-2 data were essential 
to characterize large deformation gradients along the 
volcano’s flanks, which are covered by thick vegetation 
(Fig. 3) [4].  
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1. INTRODUCTION

Shanghai, as one important part of the Yangtze River Delta 
alluvial plain in China, owns a typical soft soil foundation 
and has long been suffering from ground subsidence. The 
subsidence in Shanghai began in 1921 and is mainly due to 
the over-exploitation of groundwater [1-3].  

Excessive exploitation of groundwater will cause land 
subsidence and deterioration of the ecological environment. 
It is reported officially that the total amount of exploited 
groundwater in China is more than 100 billion cubic meters 
per year since the founding of PRC, and the loss caused by 
ground subsidence due to exploitation of groundwater is 
over 4500 to 500 billion yuan. Therefore, groundwater 
quality monitoring, water level change and resulting 
surface subsidence have been paid more and more attention. 
However, dynamic groundwater flow models varying with 
the settlement and nonlinear regional land subsidence 
model has not been built until now.  

The purpose of our research is to get land subsidence with 
high precision, high spatial and temporal resolution data by 
using ALOS-2 PALSAR images, establish the dynamic 
groundwater flow model from land surface non-linear 
deformation; and investigate the coupling mechanism 
between aquifer system and earth surface subsidence in 
these coastal areas.  

Considering the exploitation degree of groundwater, and 
the diversity of data and the difficulty of obtaining, we 
choose Lingang new city in Shanghai as our typical 
research area of interest. This research report presents our 
DInSAR and SBAS experiment results by using limited 
ALOS-2 PALSAR images and the first order leveling data 
replacing GPS deformation due to the lack of continuous 

and efficient GPS observation. 

2. STUDY AREA

Many cities in coastal areas of China are suffering 
subsidence due to land reclamation and over-exploitation 
of groundwater.  

We choose Lingang New City of Shanghai as our typical 
study area due to its relatively large deformation signal 
where the deformation in the area is more seriously 
affected by groundwater, and all kinds of observation data 
are relatively complete. It is located in the southeast corner 
of Shanghai, where 60% of the land was constructed by 
reclamation between 2002 and 2005 [4-6]. It is about 75 
kilometers from the center of Shanghai and has a total area 
of 152.15 km2. Most area of the Lingang New City was 
built by land reclamation. Its coastal zone, as a frequent 
landing site of typhoons and storm surges, is vulnerable to 
a lot of natural disasters.  

The geographical location of Shanghai Lingang New City 
is shown in Fig. 1. The locations of two groundwater wells 
(W65, W66) and two leveling points (F65, F66) are marked 
with asterisks in Fig. 1. The names W65 and W66 under 
these asterisks are abbreviations for groundwater 
monitoring wells. The names F65 and F66 are 
abbreviations for leveling monitoring points. Groundwater 
well W65 and the leveling point F65 are located at the same 
place, and W66 and F66 are in the same position too. 

Final Report on the 6th ALOS-2 Research Announcement 

512



 

Fig. 1  The geographical location of Shanghai Lingang 
New City and the location of groundwater well and 
leveling monitoring points (marked with asterisk). 

 
The aquifer includes: submerged aquifer (A0), the first 
confined aquifer (A1), the second confined aquifer (A2), 
the third confined aquifer (A3), the fourth confined aquifer 
(A4), and the fifth confined aquifer (A5). Weakly 
permeable layers include: topsoil layer (B0), first weakly 
permeable layer (B1), second weakly permeable layer (B2), 
the third weakly permeable layer (B3), the fourth weakly 
permeable layer (B4), the fifth weakly permeable layer 
(B5), and the sixth weakly permeable layer (B6).  
 
According to the hydrogeological profile of Shanghai area, 
as shown in Fig. 2. Aquifers and weakly permeable layers 
are missing in some areas. The second, third, fourth, and 
fifth confined aquifers contain abundant groundwater 
resources and are the main targets for emergent 
groundwater exploitation. To explore the relationship 
between groundwater and ground subsidence in Shanghai 
Lingang New City, we mainly consider here the thickness 
changes of the fourth confined aquifer, as the first, second 
and third confined aquifers are in reverse relationship 
between the upper and lower soft soil layers are the fifth 
aquifer is rare in Lingang area. The large thickness index 
of the third and fourth aquifer sand layer in Lingang New 
City indicates that the development of the sand layer may 
increase ground subsidence during exploitation, especially 
when unreasonable groundwater extraction. Otherwise, it 
will not lead to ground subsidence disasters [7].  
 
That is, the cumulative thickness indicators of the fourth 
confined aquifers can reflect the abundance of groundwater 
resources, and the thickness changes can reflect the surface 
subsidence. We take the changes in the water levels of the 
fourth confined aquifers as the research object in this paper. 
 

 

Fig. 2  Hydrogeological Section Map of Shanghai 
City[7] 

 
3. D-InSAR and SBAS-InSAR EXPERIMENTS and 

In-SITU MEASUREMENTS 
 

3.1 D-InSAR EXPERIMENTS 
 
The 

ALOS-2 images of 23 scenes covering Shanghai for 10 
days were collected. According to the basic parameters 
such as incidence angle, coverage area and imaging mode, 
15 scenes of three incidence angles (32.8, 36.6 and 28.6) 
were selected to carry out deformation monitoring.  
 
As shown in the figure below, the 2 PALSAR images and 
basic parameters with an incidence angle of 32.8o and the 
displacement obtained by D-InSAR technology are 
shown. 
 

Tab. 1 Basic parameters of ALOS-2 PALSAR with 
incidence angle 32.8o 

 
 

 
Fig. 3 Amplitude image of ALOS-2 PALSAR with 

32.8o incidence angle 
 

No. ID Mode  Date  Orbit 
direction 

1 00002
70137 

SM 3 
FBD 

15/02/06 Ascending 

2 00002
70138 

SM 3 
FBD 

15/11/13 Ascending 
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Fig. 4 Displacement from 20150206 to 20151113 

acquired by D-InSAR 
 
As shown in the figure below, the 3 PALSAR images and 
basic parameters with an incidence angle of 36.6o and the 
displacement obtained by D-InSAR technology are 
shown. 
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Tab. 2  Basic parameters of ALOS-2 PALSAR with 

incidence angle 36.6o 
No. ID Mode  Date  Orbit 

direction 
1 000027

0131 
SM 3 
FBD 

14/11/22 
15:53:07 

Ascending 

14 000027
0146 

SM 3 
FBD 

16/11/19 
15:52:59 

Ascending 

20 000027
0144 

SM 3 
FBD 

18/12/01 
15:52:57 

Ascending 

 
 

 
Fig. 5 Amplitude image of ALOS-2 PALSAR with 

36.6o incidence angle 
 

 
Fig. 6 Displacement from 20141122 to 20161119 

acquired by D-InSAR 
 

 
Fig. 7 Displacement from 20161119_20181201 

acquired by D-InSAR 
 

3.2 SBAS-InSAR EXPERIMENTS 
 
There are only 5 PALSAR images with the same incidence 
angle of 28.6o  in Shanghai  Lingang from 2015 to 2018, 

whose basic parameters are shown in Tab. 3. The time and 
spatial baseline is showed in Fig. 9. 
 

Tab. 3 Basic parameters of ALOS-2 PALSAR with 
incidence angle 28.6o 

 
No． ID Mode  Date  Orbit 

direction 
1 00002

70140 
SM 3 
FBD 

15/11/02 Ascending 

2 00002
70139 

SM 3 
FBD 

16/07/11 Ascending 

3 00002
70136 

SM 3 
FBD 

16/08/22 Ascending 

4 00002
70141 

SM 3 
FBD 

17/07/10 Ascending 

5 00002
70147 

SM 3 
FBD 

18/10/29 Ascending 

 
 

 
Fig. 8 Amplitude image of ALOS-2 PALSAR with 

28.6o incidence angle 
 

 
Fig. 9 Temporal Baseline and spatial baseline of 4 SAR 

pairs from20151102 to20181029 
 

Fig. 10 shows the interferograms of four SAR pairs and the 
quality of these interferograms is low by visual 
discrimination. The following coherence statistics in Fig. 
11 also proves the point, and most of the majority of 
coherence coefficients are nearly zero. 
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Fig. 10 Inrerferograms of SAR pairs of 151102-

160822, 160711-160822, 170710-160822, and 181029-
160822 

 

 
 

 

 
 

 
 

 
 

Fig. 11 Coherence coefficients of  SAR pairs 
 (The former 3 figures represent the coherence 

coefficient(cc) distribution of different subarea, the 
last one represents the total cc distribution) 

 
We select two points with relativelyhigh coherence 
coefficient close to well W65 and W66. The displacement 
obtained by SBAS-InSAR technology are shown in Fig.12, 
we can see that the magnitude of two points is about tens 
of millimeters. 
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Fig. 12   The subsidence change of two points nearly 

W65 and W66 
(Green line :30°02'35.69"N,121°06'9.41"E(close to W65); 

Red line:30°04'32.55"N21°04'49.60"E(W66) ) 

 
 
 
3.3  LEVELING DATA  
 
We collected the measurements from two first-class 
leveling points (i.e., F65, F66 marked as asterisks in Fig. 
1) located in the study area to verify the accuracy of 
InSAR measurements. Trimble DINI03 digital level was 
used to obtain the leveling data with first-class leveling 
accuracy. The accuracy of the vertical displacement 
monitoring is ± 0.3mm. The F65 and F66 leveling 
points have been observed about once a month since Feb. 
15, 2011 and Feb. 25, 2009 respectively. 
 
The Fig. 13 and Fig. 14 show the subsidence time series 
of the first order leveling data spanning from 2014 to 
2019/2020 covering the period of all of the selected SAR 
image acquisition.   
 

 

 
Fig. 13 Subsidence time series of the first order 

leveling  F65 benchmark 
 

 

Fig. 14 Subsidence time series of the first order 
leveling  F66 benchmark 

 
By comparing Fig.12 and Fig. 13-14, we can find that in  
Fig. 12 the subsidence change from InSAR is up to 50 cm 
and the leveling result shows the subsidence in the same 
period is about 10 mm from Nov. 2015 to Oct. 2018, which 
shows that the InSAR result is not reliable due to its poor 
coherence.    

 

3.4 GROUNDWATER LEVEL CHANGE  

By cooperation with Shanghai Institute of Geological 
Survey, we has collected the time series of   two 
groundwater level wells (W65, W66) in the study area, 
as shown in Fig. 1, and the groundwater level is 
monitored monthly.s 
 
 

 
Fig. 15 Groundwater level elevation of Well W65 in 

Shanghai for the fourth aquifer 
 
 

 
Fig. 16 Groundwater level elevation of Well W66 in 

Shanghai for the fourth aquifer 
 
 
3.5 PRINCIPLE OF AQUIFER PARAMETERS 
ESTIMATION 
 
According to the Terzaghi-Jacob theoretical model[8], 
the total stress of the confined aquifer (𝜎𝜎𝑇𝑇) is equal to 
the sum of the pore stress (𝑝𝑝) and the effective stress 
(𝜎𝜎𝑒𝑒) of the aquifer. 

𝜎𝜎𝑇𝑇 = 𝑝𝑝 + 𝜎𝜎𝑒𝑒   (1) 
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When the groundwater in the confined aquifer is 
extracted, the groundwater level of the confined aquifer 
will decrease, resulting in the decrease of the pore stress 
and increase of the effective stress. The sum of these two 
stresses will introduce compression to the aquifer, which 
will cause ground subsidence. 
When the effective stress of the aquifer 𝜎𝜎𝑒𝑒 is less than 
the historical effective stress 𝜎𝜎𝑒𝑒(𝑚𝑚𝑚𝑚𝑚𝑚), the aquifer system 
undergoes elastic deformation, and the surface 
settlement can be recovered by measures such as 
recharging groundwater. If the effective stress of the 
aquifer 𝜎𝜎𝑒𝑒 is continuously greater than the historical 
effective stress 𝜎𝜎𝑒𝑒(𝑚𝑚𝑚𝑚𝑚𝑚), the aquifer system will undergo 
inelastic deformation, i.e., consolidation deformation, 
and the ground surface will have permanent ground 
subsidence. 
Water release capacity of confined aquifer is expressed 
by water release coefficient. According to the Terzaghi-
Jacob theoretical model, the relationship between the 
aquifer system deformation and groundwater level 
change can be represented by two different skeleton 
water release coefficients. Such coefficients are key 
hydraulic parameters for evaluating the water storage 
capacity of groundwater aquifer systems. 

𝑠𝑠𝑘𝑘𝑒𝑒∗ = ∆𝑏𝑏∗

∆ℎ
,𝜎𝜎𝑒𝑒 < 𝜎𝜎𝑒𝑒(𝑚𝑚𝑚𝑚𝑚𝑚)  (2) 

𝑠𝑠𝑘𝑘𝑘𝑘∗ = ∆𝑏𝑏∗

∆ℎ
,𝜎𝜎𝑒𝑒 > 𝜎𝜎𝑒𝑒(𝑚𝑚𝑚𝑚𝑚𝑚)  (3) 

where 𝑠𝑠𝑘𝑘𝑒𝑒∗  is the elastic water release coefficient of 
aquifer skeleton, 𝑠𝑠𝑘𝑘𝑘𝑘∗  is the inelastic water release 
coefficient of aquifer skeleton, ∆𝑏𝑏∗is the deformation of 
the aquifer system, obtained from the deformation 
results of PSInSAR, ∆ℎ is the change of groundwater 
level, which can be obtained by the change of 
groundwater level at the well. 
When the aquifer thickness changes due to changes in 
the groundwater level, the actual observed water release 
coefficient can be compared with the theoretical value 
to determine whether the water release coefficient is 
elastic or inelastic. Therefore, it can be judged whether 
elastic deformation or inelastic deformation occurs in 
the aquifer system. 
 
 

4. SUMMARY AND RESULTS 
 
The deformation information obtained by our DInSAR and 
SBAS-InSAR experiments looks not continuous because 
that the usable number of SAR image with same incidence 
angle is limited, and the subsidence results of Lingang new 
city is not reliable by comparing with the leveling data due 
to the temporal decorrelation with nearly 8 months even to  
2 years in the selected area, which decreases the precision 
of usable observations.  
 
On the other hand, Shanghai Institute of Geological 
Survey conducted long-term monitoring of groundwater 
level changes in Shanghai. we have collected leveing 
data and groundwater level data by cooperation with 

Shanghai Institute of geological survey, China., seen in Fig. 
13- 16.  
 
 According to the classical Terzaghi-Jacob theoretical 
aquifer model [8] and the subsidence from InSAR and 
Leveling, and the groundwater change, the relationship 
between the aquifer system deformation and groundwater 
level change can be obtained by Elastic and inelastic 
skeleton release coefficients, through which we we could 
judge whether the surface deformation in this area can be 
restored. 
If more SAR data are available, we could use time series 
analysis method based on point targets with stable 
scattering characteristics (e.g., buildings, bridges, roads 
and bare rocks), such as PS-InSAR, TCPInSAR, etc. We 
believe that the precision of the final deformation results 
will be improved by using these advanced processing 
technology., and then we could combine the deformation 
time series with these in-situ measurements so as to 
distinguish elastic and inelastic deformation, and improve 
the current  groundwater model and furthermore reveal the 
law of fluid motion in interior solid earth by InSAR 
technique. 
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ABSTRACT 
In this project, we propose to investigate typical 

landslide activities in western China with L-band satellite 
SAR data. Both amplitude and phase information of 
PALSAR-1/2 images acquired in repeat-pass mode will be 
exploited to characterize landslide surface deformations. 
For slow-moving landslides, time-series InSAR analysis 
methods will be employed to make full use of 
interferometric phase observations at both pointwise 
persistent scatterers (PS) and coherent distributed 
scatterers (DS) to retrieve information of line-of-sight 
(LOS) deformation. In this way the problems of 
decorrelation and atmospheric phase screen (APS) can be 
largely overcome to ensure the reliability of deformation 
mapping. By contrast, phase-based time-series analysis 
methods are usually inapplicable to those fast-moving 
landslides, hence the point-like targets offset tracking 
(PTOT) method will be adopted as an alternative to 
measure two-dimensional (both azimuth and range) 
displacements. Comparative studies with C-band and X-
band datasets will be carried out to investigate the unique 
capability of L-band SAR data analyses in terrain relief and 
densely vegetated rural areas. Furthermore, starting from 
the perspective of engineering geological study, we 
propose to explore approaches of combining multi-
orbit/multi-aspect/multi-angular InSAR/PTOT 
observations to inverse three-dimensional displacement 
vectors. Accurate retrieval of three-dimensional 
displacement field makes it possible to deeply understand 
the spatial/temporal distribution and evolution patterns of 
landslide movements, as well as the fundamental impact 
factors. 

1. INTRODUCTION

Disasters, caused by landslide, rock fall, debris flow, 
ground fissure, etc., are one of the significant natural 
catastrophes, threatening and influencing the socio-
economic conditions around the world [1]. China is one of 
the countries that suffer heavily from such geo-hazards. 
And most landslide sites are located in the mountainous 
and valley areas of western China due to several factors 
such as rough terrain, vulnerable geological environment, 
and complicated meteorological condition. Landslides in 
these areas are usually close to human settlements, and thus 

pose great threaten upon public safety and social economy 
in local and vicinity regions. Furthermore, landslides may 
also have significant impacts on the construction of large 
infrastructures like highway, railway, airport, dock, power 
grid, oil pipeline, etc. by increasing the financial and time 
costs as well as risk of damage. Therefore, long-term 
monitoring of landslide movements is of great importance 
for the sustainable developments in these areas. 

With its wide coverage and sub-centimeter accuracy, 
differential InSAR (D-InSAR) has already proven its 
potential for remotely monitoring unstable slopes [2][3]. 
However, landslide monitoring with D-InSAR techniques 
is often limited by inaccurate external DEM, geometrical 
and temporal decorrelation and atmospheric phase screen 
(APS). In consequence, these limits will usually make the 
interpretation very difficult, especially in mountainous 
areas with steep slopes and dense vegetation [4].  

In the last decade, advanced InSAR method was 
developed to overcome these limits, such as 
Permanent/Persistent Scatterer SAR Interferometry (PSI) 
[5]-[7]. PSI technique exploits persistent scatterers (PSs) 
exhibiting high phase stability in a stack of interferograms 
generated with the same master image. These PSs, mainly 
corresponding to buildings and exposed rocks, generally 
exist in urban area. The characteristic of persistent 
scatterers may limit the application range of PSI technique. 
For example, at the Three Gorges experimental area, it can 
be found that although satisfying results could be achieved 
in urban area, few PSs could be identified in rural 
environment characterized by vegetated or low reflectivity 
homogeneous regions. 

To improve the deformation monitoring capability of 
PSI, distributed scatterers (DSs) widely existed in rural 
areas should be fully considered. Distributed scatterers are 
typically identified from homogeneous ground, scattered 
outcrops, debris flows, non-cultivated lands and desert 
areas. They are affected by temporal decorrelation, but still 
exhibit good coherence over a short time interval [8]-[13]. 
In this project, coherent scatterers-based InSAR (CS-
InSAR) technique will be proposed to make use of both 
PSs and DSs. First, this method identifies DSs in these low-
reflectivity areas based on its statistical behavior and 
extract noiseless phase from them. Then, these DSs, 
combined with the PSs identified by traditional PSI method, 
are jointly analyzed to estimate displacements using 
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traditional PSI algorithm. By combining both PSs and DSs, 
this method provides significantly increased coverage of 
measurement points, especially over rural areas, and hence 
facilitates deeper understanding of landslide movements. 
Also the increased density of measurement points will 
make the phase unwrapping easier and more robust.  

The above phase-based InSAR analysis methods are 
very useful for slow-moving landslide monitoring. 
However, they are no longer effective for monitoring fast 
moving landslides, which is primarily limited by the phase 
unwrapping problem. The fast moving activity of landslide 
will cause more severe decorrelation. In alternative, pixels 
with high amplitude information are considered instead of 
pixels with good phase stabilities. Hence, Point-like targets 
offset tracking (PTOT) method was proposed and adopted 
to retrieve the azimuth and LOS displacements with 
centimeters accuracy [17]. As only amplitude information 
is used in PTOT method, troublesome phase unwrapping is 
not required and less affected by atmospheric effects. The 
effectiveness of using PTOT method as an alternative of 
InSAR to detect deformations of fast-moving landslides 
has been evaluated in our recent studies. We successfully 
retrieved the historical evolution of the Shuping landslide 
located in the Three Gorges area, with TerraSAR-X data 
acquired in both Stripmap (SM) and High-resolution 
Spotlight (HS) modes [18][19].  

Up to now, we can only obtain landslide displacements 
along the LOS and azimuth directions with InSAR and 
PTOT methods. As the movement of active landslides is a 
complicated three-dimensional process, it is really 
important to recover the true displacements of landslides 
for the purposes of both monitoring and carrying out 
engineering geological study. We propose to explore 
approaches of combining multi-orbit/multi-aspect 
InSAR/PTOT observations to inverse three-dimensional 
displacement vectors. Accurate retrieval of three-
dimensional displacement field makes it possible to deeply 
understand the spatial/temporal distribution and evolution 
patterns of landslide movements, as well as the 
fundamental impact factors. In the case of monitoring 
Shuping landslide in Three Gorges area, we have achieved 
preliminary promising three-dimensional results by 
making use of different geometry of one descending 
TerraSAR-X SM datasets and one descending TerraSAR-
X HS datasets [17].  

In summary, for this project we propose to exploit both 
phase and amplitude information of PALSAR-1/2 datasets 
to monitor landslides in the mountainous and valley areas 
of western China. For slow-moving landslides, CS-InSAR 
method exploiting both PSs and DSs will be employed to 
measure LOS time series deformation on every identified 
ground points. In term of fast-moving landslides, PTOT 
method will be adopted as an alternative to measure two-
dimensional displacements. Then, three-dimensional 
displacement vectors can be extracted by combining multi-
source observations for joint analyses, which will be 
beneficial to professional geological and mechanical 
models which give further analyses to explore the 
underlying dominant factors and their potential impacts on 

landslide movements. Considering the characteristics of 
rough terrain and dense vegetation cover in these areas, we 
expect better results to be derived from L-band PALSAR-
1/2 datasets than from C-band and X-band datasets. Cross 
validation with C-band and X-band datasets will be carried 
out to evaluate the result reliability. In addition, 
comparison will also be conducted between results of 
PALSAR-1 and that of PALSAR-2 to illustrate the 
advantage and improvement by using PALSAR-2 for 
landslide monitoring in terrain relief and densely vegetated 
rural areas.  

2. PHASE-BASED LANDSLIDE DEFORMATION 
MONITORING 

2.1. The long-term deformation monitoring of the 
2017 Xinmo landslide in China 

Although it has been more than three years since the 
catastrophic Xinmo landslide event on 24th June 2017, the 
affected areas are still unstable and likely to fail again. The 
post-disaster deformation monitoring is essential to track 
the activity status of the slide area to prevent secondary 
disaster. We analyzed various geodetic observation 
datasets acquired by ALOS-2 and Sentinel-1 to evaluate 
the post-disaster stability of landslide-affected areas. The 
pre-failure deformation and long-term post-disaster 
deformation was retrieved from operational satellite SAR 
observations. The results reveal some parts of the 
subsidence at the foot deposits tended to become stable 
gradually, while the debris mass on the west side of the 
source area was steadily moving and we should stay alert 
to the risk of possible secondary failure in near future.  

 
Fig. 1. The Xinmo landslide. (a) The pre-failure optical satellite 
image, (b) the post-disaster UAV imagery, and (c) the in-situ 
panoramic photo. 

2.1.1. Pre-failure deformation 

Numerous studies have identified the source area and the 
approximate boundary of the Xinmo landslide, and 
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retrieved the pre-failure deformation, including the 
accelerating behavior, from various satellite SAR 
observations.  

 
Fig. 2. The pre-failure slope surface deformation estimated from 
two differential interferograms generated with ALOS-2 
descending data pairs of (a) path 38, frame 2980: 06th June 2015 
vs. 17th June 2017; (b) path 39, frame 2970: 28th April 2016 vs. 
02nd March 2017. 

The pre-failure deformation of the source area was 
presented in two differential interferograms of descending 
ALOS-2. The line-of-sight (LOS) deformation was more 
than 10 cm in the first image pair separated by more than 
two years, as shown in Fig. 2 (a), while another image pair 
in Fig. 2 (b) with a nearly one-year interval presented 
deformation smaller than 5 cm. Significantly, larger 
deformation was observed in the first interferogram, 
primarily because it covered the accelerated moving period, 
i.e. the preceding months before collapse. The different 
radar incidence angles might also contribute to the 
discrepancy more or less. The first pair has a larger 
incidence angle of 41o than another image pair of 31o. 

 
Fig. 3. The pre-failure deformation rate of the Xinmo landslide 
measured by (a) ascending and (b) descending Sentinel-1 data. 

The operational earth observation by the ESA 
Copernicus Sentinel-1 SAR satellite constellation with 
short revisiting cycle makes it possible to capture the pre-
failure deformation of the Xinmo landslide. In previous 
works, only the descending Sentinel-1 data was used to 
measure the pre-failure movements. In this study, we 
processed both ascending and descending Sentinel-1 data 
stacks with five looks in range and one look in azimuth. 

The source area circled by the dashed white curves in Fig. 
3 showed the pre-failure LOS displacements measured by 
both tracks. Although the ascending orbit caught only a 
small percentage of the movement, the deformation 
acceleration pattern just one month before the failure can 
be observed in the ascending result (Fig. 4(a)) as same as 
in the descending result (Fig. 4(b)). 

 
Fig. 4. The pre-failure deformation time series on point R1 at the 
source area for (a) ascending and (b) descending Sentinel-1. 

2.1.2. Long-term post-disaster deformation 
monitoring 
2.1.2.1. DInSAR results of ALOS-2 PALSAR-2 

Ten post-disaster ALOS-2 PALSAR-2 images covering 
the Xinmo landslide were acquired from three orbits, i.e. 
one ascending and two descending, in ultra-fine 
observation mode of 3 m spatial resolution. Three 
differential interferograms of about one-month intervals 
are presented in Fig. 5. Two deformation signals can be 
distinguished from the wrapped phase map, one in zone VI 
and the other in the deposit area. The east side of zone VI 
presented obvious deformation. Since the long wavelength 
ALOS-2 images with short time interval cannot measure 
tiny deformation, some slow movements may not be 
captured.  

 
Fig. 5. The post-disaster ALOS-2 differential interferograms over 
the Xinmo landslide. (a) Ascending orbit in path 146/frame 630; 
(b) descending orbit in path 39/frame 2970; (c) descending orbit 
in path 38/frame 2970. The top panel shows the enlarged view of 
zones IV, V, and VI. 

2.1.2.2. Time series InSAR measurements from 
Sentinel-1 observations 

The post-disaster ascending and descending Sentinel-
1 data stacks aquired from June 2017 to December 2019 
were processed using SBAS method. As same as pre-
failure processing, differential interferograms were 
multi-looked with five looks in range and one in azimuth. 
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The stratified delays were corrected using the iterative 
linear phase-elevation model. The coherent points over 
the landslide body in Fig. 6 are much denser than the pre-
failure results in Fig. 3 due to more exposed rocks and 
gravels. The zone VI is a deformed debris mass after the 
collapse. 

Accumulated deformation at five typical coherent 
points on the slope are plotted in Fig. 7. The results of 
ascending and descending orbits exhibit similar 
deformation pattern, except for the source area. The 
deforming area moved fast from July to December, then 
tended to become stable from January to June, as 
demonstrated by the deformation time series at point Q2 
in Fig. 7(b). This is becaused a lot of stacked gravels 
start to slide under the drive of rainwater during the 
rainy season. As shown in Fig. 7(c), point Q3 located in 
the flow path, experienced slight deformation during the 
latter half of 2017, then became stable. 

 
Fig. 6. The long-term post-disaster deformation rate derived from 
(a) ascending and (b) descending Sentinel-1 data.  

A large number of rocks and gravels loosely heaped up 
at the foot of the landslide, forming the deposit area. Such 
loose deposits were slowly compacted under the force of 
gravity. The process of compaction behaved as subsidence, 
which can be captured by Sentinel-1 observations. The 
Sentinel-1 measurements reveal that the subsidence mainly 
happened in the east side of the deposit area (Fig. 6). The 
deformation measured by the ascending and descending 
data show similar spatial pattern and magnitude, indicating 
the dominant vertical subsidence. As shown in Fig. 7(d) 
and Fig. 7(e), the area around point Q4 sunk fast after rainy 
season, while the area around point Q5 experienced large 
subsidence within half a year after the failure, and then 
tended to become stable. Point Q4 has no tendency to 
stabilize, which may be caused by the thickest deposit 
around it, closing to 40 m, as demonstrated by the thickness 
map of the Xinmo landslide deposit. 

 
Fig. 7. The post-disaster deformation time series of both 
ascending and descending Sentinel-1 orbits at five typical points 
with their locations indicated in  

2.2. Characterizing the evolution life cycle of the 
Sunkoshi landslide in Nepal with multi‑source 
SAR data 

A catastrophic landslide disaster happened on 2 August 
2014 on the right bank of Sunkoshi River in Nepal, 
resulting in enormous casualties and severe damages of the 
Araniko highway. We collected multi-source synthetic 
aperture radar (SAR) data to investigate the evolution life 
cycle of the Sunkoshi landslide. Distributed Scatterers 
SAR Interferometry (DS-InSAR) technology is applied to 
analyze 20 ALOS PALSAR images to retrieve pre-disaster 
time-series deformation. The results show that the upper 
part, especially the top of the landslide, has long been 
active before collapse, with the largest annual LOS 
deformation rate more than -30 mm/year. Time series 
deformations measured illustrate that rainfall might be a 
key driving factor. 11 ALOS-2 PALSAR-2 and 82 
Sentinel-1 SAR images are analyzed to derive post-disaster 
annual deformation rate and long time series displacements 
of the Sunkoshi landslide. The results illustrated that the 
upper part of the landslide were still in active deformation 
with the largest LOS displacement velocity exceeding -100 
mm/year. 

2.2.1. Study area 

The Sunkoshi landslide is located at the northern half of 
the Araniko highway. The road was built in 1960s with the 
assistance of China, with the total span of about 115 km 
from the Zhangmu Port on the border between China and 
Nepal to Kathmandu, the capital of Nepal (as shown in Fig. 
8). The Sunkoshi landslide happened on 2 August 2014 at 
the K83 mileage of Araniko highway, which caused severe 
casualties (at least 156 deaths) and destroyed the highway 
of about 700 m. As a result, the operation of the Araniko 
highway has been suspended for a long period, which 
brought great difficulties to goods transportation and 
economic communication along the line, and also 
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hampered the vigorous development of the golden tourism 
route between China and Nepal. The Sunkoshi River 
flowing through the slope toe was blocked by slipped rocks, 
forming a dam of about 56 m high and a large volume 
barrier lake. 

 
Fig. 8. Location of the Sunkoshi landslide along with the Araniko 
Highway. The subfigure in the upper-left corner shows the 
relative position of Sunkoshi landslide (red rectangle) in Nepal. 

2.2.2. Retrieval of pre-disaster time-series deformation 

The Sunkoshi landslide is located in the northern 
mountainous area of Nepal with steep topography, 
complex geologic background and dense vegetation. With 
a long wavelength, ALOS PALSAR data can maintain high 
coherence and achieve deep penetration into vegetation. 20 
scenes of ALOS PALSAR images are analyzed to inverse 
the LOS surface deformation. The SRTM DEM of 3 arc-
second resolution is used for the estimation and removal of 
flat-earth and topographic phase components. Both 
Distributed Scatterer SAR Interferometry (DS-InSAR) and 
Small Baseline Subset SAR Interferometry (SBAS-InSAR) 
techniques are applied to retrieve time-series 
displacements. The SBAS-InSAR functionality was fully 
implemented in the StaMPS software package, while the 
DS-InSAR processing chain was established in a mixed 
way by self-developing the preprocessing steps and 
adopting the spatial-temporal 3D phase unwrapping 
procedure embedded in StaMPS. 

Firstly, annual mean LOS deformation rates of Sunkoshi 
landslide during pre-disaster stage derived by SBAS-
InSAR and DS-InSAR separately are shown in Fig. 9 (a) 
and (b). The landslide surface before collapse was largely 
covered by vegetation, leading to very sparse measurement 
points (MPs) identified in the SBAS result. The spatial 
density of MPs detected by DS-InSAR is much higher than 
that of SBAS by about 13.5 times. With significantly 
increased number of MPs, more detailed information on the 
spatial pattern of the landslide surface deformation is 
clearly presented. We can observe in Fig. 9(b) that obvious 
instability appeared in the upper part of the landslide, with 
the largest deformation rate higher than -30 mm/year at the 
crown, while the lower part of the slope was relatively 
stable without evident sign of movement. The entire 
landslide mass can be divided into two zones with one 
resistant layer in between. The upper part of the landslide 
is steep with an average slope of 52.45 degree, while the 
lower part is relative gentle with a mean slope of 37.44 

degree. Such a terrain condition made the upper part prone 
to failure, and might be a contribution factor leading to the 
collapse of the landslide in August 2014. 

  

 
Fig. 9. Results of pre-disaster annual deformation rate of 
Sunkoshi landslide obtained by (a) SBAS-InSAR and (b) DS-
InSAR, separately. The Sunkoshi River and Araniko highway are 
rendered in their original locations before destruction. The 
subfigures on the lower-left corner show the histograms of 
standard deviation distribution of deformation rate. 

2.2.3. Post-disaster deformation mapping 

After the collapse event in August 2014, the road was 
dredged and the barrier lake was discharged. As the 
Araniko highway is the primary transportation channel 
linking China and Nepal, the unstable Sunkoshi landslide 
still poses long-term threats on human and vehicles passing 
by, hence post-disaster deformation monitoring is a crucial 
task to prevent possible catastrophic events in near future. 
In consideration of SAR data availability, we divided the 
post-disaster stage into two overlapping periods, i.e. period 
I from September 2014 to October 2017, and period II from 
January 2017 to October 2019. 

Eleven ALOS-2 PALSAR-2 images were collected to 
investigate deformations of the Sunkoshi landslide during 
period I. Eighteen interferograms generated from ALOS-2 
data pairs with good coherence were chosen to perform 
Stacking InSAR analysis. The post-disaster DEM derived 
from TSX/TDX bi-static data pair was utilized to remove 
the flat-earth and topographic phase components. In 
addition, the phase ramp, baseline errors, and residual 
terrain errors are estimated and removed from the 
unwrapped phase to enable multi-interferogram stacking. 

 
Fig. 10. Post-disaster annual mean LOS deformation rate of 
Sunkoshi landslide measured by (a) ALOS-2 data during period I 
and (b) Sentinel-1 data during period II. The repaired road and 
dredged river are also rendered. The subfigure in the lower-left 
corner shows the histogram of standard deviation distribution of 
deformation rate. 
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The annual mean deformation rate of Sunkoshi landslide 
during period I is illustrated in Fig. 10 (a). The upper part 
of the landslide was still deforming, and the largest 
deformation rate exceeded -140 mm/year. The result shows 
that a large volume of loose debris was accumulated on the 
resistant layer in the upper part of the landslide (region A), 
which was very unstable and prone to slide in case of heavy 
rainfall, and thus may cause secondary disaster. In addition, 
significant deformations appeared at another two unstable 
spots (circles B and C) in the lower part of the landslide 
where the debris was accumulated. 

The in-situ photos taken in October 2015 are given in 
Fig. 11. The steep rock wall induced by the collapse at the 
top and the resistant layer in the middle of the landslide can 
be clearly identified. In addition, the debris flow generated 
by the slide was accumulated in the upper and lower parts 
of the landslide. Specifically, Fig. 11 (a) shows the area in 
the most active deformation (area A), while areas B and C 
shown in Fig. 11 (b) are another two unstable spots with 
loose structure at the lower part. 

 
Fig. 11. Photos of deformed debris flow accumulation areas after 
collapse. (a) Main deformation area (area A) in the upper part of 
landslide. (b) Unstable spots (area B and C) in the lower part. 
Photos were taken by Dr. Lijun Su. 

The last acquisition of ALOS-2 PALSAR-2 data we 
obtained was on 28 October 2017. In order to make clear 
the current state of the Sunkoshi landslide, eighty-two 
Sentinel-1 SAR images were analyzed to measure the more 
recent deformations of the Sunkoshi landslide during 
period II. The result is shown in Fig. 10 (b). Due to the 
limited resolution of Sentinel-1 image and the problem of 
temporal decorrelation for C-band InSAR in vegetated area, 
sparse MPs are identified on the rock-exposed landslide 
body, while there is almost no MP in the surrounding 
vegetated areas. Similar to the results derived from ALOS-
2 data, clear deformation signal appeared in the area of 
debris accumulation in the upper part of the landslide with 
the largest deformation rate as high as -120 mm/year. In 
addition, although the diversion road around the Sunkoshi 
landslide has been put into operation and the traffic was 
flowing again on the Araniko highway, instability was 
found at the landslide toe around the reopened highway due 
to the destruction of accumulated debris by road dredging 
and heavy rainfall. 

Long time-series displacements at MPs within region A 
extracted from ALOS-2 PALSAR-2 and Sentinel-1 data 
stacks are plotted in Fig. 12, in which the date of Mw 7.8 
Gorkha Earthquake (25 April 2015) is marked by the 
vertical dashed red line. A study employed offset tracking 
with ALOS-2 data to measure the co-seismic landslide 
displacements along the Araniko highway caused by the 
devastating 2015 Gorkha earthquake, and their results 

revealed that the largest surface displacements were 2 m in 
azimuth and 1.2 m in range direction. Therefore, it is 
necessary to investigate the post-seismic landslide 
deformation to evaluate the impact of earthquake on the 
long-term landslide stability. 

An obvious acceleration after the earthquake can be 
observed in spite of the sparse measurements due to the 
limited number of ALOS-2 images. Afterwards, the 
deformation has become slowing down gradually to evolve 
into a linear pattern since early 2016, particularly 
demonstrated by the dense time series displacements 
measured by Sentinel-1 data. Nevertheless, the maximum 
cumulative deformation during the past five years has 
reached over -400 mm. Furthermore, there seems no 
significant dependence between landslide deformation and 
rainfall, which might be primarily due to lack of sufficient 
ALOS-2 observations during period I. 

 
Fig. 12. Long time-series deformation of region A. The dashed 
red line marks the date of Gorkha Earthquake happened on 
25April 2015. 

The mean deformation rates over pre- and post-disaster 
stages together with the elevations of SRTM and post-
disaster TanDEM are extracted along the profile I-I’ 
(marked in Fig. 10(a)) and plotted in Supplementary Fig. 
S4 online. Most debris detached from the source area was 
accumulated at the slope toe. The elevation change in the 
accumulation zone was identified as wide-spreading and 
slight to moderate increase. The post-disaster deformation 
detected in the accumulation area was relatively stable. In 
contrast, a large volume of debris was accumulated on the 
resistant layer in the upper part of the landslide. Since such 
debris was loosely structured without any stabilization, this 
elevated area could be in high risk of catastrophic sliding 
in cases of earthquake or heavy rainfall. 

2.3. Detection and monitoring of post‐earthquake 
landslides in Jiuzhaigou using InSAR technology 

On 8th August 2017, a catastrophic earthquake of Ms 7.0 
struck the County of Jiuzhaigou in Sichuan Province, 
China. Its epicenter was located in Jiuzhaigou Nature 
Reserve, which is a famous tourist region in China. 
Because of its high magnitude and shallow epicenter, the 
earthquake caused grave casualties and property losses. 
Furthermore, the earthquake triggered numerous secondary 
mountain disasters such as rockfall and landslide. Shortly 
after the Jiuzhaigou earthquake, some studies had assessed 
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the number, distribution and other characteristics of the 
coseismic landslides based on pre- and post-event remote 
sensing data. However, slow-moving post-earthquake 
landslides don’t show visible change at short notice and are 
often neglected by the common change detection method. 
These slow-moving landslides will pose a long-term 
potential threat to people’s life and property. Therefore, a 
detailed monitoring of the slow-moving landslides is 
crucial to post-earthquake recovery and reconstruction. 

In this study, we adopt an optimized strategy that 
combines D-InSAR technique with SBAS InSAR to 
accurately detect and monitor the slow-moving post-
earthquake landslides in Jiuzhaigou area. We collect 6 
scenes of L-band ALOS-2 PALSAR-2 images, 112 scenes 
of C-band Sentinel-1 images. Firstly, we carry out a quick 
detection across wide area using differential InSAR 
(DInSAR) technique with 6 ALOS‐2 PALSAR‐2 
ascending images. To retrieve the temporal evolution of 
these landslides, a detailed monitoring of specific 
landslides is carried out using the short baseline subset 
InSAR (SBAS-InSAR). 

2.3.1 The distribution of the post-earthquake 
landslides detected by InSAR 

The results show that 16 post-earthquake slow-moving 
landslides can be detected in Jiuzhaigou area. The 16 post-
earthquake landslides have been assigned a number from 
L01 to L16. The distribution of these post-earthquake 
landslides is shown in Fig. 13. These post-earthquake 
landslides detected in this study are mainly distributed in 
the northeast of the epicenter, and most of them are 
distributed near the faults. The slide directions of these 
landslides mainly are East (including 9 landslides) and 
Southeast (include 5 landslides). Affected by the direction 
of seismic wave propagation, the eastern and southeastern 
slopes are particularly vulnerable to landslides. 

 
Fig. 13. Distribution map of landslides in Jiuzhaigou. Red 
pentagram is the epicenter location of the mainshock. Red curves 
are main active faults. White diamonds are post-earthquake 
landslides detected by InSAR. 

To verify the post-earthquake landslides detected by 
InSAR, a field investigation was conducted in Jiuzhaigou 
area from 7 to 9 November 2019. The field investigation 
shows that almost all the landslides detected by InSAR 

(except for the landslides with high elevation that field 
survey is not available) exhibit the basic characteristics of 
the landslide. Many cracks and minor scarps can be found 
among some major landslides.  

2.3.2 Analysis of representative landslides 

Taken the Panya (L12) landslide as a typical case, this 
landslide is located about 8.4 km northeast of the epicenter 
of the 2017 Jiuzhaigou earthquake. The Panya landslide is 
approximately 1.2 km long with an area of 0.41 km2. The 
surface elevation of the Panya landslide approximately 
ranges from 2400 m to 2700 m with the slope gradient 
variation between 15° and 20°. The slide direction is 
Northwest-Southeast in the upper and gradually turns to 
near North-South in the lower. Panya Village and Heye 
Village are located in the middle area and the base of the 
landslide, respectively. These two villages were directly 
threatened by the Panya landslide, especially for Panya 
Village located at the fast movement area. 

 
Fig. 14. DInSAR results of Panya landslide using ALOS-2 
PALSAR-2 ascending data pair (20180916 vs. 20181028). 

Fig. 14 shows the displacement of the Panya landslide 
retrieved from ALOS-2 data by DInSAR. We divide the 
Panya landslide into two parts A and B based on the 
magnitude of displacement. The upper part A has a 
maximum displacement of approximately 3 cm during the 
interval period. The landslide displacement significantly 
decreases from the upper (part A) to the lower (part B) area. 
There are two main reasons for this phenomenon: the 
driving force of motion gradually decreases, and the slide 
direction change from Northwest-Southeast to near North-
South whereas SAR LOS is not sensitive to the motion in 
North-South direction. 

Furtherly, we obtain the time-series displacement of the 
Panya landslide using Sentinel-1 data by SBAS-InSAR, as 
shown in Fig. 15. The results are consistent with the D-
InSAR results retrieved from ALOS-2 data. Fast 
movement is observed in the middle area. We select two 
representative points (Point 1 and 2) to show the 
displacement time series of the Panya landslide. The results 
show that the displacement tendency of the Panya landslide 
is nearly linear after the earthquake, but has a displacement 
deceleration event in summer 2018. During the field 
investigation,  
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We find that a highway across the landslide was rebuilt 
after the earthquake. We infer that it is the main reason why 
the Panya landslide has a displacement deceleration event 
in summer 2018. The dirt road was strengthened by 
reinforced concrete and turned into a highway. This 
strengthened highway makes the landslide tend to be more 
stable and decrease the velocity of movement. 

 

 
Fig. 15. SBAS-InSAR results of Panya landslide using Sentinel-
1 descending dataset. (a) annual mean LOS displacement velocity; 
(b) cumulative LOS displacements. 

3. AMPLITUDE-BASED LANDSLIDE 
DEFORMATION MONITORING: A CASE STUDY 

OF THE BAIGE LANDSLIDE 

3.1. The collapse events of the Baige landslide 
A catastrophic landslide occurred in the night of 10 

October 2018 on the west bank of Jinsha River in the 
southeast margin of the Tibetan Plateau (31°4′57″ N, 
98°42′7″ E) as shown in Figure 1 (Zhang et al., 2019). A 
geomorphic sketch of the landslide event and a geological 
cross-section are given in Figure 2. About 23 million m3 of 
rock mass and debris collapsed from the slope and blocked 
Jinsha River, forming a landslide dammed lake with about 
290 million m3 of water (Fan et al., 2019). The dammed 
lake started discharging naturally the next day without 
causing significant flooding and damage. By comparing 
the optical satellite images of the landslide before and after 
the collapse event as shown in Figure 1c and Figure 1d, we 
can observe clear tensile cracks and small collapses before 
the failure (Figure 1c). After the collapse event, the 
vegetation cover on the slope was almost completely 

removed by the rock avalanche, leaving a big landslide scar 
(Figure 1d). 

 
. (a) Overview of the Baige landslide. The background image was 
acquired by the Sentinel-2 Multi-Spectral Instrument (MSI) on 21 
May 2018. The red star marks the location of the Baige landslide. 
The white arrows in bold indicate the approximate imaging 
geometries of the three SAR data stacks. (b) Topography and 
geographic location of the study area. The red box outlines the 
coverage of Fig. 1a. (c) The GaoFen-2 (GF2) MSI image acquired 
on 28 February 2018 before the collapse events. (d) The 
SuperView-1 MSI image acquired on 17 October 2018 after the 
first collapse event.  

3.2. Using SAR POT to measure pre-collapse 
landslide surface displacements 

Given that the cumulative surface displacement of the 
Baige landslide was as much as 40 m in the past decade 
before the collapse event, phase based InSAR method 
cannot be used to measure such displacement with large 
gradient. The amplitude based time-series POT method is 
suitable for processing the three SAR data stacks. This 
method implements POT on image pairs formed with small 
spatial and temporal baselines, thus it can minimize 
undesired influences of the changes on slope surface found 
in single image pairs with long time interval to avoid cross-
correlation failure.  

The POT technique based on image cross-correlation is 
also applicable to optical images. Orthorectification as an 
essential preprocessing is performed at the beginning to 
eliminate geometric distortions induced by the perspective 
imaging geometry of optical images. The POT analysis of 
optical images can be implemented using the COSI-Corr 
software. The offset measurements provide 2D 
displacements in the image dimensions, i.e. the line-of-
sight direction (range) and the along-track direction 
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(azimuth) for SAR images, and north to south (N-S) and 
east to west (E-W) for optical images. Hence, 3D 
displacements can be estimated by combining SAR and 
optical pixel offset results in the geographic coordinate 
system using a least square framework. 

3.3. Results and analyses 
3.3.1. Spatial pattern of Baige landslide deformation 
revealed by 3D displacement velocities 

We combined the 2D displacement fields derived by 
POT analyses of PALSAR-2 and GF-2 image pairs 
separately to retrieve the 3D surface displacement velocity 
of the Baige landslide. As shown in Fig. 16, the time-series 
displacements of a typical spot in the middle part of the 
slope surface measured by a Sentinel-1 data stack from 8 
August 2017 to 24 May 2018 can be approximated as a 
linear trend. The goodness of fit R2 for linear fitting is 
around 0.987. Therefore, the differences in displacement 
velocity induced by the temporal misalignment between 
the GF-2 (acquired on 5 August 2017 and 28 February 
2018) and PALSAR-2 (acquired on 24 July 2017 and 28 
May 2018) observations can be ignored to enable cross-
sensor combination. The 2D displacement velocity maps 
obtained from GF-2 images and ALOS-2 PALSAR-2 data 
separately are plotted in Fig. 17. 

 
Fig. 16. Linear fitting of Sentinel-1 measured range 
displacements between 8 August 2017 and 24 May 2018. The 
horizontal axis denotes the number of days with respect to 8 
August 2017. 

The 3D displacement velocity field rendered in Fig. 18a 
shows the spatial pattern of real surface movements of the 
slope. The white arrows illustrate the magnitude and 
direction of horizontal displacements, while the dot colors 
represent vertical displacements. The negative value of the 
vertical displacement corresponds to the downward 
movement. The mean standard deviations (STD) of the 
estimated 3D displacement rates are 0.44 cm/day, 0.59 
cm/day and 0.92 cm/day in the north-south, east-west and 
vertical directions, respectively. By combining the 3D 
displacement velocity field and the high-resolution GF-2 
optical image, we partitioned the collapsed slope into 
several blocks of different deformation characteristics, as 
delimited by the dashed yellow lines in Fig. 18b. The white 
arrows in Fig. 18b indicate the approximate displacement 
direction of local slope surfaces. 

  

  
Fig. 17. 2D displacement velocities retrieved with GaoFen-2 (GF-
2) images (5 August 2017 and 28 February 2018) and ALOS-2 
PALSAR-2 data (24 July 2017 and 28 May 2018). 

Above these blocks, A, B, and C marked by dashed red 
lines did not collapse in the first event, but have shown 
significant deformation. Block II is the main sliding region 
with the largest displacements in both vertical and 
horizontal directions. The vertical displacement rate was 
more than 15 cm/day and increased from north to south in 
Block II. I1-I4 and III are two regions located at the toe and 
head of the landslide, respectively. The points closer to 
block II in these two regions underwent larger 
displacements. Block IV is a long narrow strip located at 
the southern boundary of the landslide. This block is 
characterized by a small vertical displacement but a large 
horizontal displacement. The horizontal displacements of 
the landslide body rotated counterclockwise from the top 
to the bottom of the slope. The stable rock on the south side 
of landslide stopped the unstable block II from further 
moving southward.  

The collapsed volume in the first event destroyed the 
stable block V below the leading edge of the landslide and 
formed a huge landslide scar on the slope. The depth of the 
collapsed volume on the slope is roughly correlated with 
the vertical deformation. Vertical displacement rates (red 
dots in c) along the black line P-P’ in Fig. 18b are plotted 
with the geological profile of the Baige landslide. The 
slope surface before the collapse is depicted by a historic 
DEM of 5 m resolution (scale 1:10,000) produced by the 
Sichuan Bureau of Surveying and Mapping. After both 
collapse events on 10 October and 3 November, a Pegasus 
F-1000 fixed-wing unmanned aerial vehicle (UAV) was 
deployed to acquire high-resolution (10-15 cm) images of 
the slope. Digital surface models (DSM) generated by 
UAV photogrammetry are used together with the pre-
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sliding DEM to determine the slope surface changes after 
each collapse event. The area with a high vertical 
deformation rate of ~20 cm/day corresponds to the region 
with the largest collapse depth. 

  

 
Fig. 18. (a) 3D displacement rate of the Baige landslide between 
August 2017 and February 2018. The colors of points represent 
vertical displacements (negative value corresponds to downward 
movement) and white arrows indicate 2D vectors of horizontal 
displacements. The solid red line outlines the boundary of the first 
collapse. The dashed red lines mark unstable blocks (A, B and C) 
that remained on the slope after the first collapse. The solid 
yellow line on the lower part of the slope shows the location of 
the toe of surface of rupture in the first collapse. (b) Sketch of 
unstable blocks (marked with Roman numbers) within the sliding 
slope during the first collapse event. (c) Geological profile along 
the black line P-P’ in Figure 7b (adapted from Xu et al., 2018) 
with the red dots representing vertical displacements. 

3.3.2. Temporal evolution of Baige landslide 
measured by time-series SAR POT analyses 

The 3D displacement field clearly disclosed the fine-
scale spatial pattern of the surface deformation on the 
Baige landslide, but it does not provide information on the 
temporal evolution of deformation that is critical for 
landslide risk evaluation and disaster early warning. The 
time-series range displacements prior to the first failure 
event were extracted from three SAR data stacks. A typical 
sample area at the central part of the slope was selected 
(marked by a white ellipse in Fig. 18b), and the mean 
displacements within this area are plotted with error bars 
indicating STDs or uncertainties of measurements in 
Figure 8. For better visualization, we simply set the last 
observation in the PALSAR stack and the first observations 
in the PALSAR-2 and Sentinel-1 stacks as the reference 

baselines individually to measure the cumulative 
displacements. 

 
Fig. 19. Time-series range displacements at the center of Baige 
landslide marked with a white circle in Fig. 18b. The colors 
represent results from three different data stacks. v and R2 stand 
for the mean velocity and the coefficient of determination for 
linear regression, respectively. 

From 2007 to 2011, the velocity of range displacement 
observed by PALSAR data was approximately -0.77 
cm/day with a perfectly linear relationship (R2 > 0.99). The 
velocities during the period from October 2014 to March 
2017 measured by PALSAR-2 and Sentinel-1 data 
increased to approximately -1.97 and -1.88 cm/day 
respectively, with the coefficient of determination of linear 
regression higher than 0.99 for both datasets. The negative 
displacement rate indicates the slope surface was moving 
away from the SAR sensors along the range direction, i.e. 
downslope. The significant increase of displacement 
velocity suggests that the movement of the Baige landslide 
must have experienced acceleration during the period from 
2011 to 2014, but no SAR data acquisition during that 
period is available to exactly identify the onset of 
acceleration. 

The onset of another acceleration appeared after around 
6 March 2017. An accelerating curve of displacement can 
be observed from Sentinel-1 results, especially when 
approaching to the time of the first collapse. However, the 
accelerating trend is less evident for the PALSAR-2 results 
as the time intervals between two successive PALSAR-2 
observations are much larger and irregular. We can only 
observe from the PALSAR-2 results that the displacement 
velocity increased notably after December 2016. 

Comparison between the results of PALSAR-2 and 
Sentinel-1 data in terms of measured range displacements 
suggests a good agreement during the period from October 
2014 to July 2018. The cumulative displacement measured 
by PALSAR-2 at each observation time shows a smaller 
STD than that of Sentinel-1 as its higher spatial resolution 
leads to a better measurement precision. The time-series 
results from both datasets reveal a linear displacement 
trend during the secondary creep stage from October 2014 
to March 2017, followed by an accelerating creep signal 
prior to the first collapse event. 

According to the three-stage creep theory, the linear 
trend and accelerating trend in time-series displacements 
are typical characteristics of the secondary and tertiary 
creep movements, respectively. The periods that exhibit a 
linear displacement trend albeit with different velocities 
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were categorized as the secondary creep phase of the 
landslide, and the period with an accelerating trend after 
March 2017 was identified as the tertiary creep phase. The 
dense time-series displacements derived from Sentinel-1 
observations during the tertiary stage provides an 
opportunity to evaluate whether SAR measurements can be 
used to generate a warning prior to slope failure. 

 

4. MEASUREMENT OF THE THREE-
DIMENSIONAL DEFORMATION OF THE JIAJU 

LANDSLIDE USING A SURFACE-PARALLEL 
FLOW MODEL 

SAR Interferometry (InSAR) is a powerful technique for 
mapping land surface deformation, but single one-
dimensional (1-D) InSAR Line-of-Sight (LOS) 
measurement limits its application in three-dimensional (3-
D) displacement retrieval. Traditional methods were 
developed for measuring large-scale deformation, and thus 
are not applicable to slow deformation mapping. In this 
paper, to retrieve the slow 3-D deformation process in the 
Jiaju landslide, a surface-parallel flow model is applied, 
according to the existing geological data gained from this 
landslide. Nine ENVISAT images and 19 ALOS images 
were collected to reconstruct the 3-D deformation field. An 
iterative method for correcting the characteristic value 
(IMCCV) with maximum likelihood estimation adaptively 
generates an accurate stochastic model. The 3-D 
deformation measurements show that the northern part of 
the Jiaju landslide clearly had horizontal deformation with 
the largest deformation velocity exceeding 15 cm year-1, 
while the southern part was relatively stable. Similarly, 
large vertical deformation appeared in the northern part (-
2 cm year-1) and little deformation in the southern part (-
0.5 cm year-1). Compared with GPS results, the standard 
deviation is 1.4 cm year-1 and 0.7 cm year-1 in horizontal 
and vertical directions. Therefore, the Jiaju landslide 
exhibited movement in the horizontal direction 
accompanied by slight settlement in the vertical direction. 

4.1. Study area 
The Danba County is located in the eastern margin of 

the Qinghai Tibet plateau, which belongs to typical 
landforms of highland and ravine, with steep topography 
and complex structure. The Jiaju landslide, located on the 
right bank of the Dajinchuan River in the upper reaches of 
the Dadu River, is one of active large tractive landslides. 
Ten corner reflectors and 22 GPS stations established since 
2007 are displayed on the topographic map of Jiaju 
landslide (Figure 3). The engineering geology of Jiaju 
landslideshows that the ground surface is approximately 
parallel to the sliding plane, and the landslide is composed 
of detritus earth and boulder with silt clay, and the front 
immerged into the Dajinchuan River and easily eroded by 
the river. Gravity propels the Jiaju landslide along sliding 
plane related to the geological structure and mechanism. 

 
Fig. 20. Geological Map of Jiaju Landslide. GPS stations and 
Corner Reflectors are displayed as circles and triangles. 

4.2. 3D deformation of Jiaju landslide 
Annual deformation velocities of the Jiaju landslide 

derived from two datasets are shown in Fig. 21. The two 
results agree with each other even though there are slight 
inconsistencies due to different wavelengths (0.056 m for 
ASAR and 0.236 m for PALSAR), incidence angles (38° 
for ASAR and 34° for PALSAR) and heading angles (-
13.1° for ASAR and -12.8° for PALSAR). GPS 
measurements were projected onto the LOS direction and 
rendered as colourful triangles in Fig. 21. The GPS and 
InSAR results were consistent.  

 
Fig. 21. Deformation velocity from Envisat dataset and ALOS 
dataset. Colourful points show the deformation velocity in LOS 
direction, and colourful triangles represent GPS results projected 
on LOS direction. (a) for ASAR. (b) for PALSAR. Location of 
PS is resampled to the same coordinate system. 

Horizontal and vertical displacement fields are shown 
inFig. 22. Grey arrows show the horizontal deformation 
velocity field, which appears to have moved along the 
slope direction. The northern part of the landslide shows 
horizontal movement with the largest velocity exceeding -
15 cm year-1, while the southern part exhibits smaller 
horizontal displacements. Colourful points show the 
vertical deformation velocity. The northern deformation 
velocity reaches -2 cm year-1, while the southern part 
shows a smaller velocity of -0.5 cm year-1. GPS 
measurements are also shown as triangles in Fig. 22, with 
pink arrows displaying the direction and magnitude of the 
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horizontal deformation on the GPS stations, and the colour 
represents vertical deformation. 

 
Fig. 22. Deformation velocity in horizontal and vertical directions. 
Arrows show the horizontal deformation velocity field, and 
colourful points show the deformation velocity in vertical 
direction. 

We extract horizontal and vertical deformation velocity 
of measurement points around 22 GPS stations for 
validation as shown in Fig. 23. The red and green lines 
show the horizontal displacements by GPS and InSAR 
respectively, while vertical displacements measured by 
GPS and InSAR are shown as blue and orange lines. The 
standard deviations are 1.4 cm year-1 and 0.7 cm year-1 in 
the horizontal and vertical directions in contrast to GPS 
results. Generally, the InSAR and GPS measurements 
agree in both trend and value. The range of active 
deformation detected by our method is larger than the 
landslide boundary identified by a previous geological 
survey (shown as the black curve in Fig. 22). 

 
Fig. 23. Deformation velocity comparison between InSAR and 
GPS in horizontal and vertical directions on 22 GPS stations. 

6. CONCLUSIONS 

In this project, we employed the phase and amplitude 
information of PALSAR-1/2 data to investigate landslides. 
For slow-moving landslides, time-series InSAR analysis 
methods will be employed to make full use of 
interferometric phase observations at both pointwise 
persistent scatterers (PS) and coherent distributed 
scatterers (DS) to retrieve information of line-of-sight 

(LOS) deformation. By contrast, the point-like targets 
offset tracking (PTOT) method will be adopted as an 
alternative to measure the fast-moving landslides. 
Furthermore, we inversed three-dimensional displacement 
vectors combining multi-orbit/multi-aspect/multi-angular 
InSAR/PTOT observations.  

The time series InSAR method was used to conduct 
long-term deformation monitoring of the 2017 Xinmo 
landslide in China and the Sunkoshi landslide in Nepal, as 
well as the detection and monitoring of post‐earthquake 
landslides in Jiuzhaigou. 

The time series PTOT method was applied to measure 
the pre-collapse surface displacements of the Baige 
landslide. Meanwhile, 3D displacement velocities were 
inversed from multiple deformation observations to 
analyze the spatial pattern. In addition, a surface-parallel 
flow model is applied to retrieve the slow 3-D deformation 
process in the Jiaju landslide according to the existing 
geological data. 

Compared to the C-band Senitnel-1, L-band PALSAR-
1/2 data of longer wavelength usually shows better 
capability of keeping moderate to good coherence even for 
long temporal baselines (e.g. one or two years), as shown 
by the results of PALSAR-2 interferometry in this study. 
Furthermore, the archived PALSAR-1 provided valuable 
opportunities to retrieve the historical deformation of the 
landslides. The in-orbit PALSAR-2 with higher resolution 
showed better performance than PALSAR-1, which is 
beneficial to landslide monitoring. 
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0. ABSTRACT

This research report presents our DInSAR experiment 
results by using ALOS-2 ScanSAR images and also 
velocities of GPS stations in the east margin of Tibet 
Plateau. Especially, we have calculated the crustal 
deformation in Lijiang by using ALOS-2 SAR images, and 
compared them with that by GPS observation in the same 
area, they agree with each other in millimeter level. GPS 
has a high accuracy and temporal resolution, and InSAR 
has a high spatial resolution, we believe that combination 
of GNSS and InSAR technology can obtain high spatial 
resolution and high accuracy crustal deformation results.  

1. INTRUDUCTION

Since the advent of the theory of plate tectonics, many 
domestic and foreign geophysical and geologists have 
believed that the Tibet Plateau is a typical area of land-
continent plate collisions, and is a golden key to exploring 
the treasure house of earth science [1]. The uplift of the 
Tibet Plateau is the most significant geological event in the 
world since the Neogene. Its uplift process has a profound 
impact on the regional geological environment, making it 
one of the most vulnerable areas of the global geological 
environment [2]. 
The Indian continent squeezed into the northeast of Eurasia, 
which resulted in the vertical thickening of the crust of the 
Tibet Plateau, the strong deformation of the lithosphere, 
and the flow and migration of deep materials. During the 
eastward extrusion process of the Tibet Plateau, significant 
topography, geomorphology, and geological structure 
differentiation zones have formed. Along with the uplift 
and expansion, the Tibet Plateau has strong tectonic 
activities. Due to the interaction with the surrounding 
blocks, several giant thrust and strike-slip fault zones are 
formed in the interior and marginal areas of the Tibet 
Plateau, which is the region with the highest frequency and 
intensity of earthquakes in mainland China (Figure 1) [3]. 
Besides, the strong uplift of the Tibet Plateau provides 
favorable terrain and landform, geological structure, and 

climatic environment conditions for the occurrence of 
geological disasters. Therefore, the Tibet Plateau is an ideal 
field laboratory for research on continental subduction and 
collision orogeny, tectonic evolution, and seismogenic 
environment. What's more, the strong tectonic deformation 
results in the high incidence of geological disasters in the 
study area, which has brought a great threat to people's 
lives and the development of civilization [4]. 

Fig. 1 The distribution of earthquake in China (From 
1963 To 2020, with M>6, the bold arrow indicate 

crustal motion) 

Therefore, crustal deformation monitoring at the eastern 
margin of the Tibet plateau is very important for 
understanding its geodynamics and earthquake risks. Tens 
of continuous GPS (Global Positioning System) stations 
and hundreds of campaign GPS stations have been set up 
in this area for monitoring the crustal deformation since 
2010 and the results show that the movement of several 
centimeters per year with respect to fixed Eurasia plate has 
been detected. However, the GPS station is too sparse to 
detect uneven crustal deformation in this area for further 
researches. PALSAR-2 ScanSAR images can obtain 
hundreds of kilometers times hundreds of kilometers SAR 
images with high spatial resolutions. It is an ideal method 
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for detecting uneven crustal deformation in larger areas. 
This research focuses on InSAR (Interferometric Synthetic 
Aperture Radar) time series analysis by using PALSAR-2 
ScanSAR images for obtaining high precision LOS 
displacements at two chosen places on the eastern margin 
of the Tibet plateau. Combining with deformation results 
obtained by the continuous and campaign GPS 
observations, an integrated method with InSAR of scan 
mode SAR images and GPS results will be developed, and 
also the mechanism of Tibet plateau movements is studied 
and the potential earthquake risks will be analyzed 
accordingly. 
 

2. METHOD 
 
2.1 InSAR 
Since the 1990s, InSAR has become a new method for 
earth observation because of its ability to obtain high-
precision three-dimensional terrain information and 
surface micro-deformation information [5]. 
The ScanSAR interferometry method is studied in this 
research. The crustal deformation is monitored by time 
series analysis of D-InSAR interferograms, such as PS 
(Permanent scatter) InSAR, IPTA, SBAS (Small Baseline 
Subset) InSAR, and so on. Normally average motion rate 
and the atmosphere delay in LOS can be obtained after 
taking PS-InSAR and SBAS-InSAR.  
2.1.1 PS InSAR 
The rationale for PS-InSAR technology is clear. Firstly, N 
SAR images within a certain period in the same area were 
acquired to form the time series of SAR images, and one 
image was selected as the master image. Then the 
remaining images were registered and interfered with the 
master image to obtain N-1 interference pairs. Then, targets 
with good interference (PS points) in the image coverage 
range were detected according to statistical characteristics 
analysis. Finally, the phase of the PS target in the time 
series is analyzed, and the deformation phase information 
is obtained. 
PS InSAR method consists of the following procedure: 
master image selection, interferograms forming, phase 
unwrapping, estimation of the height and linear 
deformation rate, separation of the atmosphere, and 
nonlinear phase. First, the selection of the master depends 
on the time interval, the length of the baseline, and the 
difference of Doppler centroid between different images. 
So the master image is chosen by maximizing the overall 
coherence of the interferometric stacks with the 
consideration of all factors. Then, amplitude and phase 
analysis to estimate the temporal coherence for each pixel 
in the series of interferograms, so we can find the PS points 
with reliable phase. A stable reference point is selected 
with the help of the GPS result to minimize the model error. 
We carry out the regressing analysis to get the initial 
deformation rate, elevation correction, and the unwrapping 
phase in the time domain. In order to improve the reliability 
of the unwrapping, the MCF method is applied to get the 
unwrapping phase in the spatial domain.  
2.1.2 SBAS InSAR  
The small baseline subset technique is to analyze the time 
sequence of the deformation value of the D-InSAR 
differential result based on the principle of least squares. 
This technology selects interferograms whose spatial and 
temporal baselines are within a certain threshold from the 
SAR image pair and then generates differential 

interferograms through multiple views to weaken the 
decoherence caused by excessively long temporal and 
spatial baselines. The basic algorithm of the small baseline 
subset is to divide the SAR image data into several small 
subsets, and then subset the threshold of the time baseline 
and the space baseline according to the interference 
conditions, etc., and perform the LS (least-squares) on each 
small subset to solve the time deformation sequence in the 
small subset. Then, the SVD (singular value 
decomposition) between the small subsets can be 
combined to perform the complete settling sequence of the 
entire surface during the initial period of the image. Using 
the singular value decomposition method, the separated 
small baseline subsets can be combined to solve the 
problem, and the atmospheric delay phase can be separated 
and removed by the time and space information obtained. 
The small baseline subset analyzes all available 
interferograms between SAR images, which greatly 
increases the spatial density and time sampling rate of 
deformed differential interferograms. The main procedures 
of SBAS method are shown in the Fig 2. 

 
Fig. 2 The flowchart of the SBAS method 

2.2 GPS 
With the rapid progress of GPS technology, as well as the 
continuous improvement of GPS accuracy and space-time 
resolution, GPS has gradually become an essential 
observation means in geoscience research, especially in 
crustal deformation research. Deformation research based 
on GPS data is ongoing, which provides a data reference 
basis for the different scales of subsequent deformation 
research [6]. 
The GPS network is processed with Bernese 5.2 software, 
and the daily solution of GPS station positions is computed 
via the minimal constraint approach. Besides, Finite 
Element Solutions 2004 (FES2004) ocean tidal loading 
corrections [7], atmosphere S1–S2 tidal loading 
corrections [8], and absolute phase-center corrections for 
satellites and receivers, as issued by International GPS 
Service (IGS) [9], were applied to the formulation of the 
observation equations. Furthermore, the controlled datum 
removal filtering method was employed to remove noise. 
The GPS station coordinate time series fitting function 
model adopts the extended model proposed by Bevis and 
Brown [10]. GPS station coordinates time series fitting 
adopts the least-squares method, noise analysis adopts 
Maximum Likelihood Estimation (MLE) method, and at 
the same time, the fitting model parameters and noise 
model parameters of GPS station coordinate time series are 
estimated. Furthermore, using the Gaussian inverse 
distance weighting method, the original GPS station 
coordinate time series are respectively interpolated with an 
annual period, semi-annual period, earthquake co-seismic 
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and post-seismic signal interpolation, and the interpolation 
model value is directly deducted from the rover coordinate 
time series. Besides, the noise of the station can also be 
obtained and deducted by the method of continuous station 
noise interpolation or averaging. Eventually, the corrected 
GPS station coordinate time series is obtained. 
Using the Bernese 5.2 software networking solutions for 
calculating all the observational data, obtained the GPS 
station coordinate time series. The velocity field of the GPS 
station is obtained by analyzing the coordinate time series 
of the station. 
 

3. RESULTS 
 
3.1 The results of PS InSAR 
The data for this study were derived from 23 images of 
ALOS2 data of PATH 49 Frame 3100 from February 2018 
to January 2021. The study area was located in Lijiang City, 
China, covering a study area of about 1260 square 
kilometers. According to the master image selection 
criteria, we selected image with the date of 20190723 as 
the main image, and then registered the remaining images, 
and generated MLI through multi-look (Figure 3a). During 
the process, the looks of range and azimuth are set to 8 and 
32. Then, the time coherence of each pixel in the 
interferogram is estimated by amplitude and phase analysis 
to find the PS points with reliable phases (Figure 3b).  

 
Fig. 3 Multi-looked SAR images (a) MLI    (b) Point selected 

All the registered images will be interfered with the master 
image and generate interferograms from the SLC point data 
stack. GPS positioning results are used to select a stable 
reference point to minimize model error. Finally, we 
perform a regression analysis in the time domain to obtain 
the initial deformation rate, elevation correction, and 
iteration for more PS and accurate results (Figure 4). 

 
Fig. 4 Deformation rate of PS points 

3.2 The results of SBAS InSAR 
There are five swaths in each SCANSAR image with a 
different incident angle. Each swath can be treated just like 
normal strip-mode data, and we choose the second swath 
for SBAS InSAR time series analysis experiments. SBAS 
is used to estimate the velocity along the LOS direction. 
First, interferograms are generated based on short spatial 
baseline criteria with a maximum spatial baseline of 500 
meter to decrease the spatial decorrelation. Fig. 2 shows the 
distribution of the spatial and temporal baselines and the 
combination of the interferograms. During the process, the 
looks of range and azimuth are set to 8 and 32. Then we got 
232 interferograms in the first step. The result of SBAS 
depends on the correctness of the phase unwrapping, so it's 
necessary to remove other irrelevant phase components. 
More importantly, phase unwrapping for interferograms 
with high coherence will succeed. Second, the Goldstein 
filter method is applied to all interferograms to improve 
their coherence. If the coherence is still low after filtering, 
phase unwrapping will fail. Here we only keep 
interferograms with high coherence for the next step of data 
processing. Fig. 5 shows five interferograms for example. 

 
Fig. 5 Five Interferograms for example 

Some published researches indicate that, L-band 
interferograms of ALOS-2 SCANSAR data are severely 
affected by the ionosphere delay [11-13]. In our 
experiments, we find that there is a strong ramp in the 
deformation map without ionospheric delay corrections, 
see Fig.6. As the ionospheric phase shows a high spatial 
correlation in most interferograms, we use a polynomial 
model to estimate its low-frequency part. Fig. 6 shows an 
example of ionospheric correction. Comparing original 
interferogram and corrected unwrapped interferograms, we 
can find ionospheric delay is a large part in the 
interferograms, the polynomial model can correct larger 
part of ionospheric delay. Because of some problems 
encountered in the data processing, the deformation map 
by SBAS is not available at this moment, the processing is 
still on going. 
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Fig. 6 The original interferogram (left) and corrected 

unwrapped interferograms (right) 

3.3 The results of GPS 
By using Bernese software, we processed continuous and 
campaign GPS observations from 1999 to 2007 in China 
and its nearby, obtained the horizontal velocities of those 
GPS stations with respecting to fixed South China block 
fixed as in Fig.7. Our research area is at the east margin of 
Tibet Plateau, in the bottom right of Fig.7, which shows a 
clockwise rotation around the East Himalaya Syntaxis with 
a magnitude of about 10mm/a. 

 
Fig. 7 Horizontal velocities of GPS stations in Tibet 

Plateau and its surroundings with respecting to South 
China block fixed 

We used the interpolation method of two-dimensional 
vector velocity field data based on Green’s function to 
conduct coupled interpolation with a Poisson’s ratio of 0.5 
for 1966 horizontal velocity field data in mainland of China 
from 1999 to 2017 and obtained the uniform velocity field 
with a grid of 1°. The interpolation results of the velocity 
field in continental China are shown in Figure 8. 

 
Fig. 8 Interpolating horizontal velocity field in 

continental China (the red lines represent original 
velocity field data, and the blue lines represent 

interpolating velocity field data). 

3.4 Comparison of result by using InSAR and GPS in 
LIJIANG 
Lijiang City is located in the southeast of the Qinghai-Tibet 
Plateau. We use InSAR and GPS methods to obtain the 
deformation rate of Lijiang City, and compare the 
difference between the deformation rate of InSAR and GPS 
in LOS. Fig. 9 shows examples of interferograms. Fig. 10 
shows the deformation rate of InSAR and GPS. 

 
Fig. 9 Examples of interferograms in Lijiang 

 

 
Fig. 10 The deformation rate of InSAR(left) and GPS 

(right) 

In this study, the direct verification method was used for 
acurracy analysis. First, we directly compared the 
deformation rate of InSAR and GPS at each GPS station 
(Table1). 
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Table 1. Compared the deformation rate of InSAR 
and GPS at each GPS station 

 
Based on the difference in Table1, we calculated ME 
(Mean Error), MAE (Mean Absolute Error), and RMSE 
(Root Mean Square Error) of the deformation rate between 
InSAR and GPS in LOS (Table2). All of them are in mm 
level.  
The MAE is calculated by: 

𝑀𝑀𝑀𝑀𝑀𝑀 =
1
𝑛𝑛
��𝑉𝑉𝐺𝐺𝐺𝐺𝐺𝐺𝑖𝑖 − 𝑉𝑉𝐿𝐿𝐿𝐿𝐺𝐺𝑖𝑖 �
𝑛𝑛

𝑖𝑖=1

 

Table 2. Accuracy of InSAR LOS motion by GPS 
validation 

ME(mm/yr) MAE(mm/yr) RMSE(mm/yr) 

-1.22 1.22 0.526 

 
4. CONCLUSION 

 
Comparing the deformation results of InSAR and GPS, we 
find that complemental relation between the two. GPS has 
a high temporal resolution, and InSAR has a high spatial 
resolution. At this moment, we have obtained the crustal 
deformation in Lijiang by using ALOS-2 SAR images, and 
compared with that by GPS observation in the same area. 
However, the deformation map obtained by our InSAR 
experiments is not so reliable as the usable number of SAR 
image is limited and the standard deviation of the estimated 
velocity is high. Temporal decorrelation caused by 
vegetation in the selected area also decreases the precision 
and the number of usable observations. We believe that the 
precision of the final deformation results will be improved 
if more SAR data are available. On the other hand, the 
observed velocities of GPS stations can be converted to the 
LOS direction, and used in time series analysis of InSAR 
in further research work. We hope to obtain a high spatial 
resolution crustal deformation results through combination 
of GNSS and InSAR technology. 
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1. RESEARCH SUMMARY

Our results from this ALOS-2 RA6 project led to two 
publications [1-2], one in preparation [3] and multiple 
presentations at AGU, SCEC and ALOS-2 joint PI 
symposium [4-9]. These results are summarized as follow: 
1) To assess different error sources and capability of L-

band ALOS-2 Wide-Swath SAR data (ScanSAR) in
accurately mapping crustal deformation, we
performed the first InSAR time series analysis using
ALOS-2 ScanSAR data from RA-4 & 6. We present
different time series analysis results including azimuth
frequency modulation rate error, line of sight (LOS)
ionospheric phase, azimuth shift caused by the
ionosphere, and LOS displacement processed using
both full-aperture and burst-by-burst workflows. After
a range-split spectrum based correction, the final
InSAR LOS displacement time series result reveals
both large-scale tectonic and small-scale
anthropogenic deformation components, comparable
to in-situ GPS without reliance on using GPS as
ground control points. The results were published in
[1].

2) The 4 July 2019 Mw 6.4 and 5 July (local; 6 July UTC)
Mw 7.1 Ridgecrest earthquakes ruptured faults and
deformed the crust in eastern California shear zone in
central California. We analyzed Synthetic Aperture
Radar (SAR) data from Sentinel-1 and ALOS-2.  and
integrated geodetic measurements (LOS interferogram,
along-track interferograms and pixel-tracking offsets)
to derive the 3-D coseismic surface displacement field
of the two events. The results were published in [2]
and presented in [3,8].

3) The ALOS-2 ScanSAR data prove to be useful in
capturing a diverse range of deformation processes in
central San Andreas fault area including interseismic
fault creep, groundwater subsidence, oil/gas pumping,
coseismic and postseismic deformation processes. Our
analysis of ALOS-2 ScanSAR data from descending
track 167 and 168 show clear fault creep variation
along the strike, and time-varying groundwater
subsidence in adjacent Central Valley. Even with the
limited temporal sampling due to reduced observation
duty ratio in extended operation period, the L-band
ALOS PALSAR-2 sensor captured the cumulative

postseismic deformation following the 2019/07/04 
Ridgecrest earthquake sequence. The results were 
presented in [3-8]. A paper is in preparation for special 
issue "ALOS-2/PALSAR-2 Calibration, Validation, 
Science and Applications" in MDPI Remote Sensing. 
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1. INTRODUCTION

Landslides display a wide variety of behaviors ranging 
from slow persistent motion to rapid acceleration and 
catastrophic failure. Given the variety of possible 
behaviors, improvements to our understanding of 
landslide mechanics are critical for accurate predictions 
of landslide dynamics. To better constrain the 
mechanisms that control landslide motion, we used 
ALOS-2 synthetic aperture radar interferometry (InSAR), 
as well as InSAR from the Copernicus Sentinel-1 A/B 
satellites and the NASA/JPL Uninhabited Aerial Vehicle 
Synthetic Aperture Radar (UAVSAR) to quantify the 
time-dependent kinematics of hundreds of landslides in 
the US States of California and Colorado and 
Washington. The geodetic imaging results obtained from 
satellite and airborne InSAR complement in situ point 
measurements from several long-term landslide 
monitoring stations, including the well-monitored 
Slumgullion landslide in Colorado. Results from this 
study have led to advances in our knowledge of the 
spatio-temporal patterns of landslide motion in response 
to changes in environmental parameters such as rainfall 
and snowmelt. They have also provided an opportunity 
to examine the effects of multi-year climate variations 
such as drought and extreme wet years on the activity of 
landslides. 

2. SIGNIFICANCE IN THE RESEARCH FIELD

Understanding landslide mechanisms improves our 
ability to predict when and where landslides will occur 
and how they will behave. Results from the detailed 
geodetic imaging of landslide deformation have 
improved our understanding of how landslides mobilize 
in response to changing environmental and hydrological 
conditions.  

We have improved the understanding of the mechanisms 
that control the rate of movement of landslides by using 
satellite and airborne radar imagery to measure the 
spatial distribution of displacements across the 
Slumgullion landslide and many other landslides in 
California and Washington. We are combining these 
spatial observations with the detailed temporal 
measurements made at monitoring sites to build a 
complete model for the motion of landslides that can be 
generalized to other landslides around the world. 

4. PROCESSING SYSTEM FOR ALOS-2
PRODUCTS 

Under a related project, we developed an InSAR 
processing module based on the JPL InSAR Scientific 
Computing Environment (ISCE) [1] to measure ground 
deformation with the data acquired by the Japanese 
Aerospace Exploration Agency (JAXA) Advanced Land 
Observing System-2 (ALOS-2) Phased Array L-band 
Synthetic Aperture Radar-2 (PALSAR-2) instrument [2-
6]. More specifically, we used the alosStack processor 
written by Dr. Cunren Liang (now integrated into the 
main ISCE2 repository). We geocode InSAR data to a 
0.4 arcsecond (~12 m) pixel using the TanDEM-X DEM 
provided by the German Aerospace Center (DLR). We 
perform time series inversions in the Miami INsar Time-
series software in PYthon (MintPy) [7]. Our analysis 
used the ALOS-2 single-look complex (SLC) data 
products processed by JAXA that were acquired in the 
stripmap modes, provided to us under this project. Most 
landslides are less than about 300 meters wide, so ALOS-
2 ScanSAR interferograms cannot resolve much of the 
landslide motion. 

An alternative processing module handles the ALOS-2 
ScanSAR WD1 (5-beam) and WD2 (7-beam) modes and 
all three stripmap modes (SM1, SM2, and SM3). We can 
form mixed-mode interferograms between the ScanSAR 
and stripmap datasets as long as they were acquired from 
the same track and have spatial overlap. Because many 
ALOS-2 paths have stripmap scenes acquired in different 
modes, especially SM2 and SM3, the capability to 
process data from the different modes is helpful to study 
landslides. The processing includes filtering of both the 
range and azimuth spectra to extract the portions of the 
spectra that overlap to optimize the InSAR information 
[3], which is especially important for forming mixed-
mode interferograms where the range bandwidth and 
azimuth bandwidths can be very different. Mixed-mode 
interferograms can be useful for evaluating catastrophic 
events but they are not as easily integrated into time-
series analysis because of the extra filtering and 
resampling involved. 

We previously implemented an ionospheric correction 
program based on the range split-spectrum method [7, 8] 
for our ALOS-2 InSAR processing [6]. The effects of the 
ionospheric signals are very obvious on the wide-swath 
ScanSAR interferograms but also can appear as local 
ramps in the smaller stripmap interferograms. We found, 
however, that estimating the ionospheric correction from 
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the stripmap interferograms is not always possible due to 
some distortions in the ALOS-2 Level 1.1 single-look 
complex (SLC) products, especially in the range 
direction. We also found the ionospheric correction was 
not required for our landslide investigations in the 
Western US. 
 

5. LANDSLIDES IMAGED WITH ALOS-2 
 

 
Fig. 1 Map of ALOS-2 stripmap scenes being used 
for our landslide studies under this RA6 project. 

We have identified and mapped landslides at several 
locations in California, Colorado, and Washington state 
of the USA. Fig. 1 shows a map of the ALOS-2 stripmap 
scenes analyzed in this project, covering several areas of 
active landslides. 
 
Most of our analyses have been focused on active 
landslides in California. The California Coast Ranges 
have a high density of active landslides that are ideally 
suited for InSAR investigations due to their persistent 
long-term motion, low velocities, and sparse vegetation 
[8-10]. The region has a Mediterranean climate with cool, 
wet winters and hot, dry summers. Average annual 
rainfall is 1.5 m/yr, falling mostly between October and 
April and reaching peak rates between December and 
February. Our previous studies used satellite InSAR with 
data from the JAXA ALOS-1 satellite to identify 50 
slow-moving landslides in the Eel River catchment of 
northern California [8-10]. In this earlier work, we 
examined the seasonal velocity patterns of 10 landslides 
(a subset of the 50) driven by precipitation-induced 
perturbations in effective normal stress. Despite 
significant changes in geometry, we found that each 
landslide displayed remarkably similar velocity patterns 
along the entire landslide body at the resolution that we 
could resolve with the ALOS fine-beam data. 
 
Our current project focused on improving the 
understanding of the mechanisms that govern landslide 
motion by studying hundreds of active slow-moving  
 
 

 
Fig. 2 Stack of ALOS-2 stripmap interferograms 
from 2014 overlain on shaded relief topography for 
the Eel River area of northern California. The mean 
line-of-sight velocity over the full time interval is 
shown in colors. Black lines outline the active 
landslides in this area. 

landslides in the California Coast Ranges using satellite 
InSAR. We analyzed the ALOS-2 stripmap data over the 
Eel River catchment, northern California (Fig. 2) and the 
Big Sur Coast, central California (Fig. 3). We identified 
more than 100 actively deforming slow-moving 
landslides in the two regions. Fig. 3 shows a section of 
the Big Sur coast in central California with active 
landslides mapped in black. Many of these landslides are 
cross cut by California State Highway 1 and pose a major 
risk to the road and safety of travelers. 
 

 
Fig. 3 Active slow-moving landslides on the Big Sur 
coast, central California. (a, b) Map view shows 
ALOS-2 InSAR velocity map draped over a 
hillshade of the topography. Red colors show 
relatively high velocities of active landslides. (c) We 
also show a comparison with Sentinel-1 C-band 
InSAR for the same time period. Our comparison 
shows that the ALOS-2 L-band data are better 
suited for monitoring slow-landslide motion on 
vegetated hillslopes. This work was presented at the 
Joint PI Meeting of JAXA Earth Observation 
Missions FY2020 [16].  

We also directly compared the InSAR time series from 
ALOS-2 with time series from the Sentinel-1 data (Fig. 
3). We find that the landslides on the coast are moving 
downslope at cm/yr. The seasonal displacement of the 
landslides is  driven by precipitation (Fig. 4). 
Unfortunately, however, the infrequent ALOS-2 
stripmap data acquisition limits our ability to resolve 
more subtle time-dependent landslide motion. 
Nonetheless, the ALOS-2 data have increased our ability 
to identify active landslides in California.  
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Fig. 4 Displacement (d) and precipitation (e) time 
series for a single landslide on the Big Sur coast. The 
Sentinel-1 data were processed by Caltech-Jet 
Propulsion Laboratory’s Advanced Rapid Imaging 
and Analysis (ARIA).  

The Slumgullion landslide in Colorado, USA is another 
very active, gradually moving landslide. The US 
Geological Survey Landslide Hazards Program has been 
studying the Slumgullion landslide since the 1950’s with 
a variety of techniques. For much of the last decade, they 
have been monitoring the motion almost continuously at 
a site near middle of the landslide, located about 100 m 
downslope from the narrowest and fastest part [11-13]. 
The central part of Slumgullion is moving at rates as high 
as 2 cm/day, which we have previously imaged with very 
high-resolution SAR images from the Italian Space 
Agency COSMO-SkyMed X-band satellites [14], and 
the NASA Uninhabited Aerial Vehicle Synthetic 
Aperture Radar (UAVSAR) airborne L-band SAR 
system [15]. With COSMO-SkyMed, we used 1-day 
interferograms and with UAVSAR, we used one-week 
intervals. 
 
Due to the relatively fast motion of the landslide, we tried 
to form interferograms of the shortest interval ALOS-2 
pairs. The early ALOS-2 stripmap acquisitions had very 
long time intervals of 6-12 months, but in 2018 there was 
an SM3 pair acquired on 12 May and 7 July (42 days 
interval) on ascending path 59. We found that this time 
interval is still too long for successful interferometric 
imaging of the landslide because the central portion 
moved some 80 cm and it was not possible to correctly 
unwrap the phase in that part (see Fig. 5). The more 
slowly moving lower and upper parts of the landslide are 
well imaged by the interferogram, but the limited number 
of available ALOS-2 stripmap scenes did not allow us to 
perform time-series analysis here. 
 

 
Fig. 5 ALOS-2 stripmap wrapped interferogram for 
Slumgullion landslide in Colorado. The landslide is ~ 
3 km long. Phase is wrapped with original 2π or 11.8 
cm wrap and combined with radar amplitude. Black 
lines outline the active landslides in this area. 

Another landslide that we have studied in this project is 
the Rattlesnake Ridge landslide in eastern Washington 
state, USA. This landslide was detected in October 
2017 by people working in an adjacent rock quarry. The 
rock quarry was subsequently closed due to risk of 
more rapid motion of the landslide. The ALOS-2 
coverage of this area is limited, but we did find six 
ascending and six descending stripmap scenes have 
been acquired. We processed an ALOS-2 stripmap pair 
from April to November 2017 on the descending track 
for this landslide (Fig. 6) and we were able to see part 
of the large landslide motion that had been detected in 
the quarry, even though the main motion was southward 
and nearly perpendicular to the radar line-of-sight 
direction. 
 

 
Fig. 6. Wrapped interferogram from ALOS-2 
stripmap for the Rattlesnake Ridge landslide in 
Washington state, USA shows about 10 cm of motion 
in the radar line-of-sight (west and down). 
Descending path 170 SM3 data in geographic 
coordinates. Black lines outline the active landslide 
in this area.  

Overall, ALOS-2 stripmap data are well-suited for 
identifying and monitoring slow-moving landslides in 
the Western US, but the low frequency of acquisitions in 
many limits the temporal resolution of changes.  
 

6. REFERENCES 
 
[1]  P. A. Rosen, E. Gurrola, G. F. Sacco, and H. Zebker, 
"The InSAR Scientific Computing Environment," in 9th 
European Conference on Synthetic Aperture Radar, 
Nuremberg, Germany, pp. 730-733, 2012. 
[2] C. Liang and E. J. Fielding, "Interferometric 
Processing of ScanSAR Data Using Stripmap Processor: 
New Insights From Coregistration,"  IEEE Transactions 
on Geoscience and Remote Sensing, vol. 54, no. 7, pp. 
4343-4354, 2016. 
[3] C. Liang and E. J. Fielding, "Interferometry With 
ALOS-2 Full-Aperture ScanSAR Data," IEEE 
Transactions on Geoscience and Remote Sensing, vol. 55, 
no. 5, pp. 2739-2750, 2017. 
[4] C. Liang, E. J. Fielding, and M. H. Huang, 
"Estimating Azimuth Offset With Double-Difference 
Interferometric Phase: The Effect of Azimuth FM Rate 
Error in Focusing," IEEE Transactions on Geoscience 542



and Remote Sensing, vol. 55, no. 12, pp. 7018-7031, 
2017. 
[5] C. Liang, Z. Liu, E. J. Fielding, and R. Bürgmann, 
"InSAR Time Series Analysis of L-Band Wide-Swath 
SAR Data Acquired by ALOS-2," IEEE Transactions on 
Geoscience and Remote Sensing, pp. 1-15, 2018. 
[6] C. Liang and E. J. Fielding, "Measuring Azimuth 
Deformation With L-Band ALOS-2 ScanSAR 
Interferometry," IEEE Transactions on Geoscience and 
Remote Sensing, vol. 55, no. 5, pp. 2725-2738, 2017. 
[7] Z. Yunjun, H. Fattahi, and F. Amelung, “Small 
baseline InSAR time series analysis: Unwrapping error 
correction and noise reduction,” Computers & 
Geosciences, 133, 104331, 2019. 
[8] A. L. Handwerger, J. J. Roering, and D. A. Schmidt, 
"Controls on the seasonal deformation of slow-moving 
landslides," Earth and Planetary Science Letters, vol. 
377, pp. 239-247, 2013. 
[9]  A. L. Handwerger, J. J. Roering, D. A. Schmidt, and 
A. W. Rempel, "Kinematics of earthflows in the 
Northern California Coast Ranges using satellite 
interferometry," Geomorphology, vol. 246, pp. 321-333, 
2015. 
[10]  A. L. Handwerger, E. J., Fielding, M. H., Huang, G. 
L., Bennett, C. Liang, , and W. H. Schulz, "Widespread 
initiation, reactivation, and acceleration of landslides in 
the northern California Coast Ranges due to extreme 
rainfall," Journal of Geophysical Research: Earth 
Surface, vol. 124 (7), pp. 1782-1797, 2019 
[11] R. Fleming, R. Baum, and M. Giardino, Map and 
description of the active part of the Slumgullion landslide, 
Hinsdale County, Colorado. US Dept. of the Interior, US 
Geological Survey, 1999. 
[12] J. Coe et al., "Seasonal movement of the 
Slumgullion landslide determined from Global 
Positioning System surveys and field instrumentation, 
July 1998-March 2002," Engineering Geology, vol. 68, 
no. 1-2, pp. 67-101, 2003. 
[13] W. H. Schulz, J. P. McKenna, J. D. Kibler, and G. 
Biavati, "Relations between hydrology and velocity of a 
continuously moving landslide-evidence of pore-
pressure feedback regulating landslide motion?," 
Landslides, vol. 6, no. 3, pp. 181-190, 2009. 
[14] P. Milillo, E. J. Fielding, W. H. Schulz, B. Delbridge, 
and R. Burgmann, "COSMO-SkyMed Spotlight 
Interferometry Over Rural Areas: The Slumgullion 
Landslide in Colorado, USA," Selected Topics in Applied 
Earth Observations and Remote Sensing, IEEE Journal 
of, vol. 7, no. 7, pp. 2919-2926, 2014. 
[15] B. G. Delbridge, R. Bürgmann, E. Fielding, S. 
Hensley, and W. H. Schulz, "3D surface deformation 
derived from airborne interferometric UAVSAR: 
Application to the Slumgullion Landslide," Journal of 
Geophysical Research, vol. 121, no. 5, pp. 3951-3977, 
2016. 
[16] A.L. Handwerger, and E. J. Fielding, “Landslide 
activity in California, USA from ALOS-2 stripmap 
deformation maps,”.  Joint PI Meeting of JAXA Earth 
Observation Missions FY2020, 2021. 
 

APPENDIX 
 
[1] A. L. Handwerger, and E. J. Fielding, “Landslide 
activity in California, USA from ALOS-2 stripmap 
deformation maps,”.  Joint PI Meeting of JAXA Earth 
Observation Missions FY2020, 2021. 

543



GROUND FISSURE DISASTER MONITORING WITH ALOS-2/PALSAR 

IMAGES OVER HEBEI, CHINA 

PI NO.3280 
Yang Chengsheng1, Zhao Chaoying1 

1 College of Geology Engineering and Geomatics, Chang'an University, Xi’an, Shaanxi 

province, 710054, China 
Abstract: The longyao ground fissure (LGF) is the longest 
and most active among more than 1000 ground fissures on 
the North China Plain. There have been many studies on 
the formation mechanism of the LGF, due to its scientific 
importance and its potential for damage to the environment. 
These studies have been based on both regional tectonic 
analysis and numerical simulations. In order to provide a 
better understanding of the formation mechanism, the 
deformation of the crack and its surrounding environment 
should be taken into consideration. In this paper, PS-
InSAR technology was employed to assess the ground 
deformation of LGF and its surrounding area, using L-band 
ALOS-1 PALSAR images from 2007 to 2011. The 
characteristics of ground deformation, relationships 
between fissure activity and surrounding faults and 
groundwater exploitation were analyzed. This study shows 
that the north side of Longyao fault (LF) is uplifting while 
the south side is subsiding. This indicates the tectonic 
conditions responsible for the activity of the ground fissure. 
Local groundwater exploitation also plays an important 
role in the development of ground fissures. Modeling the 
influence of the existing fault on regional deformation will 
also be discussed. 
Keywords: 
Highlights:  

1. INTRODUCTION

A ground fissure is a type of geo-hazard that occurs 
naturally on the earth’s surface, usually as a discontinuous 
and broken feature [1, 2, 3] . The occurrence of ground 
fissures is usually associated with either tectonic or human 
activities. They can be caused by tectonic faulting [4] , 
earthquakes [5] , oil mining, groundwater pumping [6, 7, 
8] , and other events. Due to the difference in vertical
deformation and horizontal tension between the two sides
of a ground fissure, they have the potential to cause great
damage to the foundations of dams, buildings, roads,
underground pipes and similar structures. The formation of 
ground fissures not only reduces the value of the land along 
the cracks, but also causes huge economic loss and has an
environmental impact.

Considering the scientific importance and the 
potential damage which this process can cause to the 
environment, studies on the formation mechanism of 
ground fissure have been conducted numerous times. 
These studies have been based on both regional tectonic 
analysis and numerical simulations[[2,9,10] . In order to 
provide a better understanding of the formation mechanism, 
deformation on the crack and its surrounding environment 
should be taken into consideration. Many methods can be 
used to detect and monitor ground fissures, including both 

geodetic and geophysical approaches. Geodetic methods 
tend to be focused on deformation monitoring of ground 
fissures, for example using repeat optical leveling and 
global positioning system (GPS) surveys. Geophysical 
methods are usually used to detect the underground 
location of a ground fissure and its burial depth. This is 
done through the physical characteristics of the 
underground medium, for example using ground 
penetrating radar (GPR) and electrical prospecting.  

As a geodetic technique, Interferometric Synthetic 
Aperture Radar (InSAR) is capable of mapping ground 
deformation over a large area, with a very high spatial 
resolution and high precision. It has been successfully 
applied to the observation of many geophysical 
phenomena in past decades, including earthquakes, 
volcanoes and other geologic processes 
[11,12,13,14,15,16] . The InSAR technique can not only 
monitor the deformation of ground fissures, but also the 
surrounding area. Therefore, InSAR technology can 
provide a new tool for monitoring ground fissure 
activity[17,18] . 

The aim of this paper is to contribute to a better 
knowledge of the activity of the LGF and its surroundings. 
We exploited ALOS PALSAR images (L-band), acquired 
along an ascending path, to map activity on the Longyao 
ground fissure (LGF) on the North China Plain. The 
deformation of the surrounding area was also examined. 
The StaMPS (Stanford Method for Persistent Scatter) PS-
InSAR technique was used to obtain the time series surface 
deformation[19,20] . Ground deformation characteristics 
over the LGF and its surrounding area were obtained. 
Possible explanations that could explain the observed 
deformations are then discussed in detail.  

This paper is organized as follows: first, the 
geological setting of the LGF is introduced in Section 2. 
Then, the StaMPS InSAR technique and ALOS PALSAR 
data processing are briefly summarized in Section 3. The 
results are reported and discussed in the subsequent 
sections (Section 4 and 5). Modeling results are discussed 
in the final section. 

2. GEOLOGICAL SETTING OF LONGYAO GROUND
FISSURE

The LGF is located in Xingtai, North China Plain, 
China. The area is also the core of the North China block. 
Three geological blocks, the Ningjin-Hengshui Fault 
Convex, the Xing-Heng Uplift, and the Lin-Qing Graben, 
meet in this area and form a "Trident" shape in the plane 
(figure 1). There are several north-east and east-west fault 
zones in this area, among which the main faults are the 
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Taihang Piedmont Fault, and the eastern and western 
sections of the Shulu Graben. In addition, there are also 
several secondary ruptures[21] . The mainland of China is 
in a collision and squeezing situation caused by the 
convergence of the Indian, Eurasian and Pacific plates. 
Consequently, the North China Plain has suffered long 
term tensile stress[22,23] . As a result, more than 1,000 
cracks spread across the North China Plain. Among these 
LGF is the longest and most active, with a total length of 
36km[21,24] . 

 The LGF was initially formed during the Xingtai 
earthquake in 1966 (figure 1). After this the crack entered 
an inactive period[21] . The crack re-exposed in 2003, and 
the scale and activity of the crack has increased rapidly 
since 2006[25] . According to field surveys, the fissure was 
remarkably distributed, appearing in more than 20 villages 
with a nearly E-W orientation. The maximum width of the 
crack at the ground surface is 60 cm, and the visible depth 
is up to several meters[3,26] . 

Because LGF is a typical ground fissure disaster in 
the North China Plain, it has been studied by many experts 
and scholars. Using a numerical simulation of the tectonic 
stress field, Run-yong Ma concluded that the crack was 
closely related to seismic activity. They suggested that it 
was one the features of the enhancement of regional 
tectonic stress[27] . Wei Song pointed out that the crack 
was caused by fault creep activities and suggested that it 
was a result of the accumulation and release of tectonic 
stress [28] . Ji-shan Xu suggests that the Longyao fault (LF) 
provided a source of power, and that the crack was the 
result of the expansion of tensile stress in this system[21] . 
Current research on LGF is mainly based on the regional 
tectonic background and numerical simulations, in order to 
determine the formation mechanism. However, there is a 
lack of monitoring data for ground surface deformation in 
the surrounding area. Therefore, in order to gain a better 
understanding of the formation mechanism, it is necessary 
to carry out deformation monitoring of the crack and its 
surrounding. 

 
Figure 1) Shaded relief map of the Longyao ground 
fissure and its surrounding area. a)A sketch map of 
Hebei province in China. b)The location of the study 
area in Hebei province. c)a shaded relief map of the 
study area. Cities are depicted with small diamonds. 

The breakpoint polylines indicate the main faults in 
the region. The light blue solid line boxes show the 

coverage of ascending ALOS PALSAR image tracks 
from Path 451 (P451) and Path 452 (P452). The 

Longyao fissure is expressed as a black bold line with 
a cross and labeled as LGF. Faults F1 to F6 represent 
the Taihang Piedmont Fault, Lincheng Fault, Shulu 
Graben Western edge Fault, Shulu Graben Eastern 

edge Fault, Jize Fault and Minghua Fault, 
respectively. The symbols ① to ③ represent the 
Ningjin-Hengshui Fault Convex, Xing-Heng Uplift 
and Lin-Qing Graben, respectively. LGF and LF 

represent the Longyao ground fissure and Longyao 
fault. The black pentagrams indicate the locations of 
the Xingtai earthquake group in 1966. Near the black 
pentagrams, the digits above the short line indicate the 
earthquake magnitude, and the digits below the short 

line indicate the time of earthquake occurrence. 
 

3. METHODS AND DATA PROCESSING 
 

3.1 Methods 
The application of conventional difference InSAR 

(D-InSAR) is limited by several error sources. These 
include; phase residuals due to inaccuracies in the DEM, 
atmospheric path-delay anomalies, and decorrelations 
related to spatial and temporal changes of the surface 
scattering properties [29,30] . To reduce the effects of these 
errors, multi-temporal InSAR (MTInSAR) was proposed. 
Methods include; persistent scatterer InSAR (PSInSAR) 
[31,32,33] , the Small BAseline Subset (SBAS) approach 
[34,35,36] , and the coherent pixel technique (CPT) 
[Blanco et al. 2008; Mora et al. 2003]. In order to 
understand the time series deformation characteristics of 
LGF and its surrounding area, the StaMPS (Stanford 
Method for Persistent Scatterers) software was used. SAR 
images were processed using Persistent Scattering (PS) 
methods inside the package [19,20] . In contrast to most 
other PS methods, StaMPS uses phase spatial correlation 
to identify PS pixels, instead of amplitude analysis 
[31,33,40]  . The advantage of this strategy is the 
capability to detect persistent scattering (PS)/slowly 
decorrelating filtered phase (SDFP) pixels with a low 
amplitude, which are often found in natural terrains. The 
probability that a pixel will be PS/SDFP is estimated 
through a phase analysis, which is successively refined in 
a series of iterations. StaMPS relies on the spatial 
correlation of deformation, rather than any assumption of 
the temporal dependence of deformation[41] . 
Consequently, it does not rely on prior assumptions 
regarding ground deformation. 

The PS/SDFP initial candidates (PSCs) are identified 
using an amplitude dispersion index 𝐷𝐷𝐴𝐴, as defined by[31] . 
This can be written as 

                          𝐷𝐷𝐴𝐴 = 𝜎𝜎𝐴𝐴
𝜇𝜇𝐴𝐴

                  (1) 
where 𝜎𝜎𝐴𝐴 is the standard deviation of the amplitude 

values and 𝜇𝜇𝐴𝐴 is the mean of a series of amplitude values. 
The amplitude dispersion index threshold value is typically 
on the order of 0.25, but the value of 0.12 is recommended 
by[31] . 

 Then, the PSCs are tested for phase stability with an 
indicator 𝛾𝛾𝑥𝑥 , which is defined based on the temporal 
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coherence and can be used to evaluate whether the pixel is 
PS: 

         𝛾𝛾𝑥𝑥 = 1
𝑁𝑁
�∑ 𝑒𝑒𝑒𝑒𝑒𝑒�𝑗𝑗�∅𝑖𝑖𝑖𝑖𝑖𝑖,𝑥𝑥,𝑖𝑖 − ∅�𝑖𝑖𝑖𝑖𝑖𝑖,𝑥𝑥,𝑖𝑖� − ∆∅�ℎ,𝑥𝑥,𝑖𝑖�𝑁𝑁

𝑖𝑖=1 � (2) (1) 

where 𝑁𝑁  is the number of interferograms and 
∅�𝑖𝑖𝑖𝑖𝑖𝑖,𝑥𝑥,𝑖𝑖  is an estimate of the wrapped phase ∅𝑖𝑖𝑖𝑖𝑖𝑖,𝑥𝑥,𝑖𝑖  of 
the  𝑒𝑒 th pixel in the 𝑖𝑖 th flattened and topographically 
corrected interferogram. ∆∅�ℎ,𝑥𝑥,𝑖𝑖  is an estimate of the 
DEM error. After every iteration, the root-mean-square 
change in coherence 𝛾𝛾𝑥𝑥, is calculated as in Equation (2),. 
When the change is less than a specified threshold, the 
solution has converged and the algorithm stops iterating. 
Then, the selected pixels are considered to be PS/SDFP 
pixels, due to their amplitude dispersion, as well as 𝛾𝛾𝑥𝑥 
(see [20] for details). 

Once the PS/SDFP pixels have been selected, their 
phases are corrected for spatially uncorrelated look angle 
(SULA) error. This is done by subtracting the estimated 
value, which is the DEM error [32] . The corrected phase 
values can be unwrapped so long as the density of PS is 
such that the absolute phase difference between 
neighboring PSs, after correction for estimated SULA 
error, is generally less than π.. Optionally, after 
unwrapping, a low-pass filter in space and a subsequent 
high-pass filter in time can be applied to the unwrapped 
interferometric phases. This serves to remove the 
remaining spatially correlated errors, related to orbit and 
atmosphere artifacts [20] . Finally, subtracting this signal 
essentially leaves the deformation results and some 
spatially uncorrelated errors that can be modeled as noise. 
The time-series deformation measurements at each 
PS/SDFP pixels can thus be obtained.  

3.2 InSAR Data and processing 
We collected two overlapping ascending tracks of L-

band ALOS PALSAR-1 SAR data which were acquired 
between 2007 and 2011. These included: 20 3-frame 
acquisitions of Path 452 (P452) from June 2007 to 
February 2011 and 17 3-frame acquisitions of Path 451 
(P451) from February 2007 to March 2011. Single look 
complex images were generated using ROI_PAC [Rosen, 
2000]. Interferograms were generated using Doris [33] , 
after which the StaMPS PS-InSAR technique was used for 
InSAR time series analysis [19,43] . In order to minimize 
perpendicular, Doppler, and temporal baselines, 20100101 
and 20100118 (in yyyymmdd) were selected as the master 
images for Paths 451 and 452, respectively. The temporal-
spatial baseline distributions of the interferograms are 
shown in figure 2. Shuttle Radar Topography Mission 
(SRTM) data with a resolution of 1 arc-sec (30 m) was 
used as an external DEM to remove the topographic phase 
from the interferograms. 

After spatially filtering each interferogram, the 
spatially uncorrelated DEM error was iteratively optimized, 
by setting a maximum error of 10 m. The standard 
deviation of each coherent pixel was estimated for all of 
the interferograms. Any pixels with a standard deviation 
larger than 0.5 rad were eliminated in order to refine the 
coherent points [44] . Considering the deformation 
gradient within the study area, the unwrapped grid size was 
resampled to 30 m. Orbit error was estimated as a bi-linear 
ramp and subtracted from differential interferograms. 
Atmospheric phases were separated from each differential 
interferogram by filtering the spatial and temporal domains, 

according to their spatial and temporal correlations. As a 
result of this procedure, we obtained time series 
deformation results from ALOS PALSAR-1 at each 
coherent pixel identified in the imaged scene. 

 

Figure 2) Baselines of interferograms from P451 and 
P452. The Y-axis shows the perpendicular baseline in 
meters. The image acquisition dates are shown on the 
X-axis. All of the connecting lines represent 
interferometric pairs used for time-series analysis.  

 
4. RESULTS AND ANALYSIS 

 
According to the processing mentioned in the previous 

section, approximately 16 and 19 single-master 
interferograms were formed from Paths 451 and 452, 
respectively. Finally, annual ground deformation maps in 
line-of-sight (LOS) over LGF and its surroundings were 
assessed from 2007 to 2011, as shown in figure 3. The 
positive and negative signs represent line-of-sight (LOS) 
displacements toward and away from the satellite, 
respectively.  

 
Figure 3) Annual deformation rates derived from the 
InSAR time series over the Longyao ground fissure 

and its surrounding area. P1 to P5 show the positions 
of the points being used to plot the time series 

deformation curve in figure 4. They represent Jvlu 
(P1), Longyao (P2), Ningjin (P3), Xingtai (P4) and the 

mountain area (P5). F1 to F6 represent the major 
faults  described in figure 1. The red rectangle is the 

region shown in figure 5. 
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4.1 Annual deformation rate 
According to the LOS deformation results from the 

ascending ALOS PALSAR-1 (figure 3), ground 
subsidence is mainly found in the three regions covered by 
the SAR images. These are Jvlu, Ningjin-Xinji and a local 
area to the east of Longyao. Subsidence in the Jvlu region 
is especially serious, and can be seen as a “7” shape. The 
maximum subsidence rate in this region is up to 60 mm/yr. 
However, the Ningjin-Xinji area has a lower rate, of about 
20 mm/yr. The InSAR results also show that Longyao 
town was uplifting during the period from 2007 to 2011. 
There is also a slight uplift trend in the Xingtai city. 

To understand these deformation results, there are two 
phenomena that deserve our attention: 

1) The Longyao fissure is located in the transition 
zone between subsidence and uplift, where the 
deformation gradient is the largest. Wang suggests that the 
occurrence of ground fissures is related to subsidence, 
especially at the edge of the subsidence funnel, where the 
horizontal tension was greatest[45] . 

2) Although two larger settlement centers are located 
in the research area, they have different deformation 
features. The NingJin-Xinji settlement center has a smaller 
subsidence magnitude, and no obvious deformation 
boundary. The subsidence magnitude of the Jvlu 
settlement center is significantly larger, and there is a clear 
boundary. These phenomena suggest that the boundary of 
deformation in Jvlu may be influenced by external factors, 
such as regional faults, stratigraphic structure, 
compression layer thickness and other factors (Sun. et al, 
2007)[46] . 

4.2 Time series of deformation 

 

Figure 4) Accumulated subsidence curves. ‘Mountain’ 
represents the deformation in the mountain area. ‘JvL-
P451’ and ‘JvL-P452’ represent the deformations 
observed at Jvlu from paths 451 and 452, respectively. 
‘LongY-P451’ and ‘LongY-P452’ represent the 
deformation observed at Longyao from paths 451 and 
452, respectively. ‘NingJ-P451’ represents the 
deformation observed at Ningjin from path 451. 
‘XingT-P452’ represents the deformation observed at 
Xingtai from path 452. 

The StaMPS PS-InSAR procedure allowed the 
estimation of time series deformation data for each of the 
coherent points identified in the SAR scene. Therefore, a 
time series of deformation was extracted for five points. 
These were: Jvlu (P1), Longyao (P2), Ningjin (P3), Xingtai 

(P4) and the mountain area (P5) (shown as triangles in 
Figure 3). Due to the slight difference in deformation rate 
between the neighboring PS points, we averaged the rates 
of all PS points within a square of 500 m × 500 m. This 
produced a final deformation rate for each of the selected 
regions. The standard deviation of the deformation rates 
within the square was calculated at the same time, and is 
shown as the error bar in figure 4. For the purpose of 
comparing the consistency of two adjacent paths, the 
InSAR results within the common coverage area of paths 
450 and 451 were extracted and converted into vertical 
components, using their incidence angles. These were 
known from the time series deformation results for the 
selected regions (figure 4). The cumulative uplift values 
around Longyao and Xingtai were 60 mm and 50 mm, 
respectively, during the period from 2007 to 2011. The 
annual average uplift rates were approximately 15 mm/yr 
and 12 mm/yr, respectively.  Deformation was nearly 
steady from January 2007 to January 2009 in the Longyao 
area, while the deformation showed a clear linear upward 
trend from January 2009 to February 2011. However, the 
ground surface uplifted from January 2007 to October 
2008 in the Xingtai area, after which the ground surface 
was largely stable. The cumulative subsidence values 
around Jvlu and Ningjin were 250 mm and 80 mm, 
respectively, during the period from 2007 to 2011. The 
annual average subsidence rates were approximately 65 
mm/yr and 20 mm/yr, respectively at these sites. 

4.3 Ground fissure deformation 
The activity characteristics of ground fissures are 

usually complex. Activity occurs in a piecewise fashion in 
space and intermittently in time. We cut out the LGF 
region, shown by a red rectangle in figure 3, and in detail 
in figure 5. It can be seen that the deformation rates 
between the two sides of the ground fissure are different 
from one part to another. This difference is particularly 
obvious in the eastern part of the crack.  

The pink crossed line in figure 5 is the location of the 
LGF as obtained from field investigations. The black line 
is the location of the LF. Two lines of continuous coherent 
points near the LGF have a significant discontinuous 
deformation rate. One of these lines takes the form of a 
curve (R1) while the other is a straight line (R2), In fact, 
both are roads surrounded by agricultural fields. Field 
investigation photos are also shown in figures 5(b) and 5(c). 
The ground scarp formed by the deformation of the ground 
fissures can clearly be seen in these photos. Deformation 
rates from path 450 and 451 were extracted from points A 
to B along road R1. These are shown in figure 6. The 
deformation rate profiles were found to be very consistent 
with one another. The ground deformation rate had an 
obvious gradient of approximately 40 mm/yr between the 
two sides of the crack. According to the spatial distance of 
the deformation gradient, the influence width of the crack 
at this cross-section was more than 400 meters. It should 
be noted that there may be a branch of the ground fissure 
to the east of the road (R1). The possible location of this 
branch has been marked with a thick blue break line. The 
deformation in the northern block is basically stable, while 
significant subsidence is occurring in the southern block. 
A significant deformation gradient also appeared on the 
road (R3), which has similar deformation characteristics to 
R1 and R2. 
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According to leveling measurement results, carried 
out from 2013 to 2014, the difference in deformation rates 
between the two sides of the crack were 12 mm/yr and 48 
mm/yr in Zhouzhang village and Xidianzi village (figure 
5), respectively [25] . Although the leveling and InSAR 
results were carried out at different times, they are 
consistent in magnitude. Both results showed that the 
ground fissure was more active in the eastern section of the 
LGF than in the western section, where groundwater 
induced subsidence is much less (figure 3). 

Figure 5) a) Ground deformation rates in the ground 
fissure region. b) Field investigation photo of road 1 
(R1). c) Field investigation photo of road 2 (R2). The 
bold black arrows show the relative movement 
direction of the two sides of the ground fissures) 

 

Figure 6) Deformation rate profiles across the ground 
fissure. The gray wide line shows the location of the 
fissure. A and B represent the direction of the profile as 
shown in figure 5. 
 

5. DISCUSSION 
 
5.1 Ground fissure activity and groundwater  
Groundwater in the Longyao region is in a state of 

over-exploitation, causing levels to decline at an ever 
increasing rate. According to the records, the depth of the 
groundwater level in Xidianzi village (figure 5) decreased 
from 2 m to 20 m in the period from 1959 to 1992. The 
average rate of decline was 0.54 m/yr [25] . Up to 2013, 
the underground water level at Xidianzi dropped to 52 m, 
with an average decline rate of 1.52 m/yr [25] . Hence, the 

groundwater decline rate has tripled over the last 20 years. 
It is important to note that the subsidence center, adjacent 
to the eastern end of the LGF, is the Longyao Industrial 
Park (LIP), which was established in November 2003. The 
main products of the LIP are instant noodles and beverages. 
Its annual production consists of 1.1 million tons of instant 
noodles, 1 million tons of drinks and 200 million cups of 
milk tea [https://baike.so.com/doc/1075234-1137813.html, 
visited on September 15, 2017]. In addition, various kinds 
of food and light industrial product are also produced. 
These industrial processes consume large amounts of 
groundwater. The time at which accelerated activity 
occurred on the LGF is very consistent with the time at 
which the industrial park was set up. This highlights the 
role that groundwater exploitation plays in accelerating the 
activities of the LGF.  

Several studies have shown that the existence of the 
fault may act as a dike barrier and thus affect groundwater 
migration [18, 47,48]  . The mechanical strength of soil 
on the existing fault zone is weak. As a result, the soil will 
easily slip and crack along the fault zone when 
underground water pumping takes place [49] . This means 
that the LF and underground water pumping have a 
beneficial effect on the activity of the LGF. 

5.2 Relationship between the Ground fissure and 
neighboring faults 

According to our field investigation, the destructive, 
exposed, segments of the LGF are linear and oriented 
with the strike of the LF. The LGF formed during the 
Xingtai earthquake group (figure 1), when 5 earthquakes 
with Ms ≥6.0 occurred within 21 days. Consequently, 
we speculate that the intensive earthquakes may have 
caused the LF to slide and so caused the appearance of 
the LGF. Ground cracks induced by earthquakes have 
been reported elsewhere [5,50] .  

There may be multiple main causes of activity along 
the LGF. In addition to underground water pumping, as 
discussed in 5.2, we believe that the regional stress has a 
certain role in promoting LGF activity. Both the field 
investigation and InSAR results show that the north blocks 
of the LF and LGF are rifted upwards, relative to the 
southern one, which declines (figure 3). The LGF is 
located in the connecting zone of the northern Xing-Heng 
Uplift block and the southern Lin-Qing Graben. The 
profile of ground surface displacement across the LF, is 
shown in figure 7. This was extracted along the dashed 
black line in figure 3. The northern segments of the profiles 
have an uplift trend relative to the southern segments. This 
is very consistent with existing stratigraphic profile data 
[52] . Two settlement funnels in the profiles (Areas 1 and 
2 in figure 7), correspond to the area affected by the ground 
fissure and the pumping-induced subsidence area, 
respectively. These profiles show that the motion of the 
blocks still has an effect on the surface deformation, which 
provides the conditions for activity on the LGF.  

Moreover, monitoring and research in the Fenwei 
basin shows that the ground fissures within this area are 
mainly controlled by the surrounding continental dynamics, 
and that excessive pumping of groundwater is a positive 
factor for promoting their activity [53] . The North China 
Plain is adjacent to the Fenwei basin, and they have a 
similar regional tectonic stress field [21] . Therefore, the 
LGF should also be affected by regional tectonic stress. 
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Figure 7) Deformation rate profiles crossing the LF, 
along the dashed black line in figure 3, Areas 1 and 2 
represent the area affected by the ground fissure and 
the pumping-induced subsidence area, respectively. 
The red and blue lines represent the positions of the 
Longyao ground fissure (LGF) and Longyao fault (LF), 
respectively. 

 
6. MODELING PROFILE VELOCITIES OF 

THE FAULT AND GROUND FISSURE 
 

Many studies have shown that geodetic observations 
across active faults can be explained by creeping 
dislocations buried in an elastic homogeneous half-space 
[54,55,56] . That is to say, the ground deformation across 
active faults can be modeled as an arctangent, which 
provides an estimate of both the slip rate of the fault and 
its locking depth. A simple model of this movement for 
vertical strike slip faults is a homogenous elastic half space 
[57] . This can be described as: 

       V(x) = S
π

arctan �x
D
� + α             (3)                      

where  V(x)  is the fault-parallel velocity of points 
estimated along a perpendicular profile across the fault, x 
is the distance from the fault, S is the fault slip rate, D is 
the dislocation depth, and  α is a static offset. 

To better understand the ground deformation across 
LF, the above model was used to model the InSAR result 
profiles in figure 7. The results in areas 1 and 2 (figure 7), 
caused by ground fissure activity and groundwater 
pumping, respectively, were removed to avoid the impact 
on creeping dislocations on the model. Taking into account 
the geological data, the latitude of 37.3 degrees was 
considered to be the location of the fault, for the purposes 
of calculating x  in formula (3). We found the best fit 
values for each model parameter (S, D and α) using a 
Markov chain Monte Carlo (MCMC) sampler algorithm 
[56,58]  . This algorithm samples the target distribution 
using a Markov chain with a steady distribution. It ensures 
that the correct samples are collected to build the desired 
posterior distribution. The MCMC sampler explores the 
parameter space constrained by -100 < S (mm/yr) < 0, -50 
< D (km) < 0 and -100 < α (mm/yr) < 100, assuming a 
uniform prior probability distribution over each range. 

In total, we produced more than 30,000 independent 
model parameter optimal solutions. Figure 8 (bottom) 
shows the frequency histograms for each model parameter. 
The probability distributions for the fault slip rate, the 
locking depth, and the static offset are approximately 
normally distributed. The remainder of the panels in figure 
8 show two-dimensional confidence regions for parameter 
pairs. All of the model parameters are well constrained 

according to the bootstrap analysis. The optimal solutions 
for the parameters are estimated from the mean value (the 
blue vertical line in figure 8). The dots indicate the 
parameter solutions that were selected for a fault slip rate 
of -31.05 mm/yr and a depth of -2.78 km. The modeled 
profiles for LF are shown as the black dotted line in figure 
7. It is worth noting that the simple model assumes that the 
dip angle is 90 degrees, which is often not the case in 
reality. According to seismic exploration data, the dip 
angle of the LF is 70-80 degrees [51] . Although this is a 
potential source of error, the simple elastic dislocation 
model matches the profile well, and is able to give a first-
order estimate of the fault slip rate and locking depth. 
Finally, we note that the locking depth of the best fitting 
model is very consistent with that of the geological survey 
data [59] . 

Using the same method, the dislocation depths for the 
ground fissure are found to be 30 m and 40 m, from paths 
451 and 452, respectively. Both of the slip rates are -48 
mm/yr. The modeling results are shown as solid lines in 
figure 6. The model results from the two paths match each 
other very well. According to the model results, the cracks 
exist in the shallow soil layer, which is within 40 meters of 
the surface. Our field investigations suggest that these 
results are consistent with the regularity of ground cracks 
in a shallow surface. 

 

Figure 8) Bootstrap analysis and frequency histograms 
for modeled parameters, for profiles across the LF. The 
optimal solution for the parameters is estimated from 
the mean value (the blue vertical line) of the best-fit 
Gaussian distribution (the red curve).The dots indicate 
the parameter solutions that were selected. 

  
7. CONCLUSION 

 
The LGF and its surrounding areas are one of the most 

complex geologic environments in China. Fault activity, 
ground fissures, and land subsidence have all occurred in 
this region. In this paper, PS-InSAR technology was 
employed to assess the ground deformation of LGF and its 
surrounding area. ALOS PALSAR images, for the period 
from 2007 to 2011 were used. The characteristics of 
ground deformation were analyzed, as was the relationship 
between the fissure activity, surrounding faults and 
groundwater exploitation. Both the InSAR results and the 
geological data show the same plate movement 
characteristics; that the north side of LF is in uplift and 
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south side is in subsidence. This indicates that the 
sustained action of plate motion provides the conditions for 
the ground fissure activity. At the same time, groundwater 
exploitation has played an important role in the activity of 
LGF. By extracting deformation profiles perpendicular to 
the ground fissure, we show that there is an obvious 
deformation gradient of approximately 40 mm/yr between 
the two sides of the crack. A simple model in a 
homogenous elastic half space was used to model the 
influence of the existing fault on the regional deformation. 
For profiles across the LF, a locking depth of -2.78 km and 
a far field fault slip velocity of -30.1 mm/yr are the best fit 
model parameters.  
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1. INTRODUCTION

Subduction zones generate the Earth’s largest and most 
destructive earthquakes and volcanoes. In recent years, 
seismic tremor and aseismic slow slip events have also 
been observed at subduction zones [e.g., 1]. Because global 
observations of subduction zones reveal different seismic 
behaviors and different slip distributions, understanding 
the mechanisms responsible for this variation is very 
important. With the accumulation of more seismic and 
geodetic observations, researchers have discovered that 
different frictional properties on the subduction zone 
interface control variations between seismic and aseismic 
behavior [2]. Investigations of the interaction between the 
underthrusting and overriding plates at subduction zones 
are very useful for understanding seismic hazards, the 
strain accumulation or release between the plates, the 
frictional properties of the interface, the earthquake process 
and long-term geological processes [3,4,5]. The Nicoya 
Peninsula is located in northwestern Costa Rica directly 
above the seismogenic zone. This unique location coupled 
with the presence of a dense continuously operating GPS 
and seismic network [5,6] make it a prime region to study 
the mechanics of seismic and aseismic events at a 
subduction zone plate boundary (Figure 1). In addition, the 
Costa Rica subduction zone is also the location of several 
active stratovolcanoes with the potential to generate large 
dangerous eruptions (Arenal, Rincon de la Vieja, Irazu). 
The large number of active volcanoes associated with this 
subduction zone also makes it necessary to investigate 
volcanic deformation and hazard. 
The presence of the Nicoya Peninsula directly above the 
seismogenic zone in northern Costa Rica has allowed 
detailed studies of its seismic and aseismic behavior. This 
segment of the Middle American Trench generates large 
earthquakes about every 50 years with the last event 
Mw7.2 occurring on September 5, 2012. Abundant 
seismicity, multiple episodes of slow slip and tremor and 
years of surface deformation have been recorded here 
between 2000 and 2012, since the first GPS and seismic 
instruments were installed. Several models of interseismic 
strain accumulation have been produced using the GPS 
data. These models reveal different patterns of locking and 
variations in locking magnitude that range between 50% to 
100% of the plate convergence rate. Some of these strain 
accumulation patterns overlap the maximum coseismic slip 
in the 2012 event and others do not. Several slow slip 

events in the vicinity of the Nicoya Peninsula have been 
recorded by GPS. Inversions of slow slip displacements for 
the distribution of slip are not very well constrained and 
seem to indicate that most slow slip occurs offshore, up dip 
of the geodetically determined locked region and peak in 
2012 coseismic slip [7]. It is important to determine if slow 
and coseismic slip occur in distinct regions representing 

different frictional behaviors and to establish whether or 
not regions of maximum interseismic strain accumulation 

Figure 1. (Left) The tectonic setting of the Nicoya
Peninsula. Aftershock areas of the 1950, 1978, 1990, and 
1992 events are indicated with gray-filled patches. The 
coseismic region of the 2012 event is shown as the red-
filled patch [8]. Focal mechanisms for the 1990, 1992, 

and 2012 events from the global centroid moment tensor 
catalog are also indicated. The black rectangle indicates 

ALOS track 164. The white arrow indicates the 
convergence vector between the Cocos and Caribbean 
Plates [9]. The trench is marked with the gray barbed 
solid line. The black triangles are the Holocene active 
volcanoes [10]. (Right) Linear deformation rate map
derived from the linear regression of the deformation 

time series at each pixel. Positive displacements indicate 
surface motion away from the satellite.
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end up rupturing in peak slip during major earthquakes. 
The GPS data on the Nicoya Peninsula provide excellent 
temporal coverage but relatively sparse spatial coverage 
and poor quality vertical measurements of ground 
deformation. To improve on this, we would like to combine 
InSAR and GPS observations to produce interseismic 
deformation estimates and locate slow slip and locate slow 
slip at the Costa Rica subduction zone.  
We have used 18 ALOS-1 SAR acquisitions between 2007 
and 2011 covering the Nicoya Peninsula. The resulting 
linear rate map agrees very well with the GPS 
measurements, both having maximum displacements of 
~10-15 mm/yr near the coastline (Figure 1b). Incorporating 
InSAR data provides a more refined interseismic coupling 
model than using GPS alone and allows for a more reliable 
comparison with local seismic and aseismic activities. This 
comparison indicates that strongly locked regions during 
the interseismic stage are the loci of coseismic slip, and 
deep slow slip and low-frequency earthquakes occur in 

regions of low coupling or transition zones from low to 
high coupling, while shallow slow slip and tremor 
commingle with strongly coupled regions (Figure 2) [14]. 
More recently, On November 13, 2017, a Mw6.5 
earthquake striken in west of Parrita, Costa Rica 
(https://earthquake.usgs.gov/earthquakes/eventpage/us200
0bmhe#executive), causing far-reaching shaking across the 
region (Figure 3). The ALOS-2 ScanSAR provides the 
possibility to increase the observational time span and 
investigate coseismic and post-seismic deformation versus 
strain accumulation patterns above the Costa Rica 
subduction zone. In this study, we present the first 
preliminary results using ALOS-2 ScanSAR data to image 

earthquake cycle and volcano deformation in Costa Rica 
over the period of 2015-2021. We discuss the challenges 
learned from current ALOS-2 ScanSAR application and 
implications towards future observation plan and data 
acquisitions in mapping plate interface deformation in 
subduction zone environment. 
 
 

2. DATA ANALYSIS 
 

We use the ALOS-2 ScanSAR data from the descending 
track 144 frame 3400 which provides good spatial 
coverage of Costa Rica region. Costa Rica is also covered 
by ALOS-2 ascending tracks. But acquisitions from these 
ascending tracks are much fewer and irregular, affecting 
their usage for time series analysis. The acquisitions in 
Track 144 started on August 14, 2014. Due to the burst 
alignment issues, the acquisitions prior to 2015/02/08 are 
not suitable for interferometry analysis.  In this study we 
use all acquisitions over the period of 2015/02/26-
2021/01/07 for a total of 42 scenes. Table 1 lists the list of 
scenes and baseline with regard to the reference date 
2015/02/26. Figure 4(b) shows the burst synchronization 
percentage between these dates and reference date 
2015/02/26. 
 

Figure 4. (a) Perpendicular baseline vs time of 114 
interferometric pairs in the stack analysis; (b) 

Histogram of burst synchronization percentage of 42 
ALOS-2 ScanSAR SAR scene dates used in the 

analysis.  

Figure 3. Ground footprints of the ALOS-2 
ScanSAR descending track 144 frame 3400 that 

covers the Nicoya Peninsula and 2017/11/13 Mw 6.5 
earthquake. Underlying shake map contours are 

from USGS. The red star represents the earthquake 
epicenter. The earthquake induced shaking was felt 

in a broad region 

Figure 2. Comparison between the integrated 
interseismic coupling model and local seismic and 

aseismic events. The regions of our model with 
coupling degree >70% are outlined in solid black 

lines. The region of coseismic slip >1.2 m is 
outlined in gray color. The coseismic rupture zone 

of 1990 Mw 7.0 earthquake is outlined in pink 
color. The sum of the slow slip during 2007–2012 is 
outlined in the light blue color [11]. Low-frequency 

earthquakes (LFE) [12] are plotted with green-
filled, white-bordered circles. Thrust aftershocks of 

the 2012 event are indicated with black dots. The 
110°C and 200°C isotherms are indicated as the 

white dashed lines [13], and the Moho is indicated 
as the red dashed line. 
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For tropical Costa Rica region, we find ALOS-2 ScanSAR 
interferograms with longer interval are more prone to 
unwrapping errors due to phase decorrelation. To mitigate 
the effects of temporal decorrelation on phase unwrapping 
and estimation of ionosphere phase screen, we restrict the 
formation of the interferogram pairs between one given 
date and its three closest neighbors. This results in ~114 
interferograms for time series analysis. The spatial and 
temporal baselines of these pairs are shown in Figure 4(a). 
For each pair we estimate the ionosphere phase through a 
range split-spectrum based approach [15]. We then 
perform a joint inversion to solve for the ionosphere phase 
screen at each SAR scene (more details see in section 3).  
 
Table 1. List of ScanSAR scenes and their parallel and 
perpendicular baselines with regard to the reference image. 

Reference 
date 

Secondary 
date 

Parallel Baseline 
(m) 

Perpendicular 
Baseline(m) 

150226 150409 16.419 -17.569 
150226 150702 -7.162 -20.138 
150226 150730 -101.919 70.127 
150226 150910 -131.043 144.301 
150226 151022 -158.723 97.907 
150226 151203 -162.385 151.269 
150226 160114 -60.917 100.106 
150226 160225 192.862 -228.834 
150226 160407 22.727 -71.118 
150226 160519 -5.44 -80.16 
150226 160728 -88.527 28.749 
150226 160908 -173.076 188.271 
150226 161020 -126.902 81.498 
150226 170112 -77.759 45.696 
150226 170223 -118.08 96.443 
150226 170406 -112.122 106.303 
150226 170629 -227.642 188.673 
150226 170727 -232.61 212.299 
150226 171019 -289.433 331.094 
150226 180222 -42.131 -15.758 
150226 180517 -70.822 -4.07 
150226 181018 -206.5 183.682 
150226 181115 -193.522 174.758 
150226 181213 -183.298 171.451 
150226 190110 -199.116 188.631 
150226 190124 -31.221 -49.31 
150226 190404 89.012 -345.376 
150226 190516 -140.742 310.875 
150226 190822 -286.222 304.21 
150226 190905 -223.389 239.12 
150226 191017 -358.641 377.298 
150226 191128 -308.093 336.429 
150226 200109 -199.53 188.94 
150226 200220 -33.119 -31.771 
150226 200514 -39.403 -39.598 
150226 200625 -122.679 37.512 
150226 200723 -160.962 105.294 
150226 201015 -173.342 142.359 
150226 210107 -139.37 132.096 

 
3. METHOD 

 
Ionosphere phase delay is one of the dominant noise 
sources in L-band SAR interferometry. For individual 
coseismic pair of ALOS-2 interferometry, we applied a 

split-spectrum based approach [15] provided as an add-on 
module in JPL/Caltech ISCE software to correct 
ionospheric noise. Our previous studies show that this 
correction is able to remove ionospheric features 
successfully while still retaining long-wavelength 
deformation signals [16]. To process the entire stack of 
ALOS-2 scenes, we use the alosStack processor in ISCE 
software. The alosStack processor forms the ALOS-2 
interferograms based on user specified spatial and temporal 
baseline constraints. It employs a full-aperture InSAR 
processing for ScanSAR data and estimates high precision 
ScanSAR system parameters. The processing flow 
involves high precision offset estimation and mosaic of 
subswaths and frames and is optimized for high efficiency 
stack processing. It also has the capability to process 
hundreds to thousands of interferograms in parallel. The 
ionosphere correction in alosStack processor is also based 
on the range split-spectrum but does so in a stack sense. 
The ionospheric phase at each acquisition is estimated in a 
least-square inversion using ionosphere phase estimates of 
all InSAR pairs. This ensures a consistent way for 
ionospheric phase estimation and correction. We estimate 
topography and orbit geometry phase using SRTM 3 arcsec 
digital elevation model (DEM) and precise orbits from 
JAXA and remove them from the interferogram. We 
further multi-look the interferograms in range and azimuth 
and use adaptive power spectrum filter to suppress phase 
noise and improve phase coherence [17]. Each 
interferogram is unwrapped using the statistical-cost, 
network-flow algorithm for phase unwrapping (SNAPHU) 
and minimum-cost flow (MCF) algorithm [18] and 
geocoded to the longitude and latitude grid.  
For InSAR time series analysis, we use a parallel version 
of an in-house variant of the Small Baseline Subset (SBAS) 
InSAR time series inversion approach to solve for ALOS-
2 ScanSAR line-of-sight (LOS) displacement time series 
and mean velocity assuming a linear deformation model 
[e.g.,19,20]. The approach is based on least squares and 
incorporates residual DEM error correction and earthquake 
offset estimate and use spatiotemporal filtering to remove 
high frequency turbulent troposphere noise [21,22]. 
 

4. RESULTS AND DISCUSSIONS 
 
For 2017/11/13 Mw 6.5 earthquake, our ALOS-2 
ScanSAR interferogram show no clear deformation signals 
associated with the event, presumably due to low 
deformation amplitude and large troposphere noise (Figure 
5).  For the coseismic interferogram and interferograms 
used for stack analysis, we find that there are significant 
ionosphere noises present in the original interferograms 
and can be mostly corrected by our range-split spectrum 
approach either at individual level or over the entire InSAR 
stack (Figure 5, 6).  
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Our initial time series results show both Nicoya Peninsula, 
Costa Rica (point A in Figure 7) and epicenter region of 
2017/11/23 Mw6.5 earthquakes (point B) undergo time-
varying subsidence while the coast region near Coronado 
in the south (point C) is seeing the uplift. Given the viewing 
geometry of descending track, the observed LOS 
subsidence is mostly due to the vertical displacement, 
reflecting possible joint contribution of postseismic 
deformation of 2012 Mw7.5 earthquake, plate loading and 
transient slip on subduction zone plate interface. We don’t 
observe the postseismic deformation signals following the 
2017/11/23 Mw6.5 earthquake. Further work is needed to 
better understand different features and separate the 
residual noise from tectonic/non-tectonic sources. Our 
analysis suggest temporal decorrelation remains a major 
challenge for L-band SAR sensor in subduction zone 
environment like Costa Rica. The challenge in phase 
unwrapping and reliable ionosphere phase estimation due 
to temporal decorrelation highlights the need for more 
frequent acquisitions for existing ALOS-2 and future 
ALOS-4 and NISAR missions.  
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PALSAR-2と地上設置型レーダー干渉計を併用した 
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1.はじめに

衛星搭載型 SARを用いた干渉解析は、広域かつ面

的に地表変動を調査することが可能であり、さらに、

原理的には現地観測を必要としないという利点から、

火山活動に伴う地殻変動の調査における重要なツー

ルの一つとして用いられるようになった。特に、ふ

よう 1号、だいち 1号、だいち 2号が搭載するL-band

の SARは、植生の多い日本の火山においても安定的

に地表変動調査が可能なため、日本の火山の地殻変

動調査において、有用性は高い。さらに、だいち 2

号は、以前の SAR搭載衛星と比べて、格段に軌道再

現性が向上しており、観測頻度も向上していること

から、単に噴火や地震発生時などのイベントに関す

る地殻変動調査のみならず、常時の地殻変動モニタ

リングにおいても有効と考えられる。これまで、多

くの火山について事例解析を行い、それらの解析結

果から、その有効性は明らかである。本報告におい

ては、それらの事例解析から、特にその有効性を示

す結果として、だいち 2 号搭載の PALSAR-2 のデー

タを用いて検出された、新燃岳の 2017年噴火前後の

地殻変動検出結果について報告する。

Fig. 1 霧島山周辺の地形図 

2.新燃岳の最近の火山活動の概要

新燃岳は九州南部の霧島火山群に属する活動的な

火山であり、最近では、2008年、2010年、2011年、

2017年、2018年に噴火が発生している(Fig. 1)。特に、

2011 年の噴火では 3 回の準プリニー式噴火が発生し

た後、火口内に溶岩が流出した。ALOS/PALSAR を

用いた SAR 干渉法および GNSS 観測によっては、

2010年初頭から新燃岳の西北西 5kmを中心とするよ

うな、噴火の前駆的な膨張変動が生じていたことが

明らかとなっており、また、準プリニー式噴火およ

び溶岩流出を挟む期間においては、同じ場所での収

縮変動が捉えられている[1]。2011年 9月の噴火発生

以降、噴火活動は静穏化したが、TerraSAR-Xの SAR

データを用いた SAR干渉解析により、火口内におい

て、局所的な膨張が継続的に生じていたことが明ら

かとなっている[2]。火山活動はしばらく静穏な状況

が継続したが、2017 年夏頃から山体の膨張変形が観

測され、2017 年 10 月 11日に噴火が発生した。本噴

火においては、火山灰の放出が連続的に約 1 週間継

続した。2018 年の噴火は、3 月 1 日から活動を開始

した。3月 6日には火口内で溶岩の流出が確認され、

9 日にはその一部が火口外に流出した。その後、比

較的小規模な噴火が断続的に発生したが、6 月の噴

火発生以降においては、火山活動は静穏化傾向にあ

る。 

3.解析方法

PALSAR-2 の解析においては、防災科研が開発して

いる SAR干渉解析ツール(RINC)を用いて、SAR干渉

法による地殻変動検出を行った[3]。本解析では、だ

いち 2 号のパス 23（南行軌道、右方向視）とパス

131（北行軌道、右方向視）において、2020 年末ま

でに取得されたデータを使用した。大気遅延誤差は、

気象庁が公表している数値気象モデル（メソスケー

ルモデル）の解析値から、大気遅延量を推定する手

法を用いて軽減した[4, 5]。電離圏遅延誤差は、SAR

画像が持つ周波数帯域を分割して、異なる周波数の

SAR 干渉画像を作成し、電離圏遅延成分と地殻変動

成分の周波数に対する応答の違いから、それらを分

離するスプリットスペクトラム法を用いて軽減した

[6, 7, 8]。時間間隔が 2年以下のデータペアをすべて

解析し、SBAS 法[9]を用いて得られた地殻変動デー
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タからスラントレンジ変化の時系列データを求め、

時間方向に短波長、空間方向に長波長の成分は非地

殻変動成分であると仮定して、スペクトル解析を用

いてその成分を分離するフィルター[10]を適用した。

さらに、DEM誤差に起因する誤差成分を軽減するた

め、垂直基線長の時間変化に相関する成分を推定し

て除去した。 

 

4. 2017年新燃岳噴火直前までの地殻変動 

 

前述した通り、新燃岳の火口内においては、2011

年噴火の活動が静穏化した以降においても、局所的

な膨張が観測されていた。Sentinel-1 データを用いた

SAR干渉解析からは、その変化は 2016年中頃まで継

続し、それ以降はわずかに収縮する傾向に転じてい

たことが明らかになっている[11]。Figure 2, 3は、だ

いち 2 号のパス 23 とパス 131 から取得された

PALSAR-2 データを解析して得られたスラントレン

ジ変化時系列であり、火口内の変動が膨張から収縮

に転じる時期から 2017年新燃岳噴火発生直前までの

広域的な地殻変動を示すものである。2017 年初頭ま

では、火口外において若干のスラントレンジ変化が

見られるが、周辺のノイズと同レベルであり、地殻 

 

 

Fig. 2 だいち 2号のパス 23（南行軌道、右方向視）で取得された PALSAR-2データを解析して得られた、

2015年 2月 9日から 2017年新燃岳噴火直前までのスラントレンジ変化時系列。コンターは、50m

毎の標高を示す。 
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Fig. 3 だいち 2号のパス 131（北行軌道、右方向視）で取得された PALSAR-2データを解析して得られ

た、2014年 9月 30日から 2017年新燃岳噴火直前までのスラントレンジ変化時系列。コンターは、

50m毎の標高を示す。 

 

Fig. 4 Sentinel-1の北行軌道と南行軌道に関する SAR干渉解析結果から求めた、準東西成分（Quasi-EW）

と準上下成分（Quasi-UD）成分の 2017年 6月 2日からの時間変化。陰影は地形を示す。 

 

変動を示すものかは不明である。しかし、2017年夏頃

から、パス 23（東上空からの観測）では、東山腹にお

いて短縮変化、パス 131（西上空からの観測）では、

西山腹においてスラントレンジ短縮変化が明瞭に見ら

れ、さらに時間とともに増大する傾向が見られた。こ

れは 2017 年新燃岳噴火の前に、前駆的な山体膨張が

生じていた可能性を示すものである。一方、火口内に

おいては、沈降が大きくなっているように見える。そ

れを時間的により詳しく見るために、Sentinel-1 デー

タを用いた SAR 干渉解析結果を見たところ、明らか

に 2017 年夏ごろから沈降が加速している。また、そ

の沈降域は、2011 年噴火における溶岩流出地点[12]に

一致することが特徴の一つである。この解釈にはより

詳細な検討を要するが、火口直下へのマグマの貫入に

より膨張が生じ、その直上に位置する火口では、弾性

論的な変形から沈降が生じたことによる可能性が考え

られる。 

 

4. 2017年新燃岳噴火以降の地殻変動 

 

Figure 5, 6は、だいち 2号のパス 23とパス 131から

取得された PALSAR-2 データを解析して得られた、

2017年新燃岳噴火以降のスラントレンジ変化時系列を

示す。2017 年噴火と 2018 年噴火の間の期間において

は、火口内においては 2017 年噴火直前から見られて

いた沈降の継続が見られるが、火口外においては顕著

な地殻変動は見られない。2018年噴火発生時にも、火

口内を除いて、明瞭な変化は見られないが、それ以降

においては、火口周辺で収縮変形が時間とともに増大

する傾向が見られる。これは火口下のマグマだまりで

減圧が生じていると推測される。火口の西北西 1~2km

の付近においては、スラントレンジ短縮変化が見られ

る。これらは、パス 23 とパス 131 の解析結果におい

て、スラントレンジ短縮変化の場所は異なるが、おお

よそ同じ時期に発生しているように見えることから、

ノイズではなく、実際の地殻変動である可能性が考え

られる。もしかすると、新燃岳の西北西に位置する深

部マグマだまりとの結合部が変位源であるのかもしれ
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ない。これについては、今後の詳細な調査が必要であ

る。 

 

5. まとめ 

 

本報告においては、PALSAR-2データを用いた SAR

干渉解析から検出された、2017年新燃岳噴火前後の地

殻変動について述べた。特に、2017年噴火に関する前 

 

 

Fig. 5 だいち 2号のパス 23（南行軌道、右方向視）で取得された PALSAR-2データを解析して得られた、

2017年新燃岳噴火以降（2017年 9月 30日）のスラントレンジ変化時系列。コンターは、50m毎の

標高を示す。 

 

 

Fig. 6 だいち 2号のパス 131（北行軌道、右方向視）で取得された PALSAR-2データを解析して得られ

た、2017年新燃岳噴火以降（2017年 10月 24日）でのスラントレンジ変化時系列。コンターは、

50m毎の標高を示す。 

 

駆的な地殻変動を検出できたことは、火山活動メカニ

ズムの理解に大きく貢献することは言うまでもなく、

さらに、火山活動評価のための地殻変動モニタリング

としての利用においても、高い有用性を持つことを示

す結果と言える。このような結果は、この領域におい

て高い頻度で観測が行われていたことが、好条件であ

ったと考えられる。PALSAR-2 による観測が、これほ

どの高頻度に実施されている地域は限定的であるが、
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まもなく打ち上げられる PALSAR-3では、全国的に高

頻度に観測が可能な設計となっており、全国の火山に

ついての網羅的な地殻変動モニタリングが可能になる

と期待される。そこで、我々は、火山の地殻変動モニ

タリングに将来の SAR を利用するための、SAR 自動

解析システムを次世代火山研究推進事業において構築

しているところである。このように、PALSAR シリー

ズは重要な地表変動モニタリングツールになると考え

られるので、このような L-band SAR ミッションが継

続的に進められることを期待したい。 
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1. INTRODUCTION

In this report, we provide the main results related to 
the exploitation of ALOS-2 SAR data for the assessment 
and the evolution of the ground deformation affecting 
highly urbanized alluvial plains and coasts and 
mountainous regions of Italy and worldwide. In this 
framework, we focused on the analysis and interpretation 
of ground displacements caused by earthquakes and 
volcanic eruptions, thus taking advantage of the high 
spatial coverage and coherence of ALOS-2 data. 

2. CASE STUDIES

We exploited ALOS-2 SAR data to investigate the ground 
displacements caused by three events, i.e., the 21 May 
2016, Mw 6.1 Petermann Ranges earthquake (Australia); 
the 30 October 2016, Mw 6.5 Norcia earthquake (Italy); 
and the 24 December 2018 Mt. Etna volcanic eruption 
(Southern Italy) and the related Mw 4.9 seismic event. 
On 21 May 2016, an Mw 6.1 intraplate seismic event 
(hereinafter Australia 2016) occurred along the Petermann 
Ranges Orogen, in the southwestern part of the Northern 
Territory of the Australia state (Figure 1a) [1]. This 
reverse fault event represented a rare intraplate earthquake 
since general low seismicity characterizes the region. The 
architecture and kinematics of the shear zones in the 
Petermann Orogen are mostly unknown; thus, this 
earthquake represents a good case study for the 
investigation of both the geometry and kinematics of the 
fault system over the area. 
The 30 October 2016, Mw 6.5 Norcia earthquake 
(hereinafter Norcia 2016) represents the most powerful 
event registered during a still ongoing (at the time of 
writing) seismic sequence, which is spread over the towns 
of Accumuli, Amatrice, Visso and Norcia (Figure 1b). 
The sequence started on 24 August 2016, when an Mw 6.0 
earthquake nucleated between the towns of Accumuli and 
Amatrice (Figure 1b) [2]. Hundreds of aftershocks were 
recorded; these aftershocks gradually migrated away from 
the earthquake hypocenter, suggesting the possibility of a 
transient diffusive process [3], [4]. On 30 October 2016, 
the Norcia earthquake (Mw 6.5; Figure 1b) struck the town 
of Norcia and caused further damage. According to 
seismological and geodetic data, the entire sequence 
activated along a normal fault system striking 
approximately NW-SE and dipping 40 to 55 degrees 
towards SW, with a locally listric shape [5], [6] and 

involving a crustal volume of approximately 6000 km3 [7]. 
These main faults were recognized as the Mt. Vettore-
Bove fault system, which is characterized by 
extensional/transtensional kinematics and dissects the 
clayey/marly and carbonatic sedimentary layers of the 
Central Apennines. The possible local reactivation of an 
inherited NW-dipping thrust has been proposed, even if 
the literature does not consistently agree with this model 
[8], [9]. The exploitation of ALOS-2 SAR data allowed 
understanding better the geometry of the earthquake 
causative fault. 
On December 24, 2018, the Etna Volcano (hereinafter 
Etna 2018) (Figure 1c) began a very intense eruption, 
featured by massive ash and gas emissions, lava flows, 
and an intense seismic swarm characterized by hundreds 
of small-size earthquakes. Among them, the largest was 
an Mw 4.9 event that nucleated on December 26 at a depth 
of approximately 1 km and hit some villages on the 
volcano southeast flank (Figure 1c), close to the Catania 
city, causing damage and ground fractures. Employing 
SAR interferometry, we studied the surface deformations 
caused by both the volcanic inflation and the seismic 
event. 

3. DATA AND METHODS

For the Australia 2016 earthquake, we applied the 
standard SAR Interferometry (InSAR) technique to a pair 
of L-band ALOS-2 Synthetic Aperture Radar (SAR) data 
to image the coseismic ground deformation induced by 
the earthquake. The SAR dataset consisted of a pair of 
Single Look Complex (SLC) images provided by the 
ALOS-2 mission of the Japan Aerospace Exploration 
Agency (JAXA), acquired along ascending orbit on 12 
December 2015 and 14 June 2016, with incidence and 
azimuth angles of approximately 36° and −13° 
respectively from the north. The perpendicular baseline 
between the two acquisitions was ~90 m, whereas the 
pixel posting of the images was ~7.5 m × 4 m along range 
and azimuth. 
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Fig. 1 (a) Simplified geological map of the 

Australia 2016 earthquake area. The yellow star 
indicates the 21 May, Mwp 6.1 earthquake. For the 
other symbols, see Polcari et al. [1]. (b). Seismic 
sequence associated with the 30 October 2016 Norcia 
earthquake. (c) Overview of the Etna volcano and 
location of the Mw 4.9 earthquake (the yellow star). 

For the Norcia 2016 earthquake, the SAR data used to 
highlight the coseismic ground displacements consisted of 
two pairs of SLC images provided by the ALOS-2 
mission and acquired along both ascending (28 October 
2016 – 11 November 2016) and descending (31 August 
2016 – 9 November 2016) orbits. Two additional pairs 
were used to analyze the entire seismic sequence: 9 
September 2015 – 2 November 2016 and 25 May 2016 – 
9 November 2016, on ascending and descending path, 
respectively. 
For the Etna 2018 case study, we performed an InSAR 
analysis by exploiting one pair of ALOS-2 images, 
acquired on 18 December 2018 and 29 January 2019 
along the descending orbit.  
For the Australia 2016 and Norcia 2016 events, we 
calculated both the wrapped and unwrapped coseismic 
interferograms for all the available SAR images by 
employing the classical InSAR technique [10] using the 
GAMMA© SAR software package [11]. For the Etna 
2018 event, we used the SARscape® software package. 
For all the interferograms, the topographic phase has been 
removed by using the SRTM 1-arc second Digital 
Elevation Model [12], and phase noise filtering [13] has 
been applied before unwrapping the interferograms using 
the Minimum Cost Flow algorithm [14]. 
 

4. RESULTS AND DISCUSSION 
 
For the Australia 2016 case, the interferometric 
processing provides the displacements caused by the 
earthquake along the satellite Line of Sight (LOS). 
Despite the long temporal baseline between the SAR 
acquisitions, i.e., 182 days, the InSAR analysis detected 
the coseismic surface deformation clearly. Several 
interferometric fringes are visible on the wrapped 
interferogram (Figure 2a) in the proximity of the epicenter. 
Each fringe represents a deformation estimated along with 
the satellite LOS of approximately 12 cm. The ALOS-2 
displacement map shows two main deformation lobes 
opposed in sign (Figure 2b), where positive and negative 
values indicate ground movements towards and away 
from the satellite sensor. LOS displacements peak at 
approximately 60 cm on the northeastern side and 
approximately −14 cm on the southwestern side. The 
detected displacements are associated with the inverse 
movement of a thrust fault plane dipping towards the 
northeast, with a dip angle of approximately 40 degrees 
and a strike of approximately 303 degrees, as obtained by 
finite fault inversions [1]. 
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Fig. 2 Wrapped interferogram (a) and 

LOS displacement map (b) retrieved by ALOS-2 
ascending SAR data. Positive and negative LOS 
displacements indicate ground movements towards 
and away from the satellite, respectively. The yellow 
star indicates the mainshock epicenter. 

 
For the Norcia 2016 case, the LOS coseismic 
displacement maps along both the ascending and 
descending orbits are shown in Figure 3 a and b, 
respectively. The images highlight the dominant 
subsidence (negative values) of the hanging wall over the 
Norcia and Castelluccio area, and the mainly eastward 
movement of the footwall, to the east of the Castelluccio 
village. Such displacements allowed identifying the fault 
segment responsible for the earthquake by means of finite 
fault kinematic inversions [6]. The model identified a 
fault plane belonging to the Vettore-Bove fault system 
(Figure 1b) with a strike of approximately 160 degrees 
and a southwest dip of approximately 40 degrees, which 
explains most of the coseismic subsidence and the mainly 
westward movement of the Norcia plain (Figure 3a). 
The analysis of the Norcia earthquake has also been 
complemented by exploiting two additional ALOS2 
images that encompass the whole sequence (thanks to the 
high phase coherence of L-band), from August 24 to 
October 30. The ascending and descending data were 
elaborated to estimate the total amount of uplifted and 

subsided ground, aiming at calculating the rock volume 
displaced by the three mainshocks [7] and the complex 
fault propagation that developed during the sequence [15]. 
Figure 4 shows a 3D map of the vertical deformation 
obtained in Bignami et al. [7]. The volume estimates are 
equal to 0.12 km3 for the subsided part and 0.016km3 for 
the uplifted one. 

 
Fig. 3 Ascending (a) and descending (b) 

LOS displacement maps retrieved by ALOS-2 SAR 
data. Positive and negative LOS displacements 
indicate ground movements towards and away from 
the satellite, respectively. The red star indicates the 
mainshock epicenter. 
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Fig. 4 3D view of the whole deformation 

due to the seismic sequence occurred in Central Italy 
from August 2016 to October 2016. Figure modified 
from Bignami et al. [7]. 

 
For the Etna 2018 event, the whole deformation pattern 
revealed by the ALOS-2 data is reported in Figure 5. 
The wrapped interferogram (panel a) and the 
displacement map (panel b) identified three different 
phenomena that occurred during the eruption, namely, the 
deformation of the volcano edifice (n.1 in Figure 5a), the 
earthquake dislocation (n.2 in Figure 5a) and the landslide 
deformation (n.3 in Figure 5a).  
The volcano edifice presents a deformation field mainly 
developed in the east-west directions. Currently, we 
estimate peaks of LOS deformations up to 40 cm 
westward and more than 65 cm eastward, which widely 
spread over the volcano flanks (Figure 5 a and b).  
Because of the dike opening, an earthquake occurred on 
December 26, dislocating the Fiandaca Pennisi Fault (FPF 
in Figure 5a and b). The event mainly caused a right-
lateral ground displacement. Indeed, the LOS deformation 
pattern (Figure 6) shows an eastward motion of the 
northeastern part of the fault that reaches about 15 cm, 
and westward displacement around 20 of maximum 
value- The pattern is in agreement with the seismic data 
as highlighted by the moment tensor solution as indicated 
by the focal mechanism in Figure 6. 
It is well known that secondary effects can occur during 
earthquakes. In the present case, a small landslide is 
observed in the southwestern part of the wrapped InSAR 
map (n°3 in Figure 1a), at about 23 km from the event. 
The LOS displacement pattern (Figure 7) highlights that 
the landslide mass moved towards the east of 
approximately 4/5 cm. The ground-shaking in the area 
caused by the earthquake is slightly higher than 0.01g and 
could be the cause of the observed movement. 

 
Fig. 5 Wrapped interferogram (a) and 

LOS displacement map (b) retrieved by ALOS-2 
descending SAR data. The red lines identify the main 
fault segments; the yellow star indicates the mainshock 
epicenter. FPF: Fiandaca Pennisi Fault. 

 
5. CONCLUSIONS 

 
The exploitation of ALOS-2 SAR data highlighted the 
ground displacements caused by seismic and volcanic 
events. In detail, we identified the ground displacements 
caused by the Australia 2016 reverse-fault earthquake, the 
displacements caused by Norcia 2016 event and the 
associated seismic sequence, and the displacements 
caused by the Etna volcano eruption and the associated 
Mw 4.9 seismic event. 
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Fig. 6 Detail of the LOS displacement map 

over the area affected by the 26 December 2018, Mw 
4.9 earthquake (n°2 in Figure 5a). The red line 
identifies Fiandaca Pennisi Fault. 

 
Fig. 7 Detail of the LOS displacement map 

over the area affected by the earthquake-induced 
landside (n°3 in Figure 5a). 
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1. INTRODUCTION

This project focuses on using space-geodetic 
observations of vertical velocities derived from ALOS-2 
ScanSAR and GPS measurements to determine 
contributions from mantle dynamics at the Mendocino 
Triple Junction (MTJ), Northern California. We ask, 'what 
are the driving forces controlling active uplift around the 
MTJ?'. By better characterizing the dynamics between 
Earth's interior and present-day surface deformation, we 
can improve our capability to assess and respond to natural 
hazards. In approaching this problem with InSAR, we ask 
what present-day interseismic surface deformation tells us 
about the long-term driving forces responsible for building 
topography and stimulating seismic cycles of faults in the 
MTJ region.  

In Northern California, the Pacific, North American, 
and Juan de Fuca plates meet at the MTJ. To the north, 
convergence is accommodated by the Cascadia Subduction 
Zone (CSZ), where the Juan de Fuca plate dives below 
North America at ~30mm/yr. South of the MTJ, the San 
Andreas Fault (SAF) accommodates ~22mm/yr of dextral 
slip between the Pacific and North American plates, with 
the remainder of the ~50 mm/yr transform motion being 
accommodated by secondary strike-slip faults [1]. The 
Juan de Fuca and Pacific plates are separated by the 
oceanic Mendocino transform fault, slipping right-laterally 
at ~47 mm/yr [1, 2]. Both the SAF system and CSZ 
represent significant seismic hazards, with the potential to 
generate major earthquakes [3]. Recent microseismicity 
and geodetic studies have revealed repeating earthquakes, 
episodic tremor and slow slip (ETS), and aseismic 
transients associated with the three fault systems around 
the MTJ [2, 4, 5].  

The MTJ has undergone significant tectonic 
reconfiguration over the past 30 Myr. Between 29-27 Ma, 
the spreading ridge separating the Pacific and Farallon 
plates subducted below the North American plate 
establishing the SAF and MTJ systems [6]. Since its 
inception, the MTJ has migrated northward to its present 
location at a rate of ~50mm/yr [6, 7]. As the SAF grew, a 
void formed in the space previously occupied by the 
subducting plate producing a slab-window at the southern 
edge of the subducting Gorda plate [8]. High heat flow, 
volcanism, and north-south variations in crustal thickness 
have been interpreted as imprinted signatures resulting 
from the passage of the MTJ and associated slab-window 
[9, 10].   

For all that we do know from geological and 
geomorphic observations, there remain questions about the 
deeper dynamics at play around the MTJ. There is no 
resounding consensus supporting a single geodynamic 
model. Furlong and Govers [11] proposed the Mendocino 
Crustal Conveyor (MCC) model to test the hypothesis of 
an exposed slab-window. A key feature of the MCC model 
is a two-lobe pattern of uplift predicted along the north-
south migration path due to 1) mantle flow and 2) isostatic 
adjustment. However, the MCC’s 2D formulation is 
problematic, given the 3D nature of the system. An 
alternate conceptual model proposed by Bodmer [12] 
interprets a low-velocity anomaly north of the triple 
junction as a region of buoyant asthenosphere, which 
increases plate locking and leads to topographic growth.  

Through this project, we seek to illuminate the 3D 
structure and dynamics of the MTJ to improve our 
understanding of how long-term driving processes are 
related to present-day surface deformation rates and 
ultimately contribute to an improved understanding of 
seismic hazards in the region. In contrast to Furlong and 
Govers [11], where imprints of paleo-uplift constrained 
geodynamic modeling, this project will take a snapshot of 
the present-day surface deformation and use it to constrain 
the geodynamics of the MTJ. This requires separating 
contributions of earthquake-cycle deformation on the plate 
boundary faults from the deeper-seated geodynamic 
processes. Importantly, only now does the large 
compilation of data we have assembled allow for the 
science we hope to do. 

To begin, this effort requires the measurement of a 
precise 3D deformation field, with particular focus on the 
accuracy of vertical velocities, which will be achieved 
using interferometric synthetic aperture radar (InSAR) 
methods. InSAR can provide a spatially continuous and 
self-consistent vertical velocity field that rivals GPS 
estimates in accuracy. Comparisons by Johnson et al. [13] 
of five published and derived GPS velocity solutions for 
California found vertical rates differed as much as 5mm/yr, 
with systematic differences coinciding with regions 
undergoing the fastest vertical deformation. As this project 
aims to capture vertical deformation with magnitudes of 
only a few millimeters per year, the inherent uncertainty in 
the published GPS datasets adds uncertainty to any 
subsequent analysis. Processing of InSAR data and 
integration of datasets will be completed with care to 
reduce sources of error and produce a precise and accurate 
vertical velocity field.  
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2. DATA COLLECTION AND PROCESSING 

 
We really are in the ‘Golden Age of SAR’. Previously 

a project of this scope would have been limited by 1) the 
footprint size of the SAR frames being smaller than the 
spatial extent of the targeted signal, 2) poor coherence from 
scattering properties or long baselines, 3) short duration of 
data acquisition periods, and 4) computational capacity. 
Over the past five years, ALOS-2 has acquired ScanSAR 
L-band data with scene footprints of ~350x350 km with 
well-controlled orbit geometries, producing interferograms 
with excellent coherence. To date, our group has collected 
an extensive dataset of ALOS-2 ScanSAR spanning all of 
Northern California and Southern Cascadia and including 
both ascending and descending acquisitions [see Figure 1]. 
We have selected one main frame of interest centered 
onshore from the MTJ (T170F2800) for initial processing, 
this frame has 43 acquisitions for the period Feb 2015 -- 
Jan 2021. Complementing ALOS-2, publicly available C-
band data from Sentinel 1A/B satellites, with acquisition 
intervals as short as six days, will be utilized to increase 
temporal resolution and provide an additional look angle 
for deriving the 3D velocity field. With access to the 
Berkeley Research Computing (BRC) high-performance 
computing (HPC) clusters, we now have the capability to 
store and process such large datasets.  

 
Fig. 1.  Summary of WInSAR ALOS-2 ScanSAR 

data acquired over central and northern California. 
Red box highlights data used for preliminary analysis 
presented in Figures 2, 3, 4 and 5.   

 
InSAR data processing is completed with the JPL 

Interferometric synthetic aperture radar Scientific 
Computing Environment (ISCE) software, using new stack 
processing workflows for ALOS-2 [14]. Within ISCE, the 
range split-spectrum method of Liang and Fielding [15] 
and Liang [16] is applied to calculate and remove 
ionospheric delays directly from ALOS-2 data [see Figure 
2]. Interferometric pairs are selected to ensure satisfactory 
redundancy in the network, including long temporal pairs 
with short perpendicular baselines, and to maximize 

coherence by preferentially selecting summer-to-summer 
pairs [see Figure 3].  

Time-series analysis will be performed with the Miami 
INsar Time-series software in PYthon (MintPy) as a 
weighted least-squares inversion producing pixel ground 
displacement in the line-of-sight (LOS) direction [17]. 
Within MintPy, tropospheric delays will be removed using 
the ERA-5 weather model [18, 19], and residual 
topographically correlated delays will be removed with a 
phase term linearly correlated with elevation [20].  

 
3. PRELIMINARY RESULTS 

 
Figure 4 presents the trade-off between mean image 

coherence, perpendicular baseline distance and temporal 
separation. Of the 179 pairs in Figure 3, all have a mean 
coherence great than 0.2. As expected, interferometric 
pairs with short baselines (both spatial and temporal) have 
high coherence with a maximum value of 0.7. The decrease 
in image coherence is stronger with increased temporal 
separation compared with spatial separation.  

 

 
Fig. 2.  Example interferogram from T170F2800 

processed with ISCE, demonstrating the importance of 
accurate ionosphere correction. From left: original 
wrapped interferogram, estimated ionosphere 
contribution, and ionosphere-corrected wrapped 
interferogram. Troposphere correction is yet to be 
applied to this example.   

 
Fig. 3.  Baseline distance plot for Track 170 Frame 
2800. Black lines show pairs selected to ensure 
sufficient redundancy of network linking one 
acquisition to the subsequent two. Red lines show pairs 
selected to maximize season-to-season pairs, connecting 
one acquisition to acquisitions within 1 year +/- 30 days 
and 2 years +/- 30 days. Summer-to-summer pairs have 
the highest coherence values while winter-to-winter 
have the lowest.   
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Fig. 4. Mean image coherence compared with 

perpendicular and temporal baseline separation. Slight 
trade-off between increased perpendicular baseline 
distance and coherence. Strong decrease in mean 
coherence with increased temporal baseline. 
 

A preliminary ALOS-2 stack, together with GPS 
velocities projected into the LOS direction, is presented in 
Figure 5 to show the velocity field’s spatially continuous 
nature. 100 pairs were manually selected to remove “poor” 
images with large regions of low coherence or strong 
tropospheric noise. These results show a good agreement 
between the GPS and InSAR derived velocities although 
topographically correlated noise remains in the InSAR 
mean velocity field. 

 
Fig. 5. Mean velocity field for T170F2800 from stack of 
~100 images show agreement with GPS (negative LOS 
is motion away from satellite). Near continuous 
observations across target region. Missing signal 
corresponds to regions with agriculture or seasonal 
snow cover. 
 

We have only recently compiled a large enough 
dataset to adequately address our research objectives and 
can now complete batch processing of all data in Figure 1. 
Once all InSAR processing is completed following the 
methods outlined above, we can begin to address our 
broader science objectives. The next sections outline future 
work to fully investigate the active deformation at the MTJ 
and interrogate the underlying processes driving.  
 

3. DECOMPOSING 3D VELOCITY FIELD 
 
To extract the three-dimensional deformation field 

from the LOS velocity fields, we will use at least two 
observations for each resampled pixel from ALOS-2 and 
Sentinel 1 A/B. As the spatial coverage varies between the 
datasets from different satellites, careful spatial 
interpolation will be required. Given the near polar-orbit 
geometry of both ascending and descending tracks, all 
InSAR observations are effectively insensitive to 
measuring north-south motions. For this reason, the north 
component of the continuous GPS (cGPS) velocity field 
will be interpolated across the InSAR frame, and only the 
east and up components will be solved for using the InSAR 
LOS velocity measurements. Following the method of 
Shirzaei and Bürgmann [21], half the cGPS velocities will 
randomly be assigned as tie points for the three-
dimensional decomposition of the velocity field. The 
remaining cGPS velocities will be used for independent 
comparison to determine the agreement and average 
absolute deviation between the InSAR and GPS derived 
velocity fields. 

 
4. CORRECTING FOR NON-TECTONIC AND 
POST-SEISMIC DEFORMATION SOURCES 

 
Vertical velocity gradients will first be reconciled with 

contributions from glacial isostatic adjustments (GIA), 
hydrological loading, time-dependent viscoelastic 
deformation from large earthquakes, and then finally with 
fault-related deformation sources. As we expect lateral 
variation in the viscosity structure around the MTJ, we will 
test multiple published GIA models and proceed with 
caution as local anomalies may be created from this 
correction. Along the Coastal Ranges of central California, 
seasonal and multi-year uplift and subsidence from 
hydrological loading have been observed (e.g., [22], [23], 
[24]). We will use Terrestrial Water Storage (TWS) 
estimates from NASA's GRACE satellite gravity mission 
with the SPOTL package to compute the solid Earth elastic 
response to surface mass loading [25].  

Post-seismic viscoelastic relaxation modeling, 
following the method of Pollitz et al. (2008, 2010) [26, 27], 
will be applied to model and remove contributions from 
large events, including the Mw 7.2 1992 Petrolia 
earthquake.  
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5. MODELLING CRUSTAL EARTHQUAKE 
CYCLE DEFORMATION SOURCES  

 
Although the regional deformation field of the 

Western United States (WUS) has been modeled with 
traditional block modeling approaches (e.g., [28], [29]), 
much of the deformation may occur outside of block 
boundaries spanning several hundred kilometers [30]. As 
our target signal may have a similar spatial gradient, 
constraining the off-fault deformation contributions is 
integral to accurately capture fault-driven deformation. We 
will therefore apply the block-like fault network method of 
Zeng and Shen [30] to develop a crustal deformation model 
that allows for incorporating secondary and finite faults. 
Faults and block boundaries are modeled as buried 
dislocations in a homogeneous half-space, and fault slip 
rates are constrained by inverting both geodetic and 
geologic slip-rate constraints. To resolve first-order surface 
deformation from known faults, we will first apply the six-
block WUS model of Zeng and Shen [30]. Subsequently, 
we will test the addition of local fault sources to resolve 
short-wavelength residuals in regions with known faulting 
activity. Once contributions from crustal sources are 
modeled and removed, we consider the residual velocity 
field solely due to deep-seated geodynamic driven 
deformation.  

 
6. MODELLING GEODYNAMICALLY DRIVEN 

DEFORMATION SOURCES  
 
Our key aim for geodynamic modeling is to determine 

the role of the lithospheric structure and mantle dynamics 
of the MTJ in driving the seismic cycle. The residual 
vertical velocity field will provide a surface boundary 
condition constraining the underlying mantle process. We 
will use a three-dimensional finite-element mantle 
convection model to determine how small-scale mantle 
flow, and isostatic adjustments to variations in crustal 
thickness, drive dynamic topography. Our research group 
has previously used both the commercial Abaqus and 
community PyLith FEM codes to model 3D deformation 
problems with viscoelastic rheologies. Shear wave splitting 
studies will be used to constrain the first-order structure of 
the mantle flow directions and estimate the three-
dimensional upper mantle density field [31, 32, 33, 34]. 
The inclusion of our new vertical velocity field will allow 
us to better constrain contributions due to mantle flow, 
including a strong vertical flow component as expected 
around the slab-window [11]. We aim to resolve finer 
details of the small-scale mantle flow patterns and slab-
mantle coupling on the exposed southern edge of the Gorda 
plate. We will test the surface deformation field's 
sensitivity to changes in the lower crust and upper mantle's 
viscosity, the thickness of the elastic layer, and the 
dimensions and orientation of the slab-window. In this 
process, we will compare and contrast geodynamic drivers 
presented in the literature, with our new vertical velocity 
field to determine the optimal model solution.  
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1. INTRODUCTION
Destructive earthquakes often lead to serious casualties and 
to the loss of property. After the disaster, quickly and 
effectively obtaining the building collapse information is 
essential to reduce casualties and loss. Although ground 
surveying provides the most accurate information of 
building collapse, it is time-consuming and dangerous. 
Alternatively, remote sensing is an excellent tool for 
collapsed building extraction because it can provide a 
quick response and allows monitoring of large areas after 
the disaster. Compared with optical remote sensing, 
synthetic aperture radar (SAR) is more suitable for 
extracting collapsed building immediately following a 
disaster, because it did not depend on sun illumination for 
imaging so that can work all day and even in poor weather 
conditions. Therefore, developing reliable and effective 
collapsed building extraction method based on SAR data is 
very important. Under RA-6 ALOS-2 project (PI NO. 
3319), we carried out a series researches for collapsed 
building extraction from multi-mode and multi-
polarization SAR image. This report summarizes the main 
achievements obtained from our researches. 

2. ACHIEVEMENTS 1: A ROBUST METHOD FOR
COLLAPSED BUILDING EXTRACTION FROM A

SINGLE POST-EVENT FULL POLARIZATION 
SAR DATA 

As an active remote sensing technology, SAR has shown 
strong potential for collapsed building extraction because 
it can provide a quick response and large area monitoring 
after a disaster. Many SAR-based collapsed building 
extraction methods have been proposed. Among them, 
most of methods were proposed using both pre- and post-
event SAR images. Although these methods are effective, 
they usually have higher requirements for the acquisition 
of SAR data. Generally, the pre-event SAR images must 
have the same imaging geometry and the appropriate 
baseline with the post-event SAR images for these methods. 
For unpredictable natural disasters, suitable pre-event SAR 
images that meets all of these requirements sometimes are 
not available. In this circumstance, developing collapsed 
building extraction methods that use only post-event SAR 
images is important and necessary. Therefore, in this 
research, a new method of collapsed building extraction 
using only a single post-event fully polarimetric SAR 
(PolSAR) image was proposed [1].  

For this research, because there is no pre-event SAR image, 
the prior information before the disaster was absent, which 
arouses some new problems for collapsed building 
extraction. For example, the misclassification between 
non-building areas and collapsed buildings, and the 
confusion between obliquely-oriented standing buildings 
and collapsed buildings. To well address these problems 
and improve the extraction accuracy, two sub-researches 
were carried out in this research. 
2.1 Sub-Research 1: Non-building Area Removal in 
Post-event PolSAR Image 
Due to the absence of prior information before the disaster, 
collapsed buildings in a single post-event PolSAR image 
are not confused only with standing buildings, but also 
confused easily with non-building areas. Therefore, the 
classification between non-building areas and built-up 
areas is important before extracting collapsed buildings, 
which could well reduce the interference of non-building 
areas to collapsed building extraction. Although several 
methods have been proposed to remove non-building areas 
from post-event PolSAR image, they usually only effective 
for a part of non-building areas, and some non-building 
areas, such as mountain vegetation and farmland areas, 
cannot be easily distinguished from built-up areas in post-
event PolSAR image. Therefore, in this sub-research, more 
effective classification features were selected and a new 
classification method for non-building area removal in 
post-even PolSAR image were developed. 
Study area and data sets: Two study sites were used to 
conduct experiments and analyses for this research. The 
first one is the Ishinomaki city in Japan after the 2011 
Tohoku earthquake and tsunami; the second one is Mashiki 
town in the Kumamoto area of Japan after the 2016 
Kumamoto earthquake. The detailed information of the 
experimental data sets in these two study sites is shown in 
Table 1. The Pauli RGB image of these two PolSAR data 
are shown in Figure 1 and Figure 2. 

Table. 1 Experimental data in two study sites 
Study 
Site 

Imagi
ng 

Time 

Sensor Pola
rizat
ion 

Resolution 
(azimuth 
ⅹrange) 

Incide
nt 

Angle 
Ishinom-
aki city 

2011-
04-08 

PALSAR Quad 4.45 m ⅹ
23.14 m 

23.8° 

Mashiki 
town 

2016-
04-21 

PALSAR-2 Quad 4.30 m ⅹ
5.10 m 

30.8° 
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Fig. 1 The Pauli RGB image of the ALOS PALSAR 

PolSAR data in Ishinomaki city. 

 
Fig. 2 The Pauli RGB image of the ALOS-2 PolSAR 

data in Mashiki town. 

Method: According to the visual feature analysis, three 
features: the π/4 double-bounce scattering component of 
the Pauli decomposition (Pauli π/4 feature), radar 
vegetation index (RVI) and the intensity component of the 
Shannon entropy (SEI) feature were found having good 
ability to separate non-building areas from built-up areas, 
as shown in Table 2. 

Table. 2 Experimental data in two study sites 

 

Furthermore, a series of probability density function (pdf) 
analyses were carried out to analyze the detailed ability of 
each feature in distinguishing non-building areas and built-
up areas, as shown in Figure 3-5. 

  
(a) (b) 

Fig. 3 The pdf analysis of Pauli π/4 feature of built-up 
area and different kinds of non-building area samples 
in different study sites: (a) Ishinomaki study site; (b) 

Mashiki town study site. 

  
(a) (b) 

Fig. 4 The pdf analysis of RVI feature of built-up area 
and different kinds of non-building area samples in 
different study sites: (a) Ishinomaki study site; (b) 

Mashiki town study site. 

  
(a) (b) 

Fig. 5 The pdf analysis of SEI feature of built-up area 
and different kinds of non-building area samples in 
different study sites: (a) Ishinomaki study site; (b) 

Mashiki town study site. 

The analyses demonstrated that the Pauli π/4 feature, RVI 
feature, and SEI feature are sensitive to different types of 
non-building areas. The Pauli π/4 feature has good ability 
in separating built-up areas from water, road, and bare soil 
areas in post-event PolSAR image; the RVI feature is good 
at distinguishing built-up areas from vegetation areas; and 
the SEI feature is effective for distinguishing between 
built-up areas and farmland areas in post-event PolSAR 
image. This revealed that if these features can be used 
together in a suitable way, most kinds of non-building areas 
could be accurately removed. Therefore, a three-feature 
based random forest (RF) classification method was 
proposed in this sub-research. The flowchart of the 
proposed non-building area removal method is shown in 
Figure 6. 
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Fig. 6 Flowchart of the proposed non-building area 

removal method in post-event PolSAR image. 

Results: The proposed method was compared with two 
classical non-building area removal methods: 𝐻𝐻 − 𝛼𝛼 
method [2] and 𝐻𝐻 − 𝛼𝛼 −𝑤𝑤𝑤𝑤𝑤𝑤ℎ𝑎𝑎𝑎𝑎𝑎𝑎  classification method 
[3]. Figure 7 and Figure 8 show the compared results in 
Ishinomaki study site and Mashiki town study site 
respectively. In these figures, the base map was the Pauli 
RGB image of the PolSAR data in the corresponding study 
site, and the blue areas show the retained built-up areas 
after removing non-building areas by each method. 

 
(a) 

 
(b) 

 
(c) 

Fig. 7 The results of non-building area removal in 
Ishinomaki city with different methods: (a) the 𝑯𝑯− 𝜶𝜶 

method; (b) the 𝑯𝑯− 𝜶𝜶 −𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘 classification 
method; (c) the proposed method. 

  
(a) (b) 

 
(c) 

Fig. 8 The results of non-building area removal in 
Mashiki town with different methods: (a) the 𝑯𝑯− 𝜶𝜶 

method; (b) the 𝑯𝑯− 𝜶𝜶 −𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘 classification 
method; (c) the proposed method. 

From the figures, it is notable that compared to the other 
two methods, the proposed method could well correct the 
misclassification in mountain vegetation and farmland, 
which results in clear outlines of urban areas; and the 
method could identify rivers and roads more finely, as 
shown by the northeast–southwest road in the Ishinomaki 
city in Figure 7c, and the east–west narrow road in Mashiki 
town in Figure 8c. In addition, the built-up areas in the two 
study sites are almost completely retained by using the 
proposed method, which proves that the proposed method 
could well avoid affecting built-up areas. 
To further evaluate the performance of the proposed 
method, the quantitative analyses were conducted. By 
visually interpreting the Google Earth images, 1000 non-
building area test samples and 1000 built-up area test 
samples were selected in Ishinomaki study site; and 500 
non-building area test samples and 500 built-up area test 
samples were selected in Mashiki town study site. Based 
on these test samples, the confusion matrix was calculated 
for each study site, as shown in Table 3 and Table 4. 

Table. 3 Confusion matrix of built-up and non-
building area classification in two study sites with 

different methods. 

  𝑯𝑯− 𝜶𝜶 method 

𝑯𝑯− 𝜶𝜶 −
𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘𝒘 

classification 
method 

Proposed 
method 

  
Non-

building 
area 

Built-
up 

area 

Non-
building 

area 

Built-
up 

area 

Non-
building 

area 

Built-
up 

area 

Ishin
omak
i city 

Ground truth    
Non-building 

area 
508 492 828 172 848 152 

Built-up area 59 941 121 879 32 968 
Prod. accu. 50.8% 94.1% 82.8% 87.9% 84.8% 96.8% 

 OA: 72.5% OA: 85.4% OA: 90.8% 

Mash
iki 

town 

Ground truth    
Non-building 

area 
52 448 461 39 499 1 

Built-up area 14 486 30 470 19 481 
Prod. accu. 10.4% 97.2% 92.2% 94.0% 99.8% 96.2% 

 OA: 53.8% OA: 93.1% OA: 98.0% 
It could be observed that the proposed non-building area 
removal method has the highest accuracy for built-up and 
non-building area classification in post-event PolSAR 
image, which is around 5%-10% higher than other methods. 
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And for different study sites, the classification accuracy for 
built-up and non-building area in post-event PolSAR 
image can keep over 90% by using the proposed method. 

2.2 Sub-Research 2: Collapsed and Standing Building 
Classification in Post-event PolSAR Image 
After removing the non-building areas, the most important 
task for collapsed building extraction in post-event 
PolSAR image is the classification of collapsed and 
standing buildings in post-event PolSAR image. For this 
sub-research, there are two problems usually influencing 
the extraction accuracy according to the previous 
researches [2-4]. The first one is the confusion between the 
obliquely-oriented standing buildings and the collapsed 
buildings. The second one is the misclassification of the 
collapsed buildings in “special” seriously damaged areas. 
The “special” seriously damaged area means the seriously 
damaged area that contains a few typical orthogonally-
oriented buildings, whose structure is retained after the 
disaster and arrangement direction is almost completely 
parallel to or perpendicular to the satellite flight path. To 
address these problems, a new polarization feature was 
proposed and a multi-feature-based RF classification 
method was developed to classify the collapsed and 
standing buildings in post-event PolSAR image. 
Study area and data sets: The experimental data and 
study sites for this sub-research are same with that of the 
sub-research 1, whose detailed information could be found 
in Table 1, Figure 1 and Figure 2. In addition, to provide a 
reference for verification, the block/grid-level reference 
maps of building damage were also produced in 
Ishinomaki city and Mashiki town respectively for this sub-
research, which were produced respectively by referring to 
the interpreted damage map in Ishinomaki city [5] and the 
field survey damage map in Mashiki town [6-7]. The 
produced reference maps are shown in Figure 9 and Figure 
10. 

 
Fig. 9 The block-level reference map of building 

damage in the Ishinomaki study site. 

 
Fig. 10 The grid-level reference map of building 

damage in Mashiki town. 

Method: For the problem of the classification of obliquely-
oriented and collapsed buildings, a new polarization 
feature – MaxC feature was first created specifically via 
development of the optimization of polarimetric contrast 
enhancement (OPCE) matching algorithm. The schematic 
diagram of OPCE matching algorithm is shown in Figure 
11, where 𝐶𝐶𝐶𝐶  denotes the sample set of the collapsed 
buildings, and 𝐾𝐾𝐶𝐶𝐶𝐶 denote the average Kennaugh matrix of 
the sample set 𝐶𝐶𝐶𝐶, 𝑥𝑥(𝑤𝑤, 𝑗𝑗) represents an arbitrary pixel in 
PolSAR image 𝐿𝐿 , 𝐾𝐾𝑥𝑥(𝑖𝑖,𝑗𝑗)  corresponds to the Kennaugh 
matrix of 𝑥𝑥(𝑤𝑤, 𝑗𝑗). 

 
Fig. 11 The schematic diagram of the OPCE matching 

algorithm. 

For simultaneously addressing the misidentification 
problem of some seriously damaged urban areas, eight gray 
level co-occurrence matrix (GLCM) [8] texture features 
were used together with the proposed MaxC feature and a 
multi-feature-based RF classification method was 
developed. The complete flowchart of the proposed 
collapsed building extraction method is shown in Figure 12. 

 
Fig. 12 Flowchart of the proposed collapsed building 

extraction method. 

Result: The pixel-based results of collapsed building 
extraction in Ishinomaki and Mashiki town study sites are 
shown in Figure 13. It can be seen that the main collapsed 
areas, which are shown with yellow circles in Figure 13, 
are all correctly detected in the three study sites. The 
obliquely-oriented buildings, shown with the blue 

Post-event PolSAR image

Pre-processing RVI feature

OPCE Matching

Feature 1：MaxC

Built-up area

Random forest classifier

Standing buildings Collapsed buildings

Building damage detection result

GLCM texture extraction

Feature 2–9：GLCM texture features

Step1:  Non-building area removal

Step2:  Collapsed and standing 
building classification

Non-building 
areaPauli π/4 feature

SEI feature

Random 
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rectangles in Figure 13, are almost all correctly classified 
as standing buildings in the three study sites. 

 
(a) 

 
(b) 

Fig. 13 Pixel-based results of collapsed building 
extraction in different study sites: (a) the result in 

the Ishinomaki study site; (b) the result in the 
Mashiki town study site. 

The results demonstrate the ability of the proposed method 
to extract collapsed buildings in a single post-event 
PolSAR image. To further quantitatively evaluate the 
performance of the proposed method, the pixel-based 
results were converted into block/grid-level damage map 
[1] and compared with the reference maps, as shown in 
Figure 14, Figure 15 and Table 4.  

 
(a) 

 
(b) 

Fig. 14 Block-level reference map and damage map in 
Ishinomaki: (a) reference map; (b) damage map from 

the proposed method. 

  
(a) (b) 

Fig. 15 Grid-level reference map and damage map in 
Mashiki town: (a) reference map; (b) damage map 

from the proposed method. 

Table. 4 Accuracy evaluation results of the proposed 
method in different study sites. 

Study site 

Detection rate of different damage 
level (%) of the proposed method OA 1 

(%) Slight 
damage 

Moderate 
damage 

Serious 
damage 

Ishinomaki 100.0 26.0 86.3 97.4 
Mashiki 

town 
88.3 35.7 64.8 78.5 

The figures and table show that the proposed method is 
effective and reliable. The overall accuracy of the collapsed 
building extraction was more than 78% in the two study 
sites, and up to 97% in the Ishinomaki study site.  
(More information about this achievement could be found 
in paper [1].) 
 
3. ACHIEVEMENTS 2: A NOVEL MODEL-BASED 
POLARIMETRIC DECOMPOSITION METHOD 

FOR THE EXTRACTION OF COLLAPSED 
BUILDING 

Polarimetric decomposition is a common way to analyze 
the scattering mechanisms of the target, and is widely used 
in features extraction, target identification and 
classification of PolSAR image. There are many 
polarimetric decomposition approaches for scattering 
mechanisms analysis. For example: Pauli decomposition, 
Freeman decomposition, Yamaguchi decomposition and so 
on. However, most of these decomposition methods were 
not proposed specifically for extracting collapsed buildings 
and cannot be well used for collapsed building extraction. 
For this reason, a new model-based polarimetric 
decomposition method was proposed in this study 
specifically for the application of collapsed building 
extraction. The proposed decomposition approach is able 
to fit different type of buildings with appropriate scattering 
model, which will decrease the confusion of orientation 
leading to in collapsed building extraction. 
Study area and data sets: Two study sites: Ishinomaki 
city and Mashiki town were chosen for this research. And 
the parameter of the PolSAR data sets in these two study 
sites are shown in Table 5. 

Table. 5 Parameters of PolSAR data used in research 
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Study 
Site 

Imagi
ng 

Time 

Sensor Pola
rizat
ion 

Resolution 
(azimuth 
ⅹrange) 

Incide
nt 

Angle 
Ishinom-
aki city 

2011-
04-08 

PALSAR Quad 4.45 m ⅹ
23.14 m 

23.8° 

Mashiki 
town 

2016-
04-21 

PALSAR-2 Quad 4.30 m ⅹ
5.10 m 

30.8° 

Method: The proposed model-based Polarimetric 
decomposition approach formulated as: 

𝑻𝑻 = 𝑃𝑃s𝑻𝑻s + 𝑃𝑃𝑑𝑑𝑻𝑻d + 𝑃𝑃v𝑻𝑻(𝑛𝑛,𝜙𝜙) + 𝑃𝑃asy𝑻𝑻(𝜏𝜏), (1) 

where 𝑃𝑃s  is the surface scattering contribution, 𝑻𝑻𝐬𝐬  is the 
surface scattering model; 𝑃𝑃d  is the double-bounce 
scattering contribution, 𝑻𝑻𝐝𝐝 is the double-bounce scattering 
model; 𝑃𝑃v  is the volume scattering contribution, 𝑻𝑻(𝑛𝑛,𝜙𝜙)  is 
the volume scattering model; 𝑃𝑃asy  is the asymmetry 
scattering contribution, 𝑻𝑻(τ)  is the asymmetry scattering 
model; and 𝜏𝜏,𝑛𝑛,𝜙𝜙  are the adaptive parameters, 
corresponding to symmetry property, cross-pol structure 
and orientation direction, respectively. Figure 16 shows 
how these three adaptive parameters respond to targets’ 
physical properties. High value of 𝜏𝜏  suggests that the 
symmetry scattering is predominate. Low value of 𝑛𝑛 
indicates that cross-pol scattering is stronger than co-pol 
scattering. And low value of 𝜙𝜙 signify the large orientation 
angle between radar propagation direction and targets. 

 
Fig. 16 The physical meaning of the three adaptive 

parameters τ, n and Φ. 

Compared with Freeman three component decomposition 
(FFD), the improvement of the proposed approach is 
displayed in Figure 17, which can be concluded as adding 
four output features by replacing the volume scattering 
model with the adaptive volume scattering model and 
asymmetry scattering model. 

 
Fig. 17 The improvements of the proposed 

decomposition approach compared with FDD 

Results: The eight components of the proposed 
decomposition method were used together to extract 
collapsed buildings. With the RF classification method, the 
results of collapsed building extraction in Mashiki town 
and Ishinomaki city study sites are shown in Figure 18 and 
Figure 19. The results indicate that the proposed 
polarimetric decomposition approach improves the 
extraction accuracy over 90% in block level (Fig. 18) and 
over 80% in building level (Fig. 19) using ALOS and 
ALOS-2 PolSAR data. 

 
Fig. 18 Damage ratio in Mashiki town study site using 
the proposed decomposition approach. The subgraph 

shows reference data from Kyoto University. 

 
Fig. 19 Collapsed building extraction result in 
Ishinomaki city study sites using the proposed 
decomposition approach. The subgraph shows 

reference data from Tokyo University [5]. 

 
4. ACHIEVEMENTS 3: DATA EVALUATION FOR 

COLLAPSED BUILDING EXTRACTION 
For comparing and choosing the most suitable PolSAR 
data for collapsed building extraction, in this project we 
also conducted the research about the data evaluation. The 
PolSAR data sets from the main PolSAR satellite: ALOS-
2, Radarsat-2 and GF-3 were collected and compared from 
many aspects. Since the performance of PolSAR data is 
impacted by many factors, like sensor parameters, image 
acquisition situations and so on, a novel three-hierarchy 
evaluation method was proposed to make an adequate 
evaluation [9]. 
Study area and data sets: Two study sites: Beijing, China 
and Wuhan, China were chosen to conduct the data 
evaluation. And 13 PolSAR images in these two study sites 
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were collected, Table 6 show the parameters of these 
PolSAR image. 

Table. 6 Specifications of the used PolSAR images. 

 Imaging 

Time 

Abbrevi

ation 

Incidence Angle 

(deg) 

Beijing    

GF-3 2017-03-08 GF-1703 46 ~ 47 

GF-3 2017-10-02 GF-1710 36 ~ 38 

GF-3 2017-12-09 GF-1712 19 ~ 22 

ALOS-2 2016-03-08 A2-1603 38 ~ 39 

ALOS-2 2016-10-27 A2-1610 26 ~ 28 

ALOS-2 2016-12-22 A2-1612 26 ~ 28 

RADARSAR-2 2009-03-08 R2-0903 39 ~ 40 

Wuhan    

GF-3 2017-02-12 GF-1702 35 ~ 37 

GF-3 2017-05-29 GF-1705 35 ~ 37 

GF-3 2017-08-24 GF-1708 35 ~ 37 

ALOS-2 2015-04-03 A2-1504 35 ~ 37 

ALOS-2 2016-01-08 A2-1601 35 ~ 37 

RADARSAR-2 2016-07-06 R2-1607 45 ~ 46 
 
Method: The proposed three-hierarchy evaluation 
framework consists of histogram-based analysis, pixel-
based analysis and classification assessment, as shown in 
Figure 20. The histogram-base analysis involves two 
hypotheses: 1) PolSAR image satisfies backscatter 
reciprocity (𝑆𝑆ℎ𝑣𝑣 = 𝑆𝑆𝑣𝑣ℎ) [10]; and the intensity difference 
between HV and VH should reach zero for most of the 
pixels if the data had insignificant polarimetric distortion; 
2) PolSAR images with similar Equivalent Number of 
Looks (ENL) should have similar statistical distributions in 
the same area [11]; and the polarimetric distortions of the 
data of GF-3 and other sensors keep in a similar level if 
those data have similar histogram. The pixel-based analysis 
is under the hypothesis that polarimetric distortion enlarges 
the polarimetric decomposition error [12-13]; and the 
polarimetric distortion is considered insignificant when the 
polarimetric decomposition result of different types of 
samples presents specific backscattering features and 
significantly separated. The hypothesis of the classification 
assessment assumes that polarimetric distortion decreases 
the classification accuracy [14]; and considering the impact 
of image acquiring situation operational band, incidence 
angle and resolution, higher classification accuracy 
indicates better polarimetric fidelity and image quality. 
Overall, the three-hierarchy framework starts at the bottom 
of data, through the middle of polarimetric decomposition 
feature and ends at the top of application. 

 
Fig. 20 Framework of the proposed three-hierarchy 

evaluation method for evaluating the quality of 
PolSAR data 

Results: The comparison and evaluation results of 
backscattering coefficients are shown in Table 7. PolSAR 
data from three satellites show high similarity in 
distribution of backscattering coefficient. 

Table. 7 Comparison and evaluation of backscattering 
coefficients for GF-3, ALOS-2, and RADARSAT-2 

PolSAR data. 

 
The polarimetric performance of target for GF-3, ALOS-2, 
and RADARSAT-2 PolSAR data are shown in Table 8. 
From the table, it can be noted that in GF-3 PolSAR data, 
the model-based polarimetric decomposition performed 
better; in Radarsat-2 PolSAR data, the Pauli decomposition 
performed better; and in ALOS-2 data, eigenvalue-based 
Decomposition performed better. 

Table. 8 Evaluation of polarimetric performance of 
target for GF-3, ALOS-2, and RADARSAT-2 PolSAR 

data. 

 
The classification performances of different PolSAR data 
are evaluated by confusion matrix, as shown in Figure 21. 
For the same study area, the classification accuracies for 
GF-3 PolSAR data, Radarsat-2 PolSAR data and ALOS-2 
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PolSAR data were 77.34%, 77.77% and 80.07% 
respectively.  

  
(a) (b) 

 
(c) 

Fig. 21 Confusion matrix of classification results for 
different PolSAR data: (a) GF-3 PolSAR data; (b) 
RADARSAT-2 PolSAR data; (c) ALOS-2 PolSAR 

data. 

Overall, GF-3, ALOS-2 and RADARSAT-2 PolSAR data 
almost present similar performance in backscattering 
analysis, decomposition result and classification result, and 
for collapsed building extraction, all the three PolSAR data 
are available and also may be collaborated for data fusion. 
(More information about this achievement could be found 
in paper [9].) 
 

5. SUMMARY 
In this project, a series researches were carried out and 
many achievements were obtained for collapsed building 
extraction based on ALOS PALSAR and ALOS-2 
PALSAR-2 SAR data. Specifically, a robust method for 
collapsed building extraction using a single post-event 
PolSAR image was developed, which could be well used 
in collapsed building quick extraction and the extraction 
accuracy can stably over 78% for most cases; a novel 
model-based polarimetric decomposition method for the 
extraction of collapsed buildings was proposed, which can 
well improve extraction accuracy of collapsed buildings 
based on SAR data; a reliable non-building area removal 
method was developed based on post-event PolSAR data, 
which could well reduce the interference from non-
buildings to collapsed building extraction. In addition, a 
comparison and evaluation were conducted for ALOS-2, 
GF-3 and Radarsat-2 PolSAR data, all three PolSAR data 
were found be suitable for collapsed building extraction 
and have similar performance in backscattering, 
polarimetric decomposition and classification result. 
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1. INTRODUCTION

This project ALOS RA-6 was aiming to study earthquake 

cycle in relation to subduction zones using differential 

SAR interferometry technique with ALOS-2 and Sentinel-

1 data. The earthquake cycle on subduction zones is not 

only determined by physical processes occurring on the 

subduction interface like transient slow slip events, but also 

by surrounding earthquakes in the uppercrust or intraplate 

events. Such events have to be investigated to better 

understand seismic hazard in subduction area. In this 

project, we investigated two case study :  The 2018-09-28 

M. 7.5 Palu Earthquake, a crustal strike-slip fault

connected to the Minahassa Trench, North of in Indonesia,

and the Mexican subduction zone over the period 2015-

2018 when both large interface and intraplate earthquakes

occurs at the same time than a large Slow Slip Event (SSE)

in the Guerrero area.  Since 20 years, observations of SSE

have increased world-wide, like in New-Zealand (e.g [1],

[2]), in Ryukiu [3], in Northeastern Japan [4], [5], in Alaska

[6], [7], in Costa Rica [8], [9], in Equator [10], [11], or in

Chile [12], [13]. These observations have shown that

transient slow slip is a relatively common feature in

subduction zones with a broad range of behaviors [14]–

[17]. The Mexican subduction is the place where some of

the largest recorded SSE occur in world[18]–[24] . The

surface deformation of the large Mexican SSE are located

mainly on-land, that is favorable for space geodesy.

Fom a methodological point of view, InSAR processing of

data from the L-band ALOS-2 satellite (2015-2020) is

relevant and complementary to Sentinel-1 for the

measurement of coseismic deformations. However, for the

study of interseismic and SSE, it proved to be more

difficult due to ionospheric disturbances (much larger than

in C-band). The ionospheric phase delay can indeed be

very important in L-band interferograms, up to several

decimeters  [18], [19], whereas the tectonic signal is of the

order of the centimeter.

We will first present the results of the coseismic study of

the Palu Earthquake with ALOS-2 data, and then results on

the Mexican subduction zone using ALOS-2 and Sentinel-

1 data.

2. THE 2018 M7.5 PALU EARTHQUAKE

The 2018-09-28 M7.5 earthquake in Palu, Indonesia, offer 

the interesting opportunity to study an earthquake on a 

crustal strike-slip fault (the Palu fault) connected with a 

subduction zone (the Minahassa Trench) which is part of 

the complex Indonesian tectonics setting. This case study 

is complementary to the Mexican case where it has been 

proposed that some crustal faults could interact with slip 

activity on the subduction interface.     

The Palu earthquake occurred on the strike-slip fault Palu-

Koro, which is the main plate boundary structure that 

accommodates the relative motion between the Makassar 

block to the west and the North Sula block to the east. The 

strike-slip fault connects to the Minahassa subduction zone 

to the North, and to the Matano strike-slip fault to the south 

(Fig. 1 Left). Given paleoseismological data and GNSS 

measurement, a large earthquake was expected on this fault 

[20]. 

Figure 1 : Surface displacements associated with Mw 

7.5 Palu earthquake from InSAR (left) and optical 

image correlation (right). The colored dots represent 

one month of foreshock (blue) and aftershock (yellow 

and red) seismicity (different temporal color scales are 

provided on each panel to show the detailed evolution 

of the seismic sequence). A), Unwrapped ALOS-2 

interferogram. The surface trace of the ruptured fault 

is shown as a red line. b) Map of the horizontal surface 

displacement computed by the correlation of Sentinel-2 

images. from [21]. 
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We investigate the coseismic deformation of the 

Earthquake using ALOS-2 PALSAR2 SAR interferometry 

complemented by optical image correlation using Sentinel-

2 and Landsat-8 imagery (Fig. 1 and Fig. 2) [21]. ALOS-2 

data are in observation mode WD1 (ScanSAR, Beam W2, 

Path 26, Frame 3650), along a descending path. We 

processed only the first scan (over five) as the other scans 

are offshore to the west. The ALOS interferogram was 

processed using GMTSAR (open-source InSAR 

processing code [22]) using images acquired on the 21 

August 2018 and on the 2 October 2018, separated by a 

perpendicular baseline of 60 m, and the ALOS 30 m 

resolution digital elevation model from the Global Digital 

Surface Model52 (AW3D30) computed from JAXA 

(www.eorc.jaxa.jp/ALOS/en/aw3d30/data/index.htm) 

(Fig. 2).  

 

This study of the 28 September 2018 Mw 7.5 Palu 

earthquake in Sulawesi, Indonesia is a representative 

example of deep trend in remote-sensing analysis of large 

earthquake showing surface rupture: the systematic 

combination of optical images correlation with InSAR. In 

the past 10 years, the number of optical satellites suitable 

for surface displacement measurement has significantly 

increased, ranging from constellations of high resolution 

(<1 m) satellites like QuickBird, Pleiades, WorldView or 

Geoeye, to satellites with medium-resolution (10 m) and 

global coverage archives like Landsat-8 and twin Sentinel-

2 satellites.  This wide range of data makes it possible to 

use these satellites to measure localized (<1km) decimetric 

or more surface displacements. This capacity is very 

complementary to that of InSAR, which tends to have 

decorrelation for such gradient of displacement (see near 

field noise in interferogram shown in Fig. 2) and to be more 

sensitive to vertical displacement. 

In the case of the Palu earthquake, the combination of 

the two techniques gives a detailed images of the fault trace 

and secondary structures and at the same time far field 

measurement that constraints inversion of slip distribution 

at depth. Results show that the slip initiated on a 

structurally complex and previously unknown fault to the 

north, extended southwards over 180 km and passed 

through two major releasing bends. Although this study did 

not involve seismological data, we propose that the Palu 

earthquake probably ruptured a 30 km fault section south 

of Palu city at supershear velocities. This conclusion was 

mainly based on observation from satellite geodesy 

showing that this section of the rupture is very linear and 

slightly offset from the mapped geological fault at the 

surface and shows large and smooth surface slip of 4–7 m 

with almost no aftershock seismicity, which are 

characteristics similar to those from known supershear 

segments.  

This has been confirmed by other studies including 

seismic data, teleseismic array and regional broadband 

stations [23]–[25]. Fang et al. propose a supershear model 

quite similar to Bao et al. with a persistent supershear 

rupture from early on. On the other hand, Zhang et al. 

obtains a model with a slow start of the rupture and a 

supershear acceleration only around 20 seconds. 

 

 

 
 

Fig 2: Wrapped ALOS2 SAR interferogram (with 

DEM in background, showing the details of the 

Deformation. Note the decorrelation of the signal in 

near field close to the black line that represents the 

main fault surface rupture. One can also notice a 

reactivation of a secondary fault ~50km west of the 

main rupture (green Arrows).  
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3. THE MEXICAN SUBDUCTION 

 

The Mexican subduction zone extend along about 

1000km at the Pacific coast of southern Mexico (fig. 3 and 

fig. 4). The slip on the plate boundary interface between the 

subducting Cocos oceanic sea plate and the North America 

plate due to the plate convergence range from about 5 to 7 

cm/yr. Instrumental seismicity has recorded several major 

(Mw>7) earthquakes since the beginning of the 20th 

century related to the subduction (fig. 3) (e.g. [26]).  

Since 1911, whereas the seismic cycle in the Mexican 

subduction zone have an average recurrence time of 30-60 

years for large subduction earthquakes [27]. In its broadest 

definition, if the seismic gap were to rupture, it could give 

rise to a Mw 8 earthquake [28], [29]. The question of 

whether slow earthquakes release a significant part of the 

stress in the seismogenic zone or, on the contrary, are 

downdip the seismogenic zone (deeper than 20-25 km) and 

load it on each event is therefore crucial [30], [31]. This 

question is related to the more general issue of interaction 

between Slow slip events (SSE)  and large earthquakes. To 

address this question a good spatial resolution of the slip 

distribution is necessary. 

Slow slip events (SSE) are transient slip events that, like 

earthquakes, propagate over a fault but are much slower 

and last longer and therefore radiate little or no measurable 

seismic energy. In this sense, they are mainly aseismic; 

however, they can be associated with certain seismic 

signals such as tremors and interact with « classical » 

seismicity. In the Mexican Subduction zone large SSE 

occur regularly in the Guerrero area (fig. 3 and fig. 4). 

 

The last large SSE to occur in Guerrero lasted from 

2017 to 2018. During that period 3 major earthquakes 

occurred in the ara (Fig. 3) :  

• The 08/09/2017 Chiapas Earthquake (Mw 8.1) 

• The 19/09/2017 Puebla Earthquake (Mw 7.1)  

• The 16/02/2018 Oaxaca Earthquake (Mw 7.2) 

 

 

 
 

Figure 3: Settings of the Mexican Subduction zone. The 

Mexican subduction is at the convergence of the Cocos 

Plates and the North American Plate. (From Maubant 

PhD Thesis 2020.) 

 

 

 
Figure 4 : continuous GPS record (North component) 

since 2005 of the CAYA station (red triangle on fig. 3) 

located on the shoreline of the Guerrero State. This 

record shows the 5 main slow slip events occuring in the 

area (2002, 2006, 2010, 2014, 2017-2018). Source : 

LaGeoS (Laboratorio de Geodesia Satellital) UNAM. 

 

The first two were intraslab earthquakes, and the last one 

occurred on the subduction interface. We used Sentinel-1 

and ALOS-2 mission to measure the coseismic ground 

displacement. Figure 5 and 6 show two examples for the 

Chiapas and Oaxaca earthquake. Those measurement can 

be used to invert slip distribution (e.g. [32]), or to give 

constraint in time series analysis when looking for slow slip 

events.  

 

 
Figure 5: Example of ALOS-2 Coseismic unwrapped 

interferogram (20170831 – 20170928, ScanSAR-F3 

beam) of the 2017-09-07 Chiapias Earthquake. Insert: 

Shake map from USGS. 

 

 
Figure 6 : InSAR measurement of the surface 

displacements caused by the 16 February 2018 (Mw 

7.1) earthquake in the Oaxaca region of Mexico 

captured by two tracks of Sentinel-1. Left: 

interferogram. Right: unwrapped interferogram 

showing the coseismic surface displacement (blue color: 

toward the satellite, red:  away from satellite).  
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We investigate the 2017-2018 SSE by InSAR  and GPS 

with the aims to get the full benefit of the wide coverage of 

InSAR data (fig. 7). One difficulty is to separate the 

different sources of signal present in InSAR time-series. 

With a strategy taking into account the context of the 

Mexican subduction zone, that is large topographic 

gradients and atmospheric perturbations, mixing of 

coseismic, postseismic and SSE tectonic signal, and low 

spatial density of permanent GPS stations with uneven 

distribution. We used parametric decomposition of InSAR 

time series with constraint from GPS zenithal tropospheric 

delay (fig. 8) and Independent Component Analysis to 

extract the SSE signal. A first-order slip distribution is 

inverted giving consistent results with respect to previous 

SSEs (fig. 9) [33]. 

 

 
Figure 7: Sentinel-1 coverage for INSAR interseismic 

and SSE studies 

 

 
Figure 8: Surface displacement due to the 2017-1018 

Slow Slip Event in the Guerrero region ( from Sentinel-

1 time series analysis. 

 

 

 

 

 
Figure 9 : Cumulative slip distribution on the 

subduction interface for the 2017-2018 SSE inverted 

from independent component analysis (ICA) results of 

Sentinel-1 time series. The color scale shows the slip 

amplitude in meters for the 2017-2018 SSE with blue 

contours representing iso-contours every 5 cm. This slip 

distribution has an equivalent magnitude Mw=7.2. The 

green contours represent the 5 and 10 cm iso-contours 

of the average slip distribution of the last 3 SSEs (2006, 

2010, 2014) estimated by GPS. The light blue contours 

show the approximate rupture zones of major historical 

earthquakes that occurred on the subduction interface. 

The stars represent the epicenters of the Puebla (MW 

7.1, 19/09/2017, in red) and Pinotepa (Mw 7.2, 

16/02/2018 in yellow) earthquakes. The orange and 

dark blue rectangles represent the footprints of the two 

(respectively ascending and descending) Sentinel-1 

swaths used. The thin black lines represent the plate 

interface iso-profiles every 10 km, the medium black 

line represents the coastline, and the thick black one 

represents the subduction trench  (from [33]) 

 

InSAR results allow to give a better view of the spatial 

distribution of the large SSEs of Guerrero and to highlight 

lateral variations along the subduction. Why large SSE 

occur in Guerrero and not further West in the Michaocan 

area? The reason for such lateral variations is still debated 

and hypothetical. Several authors rather favors the 

hypothesis that such variations are permanent over many 

seismic cycles, based on the spatial correlation with 

seismological observations such as the presence of an ultra-

slow velocity layer [34], seismic anisotropy [35], or 

magnetotelluric and geological observations [36](Husker 

et al., 2018). Husker et al. propose that past magmatic 

activity may have "produced an impermeable gabbroic 

layer in the lower crust within the Guerrero gap" and that 

"this body acted as a seal to trap fluids and over-pressurize 

the plate interface". Rousset et al. [37] based on the 

observation of inter-SSE coupling and the coast-to-trench 

distance, which represents a long-term feature, propose that 

persistent frictional asperities partly control the inter-SSE 

coupling.  
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However all those explanations remain debatable and it 

cannot be excluded that geodetically observed lateral 

variations are not stable on the time-scale of a few seismic 

cycles. They may be representative of very large transient 

slow slip at longer time scales (decade to centuries), as 

proposed by Meade & Loveless [38], based on the scaling 

law of Ide et al. [39]. 

The SSEs in the Mexican subduction are indeed not 

restricted to Guerrero. In Oaxaca region (see  location in 

Fig. 3), periodic SSE with duration of about 3-6 months 

and slip of about 10 cm (Mw 7-7.3), repeat every  1-2 years, 

more frequently than in Guerrero [40]–[42]. The 

relationship and spatial connection between this two zones 

of slow slip are still in discussion, but several studies 

suggest that there is no gap between these two regions [42], 

[43] and that there are interactions between them [42], [44]. 

More systematic searches for tremor activities all along the 

Mexican subduction zone show that tremors occur up to the 

Jalisco area [45], [46] (Brudzinski et al., 2016; Husker et 

al., 2019). Maury et al. [43] suggest a continuity of a tremor 

band all along the subduction but with changes in terms of 

slow slip behavior West of Guerrero, where only short-

term SSEs would occur, which could be linked to change 

in the subduction geometry. 

Even if so far InSAR cannot contribute to measure short-

term SSE (because of noise threshold issue), this highlight 

the interest to investigate the seismic cycle at the scale of a 

whole subduction zone, like the Mexican one, where 

different portions of the subduction are at different stages 

of their seismic cycle. There are mixing of SSE, post-

seismic and co-seismic signal and the ability to establish a 

budget of seismic and aseismic slip at that spatial scale is 

fundamental in term of seismic hazard assessment.  

 

 

4. CONCLUSION 

 

ALOS-2 and Sentinel-1 data proved to provide useful data 

to study earthquake cycle in the two subduction zones we 

investigated. ALOS-2 are particularly useful for coseismic 

earthquake studies, but more difficult to use for measuring 

interseismic signal due to ionospheric noise. Sentinel-1 

have shown its capacity to measure slow slip event signal 

in the Mexican subduction zone through time series 

analysis, even in the challenging environment of the pacific 

coast of the Guerrero region.  
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1. INTRODUCTION

The Ya’an-Linzhi section of the Sichuan-Tibet Railway is 
active in geological structures, with high drop and steep 
terrain conditions. It also passes through the rainfall center 
in southeastern Tibet. This section is the region with the 
largest number, largest scale and most complete types of 
mountain disasters in China. The disaster reduction route 
selection of the Sichuan-Tibet Railway often fails to 
completely avoid the risk of mountain disasters[1,2]. 
Therefore, based on the mountain disaster risk analysis to 
guide the line selection planning of linear projects, 
distinguish acceptable and unacceptable risks. For the early 
selection of the Sichuan-Tibet Railway, the collision of the 
Indian plate and the Eurasian plate caused strong 
geological tectonic activities along the railway and 
adjacent areas. And the formation of significant 
topographical undulations and climate differences, making 
the geological conditions along the Sichuan-Tibet Railway 
and adjacent areas complex and fragile geological 
environment. The area has steep slopes and deep valleys, 
and various internal and external dynamics are very active. 
It is one of the regions with the most developed, largest 
scale, most complete types and the most serious damage to 
geological disasters in China[3]. 
As a space-to-earth observation technology with great 
potential, Synthetic Aperture Radar Interferometry 
(InSAR) has shown outstanding advantages in large-scale 
deformation monitoring, and can overcome the limitations 
of major geological disasters that conventional expert static 
identification of collapses, landslides, huge mudslides, and 
glacial lake outburst disasters, have gradually become 
important data sources and technical research hotspots for 

the early identification of major disasters[4] . Compared 
with C-band SAR data, the longer-wavelength L-band has 
a stronger penetration. Transparent and large-scale 
deformation monitoring capabilities have certain 
advantages in disaster deformation monitoring[5] . 
The team downloaded 164 scene L band ALOS/PALSAR-
2 data covering the entire Linzhi-Ya’an section. Using 
Stacking-InSAR and SBAS obtained the time series 
deformation of the study area from 2014 to 2020, and 
combined with google earth optical image to carried the 
early identification of landslide along the route. The results 
show that there are 377 landslide hazards along Linzhi-
Ya'an. The spatial distribution has the characteristics that 
the west is larger than the east and develops along big rivers. 
The analysis of typical disaster points near tunnel entrance 
and bridge shows that some disaster points have large 
accumulative deformation, and there is a tendency to 
accelerate deformation, it is a great threat to railway 
construction. Monitoring should be further strengthened. 
The research results of this paper will provide scientific 
support for the construction and operation of Linzhi Ya'an 
section of Sichuan-Tibet Railway. 

2. DATASET OVER STUDY AREA

For identifying and monitoring the potential landslides 
along Ya’an-Linzhi railway, 164 ALOS-2/PALSAR-2 
images with 5 ascending orbits are collected in this study, 
as shown in Table 1. Among the collected datasets, 162 
images are with SM3 mode and 2 images are with SM1 
mode. Based on these data, it is capable to obtain the time 
series deformation over the study area from from 2014 to 
2020 .

Table 1 Parameters of collected PALSAR-2 images over the study area 

Order Path Frame Mode Name Time 
1 151 580 SM3 10 20160818-20190926 
2 151 590 SM3 18 20140908-20190926 
3 151 590 SM3 14 20141002-20190523 
4 151 590 SM3 10 20141103-20181011 
5 150 600 SM3 10 20160618-20200516 
6 150 600 SM3 9 20160730-20200530 
7 150 600 SM3 8 20160702-20200502 
8 149 610 SM3 12 20160711-20200511 
9 149 600 SM3 12 20160222-20200525 

10 149 590 SM3 9 20160613-20200427 
11 148 590 SM3 13 20140917-20190508 
12 148 590 SM3 8 20170719-20200520 
13 148 590 SM3 11 20160608-20200422 
14 147 590 SM3 9 20160212-20200515 
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15 147 590 SM3 9 20160226-20200529 
16 147 590 SM1 2 20181130-20190628 

 
Fig.1 The coverage of the collected ALOS-2/PALSAR-2 images. 

 
 

3. METHOD 
The stacking and Small baseline subsets (SBAS) InSAR 
techniques were employed to estimate the annual and time 
series deformation over the study area. Prior to this 
processing, the conventional differential InSAR processing 
were carried out. Firstly, we preprocessed the data to obtain 
Single-Look Complex(SLC) images; then, we produced 
the interferograms by setting a certain temporal and spatial 
baseline; after that, external DEM was used to remove the 
topographic phase; finally, adaptive filtering and minimum 
cost flow(MCF) methods were used to filter the noise and 
unwrap the interferograms. Based on the produced 
interferograms, high-quality unwrapping interferograms 
were selected to obtain the annual average rate by using 
stacking method. Combing of the annual deformation, time 
series deformation and optical images, the potential 
landslides were detected over the study area. The specific 
method principle is as follows: 

3.1Stacking InSAR  

The stacking interferograms method can be used to acquire 
the average deformation rate with high accuracy. As the 
atmospheric delay often causes temporally random errors 
in interferograms, it can be reduced by averaging the 
unwrapped interferograms as follows [6,7,8]: 

𝑝𝑝ℎ𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 =
∑ ∆𝑡𝑡𝑖𝑖𝜙𝜙𝑖𝑖𝑁𝑁
𝑖𝑖=1

∑ Δ𝑡𝑡𝑖𝑖2𝑁𝑁
𝑖𝑖=1

 (1) 

where 𝑝𝑝ℎ𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟  is the average deformation rate in phase, 
𝜙𝜙𝑖𝑖  and 𝛥𝛥𝑡𝑡𝑖𝑖  represent the unwrapped phase and the 
temporal interval of 𝑖𝑖-th interferogram, respectively, and 𝑁𝑁 
is the number of interferograms. In this study, the 
unwrapped interferograms with high coherence are 
selected to calculate average deformation. 

3.2 SBAS InSAR 

SBAS InSAR combines SAR images to form the 
interferograms within the limits of spatial and temporal 
baselines to depress the decorrelation phenomenon [9]. In 
this study, the spatial baseline and temporal baseline 
thresholds were set to 300 m and 500 days. The multi-look 
ratio was 5:2 in range and azimuth directions, and the 
coherence threshold was 0.3 to select the targets. In order 
to remove the ramp phase error, a quadratic polynomial 
was used during the processing: 

𝑝𝑝ℎ𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(𝑥𝑥, 𝑦𝑦) = 𝑎𝑎0 + 𝑎𝑎1𝑥𝑥 + 𝑎𝑎2𝑦𝑦 + 𝑎𝑎3𝑥𝑥𝑦𝑦 
+𝑎𝑎4𝑥𝑥2 + 𝑎𝑎5𝑦𝑦2 (2) 

where 𝑝𝑝ℎ𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(𝑥𝑥, 𝑦𝑦)  is the unwrapped phase at 
coordinates (𝑥𝑥,𝑦𝑦) , 𝑎𝑎0 , 𝑎𝑎1 , 𝑎𝑎2 , 𝑎𝑎3 , 𝑎𝑎4 , and 𝑎𝑎5  are the 
unknown coefficients. We subtracted the unwrapped 
atmospheric phase by estimating the linear model between 
the residual phase and elevation. Finally, we calculated the 
accumulative deformation and deformation time series 
through SVD method. 
  

4. RESULT 
 
The annual surface deformation rate of the study area 
obtained from 2014 to 2020 is shown in Figure 2. Green is 
the stable area, red and blue are the deformation area. It can 
be seen from the overall annual average velocity map that 
the east is generally more stable than the west, and most of 
the deformation areas are distributed along the large rivers. 
Combination of InSAR deformation, optical images, 
geological and geomorphological information, 377 
potential landslides was identified over the study area, as 
shown in Figure 3. We carried out the detailed statistics for 
the identified landslides and found that the number of 
potential landslides in the western part of the railway is 
larger than the east, particularly for the Luolong-Batang 
section, which has a total of 202 potential landslides, 
accounting for 54% of the total landslides. The Batang-
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Yajiang and Kangding-Ya'an sections are relatively stable, 
where 34 landslides were detected. 

 

 

 
Fig.2 SAR-derived deformation velocity over the study area 

 
Fig.3 Potential landslide by combing of InSAR deformation, optical images, geological and geomorphological 

information over the study area 
 
In order to show the detailed information about the detected 
landslide, the time series deformation as well as 
corresponding optical images are further analysis. Fig.4 
shows four potential landslides over the study area. These 
four disaster points are mainly due to the reduction of slope 
stability and human activities. The four landslides are all 
large in area (Fig. 4-b, 4-e, 4-f, 4-h). The mean deformation 
can reach 97mm/year, 102mm/year and 137mm/year 
respectively. The maximum cumulative deformation are -

330mm,-209mm, -322mm and -400mm for four potential 
landslide (Figure 4-c, 4-f, 4-I, 4-l). Moreover, the 
continuous trend of deformation is obvious. There are 
many tensile cracks on the trailing edge of the slope. It is 
judged that the range will gradually expand with the 
increasing deformation, and it is in an extremely unstable 
state. Therefore, the continuous monitoring is needed on 
these landslides. 
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Fig.4 Mean and time series deformation for four potential landslides. 
 

5. CONCLUSION

164 scenes of ALOS-2 data were processed by stacking and 
SBAS InSAR methods to detect and monitor the potential 
landslides over Linzhi-Ya'an Railway. Compared with the 
short-wavelength SAR data, L-band SAR data was used for 
better penetration through the surface vegetation. Through 
the combined interpretation of InSAR and optics, a total of 
377 potential landslides were detected. The results showed 
that the total number of landslides in the Luolong-Batang 
section was relatively large. There is a strong positive 
correlation between the landslides and the distance of the 
river as well as the fault zone. In addition, four typical 
landslides are selected to analyze the evolution. It is found 

that some disasters have greater threats to the railway. For 
the study of geological disasters along the Railway, the 
follow-up should focus on the relationship between the 
distribution of landslides and the geological factors such as 
slope, aspect elevation, etc., to find out the main controlling 
factors of the landslides. 
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1. INTRODUCTION

The objectives of our RA6 project are to develop an 

advanced multi-temporal InSAR (MTInSAR) framework 

and related processing procedures to accurately retrieve 

coseismic displacements from a set of radar images (rather 

than one or two image pairs). At the beginning stage, we 

thoroughly analyzed the limitations of conventional 

DInSAR method for coseismic deformation mapping and 

then developed a novel multi-temporal InSAR processor 

where the coseismic, interseismic, orbital and DEM error 

parameters are simultaneously taken as parameters. By 

jointly modelling the signals of interests, the proposed 

method has the ability to better isolate the coseismic 

deformation from the DEM error, orbit error and even the 

atmospheric delays. The proposed method that was 

validated by the ALOS-1 data over the 2008 Mw6.3 

Dangxiong, Tibet event and ALOS-2 data over 2016 

Mw6.4 Meinong, Taiwan event respectively was 

published in [1] in 2021. The main research outputs are 

summarized as follows. 

. 

2. SELECTED RESEARCH OUTPUTS

2.1 MTInSAR model for coseismic deformation 

mapping 

A. Observations
We refer to a set of preseismic and only one

postseismic SAR images. Interferograms with short spatial 

and temporal baselines are formed to reduce the effect of 

phase decorrelation. Persistently coherent points can be 

identified from the selected interferograms and the 

analysis will be based on phase differences between pairs 

of neighboring coherent points (i.e., the arcs) to mitigate 

the effect of spatially correlated atmospheric signals. It is 

worth noting that the purpose of using only one post-

seismic image is to reduce the number of modelling 

parameters and also enable a quick response to the seismic 

event.  However, the algorithm is flexible to jointly model 

more images acquired after the event by adding a suitable 

model for the post-seismic displacements. When assuming 

that M interferograms are formed from N SAR images and 

G arcs are constructed from P coherent points, the number 

of observations (phase differences) thus obtained is 

. It is obvious that some of the observations contain 

phase ambiguities. 

B. Parameterization of orbital errors
Satellite orbital errors usually exhibit two distinct

characteristics in SAR interferograms, i.e., smoothly 

varying in spatial domain and random in temporal domain. 

The errors in any interferogram can therefore be spatially 

modeled by a low-order polynomial. Considering that an 

interferogram is the linear combination of two SAR 

images, an orbital error polynomial for the interferogram 

can be represented by two orbital error polynomials, one 

for each of the SAR images To reduce the number of 

unknown parameters, we arbitrarily assume that one of the 

images (i.e., the reference image) is free from orbital 

errors. The assumption will not affect the estimation of 

orbit errors in interferograms. The orbital error of pixel p 

with coordinates (X,Y ) in the jth SAR image can be 

modeled as 

     (1) 

The number of orbital error parameters for all the SAR 

images is therefore . The phase differences 

along the arcs of all the interferograms contributed by the 

orbital errors  can be expressed as 

(2) 

where  is the design matrix relating the phase 

difference observations of the arcs and the orbital error 

parameters ( ). Higher order polynomials can also be 

considered when necessary. It is worth noting that the 

polynomials associated with SLC images have no physical 

meaning and they are purely employed to model orbital 

errors in interferograms. By doing this, the number of 

unknowns can be reduced significantly [2]. 

C. Parameterization of seismic deformation and

DEM errors
When a set of preseismic images and only one 
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postseismic image are available, the preseismic and 

coseismic deformations can be jointly estimated. For 

simplicity, we consider the mean preseismic deformation 

rates and coseismic deformations as deformation 

parameters. When topographic errors are considered also 

there are 3 unknown parameters in total for any coherent 

point p, i.e., the preseismic deformation rate ( ), 

coseismic deformation ( ) and topographic error ( ), 

 

                      (3) 

 

where B is the design matrix and M is the number of 

interferograms. The phase differences along all the arcs in 

the interferograms can therefore be expressed as 

 

       (4) 

 

where  contains the topographic error and 

deformation parameters of all the coherent points except 

the reference point.  is the design matrix indicating 

the relationship between the unknowns and observations. 

Considering that the contribution of coseismic 

deformation to the phase observations is in general much 

larger than those of the other two parameters, a scale 

factor is applied to the columns of the design matrix 

corresponding to the coseismic deformation parameters to 

enhance the stability of the solution. 

D. Observation model and solution 
An observation model for the multi-temporal InSAR 

that involves preseismic deformation rates, coseismic 

deformations, and topographic and orbital errors can be 

constructed based on (2) and (4), 

 

 

                            (5) 

 
 

where vector W is the unmodeled phase components 

including, e.g., the spatially uncorrelated atmospheric 

delays and noise. Eq. (5) is a large sparse linear system 

and can be solved using the method of LSQR proposed by 

Paige and Saunders. As mentioned above, some of ΔΦ 

have non-zero phase ambiguities, which must be reliably 

detected and removed to ensure a valid solution. It has 

been shown that the least squares residuals resulted from a 

direct solution of the observation model can be used to 

distinguish arcs with and without ambiguities. Figure 1 

shows examples of effects of phase ambiguities on least 

squares residuals where for simplicity only one parameter 

in a linear regression model is considered. When an 

observation (i.e., phase difference along an arc) contains 

modulo 2 , the least squares residual of the observation 

will become abnormally large. Therefore, a phase 

ambiguity detector can be designed by examining the 

maximum absolute residual against a predefined 

threshold. After the removal of arcs on which some of 

observations (i.e., the phase differences) are with modulo 

2 , the parameters can be computed finally with the 

remaining observations. It has been shown by Zhang et al. 

[3,4] that the joint least squares model can discriminate 

between the deformation parameters and orbital errors 

even when the deformation and the errors have similar 

spatial patterns.    

  
Fig. 1 Illustration of effect of phase ambiguities on parameter 

estimation. The red dots are the wrapped differential phases on a given 

arc. (A) when the MTInSAR observations (i.e., phase differences) at a 

given arc have no phase ambiguities, the residuals after parameter 

regression are small; (B), (C) and (D) when the observations contain 

different portions of ambiguities, the regression residuals become large. 

It indicates that phase ambiguities can be detected according to the 

regression residuals.     

 

2.2  Coseismic deformation associated with Dangxiong 

earthquake 

 

The Mw 6.3 earthquake occurred in Dangxiong county, 

southern Tibetan Plateau, China on October 6, 2008. 

There are 6 preseismic ALOS/PLASAR images acquired 

over the area starting from December 29, 2006 and the 

first postseismic image was acquired on January 3, 2009, 

about 3 months after the earthquake. We select all the 

preseismic images and 1 postseismic image as the input of 

the proposed model. When using 1500 m and 800 d 

respectively as the thresholds of the spatial and temporal 

baselines, 12 interferograms are generated among which 

several show apparent orbital ramps. The coseismic 

deformation along with the preseismic de-formation rates, 

orbital error polynomial coefficients and topographic 

errors are resolved based on the phase differ-ence 

observations on the arcs. The estimated topographic errors 

and the preseismic deformation rates are shown in Figures 

2(A) and 2(B) respectively. It should be noted that the 

preseismic deformation rates shown in Figure 2(B) are 
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likely caused by seasonal freeze/thaw transition of the 

frozen soil. As a comparison we also plot the coseismic 

deformation obtained from the image pair 20080703-

20090103 with a perpendicular baseline of 860 m (Figure 

2(D)). The interferogram is unwrapped with the sparse 

minimum cost flow method and a best fitting plane has 

been applied to remove the orbital error ramp. It is seen in 

Figure 2(B) that although topographic errors have been 

estimated there are still clear height-dependent signals in 

the results, which are believed to be caused by 

atmospheric artifacts. The topography dependent 

atmospheric delays are approximated with a linear 

regression model and removed from both the MTInSAR 

and DInSAR derived results. The refined results of 

coseismic deformation along the line of sight (LOS) 

direction from these two approaches are respectively 

shown in Figures 2(C) and 2(E). The difference between 

the results is presented in Figure 2(F) where the residual 

topography and long wavelength phase pattern can be 

clearly seen. The results indicate that the estimation of the 

best fitting plane from a single interferometric pair is not 

reliable and can be affected by other signals, e.g., 

atmospheric artifacts and deformation signals. The poorly 

determined orbital and topographic errors can degrade 

significantly the accuracy of the estimated coseismic 

deformation. 

 
Fig. 2 Estimated topographic errors (A), preseismic deformation rates 

(B) and coseismic deformation (C) from the MTInSAR model, and 

coseismic deformation interferogram obtained from conventional 

DInSAR (D) and coseismic deformation from the interferogram (E). (F) 

is the difference between (C) and (E). 

2.3  Coseismic deformation associated with Meinong 

earthquake 

 

The proposed MTInSAR method was also applied over 

ALOS-2 images to retrieve the coseismic deformation 

associated with 2016 Mw6.4 Meinong, Taiwan 

earthquake. A total of 9 images acquired from 20151017 

to 20160309 was collected. A portion of interferograms 

generated from these images are shown in Fig.3, where the 

orbital errors together with atmospheric delays can be 

clearly seen.  Fig. 4 are the by-products of the proposed 

MTInSAR model. Fig. 5 shows the coseismic deformation 

associated with Meinong earthquake retrieved by the 

proposed method and the correlation with GPS 

measuremets. The details on slip inversion using the 

MTInSAR derived coseismic deformation can be found in 

[1]. 

 
Fig. 3 Interferograms generated from ALOS-2 images. 

 

Fig. 4 Interferograms after correcting the orbit errors by the proposed 

MTInSAR model. 

 

Fig.5 The coseismic deformation of Meinong earthquake (left) The 

comparison with GPS measurements (right). 
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3. CONCLUSION 

 

Via RA6 project, we have the opportunity to use the 

ALOS-1 and ALOS-2 SAR data either for algorithm 

testing or real applications. We really appreciate this 

generous data support from JAXA. Taking this chance, we 

also thank JAXA for the continuous data support in future. 
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1. INTRODUCTION

Land surface movement includes natural land movement 

and man-made land movement. The land movement 

always cause destruction of buildings and production 

facilities and the impact on the construction and resource 

development [1]–[3], governments have expenditure lots 

of  budget in governance. Land subsidence mainly occurred 

in the plain and inland industrial developed cities and 

mining areas, while landslides mainly occurred in the 

cloudy and rainy mountainous and hilly areas. Generally, 

landslides are more serious compared with city subsidence 

which has fatal impact to people who lives in mountain 

area, and especially those suddenly happened landslides 

caused by deep slope under heavy rains [4], [5]. The 

understanding of the characteristics of the landslides are 

important to prevent the hazardous accidents.  

The movement characteristic of the land surface is one of 

the most important indicator factors of the land surface 

movement, and it is always a precursor of happening of the 

disaster. The traditional technique like leveling and GPS 

network have been applied to the land surface movement 

monitoring but it is labor, financial consuming and not 

efficient [6], [7], especially in mountain area, it is difficult 

to reach and apply leveling or GPS measurements. Satellite 

remote sensing data can be more effective in monitoring 

the movement of the ROI area, with their textual and 

magnitude information. We do not need to arrive at the site 

where displacement happens.  

Compared with optical remote sensing, Synthetic Aperture 

Radar (SAR) is an effective remote sensing technique for 

surface movement monitoring, and it has been recognized 

as the only technique that could provide area monitoring 

capability by now especially in cloudy and rainy area [8]–

[11]. Although many advantages, due to the de-correlation 

effect of the plant on the slope, the X and C band SAR data 

will not performance well in low latitude area. The research 

project under the ALOS Research Announcement (RA) by 

the Japan Aerospace Exploration Agency (JAXA), was 

intended to use L-band SAR data acquired from ALOS-1 

and ALOS-2 satellites for earth surface subsidence 

monitoring. And we will exploit the capability of the L-

band SAR data time series capability in the surface 

movement information extraction and the real data from 

Advanced Land Observing Satellite-1/2 (ALOS-1/2) will 

be used as demonstration. 

2. STUDY AREA

Fig. 1 The location of the study area which covers the 

Baige landslide area is the west bank of Jinsha River. 

The barrier lake, about 5,600 meters long, more than 70 

meters high and 200 meters wide, was formed after 

landslides blocked the main stream of the Jinsha River in 

Baige Village (Fig. 1), Jiangda County, Tibet Autonomous 

Region on October 10, 2018. The Baige landslide volume 

is large, the water level rose rapidly. The barrier lake 

endangers the safety of villages nearby, leading to the Polo 

Town through the bridge and part of the farmland was 

inundated by the river, the Polo local government 

headquarters and downstream Bo Gong Village was 

flooded, many roads and mass housing, farmland, 

grassland and other affected. From the perspective of 

geological conditions, the disaster area is characterized by 

steep terrain, complex geological conditions and dense 

population. The region is constantly uplifting due to the 

mutual extrusion of the Indian Ocean plate and the 

Eurasian plate, resulting in intense activities around it and 

the formation of fault zones. It is a region with frequent 

earthquakes in history, and countless geological disasters 

such as landslides and collapses caused by earthquakes 

have destabilized the hillside. 

Chongqing is one of the geological disaster areas in China 

with severe geological disasters such as landslides and 

landslides ranks first among the 70 cities in China. 

Chongqing is the largest industrial and commercial center 

in southwest China. Especially after chongqing becomes 

the municipality directly under the central government. 

Landslide, collapse and other geological disasters are 

mainly determined by geological structure, stratigraphic 
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lithology, hydrology and meteorology. Chongqing is 

located in the eastern Sichuan basin, mountain and basin 

margin slope zone with deep creek, complex geological 

structure, the surface of the weak layer, and sometime with 

heavy rain, make the geological disasters in this area wide 

spreaded and great harm. 

 

Fig. 2 The location of the study area which covers the 

Chongqing area. The yellow color area is about one 

scence of PALSAR-2 stripmap dataset. 

 

Fig. 3 The location of the study area which the blue 

block covers the Danba area. 

Danba is located in the upper Yangtze river, belong to 

Minshan Qionglai mountains of the high mountains, the 

Dadu river passes from north to south throughout the whole 

territory, Danba County is a Qinghai-Tibet Plateau 

monsoon climate, a vertical belt distribution. Danba is rich 

in tourism resources, there are only 166 ancient 

blockhouses in the county at present. Jiaju Tibetan Village 

is located in Danba County, Ganzi Prefecture, Sichuan 

Province, about 8 km away from the county, however it is 

seated on an ancient landslide and still active. 

 

3. DATA SET AND METHODOLOGY 

 

The data set used consists of ALOS-1 and ALOS-2 SAR 

data, both datasets were acquired in strip map mode, part 

of them are bi-polarimetric dataset. The format of the 

single complex looking data of ALOS-1 and ALOS-2 has 

very small different, so most part of the code for read-out 

software for them are the same. This reduce lots of works 

to migrate code from ALOS-1 data to ALOS-2 data. 

In this report, 18 scenes of ALOS-2 dataset acquired from 

2014-Oct-06 to 2019-Jul-22 were obtained in Baige 

landslide area, the polarimetric mode is HH, the fly 

direction is ascending. And nine scenes of ALOS-2 dataset 

acquired from 2015-Jul-11 to 2018-Oct-27 were obtained 

in Chongqing area, the polarimetric mode is HH, and the 

fly direction is ascending. While in Danba landslide area, 

we obtained 16 scenes of ALOS-1 data from 2006 to 2010, 

the fly directions are ascending, and the polarimetric mode 

are HH. The external DEM used is from Shutter Radar 

Topography Mission (SRTM). 

Since the SAR uses the synthetic method to image the 

surface, ideally the surface deformation of the land surface 

can be clearly reflected on the radar interferogram, so as to 

realize the monitoring of the surface subsidence or 

landslide activities [12]–[17]. The SAR interferometric 

phase map contains information about the difference in the 

length of the propagation path from the radar antenna to the 

target during two imaging periods. The length of the 

propagation path is generally affected by the change of 

satellite measurement position, the change of measurement 

time and the change of atmospheric conditions. In the case 

of ignoring the influence of the atmosphere, the 

deformation interference phase can be obtained by 

removing the topographic interference phase caused by the 

change of satellite measurement position through a certain 

algorithm, so as to realize the monitoring of the surface 

movement. For L-band radar sensors such as PALSAR 

deformation interference phase change one period 

corresponds to the surface change of 11.75 cm. 

Commonly the time series of SAR images are obtained and 

processed so as to understand the movement of the land 

surface during some time period. Several processing 

strategies could be used, such as persistent scatterers (PS) 

[18] with one master image, or Small baseline Subset 

(SBAS) [19], [20] method which used SVD method and 

multilink of SAR images. In the mountain area, the SBAS 

method is preferred due to decorrelation in these areas. For 

SBAS First the SAR images are coregistrated on the super 

master image, then the images pairs are formed so as to 

obtain interferograms, here we should take care that the 

SAR image pairs with heavy atmospheric effect should be 
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removed from the list. In common situation, the phase 

model could write as: 

φmodel(𝑥) = −
4𝜋

𝜆
(𝑣(𝑥)𝛿𝑡 +

𝐵𝑘
𝑟sin𝜃

𝛿ℎ) 

Then stable points candidates with significant deviation are 

removed from the stable point’s subset. After selected these 

stable points the height error phase of each point from its 

observed phase is removed. After this processing we could 

be estimated the ensemble phase coherence so as to 

estimate the error of the results, and after that, the networks 

are established and the deformation are estimated at last. In 

this study we only estimated the linear deformation. 

Another method which is always used for large movement 

estimation [21], [22], which is called pixel-track or offset 

track. Based on the intensity correlation, the geometric 

relationship change between the two SAR images is 

obtained through the one-to-one correspondence between 

the point features or surface features of the non-movement 

area of the two remote sensing images, so as to realize the 

registration of two or more remote sensing images and 

extract the two-dimensional movement distribution of the 

moving area. 

 

4. EXPERIMENTS AND RESULTS 

 

In Baige landslide area, 18 scenes of ALOS-2 dataset were 

obtained and processed with pixel-track method. From the 

results we could see that the landslide has been active 

sometime before 2014, and during the year of 2014 the 

velocity is about 0.8 meters/month, and the active area is 

showed clearly in fig. 4(a). During the period of 2015 and 

2016, the landslide movement is kept in a stable velocity 

about 1 meter/month, which showed in fig. 4 (b) and (c). 

But the land movement is accelerated from 2017, the 

velocity increased to about 1.5 meter/month during the first 

half of 2017 and increased to about 2.0 meter/month during 

the second half of the year, showed in fig.4 (d) and (e). In 

2018, before the landslide happened, the velocity increased 

to about 8-9 meter/month, and all the part of the landslide 

area is active in a quick moving state, fig.4 (f) and (g). 

Fig.6 shows the result after landslide happened, we could 

see that the velocity of the landslide decreased rapidly, the 

velocity of most of the part on the landslide is below 1 

meter/month, while the bottom of the landslide still in a 

velocity about 4 meter/month. 

In Chongqing region, 9 scenes ALOS-2 SAR data are used 

and the image acquired in November 2017 is selected as 

the master image. Fig.7 shows the baseline distribution of 

the images, the whole period is about three years of the 

acquired ALOS-2 dataset, and the maximum perpendicular 

baseline is about 300 meters. Generally speaking, the 

spatial and temporal baseline distribution is relatively 

uniform, but the data volume is small. 

 

 

 

(a) 

(c) 

(b) 

601



 

 

 

 

Fig. 4 The velocity before landslide per month in Baige 

landslide. (a) 20141006-20141215 (b) 20150727-

20151005 (c) 20151214-20161212 (d) 20161003-

20170724 (e) 20170724-20171124 (f) 20170724 -

20180528 (g) 20170724-20180723. 

 

 
 

 

Fig. 5 3D view of the velocity field 20170724-20180723. 

 

 

 

(d) 

(e) 

(g) 

(a) 
(f) 
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Fig. 6 The velocity after landslide per month in Baige 

landslide. (a) 20181224-20190527 (b) 20190527-

20190722 

 

Fig. 7 The baseline distribution of the ALOS-2 images 

acquired in Chongqing area. 

 

Fig. 8 The SBAS deformation results around 

Chongqing City, where the area is relatively stable 

without large area subsidence. 

 

 

Fig. 9 The enlarge image of the middle region in the 

central area of image. 

A total of 72 SAR interferogram pairs can be formed by 

using 9 scenes SAR images, some of which are of low 

quality, and 30 of which have high quality are retained after 

selection. To a certain extent L-band SAR can keep good 

coherence within ground changes in 2 to 3 years. During 

the process we found that although the accuracy of the orbit 

data is ok, due to the large time interval of the provided 

orbit data, it is easy to be unstable in the process of 

interpolation, which is easy to cause errors of the orbit, 

which has a certain impact on the unwrap. As the terrain in 

this area is not flat, it is not convenient to carry out the 

analysis of orbital characteristics, which may be considered 

in the later work. 

The whole area of the image coverage is about 60 km 

south-north and 60 km east to west. On the whole, the 

situation of the whole region is relatively stable. There are 

5 obvious surface movement areas, and the movement rate 

is basically within 3 centimeters per year. 

Fig. 9 is an enlarged image of two deformation regions in 

the central region. The deformation region on the right is 

located in JiangYin village. This sliding region is mainly 

located on a relatively large terrace with an area of about 

0.5 square kilometers. The left deformation area is 

XianYing village, we found that the topography in this area 

is flat and with an altitude difference of about 100 meters, 

it may not cause rapid movement and disaster. 

 

 

Fig. 10 The baseline distribution of the ALOS-2 

images acquired in Danba area. 
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In Danba region, 16 scenes ALOS-1 SAR data are used to 

obtain the land movement information. Fig.10 shows the 

baseline distribution of the images, the whole period is 

about three years of the acquired ALOS-1 dataset, and the 

maximum perpendicular baseline is about 3500 meters.  

 

 

Fig. 11 The enlarge image of the middle region in the 

central area of image. 

Considering the Danba area has dense woods, the 

decorrelation effect is series. Two methods are used when 

handle the dataset in Danba region for the experiment, the 

SBAS and DS method. Fig.11 (a) shows the results of 

SBAS method, the maximum velocity in this area is about 

12 cm/year, which locate in the bottom of the bank which 

close to the Dadu river. Compared with the SBAS method, 

the DS method could identify more candidate points. But 

we could see the trend of the results are almost the same. 

At the meantime we obtain some C band SAR dataset, the 

result shows fewer stable points in such dense wood area 

due to shorter wavelength. 

 

 

5. CONCLUSIONS 

 

In this study, we used time series SAR to monitor land 

movement of Baige, Chongqing and Danba area. Baige 

landslide has a quick movement so a pixel-track method is 

used, the results shows the land movement velocity 

increased very quickly pre the landslide happened. The 

Chongqing is a mountain city, where the terrain is 

complicated and the elevation error is large, we found that 

the land subsidence in this area is not obvious, however 

there exists a few areas with slow subsidence, the 

deformation area needs further observing in the later works. 

In Danba landslide area, the land movement is relatively 

slow than that of Baige, SBAS and DS methods are used to 

obtain the slow movement of this area, and both gives 

detailed information. In general, L-band radar data can be 

used to obtain better results not only in mountainous areas, 

but also in non-urban areas.  
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1. INTRODUCTION

Tropical deforestation has been a substantial issue, 

occurring throughout the world with the largest is in 

Brazil and secondly in Indonesia [1]. Natural and 

anthropogenic factors contribute to the dynamics of 
forest areas and their surroundings. The natural events 

have fairly incomparable impact to human factors. 

Conversion of the forest areas have been motivated by 

economic reasons such as for developing agriculture and 

plantations.  

Land cover change of forests begins at any place with 

any rate, however according to Verburg, et al. [2], forest 

fringe is the ‘hot zones’ of deforestation. Following the 

definition of Olsson [3] about urban forest fringe as 

forest situated at the border of a city, a forest fringe can 

be defined as the edge of forest region or a meeting place 
of forest and other land covers/uses. The rate and place 

may characterize the process and driving factors. For 

instance, the non-forest regions in the surrounding are 

likely to have a more intensive human activity. A 

conversion related to mining industry can be placed at 

any location depends on the location of the deposits. This 

industry may alter forest cover in the middle of forest or 

near the boundary. The process would occur in a massive 

area with somewhat a faster rate of alteration. A naturally 

driven change may be occurred randomly but predictable 

in terms of location.  For instance, landslide may happen 
in steep areas or located nearby intensive uses. On the 

other hand, tsunami which washed away beaches of 

Aceh, Indonesia cannot be predicted, but the vulnerable 

area may be estimated [4]. 

Literature survey indicates that trajectory analysis has 

been less developed for change detection compare to 

other principles. Majority of current remote sensing 

change detection has been focused on bi-temporal or 

multi-temporal data [5]. The bi-temporal technique relies 

on the classification algorithms which categorize the raw 

data at the first step before analyzing the change. On the 
other hand, the trajectory analysis focuses on the 

temporal sequence and the dynamic of changes [6]. Thus, 

frequent observation is essential and analysis should not 

rely on categorization. Instead, indices or other form of 

quantitative data are utilized to develop the series. 

In monitoring tropical forest areas, SAR has been 

acknowledged as one of primary sources due to its 

operation at space-borne platform. The main purpose of 

SAR uses is to map forest cover, either individually or in 

data fusion framework with optical data. Fusion of 

optical and microwave data was found advantageous for 

land cover mapping [7]. Moreover, Hess et al. [8] 

showed the use of JERS-1 data to map tropical vegetation 

in lowland Amazon along with its disturbance. However, 

the employment of time series technique on radar data to 

monitor the dynamics of cover change is fairly rare, if 
any. 

With very few studies focusing on the issue, gaps remain 

in monitoring land cover at the dynamic part of forest 

region. Incomplete understanding on the application of 

time series of SAR data to monitor the dynamic areas of 

tropical forests requires a thorough study. This research 

attempts to minimize the gap through examining the 

capabilities and limitations of time series radar data and 

comparing several techniques of time series 

decomposition in exploring land cover trajectory. 

2. AMENDING TEXTURES ON ALOS

BACKSCATTER TO DETECT SUBTLE CHANGE 

AT THE SURROUNDING NATIONAL PARKS 

A strategy of feature fusion was attempted to improve 

detectability of changes in the surrounding forests area 

devoted to national park. The amendment was adding 

some features derived from texture analysis of HH and 

HV of data backscatter. The resilience of the park was 

sound, thus sensitivity-improved technique or strategy is 

required. Considering the availability and quality of 
ancillary data, the research site was shifted from the plan 

to the surrounding national park of West Java, namely 

Halimun Salak National Park (TNGHS). ALOS Fine 

Beam Dual (FBD) mode of Phased Array type L-band 

Synthetic Aperture Radar (PALSAR) was used to 

identify changes between paired datasets and to 

investigate the effect of synthetic data amendment on 

improving classification accuracy. A pair of images 

acquired on 20 August 2007 and 28 August 2010 were 

used for change detection analysis. Additional datasets 

included Shuttle Radar Topography Mission (SRTM) 

Digital Elevation Model (DEM) 1 arc second and several 
ancillary data, forest and plantation mapping from the 

regional state-forest company (PT Perhutani), the map of 

TNGHS from the Ciliwung river basin office (Balai 

Besar Daerah Aliran Sungai Ciliwung), and historical 

Google Earth images.  

This research implemented an iteratively reweighted 

multivariate alteration detection, and several machine 

learning techniques for classification, including Bagged 

CART (CAB), ELM Neural Network (ENN), Bagged 
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MARS (MAB), Regularised Random Forest (RRF), 

Rabdom Forest (RFO), Support Vector Machine (SVM), 

Xtreme Gradient Boosting Tree (XGB). Four data 

combination were examined, i.e. original dual layers of 

polarisation, original layers + radar vegetation index, 

original layers + decomposition entropy alpha, and 

original layers + textures (mean and variance).  A 

number of twelve layers were assessed their contribution 
to the accuracy by examining variable importance.  

 

Fig. 1 Comparing accuracies, false and missed 

detections between differencing and IRMAD for 

binary change result 

 
Fig. 1 suggests that differencing technique for several 
coefficient of standard deviation reached a faster 

maximum accuracy, but declining slightly deeper 

afterwards compared to IRMAD. Similar pattern 

observed on decaying the false and missed detection, 

where various experiment on consecutive coefficient of 

standard deviation dropped quicker in differencing than 

IRMAD. Meanwhile data amendment seems improving 

the accuracy of classifiers, particularly when textures 

were added. Fig. 2 shows the improvement of accuracies 

by features fusion on various experimented amendment. 

 

Fig. 2 Comparing the accuracies of original and four 

features fusion on dual layers of backscatter for year 

2007 and 2010 

 

The identification of important layers to improve 

accuracies was a common investigation in machine 

learning.  Fig. 1 shows variable importance derived from 

related techniques. 

 

Fig. 3 Variable importance derived from all related 

techniques for year 2007 and 2010. Notes names of 

variables (layers) for X-axis: CP-α=Alpha, CP-A= 

Anisotropy, CP-H=entropy; HH=horizontal-horizontal 

backscatter, HV=Horizontal-vertical backscatter, 

I_DIV=index differencing, I_RAT=index ratioing, 

I_RVI=Radar vegetation index, TH_M=Texture (mean) of 

HH, TH_V=Texture (var) of HH, TV_M=Texture (mean) 

of HV, and TV_V=Texture (var) of HV. 

It seems that similar variables importance was generated 

for both years.  Nonetheless there are differences of what 

being important for differing techniques as illustrated in 

[9].  

Another finding related to this experiment was the 

different accuracy generated by different classifiers.  

Among seven classifiers, it appeared that random forest, 

either the original or regularised one followed with 

extreme gradient boosting tree and bagged CART 
produced the highest accuracy of classification. As 

suggested by [10], fine tuning as well as sampling 

strategies or cross validation contributed significantly to 

improve the accuracy of classifiers.  

Finally, it was concluded that combining IRMAD and 

robust classifiers were potential to identify subtle change 

related to maturing or changing vegetation.  

 

3. COMBINING SERIES OF MODIS AND 

SELECTED ALOS AVNIR TO IDENTIFY RICE 

GROWTH PHASES 
 

It has been known that cropping systems vary across time 

and space, hence frequent monitoring over broad areas is 

required. Generally, the fringe of forest in Indonesia is 

partially cultivated for cropland particularly the 

Indonesian staple-food, paddy.  Understanding the 

growth phases of paddy field are therefore essential for 

monitoring areas to inform the stages of production.  

This experiment explored the potential of combining 

series of medium-coarse optical images with high 

resolution data for monitoring paddy field areas. MODIS 

data was used to identify the stages of plot while ALOS 
AVNIR-2 were utilized to map rice growth stages. The 

indication of growing stages was identified by 

employing X12-ARIMA to decompose time series 

NDVI, and five classifiers was employed for mapping 

the growth stages. Maximum Likelihood representing a 

conventional classifier was compared with some 

decision tree algorithms, namely Classification Rule 

with Unbiased Interaction Selection (CRUISE) and 
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Quick, Unbiased, Efficient, Statistical Tree (QUEST); 

neural network (NN); and support vector machine 

(SVM) to map rice growth stages.  

Due to availability and suitability of ground data, the 

experiment was located at seed-producer fields in 

Subang Regency. In this research, all algorithms were 

executed on atmospherically uncorrected ALOS 

AVNIR-2 imagery dated 30 June 2009. The ground data 
were taken from plots of PT Sang Hyang Seri (SHS). The 

size of every plot was 50 m wide, with various lengths 

depending upon irrigation networks and micro relief. 

Training and testing sites were identified from the result 

of time series decomposition analysis verified by PT 

SHS ancillary data. Plots of training and testing samples 

were taken separately to avoid over fitting. The 

performance of classifiers was assessed based on training 

samples for rules building, then examining the accuracy 

based on testing data. 

The result presented in Fig. 4 that decomposition of 
NDVI time series derived from MODIS was able to 

indicate growth stages.   

 

Fig. 4 The decomposition of four samples taken from 

different stages of rice growth.  From top to bottom 

original, trend, seasonal and irregular series of average and 

maximum NDVI (a,b) and average and maximum EVI (c,d)   

The accuracy of classification employing ALOS 

AVNIR-2 from those five classifiers were presented in 

Figure 5. 

 

Fig. 5 The accuracy of five classifiers, including CRUISE, 

QUEST, Maximum Likelihood, Neural Network and 

Support Vector Machine to map rice growth stages 

Figure 5 shows that maximum likelihood performs better 

for small classes, but decreases significantly by 

additional classes. Similar pattern was observed for 

CRUISE.  The least reduction of accuracy was generated 

by SVM.  Moreover, it was indicated that even maximum 

likelihood resulted higher accuracy for small classes, it 

remained problematic in terms of matching with spatial 

distribution of the ground truth.  Figures 6 showed 

resulted maps by all algorithms. 

 

 

Fig. 6 The map of rice growth stages for 3 classes (top), 4 

classes (middle), and 5 classes (bottom) for five classifiers 

from left to right: CRUISE, QUEST, Maximum 

Likelihood, Neural Network, and Support Vector Machine 

Several points were discussed in [11], including (1) the 

need to consider cultivars for mapping rice growth stages 
particularly to differentiate between local and hybrid 

cultivars, (2) comparing experimented algorithms with 

recent classifiers might be required to get the most 

suitable ones for generating better accuracy, (3) apart 

from accuracy assessment, comparing spatial 

distribution is essential for getting the most suitable 

accuracy for mapping purposes.  

 

 

4. COMPARING TIME SERIES SCAN-SAR 

BACKSCATTER AND MODIS NDVI FOR 

UNDERSTANDING THE DYNAMIC OF FOREST 

FRINGE 

 

The last experiment was to compare the performance of 

ALOS Scan-SAR and MODIS NDVI to describe the 

dynamic of forest fringe. Additional exploration by 

employing Landsat images were performed to 

understand general trajectory pattern. The research site 

was the same as the first experiment, at Halimun Salak 

National Park. We examined different land cover types 

sampled from surrounding national park.  

 
Figure 7 describes the trajectory of two bundles of data 

transformation, i.e. (a) tasseled cap (brightness, 

greenness, and wetness), and (b) indices (NDVI, NDWI 

and BI), derived from Landsat taken from four points 

location.  
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Fig. 7 Trajectory of indices grouped into two bundles, i.e. 

tasseled caps (top) and indices (bottom) taken from four 

locations 

It seems that the performance of six different indices 

response distinctively.  Further information would be 

observed and collected to relate the variability of the 

indices and then associated phenomena with the ground. 

Furthermore another sample was also taken to describe 

temporal pattern of ScanSAR backscatter and MODIS 
NDVI in depicting four land cover types, including 

forest, oil palm, paddy and rubber plantation as shown in 

Figure 8. 

 

 

Fig. 8 Comparing the trajectory of Sigma0 derived from 

ALOS ScanSAR (top) and NDVI of MODIS (bottom) for 

four land cover types, i.e. forest, oil palm, paddy and rubber 

plantations found in the surrounding national parks 

Since MODIS acquisition is more frequent than 

ScanSAR the fluctuating graph were slightly different. 

Nonetheless, similar pattern was indicated.  The range 

value of backscatter for paddy fields seems greater than 

other land cover. In contrast, the range value of sigma0 

for oil palm plantation appears the smallest. Further 

investigation on the relationship between trajectory 
pattern and agricultural activities at surrounding national 

parks would be performed. Moreover, several time series 

techniques for examining the pattern would also be 

explored to select suitable one for understanding the 

phenomena. 

 

 
5. OUTLOOK 

 

Two experiment for investigating land cover dynamic at 

the surrounding forest fringes were conducted.  The first 

experiment regarding data amendment showed that 

feature fusion may improve the accuracy of classification 

and enhance the capability to identify subtle changes. 

The second experiment needed a further ground 

observation to relate temporal pattern depicted by long-

term trajectory of indices. Moreover, relationship 

between sigma0 derived from ScanSAR, NDVI and 

ground data should also be explored accompanying the 

exploration of suitable time series techniques for better 
understanding.  Additional experiment to investigate rice 

growth was performed to explore the strategy of mapping 

growth stages by combining high resolution data and 

time series of medium to coarse resolution of optical 

imageries.   
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1. INTRODUCTION

Methods of earth observation and geospatial analysis are 

increasingly being used in humanitarian action, for 

example for the extraction of dwellings and informal 

settlements, the localization, and the monitoring of natural 

resources, as well as the assessment of hazards and threats 

to the people in need [1]. However, while optical data is 

already used by both researchers and humanitarian 

organizations, the potential of using synthetic aperture 

radar (SAR) data is still widely neglected [2]. This has 

several reasons: Firstly, the information content of radar 

data is different from optical images and its visual 

interpretation is less intuitive, especially to non-experts [3]. 

Secondly, the preprocessing and information extraction 

requires different approaches which are not yet established 

in the humanitarian domain [4]. Lastly, only a small 

number of case studies existed before the year 2015 as best 

practice examples [5–7] which foster scientific discourse 

and the development of further methods. 

This project dealt with the provision of information 

products derived from ALOS PALSAR-2 imagery to assist 

decision making, mission planning and the provision of 

goods and medical services within humanitarian work. The 

cases were developed in close collaborations with 

humanitarian NGOs, such as Médecins Sans Frontières 

(MSF), the International Committee of the Red Cross 

(ICRC), SOS Children’s Villages, or Groundwater Relief.  

While the initial aim of the project was to combine optical 

and radar data (as implied in the title), the scope was 

widened within the works because of two reasons:  

1. Integration of optical data might allow the derivation

of information at higher accuracies, but also increases

the dependence for cloud-free images. For quicker

reaction in cases of emergencies, approaches based on

radar data alone were developed.

2. Thematically, approaches beyond the simple scope of

land-cover mapping were developed, which were

tailored to the needs of the humanitarian NGOs, as it

will be shown in the following.

All work was conducted within the research projects 

EO4HumEn and EO4HumEn+ funded by the Austrian 

Research Promotion Agency FFG) within the Austrian 

Space Applications Programme (ASAP 9 Nr. 840081 and 

ASAP 12 Nr. 854041). The results of studies where ALOS-

2 data were involved will be shortly presented in the next 

chapters followed by a list of publications. Furthermore, a 

dissertation was completed by the author in 2019 

containing many of the presented results [8] which is 

openly accessible here: http://hdl.handle.net/10900/91317 

2. MAPPING OF SETTLEMENTS

As the spatial resolution of ALOS-2 imagery is not 

sufficient to delineate single buildings, an approach to 

predict the building density in Maiduguri was developed, a 

city in northwestern Nigeria which was reportedly affected 

by the influx of thousands of refugees seeking shelter from 

the ethnical conflicts in this region [8]. Only around 40 % 

of the city’s area were covered by the openly accessible 

building footprints of the OpenStreetMap (OSM) dataset 

(Figure 1, black hexagons). These were used to train a 

random forest classifier, both on a single-polarization 

image at a spatial resolution of 3 m (SM1) and also a quad-

pol image at a spatial resolution of 6 m (SM2). For SM1 

data image textures were calculated to increase the feature 

space. For SM2 data polarimetric decompositions were 

used respectively, so that both approaches were based on 

126 SAR features and a TanDEM-X digital surface model. 

Fig. 1 Dwelling density in Maiduguri, Nigeria 
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The accuracy of the classifier was assessed using randomly 

selected validation areas which were excluded from the 

training. For both SM1 (Figure 2 red) and SM2 (Figure 2 

blue), an R² of 0.96 was achieved, which allowed to predict 

the dwelling density in areas not covered by OSM 

buildings as shown in Figure 1.  

 

 

Fig. 2 Prediction accuracies of dwelling density 

 

Another study was conducted using ALOS-2 imagery to 

monitor the environmental degradation around the refugee 

camp of Kutupalong in Bangladesh after the heavy influx 

of refugees of the Rohingya minority since the middle of 

2017[9]. Eleven pairs of ALOS-2, Sentinel-1 images were 

combined to create a land cover map of the area based on 

radar filter products and polarimetric parameters. Spectral 

indices retrieved from Landsat data (e.g., NDVI, MNDWI, 

or NDBI) were used to delineate independent and objective 

training areas for the supervised classification. This 

allowed to predict the spatial distribution of the most 

important land cover classes based on radar information of 

all eleven dates (Figure 3). The results show the expansion 

of the camp area and how it led to a decrease of the natural 

forest areas, including the Teknaf Wildlife Sanctuary. 

Overall accuracies were assessed using independently 

collected reference areas and ranged between 88.2 % and 

94.4 %. Comparisons with other studies in this area showed 

a large agreement regarding the expansion of the camp 

[10]. Lastly, a feature importance assessment was 

conducted which showed that VH, VV, and HH features 

were the most important for the classification, but also 

combined measures, such as the Radar Vegetation Index 

(RVI), the Cross-polarized magnitude (LK) and the Radar 

Forest Degradation Index (RFDI) had a significant impact 

on the classification result. The assessment also showed 

that polarimetric parameters calculated from large kernel 

sizes (25 and 49 pixels) were more important than small 

kernels. The results helped to gain a higher understanding 

on camp dynamics in the area.   

 

Fig. 3 Land cover change in Kutupalong, Bangladesh 

 

3. ENVIRONMENTAL MONITORING 

 

ALOS-2 data were used to investigate subsurface 

structures around the city of Kidal in Western Mali which 

is affected by a retreat of groundwater output. To support 

the drilling of new boreholes for groundwater extraction a 

hydrogeological reconnaissance map [11] was created 

which used the penetration capabilities of L-band SAR into 

the dry and sandy materials, revealing the extent and depth 

of the wadis and the presence of geological faults which 

indicate the presence of groundwater (Figure 4). Using this 

information, the groundwater storage capacity of the wadis 

was estimated, as well as the recharge potential of 

736,144 m³ per year. In the end, two new drilling sites 

were recommended for the extraction of new water [8].  

 

 

Fig. 4 Subsurface structures in Kidal, Mali 
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To assess the environmental impact of the refugee camp of 

Djabal (Chad), a series of annual landcover maps was 

generated from ALOS-2 data (Figure 5, left side). Experts 

were consulted to assign weights to the land cover classes 

(soil, urban, rock, grassland, shrubland, and forest) 

regarding their importance for ecosystem integrity and 

human wellbeing. Based on these weights, an index of 

resource depletion was calculated for hexagon cells with a 

diameter of one kilometer so that a final value of resource 

depletion can be calculated for each time increment and the 

entire period (Figure 5, right side). Results showed that 

changes occurred at different spatial and temporal scales 

and that no clear evidence exists that the refugee camp is 

responsible for a significant resource depletion [12].  

 

 

Fig. 5 Radar index of resource depletion (NRDw) 

 

As one main source for firewood and construction 

materials, the spatial distribution of aboveground biomass 

(AGB) and its temporal dynamics are an important aspect 

of humanitarian work. ALOS-2 data (Wide Beam) were 

combined with ENVISAT ASAR images (Wide Swath) 

and passive radar imagery of the Special Sensor 

Microwave Imager (SSM/I) analyze relationships between 

their signal and AGB measurements collected over large 

parts of Senegal (Figure 6, black markers). While single 

image products had little correlations with the AGB values, 

combinations of C-band and L-band, and especially with 

passive radar data resulted in regressions high prediction 

accuracies. Different realizations are shown in Figure 6. 

The study concludes that combinations of ALOS-2, 

ENVISAT and passive radar data help to achieve accurate 

and nation-wide AGB predictions [13]. 

 

 

Fig. 6 Subsurface structures in Kidal, Mali 

4. SUMMARY 

 

Thanks to the provided access to ALOS-2 data within the 

Research Announcement 6 (PI 3059), the use of radar 

imagery for humanitarian action was successfully 

demonstrated. Applied to other sensors [14, 15]. These case 

studies are not only a suitable foundation for a future 

scientific discourse, but also foster the establishment of 

radar data within humanitarian organizations in general and 

the collaboration of both NGOs and academia [16].  
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1. INTRODUCTION

Change detection and disaster damage assessment are one 

of promising applications by synthetic aperture radars [1], 

[2]. It may be relatively easy to detect large-scaled surface 

changes and variations from SAR images. However, as for 

small-scaled ones, L-band SAR’s performance is unclear. 

This study focuses on small-scaled change detection by 

ALOS-2 PALSAR-2. We try to detect long-term and short-

term changes over urban areas to evaluate an ability to 

monitor the development using polarimetric backscatter 

intensities. 

2. URBAN DEVELOPMENT DETECTION

ALOS-2 polarimetric dataset consists of 4 complex 

backscatter components, HH, HV, VH and VV (for 

example, HV means horizontal polarization transmit and 

vertical polarization receive). In this study, following 

intensities were used. 

𝑃+ = 〈|𝐻𝐻 + 𝑉𝑉|2〉 (1) 
𝑃− = 〈|𝐻𝐻 − 𝑉𝑉|2〉 (2) 
𝑃𝑥 = 〈|𝐻𝑉 + 𝑉𝐻|2〉 (3) 
𝑃𝑡 = (𝑃+ + 𝑃− + 𝑃𝑥) 2⁄ (4) 

  means an assemble averaging. P+, P− and Px are derived 

from Pauli-scattering vector, and Pt is the same as the total 

intensity (|HH|2+|HV|2+|VH|2+|VV|2). Our first method 

was simply thresholding a difference of the backscatter 

intensity between two datasets taken at different times. 

The first method to detect moderate-scale changes was as 

follows. 

a) Target sites

Olympic/Paralympic village, Former Tsukiji fish market

and National stadium. These sites are located in 

metropolitan Tokyo and drastically changed in moderate 

scale from 2015 to 2020. 

b) Observation dates of used datasets

Aug 2015, May 2016, Aug 2017, Aug 2018, Aug 2019

and Aug 2020. The dataset of 2015 was taken as basis for 

detection. 

c) Observation specs.

Quad-polarizations, ascending orbit, 25 degrees off-

nadir angle, and typical pixel size on the ground is 3 m in 

azimuth and 6 m in rage. 

d) Bias correction

A difference of backscatter intensities between 2

observations from the same scatterers is not always zero. 

The mean difference over a large area having no change is 

biased at different values data pair by data pair. Therefore, 

the bias over the scene is subtracted from the difference 

scene before thresholding. 

e) Threshold level selection

Four threshold levels, 3.5 dB, 4.0 dB, 4.5 dB and 5.0 dB

were compared. Backscatter intensity generally differs due 

to either change, land cover change or backscatter state 

change by the same scatterer. Even by 5.0 dB, there were 

some change detections in Tokyo bay, which means a 

backscatter state change. Our concern is land cover change 

detection in urban areas, not backscatter state change 

detection. We chose the threshold level 4.0 dB after visual 

evaluation of a balance of commission and omission errors. 

f) Minimum detected cluster size

To detect urban development changes, clusters of less

than 9,000 m2 were rejected. 

g) Results

Fig. 1 shows change detection results of the area

containing Olympic/Paralympic village and former Tsukiji 

fish market sites using the total intensity. Sea water spreads 

at the upper right of Olympic/Paralympic village, where 

white and black changes are irregularly detected due to 

(a) (b) (c) 

(d) (e) 

Fig.1 Change detection result using the total intensity 

change for Olympic/ Paralympic village (red circle) and 

former Tsukiji fish market (blue rectangle) sites 

applying the threshold level 4 dB. Each image covers 

about 5 km by 5 km area. Range direction is from right 

to left, and azimuth direction is from top to bottom. 

Changes from 2015 to (a) 2016, (b) 2017, (c) 2018, (d) 

2019 and (e) 2020 are depicted respectively. White, gray 

and black in each image mean that the total backscatter 

change is over 4 dB, between -4 dB and 4 dB and below 

-4 dB respectively.
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backscatter state changes. Olympic/Paralympic village site 

was a vacant lot in 2015. An intensive building 

construction work started in 2017, and almost completed in 

2019. The progress appears in white (over 4 dB backscatter 

intensity change from 2015) in Fig. 1. Former Tsukiji fish 

market existed until October 2018. The demolition and 

removal of buildings started then, and it completed in July 

2020. The progress appears in black (below −4 dB 

backscatter intensity change from 2015) in Fig. 1. The site 

seems parking lot by the Google Earth image in April 2020. 

    Fig. 2 shows time series variation of four average 

intensities (1) to (4) from two sites. There looks no 

apparent difference among 4 backscatter intensity. 

    Fig. 3 is time series variation of four average intensities 

of the National Stadium site. The site was a vacant lot in 

August 2015 after the old stadium was tore down. New 

stadium construction started in December 2016, and it 

completed late in November 2019. There looks no apparent 

difference among 4 backscatter intensity as well as Fig. 2. 

During construction, the backscatter intensity clearly 

increased. After completion, it returned to the same level 

of a vacant lot. This is probably because the stadium is a 

large dome structure of about 350 m by 260 m, about 47 m 

height. 

 

3. LOCAL AREA CHANGE DETECTION 

 

We are more interested in detecting land cover changes of 

local city areas. To prevent detecting backscatter state 

changes from the same scatterers, the following two 

methods were tested. 

•  Masking error-prone areas method 

•  Using neural network method 

These two methods were as follows. 

a) Target sites 

Ohbu city area site and Hirabari area site in Nagoya city, 

where house building is prospering in recent years. Both 

sites cover 4.4 km bay 2.9 km areas, and there exist 

agricultural fields, forests, factories and shopping facilities. 

b) Observation dates of used datasets 

Aug 2015 and 19 Aug 2016. The dataset of 2015 was 

taken as basis for detection. 

c) Observation specs. 

Quad-polarizations, ascending orbit, 28 degrees off-

nadir angle, and typical pixel size on the ground is 3 m in 

azimuth and 5 m in rage. 

d) Used backscatter intensity 

    Polarimetric three intensities P+, P− and Px are used. 

    Details and results of the two methods are described in 

sections 4 and 5 respectively. 

 

4. MASKING ERROR-PRONE AREAS 

 

Preliminary analysis was done for the Ohbu city site using 

simple thresholding backscatter intensity changes, and the 

threshold levels 4.0 dB, 4.5 dB and 5.0 dB were compared. 

In addition, detected clusters of less than 5 pixels (about 75 

m2) were removed to reduce an influence of speckles.  By 

 
(a)  (b) 

 
(c)  (d) 

 

Fig. 2 Time series variation of average (a) P+, (b) P−, (c) 

Px and (d) Pt of the Olympic/Paralympic village (Orange 

lines) and former Tsukiji fish market (blue lines) sites. 

 

 

 
(a)  (b) 

 
(c)  (d) 

 

Fig. 3 Time series variation of average (a) P+, (b) P−, (c) 

Px and (d) Pt of the National Stadium site. 
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an increase of the threshold level, however the total 

detection numbers decrease, detection accuracy evaluated 

using Google Earth increases. Preliminary analysis showed 

that error detections tend to often happen in agricultural 

fields and parking lot of factories and shopping facilities. 

Backscatter intensity of agricultural fields surely changes 

depending on whether there are crops or not, or stages of 

crop growth. The latter probably changes depending on 

whether there are parking cars or not, and its arrangement. 

    To detect big change of land cover, masking error-prone 

areas method was tested first. This method excludes error-

prone areas in advance. Google Earth (GE) or Land Use 

Control Back-up System (LUCKY) by Ministry of Land, 

Infrastructure, Transport and Tourism were referred to 

mask agricultural fields (GE and LUCKY) and parking lots 

(only GE) as error-prone areas. Table I shows the 

comparison of right and wrong detection numbers and 

accuracy in case of the threshold levels 4.5 dB and 5.0 dB. 

The results were derived by referring archived Google 

Earth images for only detected changes, so not-detected 

changes were not included. That means that omission 

errors are not considered. For bias correction, values of the 

bias are derived from not-mask area of the study sites. 

Therefore, the detection numbers were different among no 

mask, GE and LUCKEY cases. Table I shows that the 

masking error-prone area method improves detection 

accuracy by 5 % (GE) and 14% (LUCKY) as for Ohbu city 

area compared to the not-masking method. As for Hirabari 

area, detection accuracy is almost same between GE and 

LUCKY methods. Fig. 4 displays an example of change 

detection due to a residential house building whose area 

size is about 100 m2.  

 

5. USING NEURAL NETWORK 

 

TABLE I 

COMPARISON OF RIGHT AND WRONG DETECTION NUMBERS AND ACCURACY IN CASE OF THE 

THRESHOLD LEVEL 4.5 dB AND 5.0 dB. IN PARENTHRSIS, LEFT AND RIGHT NUMBERS SEPARATED BY / 

CORRESPOND TO POSITIVE AND NEGATIVE CHANGES OF BACKSCATTER INTENSITY RESPECTIVELY 

 

OHBU CITY SITE 
--------------------------------------------------------------------------------------------------------------------------------------------------  
 4.5 dB threshold 5.0 dB threshold 

----------------------------------------------------------------    ---------------------------------------------------------------- 
Case Right Detection Wrong Detection Accuracy(%) Right Detection Wrong Detection Accuracy(%) 
-------------------------------------------------------------------------------------------------- ------------------------------------------------ 
No Mask 39(33/26) 26(14/12) 60.0(702/33/3) 35(29/6) 19(13/6)  64.8(69.1/50.0) 

GE 46(37/9) 24(13/11) 65.7(74.0/45.0)  34(28/6) 15(9/6) 69.4(75.7/50.0) 

LUCKY 35(27/8) 9(5/4) 79.5(84.4/66.7) 29(23/6) 8(4/4) 78.4(85.2/60) 
------------------------------------------------------------------------------------------------------------------------------ -------------------- 
 

HIRABARI SITE 
--------------------------------------------------------------------------------------------------------------------------------------------------  
 4.5 dB threshold 5.0 dB threshold 

----------------------------------------------------------------    ---------------------------------------------------------------- 
Case Right Detection Wrong Detection Accuracy(%) Right Detection Wrong Detection Accuracy(%) 
------------------------------------------------------------------------------------------------------------------------------ -------------------- 
GE 84(65/19) 38(26/12) 68.9(71.4/61.3) 65(52/13) 21(13/8) 75.6(80.0/61.9) 

LUCKY 89(67/22) 30(16/14) 74.8(80.7/61.1) 75(59/16) 21(12/9) 78.1(83.1/64.0) 
------------------------------------------------------------------------------------------------------------------------------ -------------------- 
 

   
(a) (b) (c) 

 

Fig. 4 An example of change detection due to a residential house building. (a) detection result. (b) a vacant lot on 24 

October 2016. (c) after building completion on 30 May 2017. (b) and (c) are Google Earth Images. 
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Generating the mask data requires much time and effort. 

To solve this problem, the method using an autoencoder 

neural network was tested. An autoencoder is a type of 

neural network to be used for anomaly detection [3], [4], 

and it requires only normal data for learning. To prepare 

normal data is easy, but abnormal data is not. Therefore, an 

autoencoder is a good selection for our purpose. In this 

study, the simplest form consisting of three layers (an input, 

a hidden and an output layer) was employed. The input 

images to an autoencoder were binary images whose value 

of 0 means that a backscatter intensity difference ranges 

from -15 dB to +15 dB, and value of 1 means that it less -

15 dB or over +15 dB. The whole scene was divided into 

the input images, and each size is 30 m2 (6 pixels by 10 

pixels). 12827 images from Ohbu city site were used for 

training (98.5 % of the site), and the trained data was used 

to detect changes as anomalies in both Ohbu city and 

Hirabari sites. Anomaly detection by pixel base was done 

applying a threshold a difference between the autoencoder 

input and output images. Three threshold levels, 0.10, 0.12 

and 0.15 were used. Table II shows the comparison of right 

and wrong detection numbers and accuracy among three 

threshold levels. The results were derived by the same 

manner as 4. Table II shows that larger the threshold level 

is, higher the accuracy is, and smaller the detection number 

is, and that there is little difference in accuracy between 

Ohbu city site and Hirabari site. The former is as same as 

the masking error-prone area method. The latter means that 

the trained data is applicable to other areas. Finally, 

accuracy by the using neural network method achieved as 

well as or better than the masking error-prone area method. 

 

6. CONCLUSIONS 

 

This study demonstrated performance to detect small-

scaled land cover changes by L-band polarimetric SAR. 

SAR signals change due to not only land covers but also 

states of scatterers. Two methods to prevent detecting 

scatterer state changes achieved equivalent performance. 

The method using neural network is still simple and can be 

improved. In this study, only commission errors are 

considered. Omission errors would be assessed in future 

work. A big stadium after completion is the example found 

in this study. 
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detection from ALOS/PALSAR data,” Full Papers 

International Symposium on Remote Sensing 2017, 

Nagoya, pp. 624-627, May 2017. 
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TABLE II 

COMPARISON OF RIGHT AND WRONG 

DETECTION NUMBERS AND ACCURACY BY 

THE AUTOENCODER NEURAL NETWORK 

METHOD 

 

OHBU CITY SITE 
------------------------------------------------------------------ 
Threshold Right Wrong Accuracy(%) 

Level Detection Detection  
------------------------------------------------------------------ 
0.10 56 19 74.7 

0.12 46 13 78.0 

0.15 35 5 87.5 
------------------------------------------------------------------ 
 

HIRABARI SITE 
------------------------------------------------------------------ 
Threshold Right Wrong Accuracy(%) 

Level Detection Detection  
------------------------------------------------------------------ 
0.10 46 21 78.7 

0.12 36 9 80.0 

0.15 26 5 83.9 
------------------------------------------------------------------ 
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MAPPING BUSH ENCROACHMENT AND WOODLAND ON A RAINFALL 
GRADIENT IN SOUTHERN AFRICA 

PI No.: 3236 
Casey M. Ryan 

School of GeoSciences, University of Edinburgh, UK. 

1. INTRODUCTION

Here we report on a range of work that we have been 
able to do with the valuable data made available as part of 
the ALOS-2 RA-6. This work covers several areas, and has 
led to one high profile publication in Nature 
Communications, two in revision papers, and several 
presentations to national government agencies. In addition, 
the data have also been used as part of the 2019 Refinement 
to the 2006 IPCC Guidelines for National Greenhouse Gas 
Inventories. 

Following option 1 for the report, here we summarize 
these outputs here, and provide copies of these outputs. 

2. MAIN OUTPUTS
Data obtained as part of ALOS-2 RA-6 was vital to the 

production of the following publication: 
1. McNicol, I. M., Ryan, C. M., & Mitchard, E. T. A. 

(2018). Carbon losses from deforestation and
widespread degradation offset by extensive
growth in African woodlands. Nature
Communications, 9(1), 3045.
https://doi.org/10.1038/s41467-018-05386-z

In this paper we used ALOS-1 and -2 data to map woody 
biomass over a large region of southern Africa, quantifying 
the woody biomass stocks and changes. The method 
development for this work required the use of the ALOS 
scenes provided by the RA-6. These data were used to 
establish the following relationship between ALOS 
backscatter and above ground woody biomass: 

Fig. 1 ALOS PALSAR backscatter - 
woody biomass calibration curve at three sites in the 

woodlands of southern Africa. Each point represents a 
field plot where woody biomass was estimated using 

biometric techniques. 

Using this relationship we were able to map biomass at 
large scales, across southern Africa. The biomass maps we 
developed here have been used in several publications, and 
ongoing work, including the following: 

2. Rozendaal et al (2021). Aboveground forest
biomass varies across continents, ecological
zones and successional stages: refinement of
IPCC default values for tropical and subtropical
forests. In revision at Env. Res. Lett.

The data are already published, and in use in the following 
publication: 

3. IPCC (2019), 2019 Refinement to the 2006 IPCC
Guidelines for National Greenhouse Gas
Inventories: Volume 4:  Agriculture, Forestry and
Other Land Use, Calvo Buendia, E., Tanabe, K.,
Kranjc, A., Baasansuren, J., Fukuda, M., Ngarize
S., Osako, A., Pyrozhenko, Y., Shermanau, P. and
Federici, S. (eds). Published: IPCC, Switzerland.

In addition, the biomass maps are used in the following 
publication, which is in revision: 

4. Tripathi et al (2021). Agricultural expansion in
African savannas – effects on diversity and
composition of trees and mammals. Biol.
Conservation. In revision.

The published outputs are attached to this report. 

2. PRESENTATIONS ETC
Alongside the published work, we have presented these 
methods to the national agencies concerned with forest 
monitoring, GHG assessment and reporting etc, in 
Mozambique, Zimbabwe, and Tanzania. This work is 
ongoing. The work has also been presented at multiple 
academic seminars, including as part of a new 
collaboration with Yamaguchi University (2021). 

3. NEXT STEPS
We aim to continue this work by combining more field data 
from across the dry tropics with ALOS PALSAR 1 and 2 
observations ongoing. Please see the SECO project website 
for more details: https://blogs.ed.ac.uk/seco-project/ 

5. APPENDIX
PDFs of the published papers are attached to this report. 
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COMBINATION OF PALSA-2 AND MULTISPECTRAL IMAGES FOR LAND 
COVER CLASSIFICATION 

PI No 3398 
Hasi Bagan 

Shanghai Normal University, China 

1. INTRODUCTION

The spatial and spectral heterogeneity of urban areas makes 
classification of land cover types a challenging process. 
This study highlights the joint use of multi-spectral 
Sentinel-2 imagery and fully polarimetric PALSAR-2 data 
to map 16 land cover categories, based on the Local 
Climate Zone (LCZ) scheme. Firstly, we combined 
spectral bands, scattering intensity data, decomposed 
components, and scattering parameters of the coherency 
matrix T3 into single datasets for land cover classification. 
Secondly, we investigated land cover discrimination of 
different datasets using the subspace classification method, 
compared to the Support Vector Machine (SVM) and 
Maximum Likelihood Classifier (MLC) methods. 
Comparing the classification overall accuracy (OA) using 
the subspace method shows that, 1) with the Sentinel-2 data, 
the OA was only 65.9%, 2) higher OA (71.9%) was 
achieved by adding four intensity images of PALSAR-2 to 
Sentinel-2, 3) the inclusion of decomposed components 
increased OA to 72.8%, and 4) the highest OA (73.3%) was 
achieved using all features. The classification results 
suggested that fully polarimetric imagery improves the 
discrimination capability of land cover classes, compared 
to using only multi-spectral data. Comparison of 
classification accuracy shows that the subspace method 
performed better than SVM and MLC, particularly using 
high-dimensional data with redundancy. 

2. COVER SHEET

Combining multi-spectral Sentinel-2 MSI imagery and 
fully polarimetric PALSAR-2 data benefits land cover 
classification based on the LCZ scheme in a dense urban 
area. Using dataset accounting for both physical and 
spectral information, combined by four scattering intensity 
images and multi-spectral bands, can substantially improve 
classification accuracy compared with the use of multi-
spectral bands alone. In addition, scattering parameters of 
the coherency matrix T3 (i.e., amplitude and phase) also 
contribute to land cover classification, especially for built-
up types. Target decomposition components (i.e., 
components derived from Cloude-Pottier decomposition 
method and Yamaguchi four-component decomposition 
method) contribute more to classification than scattering 
parameters of T3. Simultaneous use of target 
decomposition components, generated from different 

decomposition methods, yields higher performance in land 
cover classification, compared to their use separately. 
Our comparative analysis showed that the subspace 
method performed better than SVM or MLC when using 
high-dimensional dataset with data redundancy to 
categorize land cover. The subspace method is a promising 
classifier for complex urban areas using high-dimensional 
dataset, regardless of the curse of dimensionality.  
We have noticed that the combined optical and SAR 
imbalanced datasets can affect classification performance. 
In order to improve the accuracy of classification, we 
should adopt a data preprocessing method or choose an 
appropriate normalization method to deal with the 
combined imbalanced data set before the classification 
stage. 

Publications 

Yune La, Hasi Bagan, Yoshiki Yamagata. “Urban 
land cover mapping under the Local Climate Zone 
scheme using Sentinel-2 and PALSAR-2 data,” 
Urban Climate, 2020, 33. DOI: 
https://doi.org/10.1016/j.uclim.2020.100661. 

Chaomin Chen, Hasi Bagan, Xuan Xie, Yune La, and 
Yoshiki Yamagata. “Combination of Sentinel-2 and 
PALSAR-2 for local climate zone classification: A 
case study of Nanchang, China,” Remote Sensing, 
submit to Special Issue "ALOS-2/PALSAR-2 Calibration, 
Validation, Science and Applications" on Remote Sensing, 
https://www.mdpi.com/journal/remotesensing/special_iss
ues/alos_palsar 

Presentations 

Hasi Bagan, Yoshiki Yamagata, “Local climate zone 
classification using optical and PALSAR-2 data”, The 
Joint PI Meeting of JAXA Earth Observation Mission 
FY2019, January 20 - 22, 2020, Tokyo, Japan. 

Hasi Bagan, Yoshiki Yamagata, “Combination of 
PALSA-2 and multispectral images for land cover 
classification,” The Joint PI Meeting of Global 
Environment Observation Mission FY2017 (The 3rd 
ALOS-2 PI Workshop), January 22 - 25, 2018, Tokyo, 
Japan. 
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MULTI-FREQUENCY SAR TIME SERIES ANALYSIS FOR TROPICAL 

FOREST INVENTORY 
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Janik Deutscher, Karlheinz Gutjahr, Roland Perko, Hannes Raggam, Manuela Hirschmugl and 

Mathias Schardt 

Institute for Information and Communication Technologies, JOANNEUM RESEARCH 

Graz, Austria 

1. INTRODUCTION

Most tropical forest monitoring studies are based on high 

resolution optical remote sensing data. Today, forest 

monitoring with optical remote sensing data is operational 

at global level [1] and a first near-real time monitoring 

system for humid tropical forests based on Landsat 8 data 

(LS-8) has recently been operationalized [2]. For a 

comprehensive overview on forest monitoring with optical 

EO methods the reader is referred to a recent review 

publication [3].  

However, tropical forest monitoring with optical Earth 

Observation (EO) data is limited by two main factors: 

frequent cloud cover and rapid forest regrowth. These two 

factors make forest disturbance mapping a challenging 

task, as the number of available cloud free images is often 

not sufficient to detect all forest disturbances before forest 

regrowth. SAR systems have the advantage of providing 

cloud-free imagery of forests in the tropical regions with 

persistent cloud cover and SAR data acquisitions are 

independent from daytime. Both these issues result in 

higher acquisition rates compared to optical sensors. 

Currently, SAR based monitoring systems are not yet at the 

same operational level as systems based on optical data, 

which at least partly is related to limited SAR EO data 

access. This has changed with the launch of the Sentinel-1 

satellites. The emergence of new cloud computation 

facilities and ongoing developments of (open source) SAR 

tools for noise reduction, temporal filtering, co-

registration, polarimetric analysis, texture analysis and 

interferometric processing (e.g. ESA’s Sentinel-1 toolbox) 

will now allow to integrate SAR based workflows in 

operational forest monitoring.  

Here, we present a method for tropical forest monitoring 

based on the coefficient of variation and backscatter trend 

in multi-temporal SAR data stacks from three SAR 

sensors: C-band Sentinel-1, X-band TerraSAR-X and L-

band ALOS PALSAR-1. The method is tested at a humid 

tropical forest test site in the Republic of Congo. Our 

preliminary validation results demonstrate the potential of 

multi-temporal SAR data analysis for tropical forest 

monitoring. 

2. STATE OF THE ART

Forest change monitoring with SAR data is usually 

performed by measuring the SAR backscatter change over 

time. Recent studies that use this method for tropical forest 

monitoring are often based on L-band ALOS PALSAR 

data (e.g. [4], [5]). Some approaches also include 

coherence information to better differentiate forest from 

non-forest areas. Indirect approaches relate the backscatter 

signal to forest biomass using regional empirical regression 

models [6] and then calculate biomass changes over time. 

Other SAR based approaches use 3D information from 

radargrammetry to detect gaps in the forest canopy [7].  

There are a number of recent studies that argue in support 

of a combined use of SAR and optical data for forest 

monitoring [8]. Results indicate that a combined use can 

improve tropical forest monitoring for burnt area detection 

[9], assessing forest biomass [10], and for improved 

forest/non-forest mapping, deforestation and degradation 

monitoring [5], [11]. 

3. DATA AND TESTSITE

The test site is situated in the north of the Republic of 

Congo. The climate at the test site is tropical humid and 

characterized by an annual precipitation of 1600–2000 mm 

per year, with two dry seasons, one in June to August and 

a stronger one from December through to February. The 

area is dominated by humid tropical forests that cover over 

95% of the area. Open to very open Marantaceae forests 

cover the majority of the study area, but swamp forests 

occur along the rivers [12].  

The image data stacks used for the analysis consist of 

Sentinel-1 GRD IW dual-pol data, StripMap and ScanSAR 

Terra-SAR-X data and fine beam dual (FBD) ALOS 

PLASAR data. An overview of the image stacks is 

provided in Table 1.  

Final Report on the 6th ALOS-2 Research Announcement 

623



 
TABLE I.  OVERVIEW OF SAR DATA STACKS 

 

 

4. METHODS 

 

The proposed method includes a SAR pre-processing 

workflow and a forest change detection workflow. Forest 

change detection is based on the coefficient of variation of 

the SAR data stack and a trend component of the 

backscatter signal. The following sub-chapters explain the 

two workflows in detail. 

A. SAR pre-processing 

Prior to classification, the SAR data stacks were pre-

processed with Joanneum Research software RSG 

(www.remotesensing.at). The pre-processing workflow is 

illustrated in Figure 1.  

 

 

Fig.  1. Schematic illustration of the workflow; 

examplarily for Sentinel-1. 

 
First, images from all sensors were ingested and orbit 

parameters were updated. Images were then processed to 

gamma naught based on an SRTM DEM and a multi-

looking to 20m was applied. A modified Frost filter with a 

3x3 pixel window was used for reducing speckle noise. For 

each stack, the images were registered to a master image 

(first image of the stack). A multi-temporal filter (3x3 

window) was applied for further noise reduction. Each 

registered image stack was then analyzed by simple 

statistical methods resulting in the following statistics 

images: mean, minimum and maximum backscatter, 

standard deviation, coefficient of variation, mean of the 

first three images, and mean of the last three images. The 

registered image stack and the stack of statistics images 

were then orthorectified to 20m spatial resolution. 

  

B. SAR Forest Change Detection Workflow 

The forest change detection workflow is illustrated in 

Figure 2.  

 

 

Fig.  2.  Schematic illustration of the workflow. 

 

The workflow is based on a thresholding approach applied 

to the coefficient of variation of the entire stack. It is 

assumed that areas of forest cover change are characterized 

by high backscatter variation, similar to that of agricultural 

areas. For dual-pol data we calculate the mean of the 

coefficient of variation of both polarizations. This mean 

image is multiplied with the backscatter trend (mean 

backscatter of first three images subtracted from the mean 

backscatter of the last three images). The number of images 

used for estimating the backscatter trend can be modified 

based on the total number of images in the stack. A 

threshold value was used for separating changed from 

unchanged areas. The threshold value was computed based 

on reference plots from Sentinel-2, Landsat-8 and Spot-5 

data.  

sensor data type images time frame 

Sentinel-1 GRD IW VV/VH 11 16.04.2015-27.07.2016 

TerraSAR-X ScanSAR MGD 5 12.02.2016-23.06.2016 

TerraSAR-X StripMap MGD 6 21.04.2015-03.10.2015 

ALOS 

PALSAR 

FBD 6 04.07.2007-12.07.2010 
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We use a two stage threshold masking approach: an initial 

conservative threshold (85% of reference plots detected), 

and a more liberal threshold (95% of reference plots 

detected) which is only applied in a buffer of 50m around 

the first mask. The higher values in the buffered area 

should allow the inclusion of smaller features, e.g. selective 

logging patches near logging roads. Finally, non-forest 

areas were removed using a non-forest mask generated 

from Global Forest Watch and Humid Tropical Forest 

Disturbance Alerts data [1], [2]. 

 
Examples of the intermediate results from the two 

workflows are presented in Figure 3 based on the Sentinel-

1 image stack covering a time window of 15 months. Image 

a) shows the mean coefficient of variation of the Sentinel-

1 stack. Image b) shows the derived backscatter trend. 

Some areas show positive backscatter trends (likely an 

increase in vegetation), while some areas show a decrease 

in backscatter (loss of vegetation cover). In the combined 

product (image c), the areas with high variation and 

negative backscatter trend are well delineated. Forest 

changes are then classified based on a threshold approach 

(red area in image d). 

 

 

Fig.  3. Intermediate products and final map 

Sentinel-1 example: a) mean coefficient of variantion 

(VV and VH); b) backscatter trend; c) combined 

product of coefficient of variation and backscatter 

trend; d) S-1 disturbance map (red: mapped 

disturbances; black: non-forest areas are removed). 

 

 

5. RESULTS & DISCUSSION 

 

Three forest change maps were derived from the data 

stacks, one for each sensor. The two TerraSAR-X stacks 

were fused on a result level. The results were validated with 

two different approaches. For the first approach 50 forest 

change pixels are randomly selected from the three forest 

change maps, but only from plots larger 0.5 ha, which is a 

common MMU for deforestation. The limitation to 0.5 ha 

mostly eliminates commission errors, which are more 

frequent for SAR than for optical data due to speckle noise. 

All random pixels were validated based on optical time 

series data (Landsat-8, Sentinel-2, SPOT-5). All 

approaches show high accuracies for the change maps: 

75% for ALOS PALSAR, 96% for TerraSAR-X and 98% 

for Sentinel-1. The lower values for ALOS PALSAR seem 

to be related to the time window: the 6 images cover three 

entire years. The 9 months inter-image time intervals are 

too long to estimate a reliable backscatter trend. 

 

For the second validation we derived 445 change plots 

(20x20m) from visual interpretation of the HR optical time 

series reference. The reference forest change plots are 

classified according to their dominant disturbance feature. 

The results for the Sentinel-1 forest change map are 

presented in Table 2 and are compared the Landsat based 

Humid Tropical Forest Disturbance Alert Layer (HTFAL, 

[2]). The overall accuracy for the S-1 SAR forest change 

map is 81.8%, which is slightly lower than the Landsat 

based result with 85.6. Burnt forest areas and palm 

plantations show the highest accuracies. 

 

TABLE II.  SENTINEL-1 VALIDATION RESULTS AND COMPARISON 

WITH [2] 

Disturbance feature 

nr. of 

reference 

areas 

% 

detected 

by SAR 

% 

detected 

HTFAL 

burnt forest areas 223 88.3 91.9 

deforestation in oil palm plantation 12 100 100 

deforestation large > 1 ha 19 58.0 100 

deforestation small < 1 ha 118 78.9 78.9 

selective logging patches < 0.2 ha 7 14.2 14.2 

logging roads 66 75.6 75.6 

∑ 445 81.8 85.6 

    

∑ Non-fire disturbances  222 75.2 79.3 
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Fig.  4. Sentinel-1 SAR forest disturbance mapping 

examples compared with Landsat-8: a) and b) burnt 

areas; c) and d) forest changes in palm plantation. 

 
Figure 4 (top) shows an example for burnt area detection 

and for deforestation in an oil palm plantation (bottom). 

The burnt area extent corresponds well to that presented by 

[9]. Figure 5 compares the mapped forest changes of the 

HTFAL [2] with changes mapped by S-1 (red). The lower 

right image combines the mapping results of TSX 

StripMap data (blue) with the S-1 changes (red). The S-1 

image stack has no images between 4/2015 and 11/2015 

and TSX data can be used to fill the gap. 

 

6. CONCLUSION 

 

We present a method to analyze multi-temporal SAR data 

from three sensors for tropical forest monitoring. The 

method can be applied to different SAR data stacks and it 

provides reliable forest change detection results similar in 

accuracy to optical Landsat based maps. Future work will 

focus on a more detailed validation and on developing near 

real-time services. 
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Fig.  5. Two mapping examples with non-forest areas 

in black or white: a) first test site: Landsat based 

Humid Tropical Forest Disturbance Alerts from 

04/2015-06/2016 (Hansen et al., 2016); b) same area 

and time frame mapped by Sentinel-1; c) second test 

site: Landsat based Humid Tropical Forest 

Disturbance Alerts from 04/2015-06/2016 [2]; d) same 

area and time frame mapped by a combination of 

TerraSAR-X (blue, images from 04/2015-10/2015) and 

Sentinel-1 (red, images from 11/2015-06/2016) 
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1. INTRODUCTION

Changes in the environment has been one of primary 
targets for research and implementations. Timely 
monitoring is often needed to update current situation. 
With vast and diverse features in tropical environment, a 
challenge to present recent condition should involve 
Earth observing satellites. Varieties of sensors have 
contributed to this efforts. Nonetheless, frequent cloud 
cover and other atmospheric disturbance like haze and 
smoke limit the utility of multispectral data. 
Preliminary investigation showed that the disturbance 
was nearly evident in all Landsat datasets, including 
within dry season. This suggests that exploring Synthetic 
Aperture Radar (SAR) data is required to obtain 
information. Applications of SAR have extended to 
varieties of subjects, including forest and plantations. For 
the latter, SAR has been examined for investigating oil 
palm [1] and timber plantation [2]. Assessments in 
rubber plantations have also been conducted to estimate 
aboveground biomass [3] and, in a very limited case, the 
tree girth [4]. 
To extend current understanding about applications of 
SAR in tropical environment, the RA6-3004 attempts to 
exploit SAR for monitoring plantations, which are often 
seen as the primary outcome of tropical deforestation. 
The research began with the identification of plantations, 
estimating their stand age as the baseline for productivity 
estimation.  

2. MAPPING PLANTATIONS

Plantations are often reported being indistinguishable to 
natural forests. Diversity of forest types in the tropical 
regions further adds the challenge. Large scale 
plantations such as oil palms and timber (acacia) 
plantations have been identified using spaceborne SAR 
data, with or without data fusion mechanisms. Tree 
growth of Acacia, for instance, was the primary subject 
for SAR study to support sustainable timber plantation in 
Sumatera, Indonesia [5]. With the availability of fully 
polarimetric SAR data, an option to move forward 
exploiting widely developed decomposition theorems 
opens a new challenge to researchers.  
Fig. 1 presents an RGB composite consists of VV, VH 
and HH backscatter coefficients. The image suggests that 
rubber plantation in northern part of Subang, Indonesia 
is clearly seen in light green color. Meanwhile, mature 
oil palm plantation in the south appears darker. This 
demonstrates that L-band fully polarimetric SAR data 
are fairly powerful to distinguish those plantation types 
among other land cover types such as urban (red-

magenta), agricultural crops (brownish) and forested 
areas in darker green. 

Fig. 1 Detecting rubber and oil palm plantations 

Seven classification algorithms, i.e. Artificial Neural 
Networks (MLP), Bayes, Classification and Regression 
Tree (CART), Gradient Boosting (GBT), Random 
Forests (RF), Support Vector Machine (SVM) and 
Gaussian Mixture Models (GMM), were evaluated. It 
was found that RF achieved the best with around 78% 
accuracy over 7 target classes. With low data input, RF 
was struggling to discriminate targets. Only when SAR 
features were combined, i.e. backscatter coefficients, 
Cloude-Pottier and Freeman-Durden decomposition 
features, RF provided enough evidence to better separate 
plantations [6]. Classification result is presented in Fig. 
2.
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Fig. 2 Land cover map, Subang, Indonesia  

 
During the course of the research, the team further 
explored the accuracy of detection using different 
environmental setting. The extension was made in Bogor 
regency, Indonesia, the area that is dominated by 
settlements as a result of expanding Jakarta metropolitan 
and Bogor municipal. 
As indicated by previous results, in this extension, RF 
and SVM were investigated to classify six targets, 
including oil palm and rubber/timber plantations. 
Random forest achieved overall accuracy around 84.6% 
with confidence intervals between 84.1 and 85.2%. A 
slightly lower result was presented by SVM with Radial 
Basis Function (RBF). The latter yielded around 82.3% 
overall accuracy. This suggested that fully polarimetric 
SAR could serve as a data input for land cover 
classification. Details of class-wise balanced accuracy 
are presented in Table 1. 
 
Table 1. Accuracy of land cover classes, in percent 

Class RF SVM (RBF) 
Water 97.5 97.2 
Built-up 97.3 95.8 
Barren, grass 91.5 91.1 
Agricultural crops 74.1 66.7 
Oil palm plantation 93.1 93.0 
Rubber/timber plantation 92.6 92.5 

 
3. ESTIMATING STAND AGE 

 
Upon successful identification of plantations, further 
information on stand age is invaluable to decision 
making process. Data covering old trees, especially 
managed by peasant farmers, are often absent; hence, 
replanting program is yet thoroughly implemented. 
Approaches using time series data could be substantial to 
provide the information. Nonetheless, the absence of 
reliable datasets has direct impact to time series analysis. 
With this in mind, finding a procedure to acquire the 
information using minimum amount of data will be 

invaluable. Preliminary analysis of stand age mapping in 
Subang region [7] is presented in Fig. 3.  
 
 

 
Fig. 3 Stand age mapping in Subang rubber 
plantation 

 
Following successful implementation of preliminary 
analysis, further experiment was conducted in Jember, 
Indonesia, to observe and to study discrepancy of the 
pattern due to different climatic environment. Fig. 4 
depicts scattering behavior over rubber tree age, 
observed in Jember region. As indicated, VV is less 
sensitive to stand age, which is slightly different to 
Subang site [8]. The reason is yet to be discovered, 
however, this could be linked to insufficient sampling 
and stand age distribution. Despite this, HH and HV 
patterns suggested an agreement with Subang site. 
 

 
Fig. 4 Stand age mapping in Jember plantation 
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Separating fifteen age classes would be very challenging 
to machine learners. Our test indicated that new models 
like RFern could not survive by yielding only about 47% 
overall accuracy. Original RF, however, provided a good 
outcome with overall accuracy about 81%. Competing 
classifiers such as SVM yielded low accuracy, i.e. around 
74%. Promising model like gradient boosting can serve 
as an alternative. In our case, it produced overall 
accuracy about 79%. Our tests suggested that RF would 
serve as the primary choice of model building, with an 
excellent consistency across targets and locations. 
 

4. BIOMASS ESTIMATION 
 
Productivity of rubber plantations can be evaluated using 
two different approaches. The first is within-rotation 
assessment, allowing rapid management alteration when 
required. In the case of rubber tree, within-rotation 
productivity can be approached with monitoring tree 
girth. Secondly, productivity can also be examined after 
the end of rotation, using tree biomass as a proxy. 
In this research, it was found that rubber tree girth was 
highly correlated with the height (Fig. 5). This 
summarizes that biomass could be monitored using 
single parameter as an input for allometric equation. 
Obviously, this finding eases the requirement of complex 
field survey to collect diameter-at-breast height (dbh) 
and the height of the tree. It is also worth to note that the 
relationships were fairly comparable between Subang 
and Jember sites. 
 
 

 
Fig. 5 Circumference-girth relationship in rubber 
trees 

 
Several allometric equations were investigated to further 
study the comparison between specific-tree versus 
nonspecific-tree allometric equations. In this research, 
rubber-tree-specific equations including Chantuma [9], 
Sone [10] and Saragih [11] were examined.  We noted 
that equations that regionally developed and tree specific 
tend to produce a better result. For instance, Chave’s 
equation [12] gave an average R2 of 0.34 which strongly 
suggested inadequacy of the data and the model to 
estimate tree biomass. A slightly better condition was 

observed using Ketterings’ biomass equation[13] , with 
a mean R2 of 0.35. 
PALSAR-2 data analysis suggested that the Saragih 
equation yielded highest coefficient of determination, i.e. 
0.98, which emphasized the importance of employing 
fully polarimetric form of L-band SAR data [14]. This 
research also indicated that Eigen-based polarimetric 
decomposition was unable to assist either classification 
or regression problems. Conversely, model-based 
decomposition provides an opportunity to augment 
accuracy of the analysis. 
While variety of R2 existed in the analysis, future 
investigations should pay an attention to discrepancies 
between time of satellite data acquisition and field works 
and possible impact of seasonal difference. The finding 
[14] also suggested that the existence of negative 
estimation should be further considered for research and 
implementation. 
 

5. CONCLUSION AND FUTURE WORKS 
 
The research clearly contributes to better understanding 
on the use of L-band fully polarimetric SAR data for 
monitoring aspects of rubber plantation. While 
limitations have been identified, research team found that 
sole PALSAR-2 data may contribute in identifying and 
mapping plantations with fairly high degree of accuracy. 
The data were also capable to further exploitations in 
detecting stand age as the basis for productivity 
estimation. Either in-rotation or end-of-rotation 
productivities were supported by PALSAR-2 data. 
Further research, however, needs to be exercised to 
explore sensors capability to monitor tree growth more 
frequently. This is required to support sustainable 
management of plantations and forest areas. 
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1. INTRODUCTION

Accurate measurement of vegetation biomass of forests 
and wetlands and monitoring the changes in vegetation due 
to natural as well as anthropogenic activities is vital for 
estimation of terrestrial carbon stock and carbon fluxes 
from forest and wetland ecosystems which has major 
bearing on the regional and global climate change studies. 
Forest-PLUS is a five-year global climate change 
mitigation project initiated by USAID and Govt. of India 
to reduce emissions from deforestation and forest 
degradation (REDD+) in India’s forested landscapes. The 
major goals of Forest-PLUS are to institutionalize forest 
management practices that reduce Green House Gas 
(GHG) emission from forested landscapes, increase 
sequestration of atmospheric carbon in forests, protect 
forest biodiversity health, protect and/or enhance forest-
based livelihoods, forest ecosystem services, and other 
social contributions of forests in India. Through these 
objectives, Forest-PLUS will help position India to 
participate in any final REDD+ mechanism. Forest-PLUS 
program has identified few sites in the forested landscapes 
of Karnataka, Madhya Pradesh, Uttarakhand and North-
Eastern states representing the major forest types of India 
in order to implement and demonstrate its objectives. 

There have been efforts to estimate forest above-ground 
biomass (AGB) of India at local to regional levels by many 
using satellite remote sensing technology. However, 
estimation of forest AGB at state level or national level and 
production of forest aboveground biomass maps of India 
are yet to achieve maturity. There have been several 
assessments of forest biomass and forest carbon stock 
globally or regionally over tropical regions, made by 
researchers using space borne remote sensing data [1] - [6]. 
Many of these researchers have agreed that synthetic 
aperture radar (SAR) provides optimum dataset for 
retrieval of forest AGB provided good amount of and 
reliable ground data on vegetation type, density and tree 
allometry are available. 

SAR data has shown great potential in retrieval of forest 
AGB due to its capability of all-weather, day-night imaging 
and ability to penetrate vegetation canopy to provide more 
dynamic range for vegetation growth variables as 
compared to optical data. SAR signals in longer 

wavelength (such as L and P-band) have ability to penetrate 
deeper inside the vegetation canopy and produce more 
sensitivity to the biomass of higher densities, hence are 
widely used for retrieval of forest AGB. Several 
methodologies for biomass estimation have been reported 
in recent literatures but no method has been projected to be 
robust for national level biomass estimation, especially for 
India where forest vegetation has high diversity due to 
varied climatic conditions, physiography and topography. 
There is also no clear view on how carbon pools and their 
fluxes should be reported and what the accuracy and 
uncertainty of biomass monitoring might be. Therefore, 
biomass mapping has become an urgent need to assess and 
produce data on forest carbon stocks and the change in 
carbon stocks at national level. 

The present work has demonstrated the potential of L-band 
SAR data from ALOS PALSAR 1 and 2 for estimation of 
forest above-ground biomass (AGB) over four districts of 
India with varying physiography and vegetation types. The 
major objectives of the project were: (a) understanding the 
scattering characteristics of L-band polarimetric SAR from 
forested landscapes of varying vegetation types, (b) 
vegetation above-ground biomass estimation over few 
Forest-PLUS study sites in India, (c) assessment of 
vegetation biomass changes due to natural and 
anthropogenic activities, and (d) comparison and 
validation of results obtained from the analysis of L-band 
and C-band SAR data 

2. STUDY AREA AND DATA SETS

Following study areas identified under Forest-PLUS 
program in India were considered in the present work for 
vegetation scattering characterization, estimation of forest 
above-ground biomass and forest disturbance monitoring: 

1. Hoshangabad district, Madhya Pradesh
(Lat: 221310 – 224310N; Lon: 772150 –
783920E)

This region is characterized by tropical dry deciduous and 
tropical dry evergreen vegetation. The major tree species 
of the forests are teak (Tectona grandis), sal (Shorea 
robusta), neem (Azadirachta indica), peepal (Ficus 
religiosa), shisham (Dalbergia sissoo) and bamboo 
(Bambuseae spp.). This area also contains grassland and 
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scrubland vegetation. The forest has distinct leaf-on and 
leaf-off periods during May-October and December-
March, respectively. 
 

 
 

 
 

Fig. 1 (Top) Location of study sites shown on the 
backdrop of forest cover map (in green colour) of 

India. (Bottom) Maps of (a) Shimoga, (b) Dehradun, 
(c) Karbi-Anglong and (d) Hoshangabad showing 

distributions of forest inventory plots (0.1-hectare size) 
with blue triangles representing the inventory data 
used for generation of model coefficients and red 

circles representing the inventory data used for AGB 
product validation.    

 
 

2. Shimoga district, Karnataka 
(Lat: 132810 – 143810N; Lon: 743925 – 
755150E) 

This region is characterized by tropical dry deciduous and 
tropical moist deciduous / semi-evergreen vegetation. The 
region has teak (Tectona grandis) and acacia (Acacia 
auriculiformis) as dominant forest species and several 
secondary species including Terminalia paniculata and 
Terminalia tomentosa. The forest has distinct lean-on and 
leaf-off period.  
 
3. Karbi Anglong district, Assam  
(Lat: 253151 – 262949N; Lon: 920852 – 
935338E) 
This region is characterized by tropical moist semi-
evergreen forests, moist mixed deciduous forests, riverine 
vegetation and bamboos. The major tree species of the 
forests are Badam (Terminalia catappa), Amari (Amoora 
wallichii), Sam (Artocarpus chaplasha), Tita Sopa 
(Talauma phellocarpa), Nahar (Mesua ferrea), Bhelu 
(Tetramelos mudiclora), Dhuna (Canarium resiniferum) 
and Myrobalans (Terminalia chebula). While the riverine 
vegetation mostly composed of Khair, Sissoo, Simul, 
Urium and Kokoli. The area is hilly with moderate slopes. 
Elevation ranges from 90 – 970m asl. 
 
4. Dehradun district, Uttarakhand 

(Lat: 295656 – 305857N; Lon: 773317 – 
781713E) 

This region is characterized by tropical moist and 
subtropical dry broadleaf forests. There are also pine 
forests at the higher altitudes of the district. The major tree 
species of the forests are sal (Shorea robusta), teak 
(Tectona grandis), Eucalyptus hybrid, Acacia catechu, 
Cassia fistula and shisham (Dalbergia sissoo), while chir 
pine dominates the pine forests.  

 
2.1 DATA USED 

Satellite data: 

The study was carried out using C-band SAR data from 
Indian RISAT-1 and L-band SAR data from ALOS-1/2 
PALSAR-1/2. Additionally, ALOS-1 AVNIR-2 data were 
used for contextual information in the present work. For L-
band SAR data, ALOS 1/2 PALSAR stripmap fine beam 
data in HH and HH+HV polarization and global mosaics 
of ALOS PALSAR HH and HV polarization data 
generated at 25m pixel spacing were used [7]. Digital 
Elevation Model (DEM) data of SRTM 30m was used for 
topographic correction of SAR data. ALOS PALSAR data 
were collected at various levels of processing (level 1.1 for 
quad-pol data and level 1.5 for single and dual-pol data) 
during the ALOS-1 and ALOS-2 mission periods, while 
RISAT-1 SAR data were collected during 2015-16 over the 
study sites. Forest inventory data over several sample plots 
of 0.1 hectare (ha) distributed over the study sites were 
collected for ground-based estimation of forest biomass 
over the sampled plots, which were used for development 
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of biomass retrieval models. Details of satellite data used 
in the present work are shown below in Table 1. 
 
 

Table 1. Details of satellite data used in the work 
presented here  

Sensor Data type: mode/ 
polarization 

Inc. 
angle 

Pixel 
spacing 

ALOS-1 
Palsar 

Fine beam dual-
pol (HH+HV) 

34.3 12.5m 

ALOS-1 
AVNIR 

Optical multi-
spectral 

Nadir 10m 

ALOS-2 
Palsar-2 

Stripmap single 
(HH) and dual-pol 

(HH+HV)  

32 - 34 6.25m 

Stripmap quad-
pol 

25 - 35 6m 

ALOS  
Palsar-1/2 

Global FnF data 32 - 36 25m 

RISAT-1 / 
C-band  

MRS (HH+HV 
pol)  

36.5  18m 

 

Field Data: 

The Forest Survey of India (FSI) in collaboration with the 
state forest departments collects forest inventory data every 
two years over more than 15,000 sample plots (0.1 ha) laid 
on forests of varying types and density, distributed over 
India. These forest inventory data include collection of tree 
geometrical parameters such as tree height, stem diameter, 
canopy diameter etc. used for estimation of vegetation 
biomass over the sampling plots through suitable species 
specific local allometric models [8]. Forest inventory data 
for the years 2015-16 corresponding to the study areas were 
collected from the FSI. The above-ground dry biomass 
(AGB) of each of the inventoried forest patches of 0.1ha 
was computed using appropriate allometric models [8]. 
These biomass values were used for development of 
biomass inversion models for estimation of biomass over 
the study sites. For validation purpose, forest inventory 
data over 18 plots in the Shimoga district, 21 plots in the 
Dehradun district, 17 plots in the Karbi-Anglong district 
and 24 plots in the Hoshangabad district (of 0.1 ha size) 
were collected by the authors during 2015-17 with the help 
of state forest departments. 
 

3. METHODOLOGY 
 

Selection of suitable SAR data and inversion algorithm is 
vital for accurate estimation of forest AGB. In India, SAR 
data acquired during dry season (leaf-off period) provide 
higher backscatter dynamic ranges within the forest 
vegetation compared to the data acquired during wet 
season (leaf-on period) and hence produce better 
estimation of above-ground vegetation biomass [9] – [10]. 
In the present work SAR data were collected over the 
vegetation leaf-off periods, as far as possible.  
 

Preprocessing of SAR data: 

RISAT-1 Medium Resolution ScanSAR (MRS) level-2 
geocoded products in HH and HV polarizations of the 
study areas were procured from National Data Center 
(NDC) of National Remote Sensing Centre (NRSC), Indian 
Space Research Organisation (ISRO). The geocoded 
product was processed for speckle reduction using an 
adaptive filter (enhanced Lee) of 3*3 kernel size. The 
digital numbers (DN) of SAR intensity data was converted 
to Normalized Radar Cross Section (NRCS or gamma-
naught, 0) data (in dB) using the following equation, 

CFDNdB  2
10

0 )(log10)(   (1) 

where CF is the calibration factor provided for each 
polarization data in the metadata file. 
 
Similarly, ALOS PALSAR-1/2 fine beam stripmap single 
(HH-pol) and dual polarization (HH+HV pol) data in level-
1.1 (Single-Look Complex data) or level 1.5 multi-look 
geocoded products were obtained over the study regions 
from Japan Aerospace Exploration Agency (JAXA). Also, 
ALOS PALSAR-1/2 25m global mosaic data in HH and 
HV polarizations was downloaded from JAXA Earth 
Observation Research Center (EORC) site. The pre-
processing of ALOS PALSAR 1/2 data was done with the 
terrain corrections methodology suggested by [11] to avoid 
topographic effects on PALSAR data in the hilly areas. The 
PALSAR data were ortho-rectified using the SRTM DEM 
30m to correct the topography. The SRTM DEM with 30m 
pixels were resampled to 25m using bi-linear interpolation. 
The DN values of PALSAR image were converted to 
normalized backscatter values using the following equation 
[12], 
 
For level 1.1 (SLC) data: 

CFQIdB  32)(log10)( 22
10

0  (2) 

For level 1.5 (multi-look geocoded) data: 

CFDNdB  2
10

0 )(log10)(   (3) 

Where CF is the calibration constant (-83 for ALOS 
PALSAR data). 
 

Biomass retrieval model: 

There are several radar biomass models are being used by 
the researchers. Statistical models such as linear, non-
linear regression models and semi-empirical models using 
single or multiple variables like SAR backscatter intensity 
at different frequencies and polarizations, radar vegetation 
indices, polarimetric indices are more commonly used due 
to its simplicity in implementation. There are also radar 
physical models that are often complex in formulation and 
include a large number of variables covering the remote 
sensing sensor characteristics, the geometry of 
measurements, and the forest characteristics [13]. Biomass 
maps have also been generated using nonparametric 
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approaches such as interpolation, co-kriging, classification, 
decision rule techniques, and machine-learning approaches 
as in the Random Forest, Support Vector Machine or neural 
network.  

Development of biomass inversion models are based on 
the predominant scattering contributions from forest 
vegetation, which can be represented by the following 
equation 

 
��� (�) =  �����(1 − ������) +

                  ��������� ������ + (1 − ��)���
����  (4) 

 
Where fv is the vegetation fraction of a pixel. fv = 1 for 
pixels fully covered by vegetation, p and q are the H and V 
polarization, pq is the biomass power factor which 
depends on polarization. b is the aboveground live biomass 
(AGB) expressed in tons/ha, finally, Apq, Bpq, Cpq are the 
calibration coefficients which are calibrated for specific 
ecoregions and/or forest types. Here, the first term denotes 
the volume scattering from the forest vegetation, second 
term represents multiple scattering from ground-vegetation 
and the third term corresponds to the scattering from 
ground, which has dependence on soil moisture and surface 
roughness. From this relation, various biomass inversion 
models have been developed for estimation of AGB. In the 
present work a semi-empirical model using multiple 
variables such as SAR backscatter in HH and HV 
polarizations in L-band (ALOS PALSAR) and C-band 
(RISAT-1) were used for estimation of forest AGB over 
the study regions. A generalized methodology for the 
retrieval of AGB is depicted in a flow chart in the Figure 2. 
The important components of this approach are: selection 
of proper SAR data; external DEM for topographic 
correction of SAR data; forest inventory data for ground 
measured forest biomass and vegetation fraction; biomass 
inversion models; and reliable and up-to-date forest mask. 

 
Forest mask and vegetation fraction data: 

Forest / non-forest mask is important for generation of 
forest AGB maps. Many of the forest biomass retrieval 
models use forest vegetation fraction information as 
percentage of vegetation within image resolution cell 
(pixel) for estimation of AGB. Forest Survey of India (FSI) 
generates biannually the forest cover map of India at 24m 
pixel spacing using optical satellite data (http://.fsi.nic.in/) 
(Figure 3). This data serves as the most authentic forest 
cover mask of India. FSI forest cover presents forest cover 
with vegetation fraction as 0-10% (scrubland), 10-40% 
(open forest), 40-70% (moderately dense forest) and 70-
100% (very dense forest). Global forest cover for the year 
2000 and forest cover gain and loss maps up to the years 
2012 & 2017, respectively have been generated by Hansen 
[14] at the University of Maryland using Landsat data at 
30m pixel spacing. The data provides forest vegetation 
fraction in the range of 1% - 100%. Forest cover map of 
India can also be obtained freely from global forest/non-
forest (FnF) product generated for ALOS-PALSAR dual-

polarization data at 25m pixel spacing [7]. However, the 
data does not provide information on vegetation fraction 
within the forests. Updated forest cover maps from FSI is 
available for the years 2017 and 2019 and the same 
generated from ALOS-PALSAR-2 data is available for the 
years 2016, 2017 and 2018. 
 
 

 

Fig. 2 Schematic flow diagram showing methodology 
for above ground biomass mapping 

 

 

 
 

Fig. 3 Available forest cover maps over Indian region 
showing different vegetation fractions generated from 

SAR and optical data, by various agencies.  
 
 

4. RESULTS AND DISCUSSION 
 
Scattering characteristics of forest vegetation types and 
other land use types were studied using ALOS PALSAR-2 
quad-pol data over the study sites. Polarimetric SAR data 
were decomposed with Yamaguchi 4 component method 
[15] and the contributions of odd-bounce, even bounce and 
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Allometric equation
(FSI, 1996)

Ground based 
forest biomass

Model 
validation

Biomass 
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diffused scattering on total scattering intensities over a 
cluster of pixels representing different vegetation types 
were studied. An example is shown in Figure 4 below for 
Shimoga district.  
 

 

 
Fig. 4 (Top) Yamaguchi decomposition image, 
(Bottom) Contributions of scattering types for 

different vegetation and land use classes over Shimoga 
study site as observed in ALOS PALSAR-2 quad-pol 

data. 
 
The contributions of odd-bounce scattering were highest 
for fallow land whereas that was lowest for matured acacia 
plantations. Acacia (Acacia auriculiformis) plantations in 
the region are characterized with dense canopy and closely 
spaced trees and thereby showing high values of volume 
scattering and hence low values of odd-bounce scatterings 
at L-band. Similarly, the teak (Tectona grandis) plantations 
in the region have shallow canopy and prominent trunks 
and the young plantations have no well-developed 
branches. Hence teak plantations showed distinct even-
bounce scattering and matured teak plantations show 
higher volume scatting contributions compared to the 

young plantations. The young teak plantations are more 
like slender stems without much developed branches were 
characterized with higher even-bounce scattering 
compared to other forest vegetation. The mixed 
deciduous/semi-evergreen forests of the region showed 
volume scattering with intermediate values between teak 
and acacia plantations and characterized with low even-
bounce and medium odd-bounce scatterings due to higher 
canopy densities of the vegetation. The study helped in 
characterizing major vegetation types within the region 
with SAR polarimetric parameters, resulting into 
classification of major vegetation types and other land use/ 
land cover features. 
 
 

 
Fig. 5 L-band SAR backscatter (0

HH and 0
HV) time 

series capturing vegetation phenology over forests of 
Shimoga, Karnataka 

 
 
Temporal SAR backscatter in L-band HH and HV 
polarizations was studied over different vegetation types in 
the study areas and an example of Shimoga forests is 
shown in Figure 5. It was observed that there is a decrease 
in the SAR backscatter values from the forest vegetation 
during the months of December and April, which happens 
to be the driest months of the year in most part of India 
except the NE region. This drop in the backscatter values 
is more prominent in the HV polarization and the 
deciduous vegetation with distinct leaf-off during the 
period, showed about 2-3dB lower backscatter in HV 
polarization as compared to the other parts of a year. In 
Shimoga, the teak plantations showed lower HV 
backscatter values during December – April, whereas 
mixed forests did not show any significant change in 
backscatter during the dry and wet months. Also, higher 
dynamic ranges of SAR backscatter were observed over the 
vegetation during dry season. This indicates the usefulness 
of SAR data collected over dry seasons for retrieval of 
vegetation bio-physical parameters including above-
ground biomass [9] – [10]. 
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4.1 Generation of Forest Cover from ALOS-PALSAR 
Data: 

Forest cover map, also used as forest mask is an important 
input for generation of forest AGB maps using remote 
sensing data. Existing forest cover maps available for India 
are either inaccurate or produced at lesser frequencies. 
Figure 5 shows the forest cover maps of Shimoga generated 
from ALOS-PALSAR dual-pol data [7] and Landsat data 
[14]. Both the products have higher inaccuracies and 
cannot be used as forest mask for generation of forest AGB 
maps. The forest cover produced by the FSI [16] is 
considered to be most authentic. However, FSI forest cover 
maps are generated at 2 years’ interval and may not be 
optimum for generation of forest AGB maps at lesser 
intervals, say every 6 months, in order to monitor forest 
disturbances and changes in AGB.  
 

 
Fig. 5 (a) ALOS-PALSAR-2 dual-pol RGB image 

(R: HH; G: HV; B: HH/HV) of 2017, (b) forest cover 
map of Shimoga derived from ALOS-PALSAR-2 FnF 

product of 2017 (c) forest cover map of Shimoga 
generated from optical Landsat data by Hensen, 2000. 
 

Attempt was made to generate forest cover maps of the 
study sites using ALOS-PALSAR data. A hierarchical 
decision rule based classification scheme was developed 
based on radar parameters of (i) temporal coefficient of 
variation (CoV), (ii) backscatter intensities in HH and HV 
polarizations and (iii) Yamaguchi decomposition 
intensities derived from ALOS-PALSAR-2 dual-pol and 
quad-pol data for generation of forest cover map over 
Shimoga study site, as shown in Figure 6.  

 

 
 

Fig. 6 Schematic methodology for generation of forest 
cover map from ALOS PALSAR data 

The method was tested on ALOS-PALSAR-2 data 
acquired in 2017 and the results were validated with the 
FSI forest cover generated based on optical multi-spectral 
data for the year 2017 [17]. Table-2 shows the validation 
results of the forest cover generated from different datasets 
and by different agencies.  
 
 

 
Fig. 7 (Left) Yamaguchi Decomposition image 

(RGB: double-bounce, volume, surface scattering 
power) of ALOS PALSAR-2 quad-pol data of 2017, 
(Right) forest cover map of Shimoga generated from 

decision rule based segmentation of ALOS PALSAR -
2 dual and quad-pol data of 2017. 

 
 

The percentage deviation (or error) of estimated forest 
cover area from the official forest cover as reported by FSI 
for the year 2017, as listed in Table 2, shows that the forest 
cover generated using the above-discussed method 
matched closely with the FSI reported forest cover. While 
the forest cover reported by Hensen using Landsat data and 
ALOS-PALSAR fnf product showed significant underestimation. 
The proposed method is useful for generation of forest cover 
mask using SAR dual-pol and quad-pol images. The study brings 
out the importance of L-band SAR quad-pol data for accurate 
forest cover mapping. 
 

Table 2. Comparison of forest cover of Shimoga 
district, Karnataka generated from different datasets 

 
Shimoga Forest Cover 

(2017); 
Source of Remote 
Sensing (RS) data 

Area  
(in sq 
km) 

% 
GA 

% 
deviation 
from FSI 
estimates 

ALOS PALSAR-2 dual-pol 
and polarimetric (quad-pol) 
data 

4,322 50.98 0.04 

ALOS-PALSAR dual-pol fnf 
product (Shimada, 2014) 

4,259 50.23 -1.43# 

Landsat data (Hensen, 2000) 3,851 45.42 -10.87# 

Forest Cover reported by FSI 
in ISFR, 2017 (estimated 
based on optical RS data) 

4,320 50.96 0 

ISFR: India State of Forest Report 
GA: Geographical Area = 8,478 sq km 

#: (-) sign indicates underestimation 
 

Forest cover maps of all the sites were generated by the above 
method for the year 2017 and used as input for generation of AGB 
maps as presented in the next section. 

SAR data (time series) 
(Level 1.5 Geocoded)

Speckle filter, 
topographic correction

Image calibration 
(dB image)

Polarimetric SAR data
(Level 1.1 SLC)

CoV = std dev. ()/ 
temporal mean ()

Multi-looking, Speckle 
filtering, [T3] matrix

Yamaguchi decomposition 
(odd, even and volume 
scattering intensities)

Decision criteria based on 
HH, HV and volume 

scattering for vegetation

Development of 
decision criteria for 

forest vegetation

CoV > threshold

Crops Other 
vegetation

Yes No
Generation of 
Forest Cover 

Map
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4.2 Estimation of Forest Above-Ground Biomass 

The relationship between L-band SAR backscatter and 
ground measured biomass over 0.1 ha inventory plots were 
studied for each of the study sites.  Figure 8 depicts the L-
band SAR backscatter in HH and HV polarizations plotted 
against ground measured biomass over Shimoga, 
Dehradun, Karbi-Anglong and Hoshangabad study sites. 
The scatter plots are fitted with trend lines of logarithmic 
function. The graphs show a strong correlation of SAR HV 
polarization backscatter with AGB, though there is also 
positive correlation seen between SAR HH pol backscatter 
and AGB. However, the trend lines show saturation of SAR 
backscatter in both HH and HV polarizations towards 
higher AGB values (values > 100 t/ha). 
 

 
Fig. 8 L-band SAR backscatter (0

HH and 0
HV) 

plotted against field measured biomass. The trend 
lines show logarithmic functions. 

 
From the above relationships, the calibration coefficients 
A, B and C were generated for each of the study sites for a 
biomass inversion model based on multi-linear regression 

functions (MLR) using 0HH and 0HV parameters, as 
stated below: 
 

YBIOMASS (t/Ha) = A + (B * 0
HV) + (C * 0

 (HH)) (5) 
 
where 0 is backscattering coefficient in dB 
 
The forest AGB maps of (a) Shimoga, (b) Dehradun, (c) 
Karbi-Anglong and (d) Hoshangabad districts were 
generated at 25m grid spacing based on the methodology 
shown in Figure 2 and are presented in Figure 9. The AGB 
values (in t/ha) are colour coded with a continuous 
spectrum ranging from ‘dark blue’ to ‘red’. AGB values 
were higher in Dehradun and Shimoga districts as 
compared to Karbi-Anglong and Hoshangabad districts.  It 
was also observed that the timber plantations like Tectona 
grandis and Shorea robusta showed higher AGB as 
compared to natural mixed forests in Shimoga, Dehradun 
and Hoshangabad districts. There were few discrepancies 

such as over estimation or underestimation of AGB were 
observed in the hilly regions of Dehradun and Karbi-
Anglong in spite of a robust terrain correction of SAR 
backscatter data. 
  

 

Fig. 9 Forest AGB maps of (a) Shimoga, (b) Dehradun, 
(c) Karbi-Anglong and (d) Hoshangabad districts 
generated from ALOS PALSAR-2 dual-pol data 

acquired during 2017-18. 

 
The model estimated AGB values were validated with field 
measured AGB, and the results are shown in Figure 9. The 
model predicted AGB were validated against 
independently collected forest inventory data over 18 plots 
in the Shimoga district, 21 plots in the Dehradun district, 
17 plots in the Karbi-Anglong district and 24 plots in the 
Hoshangabad district. The validation statistics are shown 
in Table 3. 
 

 

Fig. 10. Validation of model predicted AGB with 
ground measured AGB over the study sites 
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The study showed that AGB estimates over Hoshangabad 
district was most accurate (RMSE 20.98) and the same 
over Karbi-Anglong district was least accurate (RMSE 
57.4). However, it may be noted that the RMSE was 
calculated over the entire range of AGB values in each of 
the study sites. The RMSE values were quite low when 
calculated over AGB ranges less than 100 t/ha, where the 
SAR backscatter values start showing saturation with the 
increasing AGB values. 
 
Table 3. Validation statistics of ground measured AGB 

vs model predicted AGB over the study sites 
 

Site Name No. of 
validation 

plots 

Ground 
measured 

AGB range 
(t/ha) 

RMSE 
(t/ha) 

Shimoga 18 31.1 – 225.1 26.13 
Dehradun 21 51.2 – 239.3 45.52 
Karbi-Anglong 17 29.6 – 318.0 57.4 
Hoshangabad 24 30.6 – 125.6 20.98 

 
 
4.3 Assessment of forest disturbance due to natural and 
anthropogenic activities 
 
Forest disturbances in terms of changes in forest cover and 
forest AGB were mapped over the study sites using ALOS 
PALSAR temporal data. A case study of Hoshangabad 
(MP) district study site has been presented here. In 
Hoshangabad, dry teak (Tectona grandis) vegetation 
contributes the most to the overall forest vegetation and in 
many places, teak plantations are grown for commercial 
use, which are harvested (through selective logging) in the 
district. The district has also experienced loss of forests due 
to construction of reservoirs for water storage in the recent 
past. As a conservation measure, there are also 
afforestation projects carried out in the region and areas of 
vegetation re-growth are also commonly seen in the 
district. These brings about changes in the forest area as 
well as forest AGB in the district.  
 

Table 4. Comparison of RMS Error (t/ha) obtained 
from estimation of AGB at 25m and 100m spatial 

resolution 
 

Year RMS Error 
(t/ha) 

Year RMS Error 
(t/ha) 

25m  100m  25m  100m  
2007 34.6 27.1 2015 29.5 26.4 
2008 35.5 26.4 2016 31.7 27.8 
2009 33.2 27.3 2017 30.2 26.2 
2010 36.1 27.8 2018 30.6 28.1 

Average  
2007-10 

32.2 25.4 Average  
2015-18 

28.5 24.3 

* Data used: ALOS-PALSAR1/2  
 # For RMSE  N = 24 

 

Forest AGB maps of Hoshangabad were generated for the 
years 2007-2010 using ALOS-PALSAR-1 FnF 25m data 
and for the years 2015-2018 using ALOS-PALSAR-2 FnF 
25m data in HH and HV polarizations using the 
methodology presented in Figure 2. The forest cover maps 
generated during 2007 and 2017 and NFI data collected 
during 2007-08 and 2016-17 were used in the study for 
generation of AGB maps for the years 2007-10 and 2015-
18, respectively. Forest AGB maps were generated at 25m 
grid sizes and 100m grid sizes to compare the accuracies of 
estimation. In this study, SAR data at 100m grid size were 
obtained from resampling 25m FnF data to 100m data. 
Figure 11 presents the forest AGB maps of Hoshangabad 
generated at 100m grids for the years 2007-10 and 2015-
18. The regions of low AGB are shown in magenta-blue 
colour spectrum whereas high AGB values are depicted in 
yellow-red colour spectrum. The regions of medium AGB 
are represented with cyan-green colour spectrum.  
 

 
 

Fig. 11: Forest AGB maps of Hoshangabad (MP) 
derived from ALOS PALSAR HH+HV polarization 

data (extracted from FnF global mosaic) of 2007-2010 
and 2015-2018. For this analysis, forest inventory data 

(NFI) collected from Forest Survey of India (FSI) 
during 2007-08 and 2014-15 was used. 

 
The estimated AGB values were validated using ground 
measured AGB values over 24 number of 0.1 ha inventory 
plots. The results of the validation are shown in Table 4. It 
was observed that AGB estimated at 100m grid (pixel size) 
showed lower RMSE values as compared to the same 
estimated over 25m grid. Also, AGB estimated over 
temporal averaged backscatter values produces better 
accuracy (lower RMSE values) as compared to the same 
estimated over single date spatial averaged backscatter.  
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The differences in the forest AGB estimated over the 
periods 2007-2018 were computed to generate forest 
disturbance maps of Hoshangabad. Figure 12 shows the 
change matrix of forest AGB generated annually over 
Hoshangabad. In this figure the X-axis represents the 
‘base’ year and the Y-axis represents the ‘reference’ year. 
That means, the change in AGB between 2 years has been 
computed by subtracting the AGB of the reference year 
from that of the base year. The change in forest AGB 
between 2 years has been presented on a map indicating (i) 
no significant change in AGB in ‘grey colour’, (ii) loss in 
AGB with respect to an earlier year in ‘red colour’, and (iii) 
gain in AGB with respect to an earlier year in ‘green 
colour’. The threshold for change in AGB has been taken 
as actual AGB ± RMSE value (in t/ha) corresponding to the 
‘base’ year. 
 
 

 
 

Fig. 12: Maps showing change in forest AGB of 
Hoshangabad (MP) derived from ALOS PALSAR 
HH+HV polarization data of 2007-2010 and 2015-
2018. The regions with no appreciable change in 

biomass between two years are shown in Grey colour, 
while regions with Loss in AGB and gain in AGB 

values are shown in Red and Green colours, 
respectively. 

 
 
Figure 13 shows in a colour gridded matrix, the statistics of 
change in forest AGB during the years 2007-2018. The 
green colour boxes correspond to overall gain in AGB and 
red colour boxes correspond to overall loss in AGB. The 
intensity of loss or gain are depicted through the tone of the 
colours e.g., dark green indicates high gain in forest AGB 
and light green depicts marginal gain in AGB, similarly 
dark red indicates high loss in forest AGB and light red 
indicates marginal loss in AGB. The actual gain or loss in 
AGB in terms of % of forest area are indicated within the 
boxes.  
 
The study showed that there was a net gain in the AGB over 
Hoshangabad during 2015-17 as compared to the same 
during 2007-10. However, the study also indicated that the 
net AGB had decreased from 2015 to 2018 in the area and 
the year 2018 had shown some degradation of forest AGB 
in the Hoshangabad district. While the causative factors for 

these changes are under investigation, the study 
demonstrated the utility of L-band SAR time-series data for 
monitoring forest disturbance. 
 

 

Fig. 13: Forest AGB change matrix for the years 2007-
2010 and 2015-2018. Values shown within a box 

represent in % areas with (1) Unchanged, (2) Loss and 
(3) Gain in above-ground biomass between two years. 
Boxes with Red shades indicate loss of biomass while 

boxes with green shades show gain in biomass. 

 
5. CONCLUSIONS 

 
The study has successfully brought out the state of forest 
vegetation over diverse physiographic regions of India 
through space based remote sensing. L-band SAR data 
from ALOS PALSAR 1 and 2 were found to be extremely 
useful for quantifying and monitoring forest resources in a 
tropical country like India. The behavior of polarimetric 
SAR data could not the studied properly over the study 
sites, however, due to the insufficiency of ALOS 
PALSAR-2 quad-pol mode acquisitions over the regions. 
The initiative of JAXA to produce global mosaics of well-
calibrated, topographically corrected ALOS PALSAR 
dual-polarization data, annually, is a very commendable 
step and has a potential for significant contribution to the 
L-band SAR based studies of global vegetation.  
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1. INTRODUCTION
This research will exploit the combination of medium-
resolution L-band radar, optical data and satellite derived 
active fire alerts for monitoring fire-related tropical forest 
dynamics, including deforestation, forest degradation and 
reforestation.  
Indonesia’s forest cover loss rates are among the highest 
globally and are driven mainly by expansion of and 
conversion to industrial forest plantations. Fire use in 
natural and plantation forest is considered a major illegal 
and unsustainable land management practice in Indonesia, 
and results in large-scale environmental damage, health 
problems and financial losses [1], [2]. In particular, large 
greenhouse gas emissions are associated with fire-related 
forest cover loss. The majority of fires in Indonesia are 
human-induced and only very few are natural [3], [4]. 
While prohibited by law, fire use is widespread in both 
industrial and small holder plantations (e.g. palm oil) and 
are often used to expand cultivatable land [4]–[6]. Fire is 
used for a diversity of land management practices and its 
temporal relationship with forest cover loss can vary 
largely [3], [7], [8]. While some fires predate forest cover 
loss and are used for example to remove forest understory 
to allow access for later harvesting operations, some fires 
coincide with forest cover loss or are lit to directly clear the 
forest. Others postdate forest cover loss and are used to 
prepare already cleared land for cultivation [5], [8]–[10]. 
Moreover, different fire-related land management practices 
result in different recoveries or succession of the reforested 
trees. These recoveries vary based on the forest 
composition and structure [11]. The composition and 
structure of the forest and the soil nutrition is determined 
by the historical and following land management and 
defines how fast and to what extent the forest recovers [12], 
[13]. 
The resulting forest change dynamics, namely forest 
disturbance and forest succession, define the amount of 
carbon emission and uptake. Understanding forest change 
dynamics of different fire-related land management 
practices, is crucial for precise GHG estimations and to 
support sustainable land use management. However, the 

link between different fire-related land management 
practices and forest change dynamics is still uncertain. 
The overall goal of this study is to combine dense time 
series of optical and radar data with active fire alerts to 
provide an improved characterization of fire-related 
tropical forest change dynamics linked to different land 
management practices. Utilizing multi-sensor satellite data, 
we will address the following research objective: 

• Detect and characterize fire-related tropical forest
cover loss and its relation to land management
practices

2. STUDY AREA
The provinces of Riau and Jambi are located in central 
Sumatra, Indonesia (Figure 1, centre at Lat. 1°N, Lon. 
102°E), and cover about 20 million ha with elevations up 
to 1200 m. Riau and Jambi experience tropical equatorial 
climate with persistent cloud cover throughout the entire 
year. Annual precipitation is 2000 - 3000 mm. The dry 
season commonly ranges from April to November. Primary 
and secondary dryland and swamp and mangrove forest 
dominate the natural forest. Riau and Jambi have the 
highest forest cover loss rates in Indonesia mainly driven 
by expansion and conversion to oil palm, acacia, coconut, 
and rubber plantations. Although forbidden by law, fire use 
for forest removal is still widespread in Riau and Jambi. 

Fig.1 Study area with the provinces of Riau and Jambi 
highlighted in red. 
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3. DATA 
Multi-sensor radar and optical satellite data was utilized to 
detected and characterize forest disturbances indicating fire 
based on Viirs active fire alerts. 
 

3.1 ALOS-PALSAR 
We downloaded all available ALOS-2 images from 2014 
to 2020 (181 Scenes – Fig 2) in Fine Beam Dual (FBD) 
mode for the province of Jambi (Indonesia) and applied a 
pre-processing for each image, including: multi-looking, 
radiometric calibration using standard calibration 
coefficients [14], topographic normalization as described 
by [15] and geocoding to 30-m pixel resolution (WGS84, 
UTM) using a 30-m SRTM DEM in the Gamma software 
package. The individual HH and HV images are mosaicked 
and resampled to the 30-m Landsat pixel cells using 
nearest-neighbour interpolation. 

 
Fig. 2 ALOS-2 observation plan for SM-3 mode 
providing HH & HV polarization in the province of 
Jambi (Indonesia) 

 
3.2 SENTINEL-1 

C-band backscatter time series derived from Sentinel-1 a/b 
data, which was acquired in Interferometric Wide swath 
mode with dual-polarization (VV- and VH-polarization) 
and ascending and descending orbits, were used to map 
radar forest disturbances. Sentinel-1 provides spatial 
resolutions of ~20 m and a temporal resolution of up to 6 
days in the tropics [16]. Sentinel-1 Synthetic Aperture 
Radar (SAR) Ground Range Detected (GRD) data from 
2015 to 2020 was accessed via Google Earth Engine (GEE). 
Prior to the ingestion in the GEE archive, several pre-
processing steps were applied, including: apply orbit file, 
GRD border noise removal, thermal noise removal, 
radiometric calibration, terrain correction and geocoding 

[17]. Additionally we applied an angular-based radiometric 
slope correction [18], adaptive multitemporal speckle 
filtering [19], conversion from linear to dB scale, 
resampling to the 30 m Landsat grid and image 
normalization to mitigate dry season and drought effects 
[20], [21]. 

3.3 OPTICAL 
Dense Normalized Burn Ratio (NBR) time series of 
imagery from Landsat-7 ETM+, Landsat 8 and Sentinel-2 
satellites were used to map optical forest disturbances. The 
NBR is based on near infrared and shortwave infrared 
bands and is sensitive to the status of burned forests [22], 
[23].  
Landsat-7 ETM+ and Landsat-8 provide spatial resolutions 
of 30 m and combined temporal resolutions of up to 8 days 
in the tropics [24], [25]. Atmospherically corrected and 
cloud masked Level-2a data with less than 70% cloud 
coverage acquired from 2015 to 2020 were obtained in 
GEE [26], [27]. Sentinel-2 a/b provide spatial resolutions 
of up to 10 m and temporal resolutions of up to 5 days in 
the tropics [28]. Level-1c data from 2015 to 2020 with a 
cloud coverage of less than 70% were downloaded and pre-
processed in GEE [29]. The pre-processing included 
atmospheric correction [30], improved cloud and shadow 
masking [31], and resampling to the 30 m Landsat grid.  
We created combined NBR times series from Landsat-7, 
Landsat-8 and Sentinel-2 data. Next we removed outliers 
in the time series due to remaining cloud and cloud shadow 
or atmospheric noise after the atmospheric correction using 
a pixel-wise approach following Hamunyela et al. [32]. 
Additionally, an image normalization was applied to 
mitigate dry season and drought effects [20], [21]. 
 

3.4 ACTIVE FIRE ALERTS 
Daily active fire alerts from the VIIRS sensor onboard of 
Suomi National Polar-Orbiting Partnership (S-NPP) were 
obtained from NASA’s Fire Information for Resource 
Management System archive for the monitoring period 
[33]. The VIIRS S-NPP - V14IMGTDL_NRT product has 
a spatial resolution of 375 m and provides images twice a 
day. The well-established MODIS Fire and Thermal 
Anomalies product algorithm is used and adopted for the 
VIIRS active fire alerts generation [34]. Hereby, two 
thermal multispectral bands of VIIRS are utilized to detect 
day and night time biomass burning [35]. The data was 
downloaded and resampled to the 30 m Landsat grid. 
 

4. METHODS 
Initial studies exploring the potential of multi-sensor 
optical (Landsat) and radar (Sentinel-1, ALOS Palsar) data 
for detecting forest disturbances was carried out by [21] 
and [36] investigated the potential of radar-based forest 
cover losses and active fire alerts to characterize the 
temporal relationship of both. 
The foundations of both studies were exploited to utilize 
multi-sensor optical and radar remote sensing data 643



combined with active fire alerts for an in-depth 
characterization of fire-related forest disturbance by 
classifying archetypes of fire-related forest disturbances 
[37]. The classification of archetypes of fire-related forest 
disturbances followed two major steps. This included: 
separate mapping of forest disturbances in optical and radar 
time series respectively (i) [20] and classifying archetypes 
of fire-related forest disturbances based on the temporal 
relationship of mapped optical and radar forest 
disturbances with active fire alerts (ii). 
 

5. FIRST RESULTS 
The manuscript entitled “Exploring Archetypes of Tropical 
Fire-related Forest Disturbances Based on Dense Optical 
and Radar Satellite Data and Active Fire Alerts”, which is 
submitted to MDPI Forests [37], utilized dense optical 
(Landsat-7, Landsat-8 and Sentinel-2) and radar (Sentinel-
1) time series to individually map forest disturbances in the 
province of Riau (Indonesia) for 2018 – 2019 [20]. The 
sensor specific optical and radar forest disturbance maps 
were combined with daily active fire alerts and their 
temporal relationship (predating, coinciding, postdating) 
was classified into seven so called archetypes of fire-
related forest disturbances. The archetypes reflect sensor 
specific sensitives of optical (e.g. changes in tree foliage) 
and radar (e.g. changes in tree structure) data to detect 
varying types of forest disturbances. Concepts for prime 
examples of the different archetypes are presented below. 
Figure 3 shows Archetype 2, which is defined by decreased 
NBR (optical forest disturbance) and backscatter (radar 
forest disturbance) values during the fire event (active fire 
alert). This archetype represents a complete loss of tree 
foliage and structure during a fire event. 

 

Fig. 3 Concept of prime example for archetype 2 [37] 

Figure 4 shows Archetype 3, which is defined by decreased 
NBR values (optical forest disturbance) during the fire 
event (active fire alert) and decreased backscatter values 
(radar forest disturbance) after the fire event. This 
archetype represents a loss of tree foliage during the fire 
event with remaining debris or a complete loss of tree 
structure after the fire event. 

 
Fig. 4 Concept of prime example for archetype 3 [37] 

The varying types of forest disturbances can be related to 
different magnitudes of fire-related forest disturbances and 
burn severities and can be associated with specific land 
management practices, such as slash and burn agriculture 
and salvage logging. This potential was visible by distinct 
spatial patterns and proportions of the archetypes for 
different forest types (Fig 5). 

 
Fig. 5 Map of archetypes of fire-related forest 
disturbances for the province of Riau (Indonesia) [37] 644



5. CONCLUSION & OUTLOOK 
The archetypes can support policy development, local and 
regional forest management and law enforcement to reduce 
illegal fire usage in the tropics. Results suggest that a 
delayed or opposing forest disturbance detection in optical 
and radar signal is not only caused by environmental 
influences or different observation densities, but in some 
cases such as fire-related forest disturbances, can be related 
to their different sensitives to detect changes in tree foliage 
and structure. However, Sentinel-1 radar data used in the 
study of Balling et al [37] is operating in C-band 
wavelength and does not penetrate tropical forest canopies 
very deeply [38]. Longer-wavelength radar (e.g. L-band – 
ALOS PALSAR) are less sensitive to detect subtle changes 
of the tree canopy and would have been even better for 
distinguishing between both changes [39]. The objective is 
to integrate the pre-processed ALOS-2 data to the method 
developed by [37] and explore the added benefit of L-band 
radar data to characterize fire-related forest disturbances in 
the tropics.  
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1. INTRODUCTION

Maintaining up-to-date land-cover information can be very 
expensive and time consuming with the traditional 
methods of field and air photo interpretation. Nowadays, 
the development of remote sensing has become a cost 
efficient and effective alternative. Historically, most 
spaceborne radars were single wavelength and single 
polarization. For this study, the Japanese ALOS-2 
(Advanced Land Observing Satellite-2) PALSAR-2 
(Phased type L-band Synthetic Aperture Radar-2) quad 
polarization radar data seems to be most promising solution 
for land cover classification. Microwave Remote Sensing 
data have been widely used for land cover classification in 
our environment. In this study, ALOS PALSAR 
polarization bands were used to identify land cover features 
in three study areas in Malaysia. The study area consists of 
Penang, Perak, and Kedah. The aims of this research are to 
investigate the performance of ALOS PALSAR datasets 
which are assessed independently and combination of these 
data with ALOS AVNIR-2 for land cover classification. 
ASF MapReady program from Alaska satellite Facility 
Geographical Institute at the University of Alaska 
Fairbanks was used for the preprocessing of ALOS 
PALSAR data.  

Based on the statistic from World Bank (2010), 
total land area of Peninsular Malaysia is roughly 328,550 
sq. km. Out of this, forest area in Peninsular Malaysia cover 
approximately 204,560 sq. km (62.3%). Forest area 
measured include the land comprise of natural or planted 
trees of more than 5 meters, exclude trees in agricultural 
field, urban area and gardens. Mangrove forests in 
Peninsular Malaysia are mainly focus on the west coastal 
region. Mangrove swamps in west coastal area are usually 
located in lower elevation as compare to the mangrove 
cover in the east and south coastal area. All 11 states in 
Peninsular Malaysia contain of mangrove cover with the 
largest mangrove swamps located in Matang Mangrove 
Forest Reserve, Perak.  

In order to preserve and conserve the mangrove 
forest, current information of mangrove distribution and 
growth should be update regularly. Observation and 
monitoring of the distribution and dynamics of mangroves 
is central to a wide range of scientific investigations 
conducted in both terrestrial and marine ecosystems. 
Conventional method of ground survey and field visit to 
the mangrove swamp even though is more reliable and 
accurate, however it is time consuming and costly. In 

addition, this traditional way of forest monitoring usually 
require a lot of time and cannot update the latest extent or 
condition of mangrove forest within a short time period. In 
such circumstance, remote sensing technique which is 
cheaper in cost and time effective was utilized in forestry 
application to monitor the mangrove ecosystem. Recent 
advancement in remote sensing data availability, image-
processing methodologies, computing and information 
technology, and human resources development have 
provided an opportunity to observe and monitor mangroves 
from local to global scales on a regular basis. Spectral and 
spatial resolution of remote sensing data and their 
availability has improved making it possible to observe and 
monitor mangroves with unprecedented spatial and 
thematic detail. Furthermore, remote sensing technique 
along with Geographic Information System (GIS) is able to 
provide new tools for rapid and advance forest monitoring 
and management. Satellite imagery is one of the resources 
available in remote sensing which enable human being to 
view the scene of lands, water and forest in the earth 
surface without accessing to the field site location. 

In addition, the accuracy of multi-temporal, multi-
look direction, multi-incidence-angle, multi-polarization, 
and quad polarization bands based on remote sensing 
measurements, and geographic information systems for 
land cover mapping over Peninsular Malaysia were 
investigate to the ALOS PALSAR datasets. In this study, 
we will study the change detection trend for the land cover 
used and land cover change from the history till now. 
Mangrove is an ecological term referring to shrubs or trees 
that exist in high salinity soil and brackish water condition 
along sheltered coastal region [1]. Their special prop and 
tough root systems (pneumatophores) help them to survive 
in harsh situation of saltwater or mudflats. Mangrove can 
be found in tropical and subtropical climate country around 
the world [2].  

Almost 75% of the world’s tropical coastlines are 
cover by mangrove [3]. Mangrove tree not barely provide 
food to marine life and its corresponding community but 
also serve as natural barrier in protect the land, shoreline 
area from erosion, tidal wave, floods, typhoon and tsunami 
[4, 5]. Besides, profit gained from mangrove forestry 
products such as timber, firewood and charcoal also 
contribute to country’s economic. Therefore, their 
importance is recognizable worldwide with their vital 
environmental, economic, ecological and biological values 
[6]. Historically, there is a lot of research focus on 
mangrove ecosystem studies either in the aspect of 
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biophysical, biochemical, or biological properties of 
mangrove plants. The common studies of mangrove 
ecosystem usually include mapping, monitoring, 
identification, and discrimination of mangrove trees. 
Traditional mangrove studies involve the fieldwork or field 
survey to the site to detect and monitor the mangrove 
ecosystem, but it is time consuming and costly. The field 
survey method for mangrove studies will become 
complicated when the mangrove swamps area is difficult 
to penetrate and access. In such circumstances, remote 
sensing technique has become an effective tool in study the 
mangrove ecosystem. Previous study has shown that 
measurement of hyperspectral leaf reflectance can be used 
to distinguish the mangrove species [7, 8, 9]. Ideal 
wavebands for mangrove species classification are 
identified and highlighted in their studies. In this study, the 
finding of significant wavebands in discriminating the 
mangrove species has been further applied for the 
development to determine the mangrove species fraction 
based on scores obtained from discriminant function.     

Recently, the uncontrolled deforestation of 
mangrove forest for irrational development of urban area 
or aquaculture by human being has led to the dramatically 
declining in mangrove trees. Up to year 1990, 30% of 
mangrove forest in Malaysia has been lost and the 
decreasing rate is predicted to continue at a rate of 1% per 
year [10]. In order to have efficient management and 
monitoring of mangrove ecosystem, researchers have 
attempted, utilized and invented various remote sensing 
methods to extract the mangrove information from high 
spatial resolution multispectral, hyperspectral satellite data 
nor airborne data [11, 2]. At initial time, artificial 
interpretation based on aerial photo was used for the 
surveying of mangrove forest. Prior to 1990, Landsat and 
SPOT satellite imageries (consist of panchromatic 
and multispectral bands) start to employ by researchers in 
mangrove studies [12]. With the invention of new 
generation sensor (hyperspectral sensor) that possess 
higher spatial and spectral resolution, finer level in 
mangrove studies (mangrove species differentiation) is 
more reliable and precise [13, 14, 15].                                  
 
 
 
Research Activity:                                                                                        
1. To  map the mangrove extent in Peninsular Malaysia 
using retrieved Normalized Vegetation Difference Index 
(NDVI) over Peninsular Malaysia 
2. To monitor the changes detection in mangrove 
ecosystem using multi-date remote sensing data. 
3. To develop an algorithm for mangrove species 
discrimination based on ALOS AVNIR-2 satellite data. 

 
2. STUDY AREA 

 
The study area was the Matang Mangrove Forest Reserve 
(MMFR), which is in the north-western coast of 
Peninsular Malaysia, within the administrative district of 
Kerian, Larut Matang and Manjung in the State of Perak, 
Peninsular Malaysia. It lies between latitude 4º 15’N to 5º 
1’N and longitudes 100 º 2’E to 100º 45’E. MMFR is 
situated in the equatorial region where the sky is often 
covered by clouds. Therefore, it is hard to obtain clear 
imagery through satellite remote sensing over MMFR 
region. Currently, the total area extent of mangrove in 

Perak is about 43,292 hectares (ha). In early 1902, 
conservation of Matang mangrove has been started and 
lately it has been recognized as the best managed mangrove 
forest among the world [16].  

Matang mangrove has been gazetted as permanent 
reserved forest in 1906 and has been efficiently managed 
by the Perak Forestry Department. Matang mangrove is an 
exemplary sustainable managed mangrove forest which 
has been able to sustain the continuing demand for wood 
resources and preservation of the mangrove ecosystem. 
Matang mangrove has been gazetted as permanent reserved 
forest in 1906 and has been efficiently managed by the 
Perak Forestry Department. MMFR is mainly divided into 
four compartments stretching from Kuala Gula in the North 
to Bagan Panchor in the South: North Kuala Sepetang, 
South Kuala Sepetang, Kuala Trong and Sungai Kerang 
[17]. The coastlines in MMFR are largely irregular, 
characterized by extensive mangrove forests, mudflats, and 
shallow seas. Kuala Sepetang Mangrove Park was chosen 
as our study site since it is a popular Eco-Education Center 
and has a large extent of mangrove species which is 
suitable to study on the plenty kind of mangrove species. 
Moreover, thestudy location of MMFR is near to USM and 
it offers a great advantage for obtain the ground truth data 
at any time. The map of study region was illustrated in 
figure 1. The two major true mangrove species usually 
found along the riverbanks in Matang are consisting of 
Rhizophora apiculata and Rhizophora mucronata. These 
two species occupy up to 85% of the total area in Matang 
mangrove [18]. Six mangrove species are chosen for our 
study comprise of Rhizophora apiculata (Bakau Minyak), 
Acrostichum aurem (Pial Lasa), Acrostichum speciousm 
(Pial Raya), Acanthus ilicifolius (Jeruju Putih), Ceriops 
tagal (Tengar) and Sonneratia ovata (Gedabu)  
 

 
 

Figure 1. Study area of Kuala Sepetang Mangrove Forest, 
Perak, Malaysia. 

 
3. MATERIAL AND METHOD 

 
One of the methods to discriminate the mangrove species 
in study area is using statistical approach. All the spectra 
measurements obtained from FieldSpec® 3 Hi-Res 
spectroradiometer were analyzed using the IBM SPSS 
Statistic version 22 software. Spectra reflectance was 
measured over the wavelength range from 350-2500 nm. In 
order to reduce the redundancy between adjacent 
wavebands, an average reflectance value was calculated for 
each 10 nm interval generating total of 215 wavebands for 
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analysis. Due to high correlation inherent in adjacent 
wavebands, it is not reliable to include all the 215 
wavebands in mangrove species classification at one time 
instead wavebands that will maximize the likelihood of 
species discrimination should be determined. Among the 
band selection method which have been commonly used 
such as Principal Component Analysis (PCA), Fisher’s 
Linear Discriminant Analysis (LDA), Penalised 
Discriminant Analysis (PDA) and wavelet-based feature 
selection [19, 20], LDA technique is the most widely 
employed. However, LDA method will not produce trusty 
solution when a lot of highly correlated wavebands with 
similar reflectance values are included in LDA analysis. 

To circumvent the problem, a series of one-way 
Analysis of Variance (ANOVA) with species as 
independent variable was performed for each of the 215 
wavebands to filter out the wavebands which the mean 
reflectance among the leaves of six mangrove species were 
not differ significantly. The resultant probability, p-value 
obtained was used as indicator to remove the wavebands 
which do not differ significantly among the mean 
reflectance of mangrove species. The purpose in carry out 
the ANOVA test was not to test the hypotheses about the 
differences within specific waveband but is to test the 
significant differences between means among the 
mangrove species to eliminate the wavebands which 
provide no useful information for discriminate the 
mangrove species [8]. For wavebands which have p-value 
of less than 0.05 (p<0.05), those wavebands will be picked 
and utilized for canonical stepwise linear discriminant 
analysis.  

LDA was carried out on the selected wavebands 
which exhibit significant difference among the mangrove 
species. Discriminant analysis is a grouping method used 
to predict group membership based on linear combination 
of the interval variables. In LDA bands selection method, 
a new orthogonal space oriented along the axis was created. 
The original redundant data was reprojected into the 
orthogonal space by maximizes the ratio of within-class 
variance and between-class variance matrices of the 
spectral data. The axis of the new space produce is aligned 
such as the first axis will have the major overall 
discrimination, second axis will have second greatest and 
so on. If Na is the total number of classified group while Nb 

is the total number of original groups, LDA in practically 
will yield a new set data with Nb-1 dimensions to minimize 
the data dimension. Alpha level of 0.05 was used as the 
significant level while performing the discriminant 
analysis. By inspecting the standardized coefficients for 
each band, the variables which have bigger 
absolute value of standardized coefficients indicate that the 
variable contribute significantly to the discriminant 
function. After examined the standardized coefficients, the 
optimal wavebands were identified. 

The spectroradiometer that was used in this study 
is the FieldSpec3 Hi-Res (350-2500 nm) from the ASD Inc. 
The spectroradiometer was equipped with a plant probe 
system (with an internal light source), which contains a leaf 
clip to hold leaf samples and was used to collect and 
measure the reflectance spectra of the six mangrove species 
in the KSMF. The plant probe was designed such that 
ambient light from outside could not enter the probe, 
assuring the constant geometry of the light sources. Figure 
2 illustrates the plant probe system that was connected to 
the spectroradiometer system was used to measure the 

mangrove leaf samples at the study area. A laptop was 
connected to the spectroradiometer to display and view the 
real-time reflectance spectra for each mangrove leaf 
sample. 
 

 
Figure 2. Field measurement in Kuala Sepetang Mangrove 

Forest, Perak. 
 

The reflectance of the six mangrove species was 
measured around the open area in the Kuala Sepetang 
Mangrove Park during cloudless, sunny weather conditions 
near solar noon to minimize the interruption of solar angle 
illumination on the mangrove species. Leaf samples from 
different tress and canopies in open areas along the water 
edges or roadside were collected for each mangrove 
species. A reflectance spectrum was measured at five 
different points along the surface of each leaf sample to 
ensure that the reflectance spectra for each mangrove 
species are accurate. Sample leaves from upper canopy 
heights were not taken because the leaves at lower canopy 
heights receive similar levels of incident sunlight as the 
upper canopies of taller trees.  

 
 

4. RESULTS AND DISCUSSION 
 
The statistical analysis technique has been done on the 
hyperspectral leaf reflectance data will be presented and 
discussed. In addition, the interpretation of discriminant 
functions and its score for mangrove species discrimination 
will be highlighted in detail. Comparison was done based 
on different combination of discriminant functions utilized. 
From one-way ANOVA test, the obtained results showed 
that there was significant heterogeneity among the 
investigate mangrove species in specific wavebands. 
Out of the 215 wavebands (10 nm wide) being produced 
and tested, 83 wavebands show significant difference 
in mean reflectance among the six mangrove species with 
p<0.05. As all these 83 wavebands are highly correlated 
among each other, it cannot be used independently to 
predict the mangrove species. To reduce the correlation, 
these wavebands were further grouped into eight portions 
in the wavelength spectrum as shown in figure 3. Three 
spectral regions were generated by grouping those 
wavebands as follow: region 1 is a VNIR portion (640-660 
nm, 760-950 nm); region 2 is a SWIR I portio (1000-1150 
nm, 1160-1210 nm, 1300-1370 nm) and region 3 is a SWIR 
II portion (1850-2020 nm, 2140-2270 nm, 2430-2500 nm). 
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Figure 3. ANOVA results of the spectral wavebands with p-

values less than 0.05. 
 

Linear Discriminant Analysis (LDA) was 
implemented on each spectral region separately to 
determine the influential wavelength. The influential 
wavelengths in each spectral region were selected base on 
the weight or standardized coefficients of variables 
produced in the discriminant functions. The final 
influential wavelength generated in each spectral region 
was listed as shown in table 1. From LDA results, 
mangrove species was separable at certain 
wavelength. 
 

 
 

Table 1. LDA results indicate the influential wavelength 
which can be used to distinguish the leaf samples among the 

six mangrove species. 

 
There is some challenge confront while analyzing 

the hyperspectral data. The challenges faced were due to 
the enormous number of correlated bands and the training 
samples being used were relatively small [8]. To solve the 
problem as mentioned, ANOVA technique was employed 
to reduce the number of wavebands from 215 to 83 prior to 
mangrove species classification. By focusing on much 
smaller set of wavebands, LDA further establish the best 
discriminant function through the analysis of each 
wavelength contribution (standardized coefficients of each 
variable) to discriminate the mangrove species. 

The combination of first two function with 
variance percentage (>95%) indicate that all the data can 
be explained with these two functions and the data 
dimension is minimized. The first function generated 
maximizes the difference between groups while second 
function also maximizes differences between groups with 
no correlation with the first function. Variables contribute 
to the discriminant function is based on their standardized 
coefficients. Table 2 list out the discriminant function 
obtained from the eight spectral regions. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 2. Discriminant function generated from canonical 
discriminant analysis. 

 
By using all the discriminant function listed at 

table 2, the score of each function for each mangrove 
species (Acanthus ilicifolius, Acrostichum aureum, 
Acrostichum speciosum, Rhizophora apiculata, Ceriops 
Tagal and Sonnerata ovata were computed and attached in 
table 3. 

 
Table 3. Score value for six mangrove species obtained from 

discriminant function. 
 

 
Refer to table 3, the score for six mangrove 

species is varies between each other for all the discriminant 
function found and there is some overlapping score in 
certain mangrove species. Among the 16 functions, three 
mangrove species can be separated using function F2, F3, 
F5, and F10. In addition, function F9, F11, F12, F13, F15 
and F16 is effective in discriminate four mangrove species. 
Other functions such as F1, F4, F6, F8, F14 was not 
significant in separate more than three mangrove species. 
The only unique function which can be utilized to 
distinguish all the mangrove species is function F7. In F7 
function algorithm, six mangrove species exhibit unique 
score ranges which is differing from each other. Hence, this 
function is prominent and the wavelength of 1184nm and 
1208nm are very suitable to be used in separate the six 
mangrove species in MMFR. Meanwhile, the classification 
accuracy obtained for each spectral region in classify all 
the mangrove data using discriminant function in table 2 is 
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high with more than 77% of mangrove species being 
classified correctly. Each spectral region classification 
accuracy was produced using their respectively 
discriminant function and the classification results 
were summarized in table 4. The high classification results 
achieved indicate that the discriminant functions generated 
is good to be used for the six mangrove species separation 
under investigation. 

 
Table 4. Classification accuracy acquired for each spectral 

region.

 
In this part, combination of discriminant function 

in table 2 was used to assess the classification accuracy of 
investigate mangrove species. Two combinations of 
functions used in this study consist of 16 functions (all 
functions) and 11 functions to test the classification 
accuracy for classify an unknown mangrove leaf sample 
obtained from MMFR. The mangrove species fraction 
classification using 16 functions and 11 functions were 
presented in table 5 and table 6 respectively. 

 
Table 5. Mangrove species fraction percentage generated 
using combination of 16 functions [A=Acanthus ilicifolius, 

B=Acrostichum aureum, C=Acrostichum speciosum, 
D=Rhizophora apiculata, E=Ceriops Tagal, F=Sonnerata 

ovata]. 

 
 

Table 6. Mangrove species fraction percentage generated 
using combination of 11 functions [A=Acanthus ilicifolius, 

B=Acrostichum aureum, C=Acrostichum speciosum, 
D=Rhizophora apiculata, E=Ceriops Tagal, F=Sonnerata 

ovata]. 

 
According to table 5, for each mangrove leaf 

sample being tested, different fraction percentage 
corresponding to six mangrove species will be obtained. 
The amount of fraction percentage will determine the 
mangrove leaf sample’s species. For instance, in the 
examination of sample A1 and A2, the majority fraction 
percentage obtained show that sample A1 and A2 is more 
identical to mangrove species A with high fraction 

percentage of 71.43% and 69.23% while minor fraction 
percentage goes into another mangrove species category 
(B, C, D, E and F). From the fraction value, the higher 
amount of fraction value implies sample A1 is highly 
identical and like be mangrove species A. For sample A3, 
the fraction percentage for mangrove species A is only 
53.33%, species B and D with 6.67%, species E with 20% 
and species F with 13.33%. Even though the sample A3 has 
a small chance belong to species E or F, in overall the 
higher fraction percentage is taken when come to the 
determination of mangrove species. The remaining leaf 
samples (B to F) were analyzed the same way as sample A 
and the samples were classified according to the fraction 
percentage value. Overall, the determination of leaf 
sample’s species is chosen base on the highest fraction 
measure among the six mangrove species. The samples in 
table 6 also classified in same way as method used in table 
5 but using differ combination of function. 

The highlighted fraction percentage in both tables 
above indicated that the determined mangrove species 
represent by the leaf sample being examined. For 
simplicity and comparison, the classification accuracy 
using differ functions combination in classify the 
mangrove species yields the results as shown in table 7. 
Refer to the results in table 7, the classification accuracy 
for using 11 functions was more consistent and uniform. 
Besides, the classification accuracy attained was higher 
compare to the accuracy achieved using all the 16 
functions. The mangrove species accuracy obtained using 
statistical analysis was not high as it is impossible to 
separate the mangrove species in leaf level using their 
inherent reflectance properties. However, the accuracy 
results obtained was satisfactory and able to discriminate 
the examined mangrove species at species scale. Therefore, 
algorithm using 11 functions was chosen and will be used 
for validation part to classify the ground truth data.  

Based on study of the hyperspectral reflectance 
spectra, the mangrove leaf sample’s species can be 
predicted and identified using the algorithm developed 
with the aids of 11 functions. Though some of the 
classification accuracy attain was lower, but the algorithm 
developed still can provide an alternative way to identify 
the mangrove species in the leaf scale. The limitation of the 
algorithm proposed was it is only can be used to determine 
the healthy mangrove species which is under investigation 
in this study. 

 
Table 7. Classification accuracy for various function 
combinations in classifies the leaf sample at MMFR. 

 
 

6. CONCLUSION 
 

Discriminant function was generated through the 
application of LDA. For each spectral region, the first two 
functions (account for 95% of variance) will be chosen and 
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used for mangrove classification. There are 16 functions 
has been developed from the eight-spectral region. The 
score for six mangrove species is varies among them for all 
the discriminant function developed. Among the 16 
functions, one unique function was found which can be 
used to separate all the mangrove species in the study area 
in wavelength of 1184nm and 1208nm. In this unique 
function, six mangrove species show unique score ranges 
which is differing from each other. The classification of 
mangrove species was performed using the 16 discriminant 
functions. The classification accuracy was more than 77% 
for each spectral region. However, in the comparison of 
combination of discriminant function used to identify the 
mangrove species, the results found out the individual 
mangrove identification using 11 functions produce higher 
accuracy in determine the species in leaf level. At last, the 
algorithm generated was used to determine the mangrove 
species in ground data with the aids of 11 functions. 
Although the classification achieved is lower in identify 
certain mangrove species, but the developed algorithm can 
provide as an alternative method to identify the mangrove 
species in leaf scale. 
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1. INTRODUCTION

Monitoring of the boreal forest including Siberian taiga is 

an important for the assessment of global natural processes. 

Currently the most promising research tool for the remote 

sensing of forests are synthetic aperture radars (SAR). 

They allow us to evaluate forest stand and its biomass on 

the basis of empirical and theoretical models as shown in 

review [1]. Existing forest models implies a symmetric 

azimuthal distribution of the trees branches relative to the 

trunks. However, the coniferous forests have a greater 

number of branches from the more illuminated south side 

as shown by the results of field studies [2]. Therefore, it is 

necessary to develop such methods of data processing that 

will allow us to estimate azimuthal anisotropy of radar 

targets. This will allow to adjust the existing forest models 

and perform a more accurate assessment of its structure for 

monitoring purposes. 

Specific features of electromagnetic waves interaction 

with complex structures that induce multiple scattering or 

have spatial anisotropy can be found by means of 

polarization measurements. Such measurements are 

ensured by a polarimetric SAR radiating linearly polarized 

waves with vertical (V) and horizontal (H) polarizations 

and receiving the reflected signal at matched (VV and HH 

signals) and orthogonal (VH and HV) polarizations. The 

development and use of polarimetric methods for studying 

land covers at present is associated with designing various 

decompositions of the complex polarization scattering 

matrix [3-6]. These decompositions allow us to obtain 

polarization ”portraits” of the sensed objects and identify 

physical mechanisms of radar backscattering. It makes 

possible then to perform an accurate radar sensing data 

interpretation. One of the famous methods of polarization 

analysis is a graphical representation of the backscatter 

coefficient for all possible states of the polarization ellipse, 

which is realized in the form of a polarization signature [7]. 

Recently, there has been newly proposed polarization 

signatures, in which a parameter under investigation is a 

coherence [8]. As shown in [9] the polarization signatures 

can identify coherent scatterers. In [10] the polarimetric 

texture signature has been introduced for the analysis of 

polarimetric radar images. It shows in graphical form the 

dependency of the normalized second-order moment of 

intensity on polarization state. The second moment of 

backscattered power characterizes statistically the 

variation of the radar signal due to speckle and the 

underlying radar cross section. 

Along with the development of polarimetric radar 

techniques, there are articles where texture analysis 

methods are used, including fractal approach. In [11] it is 

pointed out that fractal models improved the interpretation 

of remote-sensing products due to their universally 

recognized ability to characterize natural surfaces, their 

interaction with electromagnetic fields and the 

corresponding (both multispectral and radar) images. The 

paper [12] shows that the fractal dimension maps can 

provide an anisotropy indication of the fractal 

characteristics of an observed surface. Moreover, the SAR 

image fractal dimension can be a feature that provides a 

measure of the image roughness [13]. So, we may assume 

that a given image roughness will show the degree of 

volume heterogeneity of targets, forests especially. The 

trunks and large branches of trees are discrete strong 

scatterers [14]. They all have different angles of inclination 

and represent the three-dimensional architecture of the 

forest. Therefore, it makes sense to estimate the fractal 

dimension not only for horizontal or vertical polarizations 

but also for different shapes of polarization ellipse. 

The paper proposes a new approach for estimating of 

volume target heterogeneity, which is based on a fractal 

analysis of the PolSAR data. We propose to calculate the 

fractal dimension (FD) for a small fragment of a radar 

image for all possible states of polarization ellipse. Thus, 

we get multi-fractal dimension of that fragment which 

characterize the degree of radar backscattering 

heterogeneity at various angles of orientation and 

ellipticity. A graphical representation of this multi-fractal 

dimension will represent a polarization signature of spatial 

variations of the radar backscattering. Such fractal 

polarization signature may characterize, for example, the 

angular distribution of the trees branches in a vertical 

plane, or the azimuthal distribution of the branches when 

imaging from ascending and descending orbits.  

2. STATEMENT OF THE PROBLEM. THEORY

The fractal pattern of natural objects can be observed in 

measurements of different parameters describing their state. 

As an example, let us consider the standard profiles of radar 

image fragments corresponding to forests and treeless 

areas. Figure 1 shows the horizontal profiles of radar 
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Fig. 1 Profiles of radar backscattering on HH and HV polarizations for ALOS-1 PALSAR-1 

 

signals corresponding to the image that was obtained by the 

ALOS-1 PALSAR-1 at different polarizations.  

In Fig. 1, the distance is plotted on the abscissa axis and 

the decibel values of radar cross section (RCS) are plotted 

on the ordinate axis. The first half of the profile in Fig. 1 

corresponds to the treeless area and the second half, to the 

forest area. An analysis of Fig. 1 shows that significant 

RCS variations are observed both for the forest area and for 

the treeless area. These signal variations are random; 

however, when the range of the abscissa scale is changed, 

one can note some statistical self-similarity of signal 

changes, i.e., the self-similarity of profiles (as well as 

whole images) at different average ranges. This indicates 

the fractal pattern of this image and makes it possible to 

characterize the Earth’s surface under study by the 

corresponding fractal dimension. The visual analysis of 

graphs in Fig. 1 suggests that the fractal dimension will be 

higher for the forest areas than for the treeless ones. 

As a rule, the geometrical dimensions of objects on the 

Earth’s surface differ in different directions. Therefore, 

during the scattering of radar signals from such objects, the 

intensity of a reflected signal and variations in its intensity 

at different polarizations and different wavelength ranges 

will significantly depend on the heterogeneity of the object 

characterized by its fractal dimension, which will make it 

possible to classify natural communities and assess their 

characteristics. 

 

2.1. Fractal analysis 

 

Estimating fractal dimensions is the principal way of 

quantitatively describing the fractal properties or 

inhomogeneous of the three-dimensional spatial objects 

being studied. Until recently, Mandelbrot’s and van Ness’ 

fractional Brownian motion (fBm) probably provides the 

most useful mathematical model for the random fractals 

found in nature [15-17]. In order to apply the fBm to the 

original radar image, it is considered as a three-dimensional 

spatial surface with (x,y) denoting pixel position on the 

image plane, and the third coordinate z = I(x,y) denoting 

the value of radar backscattering (see Fig. 2). This surface 

must satisfy the following relationship in the fBm model 

[15]: 

𝐸(|𝐼(𝑥2, 𝑦2) − 𝐼(𝑥1, 𝑦1)|)

∝ (√(𝑥2 − 𝑥1)2 + (𝑦2 − 𝑦1)2)
𝐻

, 

(1) 

 

 
 

(a) (b) 

Fig. 2 (a) Fragment of a radar image; (b) its three-

dimensional representation. 

 

where E(...) denotes expectation value, and H is called the 

Hurst index (0 < H < 1). This fBm surface is enveloped in 

three-dimensional space and has the following major 

properties: 

1) The surface is continuous, but non-differentiable, 

and every property of this surface is dependent on the 

single scaling parameter H. 

2) The fractal dimension of the surface is D = 3 – H. 

3) The surface is self-affine. 

Equation (1) can be rewritten as 𝐸(∆𝐼∆𝑟) = 𝐾∆𝑟𝐻 , 

where ∆𝐼∆𝑟 = |𝐼(𝑥2, 𝑦2) − 𝐼(𝑥1, 𝑦1)| , ∆𝑟 =

√(𝑥2 − 𝑥1)2 + (𝑦2 − 𝑦1)2 , and K is a constant. By 

applying the log function to both of the equation, we obtain 

log(𝐸(∆𝐼∆𝑟)) = 𝐻 log(∆𝑟) + constant.  (2) 

Equation (2) is used for the estimation of fractal dimension 

of an image surface in the following manner. First, we 

calculate the quantity of 𝐸(∆𝐼∆𝑟) for various ∆r. Second, 

we take log of 𝐸(∆𝐼∆𝑟) and ∆r, and plot the log(𝐸(∆𝐼∆𝑟)) 

versus log(∆𝑟). Then, a least-square linear regression is 

used to estimate the slope of the resultant curve, which will 

be the H value. From H we can obtain the fractal 

dimension, D = 3 – H. Complete description of the process 

of fractal dimension estimation has been presented in [17]. 

 

2.2. Lacunarity 

 

One more feature of fractal objects is lacunarity . This 

term was also introduced by Mandelbrot, and is an 

important addition to the texture analysis using the fractal 

approach [18, 19]. Some objects can have the same fractal 

dimension and, at the same time, different textures. 656



Lacunarity helps distinguish such objects [18]. If we 

consider a radar image in the three-dimensional form, the 

lacunarity will be related to the spatial distribution of gap 

sizes or depressions. Textures with low lacunarity are 

considered homogeneous, since all gap sizes are the same, 

while textures with high lacunarity are heterogeneous. It 

should be noted that textures that are uniform on small 

fragments can be heterogeneous in larger areas and vice 

versa. Therefore, Λ can be considered a scale-dependent 

measure of texture. 

The general approach to assessing lacunarity is to 

estimate the mass distribution of a given set. Thus, in [19] 

proposed a gliding-box algorithm. This method used a box 

with radius r, which “glides” on a lattice overlaid on the 

set. Let n(M, r) be the number of gliding-boxes with radius 

r and mass M. Let us define the function of the probability 

of mass distribution, Q(M, r) as the quotient of n(M, r) by 

the total number of boxes. Then the lacunarity on the r 

scale is determined by the following expression [19]: 

Λ(𝑟) =
∑ 𝑀2𝑄(𝑀,𝑟)𝑀

[∑ 𝑀𝑄(𝑀,𝑟)𝑀 ]2.  (3) 

Lacunarity images were constructed according to the 

algorithm described in [20]. This algorithm is based on a 

differential box counting (DBC) method. A cubic with a 

size of r × r × r (r = 2, 3, 4, 5, …) is placed over the upper 

left corner of the selected area (window) with a size of W 

× W in the initial image. W is an odd number satisfying the 

condition r < W. 

Depending on the pixel values in a sliding window with 

the size of r × r, a column with a height of over 1 cube may 

be required for covering the surface composed of the image 

pixels. Let us assign numbers 1, 2, 3, … to the cubic boxes, 

starting from the lower one. Let the minimum and 

maximum pixel values fall into the box under numbers u 

and v, respectively, for each sliding window with a size of 

r × r. Then the relative column height is 

𝑛𝑟(𝑖, 𝑗) = 𝑣 − 𝑢 − 1  (4) 

where i and j are the coordinates of the pixel. 

When the sliding window moves in the W × W window, 

we have 

𝑀𝑟 = ∑ 𝑛𝑟(𝑖, 𝑗)𝑖,𝑗    (5) 

To calculate the lacunarity in the W × W window, we 

replace the mass M in (3) by the mass Mr from (5). The 

lacunarity value is then assigned to the central pixel of this 

window and the window itself moves through the entire 

image.  

 

2.3. Algorithm of polarization signatures construction 

 

The flowchart of the algorithm for constructing the 

fractal/lacunarity polarization signatures is shown in Fig. 

3. At the first step, the ranges of variation of the orientation 

angle  (0°≤≤180°) and ellipticity angle  (-45°≤≤45°) 

of the polarization ellipse are divided into uniform 

sequences of the values of {𝜓𝑖}𝑖=0
𝑁  and {𝜒𝑗}

𝑗=0

𝑀
. For each 

combination (i,j) a co- or cross-polarized RCS is 

synthesized in accordance with [7]. The calculated RCSs 

are then transformed into fractal/lacunarity images using 

above-described algorithms [17, 20]. A region of interest 

(ROI) or a vicinity of a certain point for which the signature 

has to be constructed is defined in these images. The 

calculated D/ values in the chosen region are averaged for 

obtaining the resultant fractal dimension/lacunarity. Thus, 

one value of Dij/ij is obtained for each pair of the angles 

 

Fig. 3 The flowchart of fractal/lacunarity polarization 

signature generation 

(i,j). The resultant set of L = (N+1)(M+1) points (i,j, 

Dij)/(i,j, ij) forms the fractal/lacunarity polarization 

signature, which characterizes the spatial fluctuations of 

the radar backscattering. 

A special software has been developed to generate a 

fractal/lacunarity signature. This software is available at 

GitHub [20]. It is based on Orfeo ToolBox, a free software 

for processing remote sensing data [21]. 

It should be noted that signatures construction is 

computationally expensive. The reason is that calculation 

of the value of one pixel of the fractal/lacunarity image 

requires processing of s×s pixels of the original image, 

where s = 2r + 1 (r is the radius of the chosen vicinity). 

Thus, the number of computations for determining only 

one D/ value increases in proportion to the squared radius 

of the chosen vicinity. Another factor affecting the 

computation time is the choice of the step of variation of 

the polarization ellipse angles. Let δ be the step of the 

sequences of variation of the polarization ellipse angles. 

Then we have 𝑁 = ⌊180° 𝛿⁄ ⌋ and 𝑀 = ⌊90° 𝛿⁄ ⌋. For δ = 

3°, we obtain N = 60 and M = 30. For signature generation, 

it is necessary to synthesize L=1891 polarimetric images 

and to transform each image to a fractal/lacunarity image. 

Depending on the original radar image size, it takes several 

hours on a personal computer (64-bit computer with an 

Intel® CoreTM i5-2310@2.9 GHz processor). For a step of 

1°, it is necessary to process L=16471 images, which 

substantially increases the computation time. 

 

3. TEST SITE DESCRIPTION AND DATA USED 

 

Figure 4 shows the Google Maps image of the area being 

studied. It is located approximately in 75 km northwest 

from Ulan-Ude, Russia near the eastern coast of the Baikal 

Lake. The study area was a flat region with size 

approximately equaled 2.5 km2 consisting mostly from 
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Fig. 4 Test area on the Google Maps and geometry of radar imaging for SIR-C (arrow 1) and ALOS-1 PALSAR-1 at 

ascending (arrow 2) and descending (arrow 3) orbits. 

 

pine forest (Pínus sylvéstris). The inventory description of 

the forest was collected from the forestry maps and field 

surveys. They showed that average trees density varies 

from 0.1 tree/m2 to 0.25 tree/m2 whereas diameter of trunks 

is in the range from 0.15 m to 0.28 m. Azimuthal 

distribution of trees branches was measured in several sub 

areas within the study area. These measurements have 

ascertained that more than fifty percent of trees have the 

greater number of branches in the range of the azimuthal 

angles from south-east to the south-west (Fig. 5). Fig. 6 

depicts the typical forest stand with trees branches oriented 

mostly in south-southeast direction.  

For constructing the signatures, we used the data of 

spaceborne polarimetric SAR: SIR-C, which made 

imaging in October 1994, and ALOS-1 PALSAR-1, which 

 

Fig. 5 Measured azimuthal distribution of trees 

branches. The strength in each direction is the 

frequency of branches azimuth. 

made imaging in 2006–2009 (see Table 1). It should be 

noted that there are no fully polarimetric radar images from 

the current L-band satellite radar, ALOS-2 PALSAR-2, for 

the test site under study. SIR-C images were 

simultaneously obtained in two frequency ranges: L- and 

C-bands with wavelengths of 24 and 5.6 cm, respectively. 

Imaging was performed at the ascending orbit towards the 

south-southeast (arrow 1 in Fig. 4) due to the fact that orbit 

inclination angle is equal to 62.6 degrees. The angle of 

inclination of the ALOS-1 PALSAR-1 orbit equaled 98.1 

degrees, and when the sensing was performed at the 

ascending orbit, it was close to the east (arrow 2). Also, the 

direction of sensing was moved to the west (arrow 3), at 

the descending orbit. Multilooking was performed for the 

initial data in order to eliminate the speckle noise. As a 

result, the size of the pixel in the images equaled 24m x 

24m. 

 
Fig. 6 A typical forest stand at the test site 658



Table 1. Polarimetric radar data used 

SIR-C 

ALOS-1 

PALSAR-1 

Ascending orbit 

ALOS-1 

PALSAR-1 

Descending orbit 

Oct. 9, 1994 June 28, 2006 May 30, 2006 

Oct. 10,1994 Aug. 13, 2006 July 15, 2006 

 Sept. 28, 2006 Aug. 30, 2006 

 Nov. 13, 2006 Oct. 15, 2006 

 Mar. 31, 2007  

 May 06, 2007  

 Nov. 16, 2007  

 Apr. 02, 2008  

 Apr. 05, 2009  

 

4. RESULTS AND ANALYSIS 

 

Figure 7 shows classical copolarized signatures (a, b, c), 

which characterize the averaged (in a certain “window”) 

values of radar backscattering. We also constructed 

copolarized signatures 

1. based on the second moment (d, e, f); 

2. using fractal analysis, i.e., the fractal dimension (g, h, 

i) and lacunarity (j, k, l). 

They describe spatial variations in the brightness of radar 

images (actually, the spatial variations of radar 

backscattering signals).  

In Fig. 7, the angle of orientation of the polarization 

ellipse is plotted on the abscissa axis; the ellipticity angle 

is plotted on the ordinate axis; the average normalized 

value of radar backscattering is plotted on the applicate axis 

for the classical signature and the fractal dimension is 

plotted on the same axis for the fractal signature; and the 

normalized second moment value and lacunarity value are 

plotted on the applicate axis for the classical and fractal 

signatures, respectively. The signatures were obtained by 

averaging the data separately for the three directions of 

radar sensing. 

The traditional polarization signatures (see Figs. 7a–7c) 

for the three different sensing directions are similar in their 

shape and, therefore, equally characterize the averaged 

polarimetric radar scattering by the test forest site. The 

signatures of the second moment (see Figs. 7d–7f) are 

similar to the traditional ones and also similar for the three 

cases of sensing. The presented traditional polarization and 

second moment signatures are well-studied signatures that 

are characteristic of a dihedral corner reflector [7]. 

Let us consider a fractal signature with respect to the 

inclination angle of polarization, assuming that the 

dependence on the angle of ellipticity is symmetric to linear 

polarization (0° along the ordinate). The fractal signature 

obtained from the SIR-C data (Fig. 7g) has a symmetric 

distribution with respect to the polarization inclination 

angle of 90°, which corresponds to the vertical co-

polarization. 

Fractal dimension values of over 2.85 correspond to 

significant spatial fluctuations of a radar echo signal. At the 

same time, these fluctuations are correlated with the spatial 

distribution of heterogeneities in the form of trunks and 

large branches of trees. The certain symmetry of the 

signature with respect to the orientation ellipse angle of 90° 

(vertical polarization) is presumably associated with a 

similar distribution of branches on the western and eastern 

sides of the trees during sensing in the southern direction 

(SIR-C). 

The radar images obtained from the ALOS-1 PALSAR-1 

satellite during sensing on the ascending orbit, i.e., towards 

the east, had a fractal dimension of over 2.97 in the 

variation range of inclination angles of the polarization 

ellipse from 90° to 170° (see Fig. 7h); i.e., an increase in 

spatial variations in the intensity of radar back scattering is 

observed. Under the condition of this sensing geometry 

(see arrow 2 in Fig. 4), i.e., when the zero angle of 

orientation of the polarization ellipse coincides with the 

southern direction, a similar angular distribution indicates 

that the branches form a thicker reflection layer on the 

southern side of the trees, while the branches on the 

northern side are sparser; i.e., anisotropy of the spatial 

distribution of branches is observed. 

In contrast, spatial variations on descent orbits increase 

upon angles of orientation of the polarization ellipse from 

20° to 90° during sensing towards the west (the zero angle 

of orientation of the polarization ellipse coincides with the 

direction to the north) (Fig. 7i). This may also be due to the 

higher density of branches growing towards the south. 

Let us compare these results using the ALOS-1 PALSAR-

1 satellite data with one of the traditional methods of 

assessing the polarization state. Let us consider the 

histograms of the distribution of the values of the third 

Stokes parameter over the images of the test area (see Fig. 

8). The third Stokes parameter, S2, characterizes the ratio 

of the components that are linearly polarized at angles 

(with azimuths) +45° or –45°. There are three cases for the 

S2 values:  

1. S2 > 0 (the wave is polarized mainly with an azimuth 

of +45°), 

2. S2 < 0 (the wave is polarized mainly with an azimuth 

of –45°), 

3. S2 = 0 (none of these two polarizations prevails in the 

wave). 

The images of Stokes parameters were calculated using 

PolSARpro version 5.0.4 with a window size of 5 × 5.  

The histogram for the ascending orbit in Fig. 8 

demonstrates some predominance of positive values of the 

third Stokes parameter; i.e., the component of linearly 

polarized radar backscattering with the inclination angle of 

+45° is greater than the component with the polarization 

angle of –45°.  

For the sensing geometry that is characteristic of the 

ascending orbit (arrow 2 in Fig. 4), this may indicate the 

greater depolarization and larger number of elementary 

scatterers located at an angle of 45° on the southern side of 

trees. 

The predominance of negative values in the histogram for 

the descent orbit indicates the predominance of the radar 

scattering component with the inclination angle of 45°. 

However, sensing is carried out in the opposite direction 

(arrow 3); therefore, on the whole, we can state the 

presence of a larger number of scatterers at an angle of 45° 

in the southern direction, which confirms the data obtained 

using fractal polarization signature. 

The lacunarity signatures shown in Figs. 7j–7l also 

demonstrate some asymmetry with respect to the 

inclination angle of 90°, which is particularly noticeable 

for the case of the ascending orbit. This confirms the 

above-described effect of the azimuthal anisotropy of 

forest heterogeneities. In addition, the red areal maxima 

(see Fig. 7) can characterize the so-called “level of space 

filling” and correspond to the angles of inclination of the 

tree branches. 
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Fig. 7 Copolarized signatures for different orbits: a)–c) classical signatures, d)–f) second moment signatures, g)–i) 

fractal signatures, and j)–l) lacunarity signatures. 

 

 

5. CONCLUSION 

 

The results of an analysis of the texture of radar 

polarimetric images (L and C bands) of forest vegetation 

were given using the representations of spatial variations in 

the radar backscattering values in the form of polarization 

signatures: second moment, fractal, and lacunarity values. 

Based on the graphical representation of polarization 

signatures, we carried out a comparative assessment of 

their potentials for evaluating the heterogeneity of forest 

vegetation in three azimuthal directions corresponding to 

oblique radar sensing from north to south, from west to 

east, and from east to west. Unlike the fractal signature, the 

polarization signature for calculating spatial variations in 

radar backscattering—lacunarity—characterizes the level 

of heterogeneity of spatial variations in recorded signals. 

The polarimetric signature of lacunarity makes it possible 

to determine “the level of space filling,” which is used 

during an analysis of forest vegetation. This characteristic 

is additional to the signature of fractal dimension. On the 

whole, such signatures more fully describe spatial 

variations in the radar backscattering of forest vegetation at 

different states of the polarization ellipse 
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Fig. 8 Histograms of the distribution of the third Stokes 

parameter for the test forest site: ascending orbit (date 

of survey September 28, 2006) and descending orbit 

(date of survey August 30, 2006). 
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1. INTRODUCTION

The assessment of above ground biomass (AGB) in 
forests based on remote sensing approaches has been a 
long standing objective for a wide range of applications, 
from forestry monitoring and ecology to the appraisal of 
land surface properties in global Earth System modeling. 
Methods that integrate remote sensing data in various 
ways for mapping AGB have been developed. A 
common approach utilizes National Forest Inventory 
data (NFI) or ancillary in situ measurements for the 
development of models relating reflectance 
measurements from passive optical sensors in different 
spectral bands or band ratios like the Normalized 
Difference Vegetation Index (NDVI) to AGB in order to 
produce regional to continental scale maps. The main 
limitations of biomass mapping approaches based on 
multi-spectral optical imagery are associated with the 
lack of sensitivity to the forests vertical structure and the 
decoupling of information on forest phenology and 
productivity, contained in optical data, and AGB, in 
particular for forests with high AGB.  

In recent years, Light Detection and Ranging (Lidar) 
has successfully been utilized to complement sparse in 
situ information on forest structure and biomass in two-
stage upscaling approaches, i.e., the extrapolation of in 
situ biomass via Lidar samples and spaceborne imagery 
to wall-to-wall maps. Baccini et al. [1] for instance, 
extrapolated the functional relationship between 
ICESAT GLAS Lidar waveform metrics and AGB to 
yield spatially explicit pan-tropical maps of AGB from 
medium resolution MODIS imagery.  

Because of its capability to penetrate vegetation 
canopies, Synthetic Aperture Radar (SAR) 
measurements more directly reflect the forests three-
dimensional structure, in particular at long radar 
wavelengths such as P-band (~70 cm wavelength). In the 
context of the retrieval of forest biophysical attributes, 
however, radar backscatter data acquired by past and 
current spaceborne SAR missions, operating at 
wavelengths between 3 cm (X-band) and 23 cm (L-
band), have shown limitations because of a weak 
sensitivity of the backscatter intensity to high AGB and 
the pronounced sensitivity of the measurements to 
environmental factors such as soil and canopy moisture 
variations. The observed correlation with forest 
biophysical attributes and saturation levels differed 
significantly though across different forest types, 
environmental imaging conditions, the radar frequency, 
and the number of radar observations used in the 
retrieval.  

The availability of dense multi-temporal stacks of 
radar backscatter observations has been shown to allow 

for significant improvements in the mapping of forest 
biophysical parameters such as AGB or growing stock 
volume (GSV). A first continental scale GSV map at 1 
km resolution, from which AGB can be derived [2], was 
produced for the northern hemisphere (>10° N) using 
hyper-temporal stacks of C-band (~5 cm wavelength) 
imagery acquired by the European ENVISAT ASAR 
mission. The novel algorithm, which is called 
BIOMASAR and was first presented in [3], allows for a 
spatially and temporally adaptive calibration of semi-
empirical models, relating the backscatter intensity to 
GSV, via an intercomparison of backscatter statistics in 
each radar image with optical remote sensing products 
providing information on forest cover density. A major 
advantage of this approach is that model calibration is 
achieved without the need for detailed in situ 
measurements. While GSV estimates from single radar 
observations are noisy because of the pronounced impact 
of the environmental imaging conditions (most 
prominently soil and canopy moisture variations) and the 
generally weak sensitivity of short wavelength radar to 
high AGB, the effect of varying imaging conditions 
across a landscape can be minimized by means of a 
weighted combination of GSV estimates obtained from a 
large multi-temporal stack of radar observations. The 
weights are defined so that more weight is given to 
images acquired under ideal imaging conditions (dry, 
frozen) with maximum sensitivity to GSV. The results 
demonstrated that with multi-temporal data, GSV 
estimates well above the saturation levels of C-band 
radar that have so far been assumed are possible.  

Spaceborne L-band SAR data currently represents 
one of the most promising data sources for the spatially 
explicit quantification of forest resources. Nonetheless, 
the use of L-band imagery for mapping forest resources 
at large scale poses a number of challenges, such as:  

i) the effect of changing environmental imaging
conditions. The strength and form of the relationship 
between radar backscatter observations and forest 
biophysical attributes is affected by soil and canopy 
moisture variations, freeze/thaw transitions, etc.  

ii) the limited sensitivity of single backscatter
observations in high biomass forests. Beyond a certain 
biomass level (dependent on forest type, imaging 
conditions), which is often referred to as saturation level, 
the sensitivity becomes weaker than the effects induced 
by measurement noise (e.g., speckle) or environmental 
effects (e.g., soil and canopy moisture variations).  

The availability of multi-temporal observations 
helps, however, to reduce noise effects and increase the 
sensitivity in dense forests, i.e., in biomass ranges higher 
than the saturation levels reported in the early literature 
on the use of L-band radar for forest mapping 
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applications. The BIOMASAR algorithm was also 
applied successfully to map AGB across the 
Northeastern United States using multi-temporal L-band 
ALOS PALSAR data.  

Global Navigation Satellite Systems Reflectometry 
(GNSS-R) represents a novel technique, which may 
aid/complement the mapping of biomass with 
spaceborne imagery. GNSS-R applies the concept of 
bistatic radar to the signals transmitted by GNSSs such 
as GPS in that receivers mounted on aerial platforms 
receive the L-band signals transmitted by GNSS after 
having been reflected from the Earth’s surface. Initial 
tests of the technique indicated a strong biomass related 
signal in the measurements with potentially better 
sensitivity than L-band SAR backscatter [4]. 
Comparable to Lidar, GNSS-R may therefore be used to 
obtain accurate (fairly low cost) information on the local 
biomass distribution and help to fine-tune large scale 
retrievals with spaceborne imagery.  

In this study, multi-temporal observations of ALOS-
2 dual-polarization L-band data are used to investigate 
the benefit of integrating UAV GNSS-R data into the 
BIOMASAR algorithm for a fully automated and 
spatially adaptive retrieval of forest biomass starting 
from ALOS-2 PALSAR-2 data. Specifically, GNSS-R is 
being integrated in the retrieval during the model 
calibration phase. The experiment is undertaken at 
Coruche, Portugal, where dedicated UAV campaigns to 
receive the GNSS signals were planned. 
 

2. TEST SITE 
 

In May 2015 the Instituto Superior de Agronomia 
carried out a measurement campaign in Coruche, at 
Herdade da Machoqueira, located in central Portugal 
(39°08′18.29′′N, 8°19′57.68′′W). The Coruche area is 
characterized by cork oak open woodland, Quercus suber, 
with and understory of shrub and grassland. The climate 
is Mediterranean, with wet and mild winters and dry and 
hot summers. The field campaign consisted of measuring 
the dbh, tree height and number of trees in an area of 
2000 m2 and for 16 sites (Figure 1). The collected 
information was then used to estimate above ground 
biomass for the 16 sites by with the aid of allometric 
equations developed for this specific region. These 
equations compute the biomass of wood elements (trunks 
and large branches), of leaves and of small branches as a 
function of dbh. The above ground biomass of each tree 
was the sum of the biomass components. The total 
biomass for the site was the sum of the biomasses of all 
trees in the site. All trees having a height below 1.5 m 
were excluded. Biomass varied between 5 and 69 Mg/ha. 

 
3. EARTH OBSERVATION DATASETS 

 
The available SAR data set comprised seven dual-

polarization (HH/HV) ALOS-2 L-band radar images 
acquired between September 2014 and February 2016. 
The images were provided in Single Look Complex 
(SLC) format. Pre-processing of the SAR data, delivered 
by JAXA in single-look complex (SLC) format, 
consisted of absolute calibration, multi-looking in range 
and azimuth, multi-temporal speckle filtering to increase 

the radiometric resolution while preserving spatial detail 
in the imagery, and terrain-corrected geocoding with the 
aid of the ALOS orbit data as well as the SRTM 1-arcsec 
Digital Elevation Model (DEM). In order to account for 
topographic effects, the pre-processing also included i) 
compensation for topographic alterations of the pixel 
area contributing to the total backscatter using state-of-
the-art algorithms [5] and 2) normalization with respect 
to the dependence of surface and volume scattering on 
the local incidence angle [6]. The geocoded backscatter 
images were resampled to a pixel size of 20 m.  

Alongside the spaceborne L-band radar imagery, 
optical remote sensing datasets of tree canopy cover from 
MODIS [7] and the Climate Change Initiative land cover 
datasets were collected. In addition, a database of 
ICESAT GLAS spaceborne Lidar observations was 
compiled to support the modeling and data analysis over 
the test site. The Lidar database provides information on 
forest height for ca. 65m large footprints globally.  

Drone-based GNSS-R campaigns over the study area 
in Portugal had been planned by a consortium led by 
Deimos, Portugal. Such measurements could however 
not be conducted because of delays in the sensor 
development. The analysis presented below therefore 
had to rely on GNSS-R simulations (see Section 6). 

 
 

 

Fig. 1 Location of inventory plots in Coruche. 
Background image stems from Microsoft BingTM 

Maps. 

 
4. METHODS 

 
The conventional approach for dealing with the 

estimation of biomass from remote sensing imagery is to 
calibrate models, relating the radar observations to the 
forest biophysical attribute of interest, with the aid of a 
dense set of in situ measurements. However, large parts 
of the world’s forests are undersampled and no model 
calibration is feasible. The BIOMASAR algorithm [3] 
makes the retrieval less dependent on the availability of 
in situ data. The automation of the retrieval is 
accomplished with the aid of the moderate resolution 
(250m) MODIS Vegetation Continuous Field product, 
VCF [7]. Below, we will outline the major elements of 
the algorithm.  

For the modeling of L-band backscatter, BIOMASAR 
relies on a version of the Water-Cloud Model that has 
been extended to account for vertical and horizontal 
discontinuities (i.e., gaps) in the canopy. In the model, 

664



the backscatter from forest, σ0for, is considered a sum of 
three contributions:  

 
!!"#$ = (1 − &)!%#$ + &!%#$ )&'( + !)*%$ &(1 − )&'()

     (1) 
 
The first term describes the direct backscatter from 

the forest floor, σ0gr, through gaps in the canopy. The 
parameter η represents the area-fill factor, i.e., the 
percentage to which the ground is covered by the canopy. 
The second term describes the backscatter from the 
ground that was attenuated in the canopy. Herein, the 
exponential represents the two-way tree transmissivity, 
which depends on the canopy height, h, and the two-way 
signal attenuation, α. The third term describes the 
volume backscatter, σ0veg, from an opaque canopy 
without gaps. The model can also be written in the 
following form:  

 
!!"#$ = !%#$ *!"# + !)*%$ (1 − *!"#) (2) 
 
where Tfor represents the forest transmissivity:  
 
*!"# = (1 − &) + &)&'(   (3) 
 
It has been shown that Tfor may also be expressed as 

function of growing stock volume, V [m3/ha], or 
aboveground biomass, B [t/ha], with β [ha/m3] and β` 
[ha/t] being empirical parameters.  

 
*!"# = )&+, ≈ )&+!-    (4) 

 
One of the major elements of the BIOMASAR 

algorithm is the estimation of two of the three unknowns 
in the model, which are related to the backscatter from 
open ground not covered by vegetation (σ0gr) and to what 
is considered the backscatter from opaque forest 
canopies with infinite biomass (σ0veg). It was shown for 
C- as well as L-band that the backscatter properties of 
open ground and dense forest canopies, and their 
temporal and spatial variations with changing 
environmental imaging conditions (e.g., soil and canopy 
moisture status), could be identified with the aid of the 
MODIS Vegetation Continuous Field VCF product by 
masking the intensity images for areas with low and high 
VCF canopy cover to infer on backscatter characteristics 
in the respective areas (see example in Figure 2). In the 
case of areas with low canopy cover, ancillary datasets 
need to be used to exclude land cover classes 
(settlements, industrial areas, water surfaces, agriculture, 
etc.) for which the backscatter may differ substantially 
from that of a forest floor. In the case of the intensity 
observed over dense forests, denoted as σ0df, an 
additional compensation for residual backscatter 
contributions from the ground has to be carried out. The 
compensation of σ0df for residual ground contributions 
can be accomplished with: 

 

   (5) 
 

where Bdf represents the biomass of dense forest. The 
estimation of σ0veg thus requires knowledge of Bdf, which 
means that information about the biomass of dense forest 
in the particular region of interest is required to 
compensate σ0df for residual ground scattering 
contributions. 

Once the parameters have been estimated, the model 
can be inverted to estimate the biomass from the SAR 
data: 

 
, = −1 -. /011!)*%$ − !!"#$ 2 1!)*%$ − !%#$ 2. 2 

     (6) 
 
As was shown in [3, 8, 9, 10, 11] for C- and L-band 

intensity, the availability of multi-temporal stacks of data 
can help to significantly improve the retrieval results. As 
with [3], a weighted combination of the biomass 
estimates from each image covering a particular pixel 
location, Bi, is computed to obtain new multi-temporal 
estimates, Bmt:  

 
,./ = ∑ 40,01

023 ∑ 401
023⁄    (7) 

 
The weights, wi, are calculated with the difference 

between σ0veg and σ0gr, i.e., the dynamic range, which has 
been shown to be a good indicator of the retrieval 
performance that can be achieved with a particular 
acquisition. The larger the dynamic range, the more 
weight is given to the particular biomass estimate. 

 

 
Fig. 2 Observations of L-band backscatter 

observations in areas of low and high forest density 
according to an optical remote sensing product 

(MODIS VCF). 

 
5. TEST OF THE “GLOBAL” 

IMPLEMENTATION OF BIOMASAR 
 
The BIOMASAR algorithm is being used to map 

biomass at large scale/globally. In this section, the 
current implementation of the algorithm [2, 3, 12], which 
implies a number of broad assumptions, will be 
described and the performance will be evaluated for the 
test site in Portugal. In the following sections, we will 
then evaluate if and how the global algorithm may be 
improved locally by considering GNSS-R derived 
estimates of biomass for a specific site. 

The flowchart in Figure 3 illustrates the general 
workflow of the BIOMASAR algorithm. The three major 
steps are: 

 

sveg
0 (Bdf ) =

sdf
0 -sgr

0 e-dBdf

1- e-dBdf
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1) Model calibration, i.e., estimation of σ0gr ,σ0veg, 
β 

2) Model Inversion 
3) Multi-temporal combination 

 
In BIOMASAR, the two parameters σ0gr and σ0veg are 

estimated adaptively for each available backscatter 
image in the multi-temporal stack of scenes with the aid 
of an optical remote sensing product providing 
information about the density of forest canopies. The 
canopy density map is used as a mask to identify areas in 
the backscatter images with sparse and dense canopies, 
respectively, where backscatter is associated with 
scattering from unvegetated soil and volume scattering 
from forest (Figure 4). The parameter σ0gr is estimated 
with the average backscatter in areas of sparse forest 
cover. A land cover map (CORINE) is used as additional 
mask to exclude croplands or built-up areas, for which 
the backscatter might significantly differ from that 
observed over sparse forest. The parameter σ0df is as well 
estimated with the mean backscatter in areas of dense 
forest cover. The parameter σ0veg is derived from the 
observed backscatter over dense forest using Eq. (5), 
which requires knowledge of the biomass of dense 
forests, Bdf.  

The importance of an accurate representation of the 
biomass of dense forests in the model calibration and 
inversion is illustrated in Figure 5. The simulation of L-
band backscatter intensity in HV polarization as function 
of aboveground biomass and the retrieval performance 
shows the impact of Bdf on the derived biomass estimates 
(when keeping all other model parameters constant). In 
the global implementation of BIOMASAR, Bdf is 
determined in two steps: 

1) identification of the maximum biomass at 
coarse scale (2x2 degree) from available 
inventory datasets, published forest statistics, 
existing maps [3] 

2) global extrapolation and rescaling of the 2 
degree database on the maximum biomass to 
finer spatial scales (20x20 km2) by means of 
machine learning algorithms using global 
predictor layers on i) bioclimatic variables such 
as mean annual or seasonal temperatures, 
precipitation, ii) ICESAT GLAS Lidar forest 
height metrics 

Figure 6 illustrates how accurately the maximum 
biomass across three different FAO ecoregions (boreal, 
subtropical, temperate forests) can be predicted using 
bioclimatic and Lidar variables. The figure shows that 
the ability to predict Bdf varies significantly between the 
different ecoregions. For subtropical forests (according 
to FAO, forests in Coruche are classified as subtropical 
dry forest) the error associated with estimating Bdf is of 
the order of 60 %. 

The forest transmissivity coefficient β may be 
estimated by simulating the transmissivity of forests 
based on canopy density and forest height estimates 
derived from ICESAT GLAS Lidar. The transmissivity, 
Tfor, of forest can be modeled as function of canopy 
density, η, and height, h, with Equation (3). We then 
assume α to be of the order of 0.5 dB/m. For each GLAS 
footprint location, Tfor is simulated based on the 

corresponding GLAS canopy density and height 
estimate. 

 
Fig. 4 Histograms of LHV backscatter for forests 

with sparse and dense canopy in Coruche. 

 
Fig. 5 Differences in simulated L-band backscatter 

in HV polarization as function of above ground 
biomass, B (left), in derived biomass estimates 

(right) when assuming an above ground biomass of 
dense forests, Bdf, in the area for which a retrieval is 

attempted between 150 and 250 t/ha. 

 

Fig. 6 Estimates for the biomass of dense forests 
derived from bioclimatic variables and ICESAT 

GLAS versus reference information on the 
maximum biomass across three different ecoregions 

derived from inventory data, published forest 
statistics, and existing maps. 

 

Fig. 7 Simulated transmissivity at L-band as 
function of biomass. The curves present the modeled 
relationship for different values of the transmissivity 
coefficient β. The simulations shown on the left are 

based on global datasets, the simulations in the right 
plot are based on the Coruche inventory data. 
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The transmissivity is then empirically related to the 
aboveground biomass with Equation (4). Figure 7 (left) 
illustrates the relationship between simulated L-band 
forest transmissivity and aboveground biomass for the 
example of subtropical dry forest. As reference for the 
aboveground biomass, existing maps of biomass in 
subtropical forests, such as the one presented in [13] for 
Mexico or [14] for the US, have been used. The estimate 
for β in the case of subtropical dry forest is 0.007 ha/t 
with 95 % confidence bounds of +/- 0.004 ha/t. In order 
to verify the suitability of the “global” parameterization 
of BIOMASAR for the Coruche study area, we also 
simulated the forest transmissivity at L-band based on 
the height and canopy density information available from 
the inventory data for Coruche (Figure 7, right). 
Assuming as well a two-way tree attenuation of 0.5 
dB/m, we find that the relationship between 
transmissivity and biomass is best described with 
Equation (4) using a value for β of 0.008 ha/t, i.e. a value 
similar to the one used in the “global” implementation of 
the BIOMASAR algorithm.  

Having determined the three unknown model 
parameters, it is now possible to invert the model in Eq. 
(2) and (4) for each of the L-band backscatter images at 
HV polarization to estimate the biomass at pixel level. In 
order to validate the accuracy of the biomass estimates 
derived from each of the seven images, we compared the 
radar predictions to in situ estimates of biomass for the 
sixteen plots available for the Coruche study site. Figure 
8 illustrates the plot-level comparison of predicted versus 
reference biomass for the case of an ALOS-2 image 
acquired in January 2016. The figure shows that 
predicted and reference biomass generally follow the 1:1 
line without a systematic bias across the range of 
biomasses, albeit with significant scatter. Across all 
images, the retrieval error in terms of the root means 
square difference (RMSD) varied in a narrow range 
between 15 and 17 t/ha. The relative RMSD, i.e., the 
RMSD divided by the mean biomass in the reference 
dataset, was of the order of 40%.  

Existing studies carried out for forests in the boreal 
and temperate zones demonstrated that biomass 
estimates from radar can be improved when combining 
estimates derived from multi-temporal observations of 
the backscatter [10, 11]. However, when combining the 
biomass estimates derived from the seven ALOS-2 L-
HV backscatter images covering Coruche, we did not 
observe any improvement (Figure 8). The reason for this 
became clear when looking at the correlation of the 
backscatter observations at the plot locations (Figure 9). 
Although there were some differences in the overall 
backscatter level due to changing environmental imaging 
conditions (primarily moisture conditions), the 
correlation between the different backscatter 
observations was high with Pearson correlation 
coefficients of 0.95 and higher. As a consequence, the 
biomass estimates derived from the seven L-HV 
backscatter images were almost identical (Figure 10) and 
the weighted combination hardly improved the final 
multi-temporal estimate. 

For potential users of remote sensing products such as 
aboveground biomass maps, it is important to have 

information about the uncertainty associated with the 
biomass reported in the maps. 

We therefore define an error model based on Equation 
6, in which the uncertainty associated with: 

 
1) measurement noise 
2) variable surface scattering across the region due 

to differences in soil moisture, surface 
roughness 

3) variable volume scattering  
4) the transmissivity of the canopy 
5) the biomass of the densest forests in the study 

area 
 
is quantified to determine the standard error of the 
derived biomass estimates, δB: 
 

     (9) 
 

 

Fig. 8 Left: AGB estimates derived from L-band 
backscatter acquired on January 23rd 2016 vs. 

reference AGB. Right: Multi-temporal AGB 
estimates vs. reference AGB. 

 

 
Fig. 10 Correlation of AGB estimation residuals for 
two ALOS-2 scenes acquired in January 2015 and 

2016. 

 
The error associated with the estimates of σ0gr and σ0df is 
quantified with the standard deviation of the histograms 
of backscatter observations in areas of low and high 
canopy density (Figure 2) since the histograms 
summarize the uncertainties associated with estimating 
the parameters due to spatially variable imaging 
conditions (e.g., variable soil/canopy moisture), 
uncompensated topographic effects, etc. In the case of 
the forest transmissivity coefficient, b, the associated 
standard error may be inferred from the relationship of 
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the forest transmissivity, simulated with the aid of GLAS 
height and canopy density estimates, and biomass 
(Figure 7). The error associated with the biomass of 
dense forests was illustrated in Figure 6 for subtropical 
dry forests (60 %). The standard error due to speckle 
noise in the measurements was determined assuming an 
ENL of 70. The standard error of multi-temporal 
estimates, δBmt, may then be described with:  
 

 
     (10) 
 
with correlation ρ, weights, wi, the number of images N, 
and the standard error of single-observation biomass 
estimates. Considering the high correlation between 
multi-temporal estimates of biomass (Figure 10), the 
standard error will however hardly decrease with the 
multi-temporal combination. When analyzing the error 
as function of the estimated biomass level (Figure 11), 
we find that the error i) is overall lowest at about 50 % in 
the biomass range of 50 to 100 t/ha, ii) increases up to 
200 % in the low ranges of biomass, and iii) increases 
towards infinity when approaching a biomass of 200 t/ha. 
When looking at the contributions of different error 
terms in Eq. (9) (Figure 11, right), we find that the 
uncertainty associated with the biomass of dense forests 
represented the single most important error term, in 
particular in the higher ranges of biomass. The variability 
of scattering from forest floor and canopies across the 
study area represented the second most important error 
term. Speckle affected the retrieval primarily in the 
higher ranges of biomass for which the sensitivity of the 
backscatter to biomass is continuously decreasing. The 
error associated with the transmissivity term was instead 
low across the entire range of biomass found in Coruche. 
 

 

Fig. 11 Left: Error of AGB estimates at 30 m scale 
from multi-temporal L-Band as function of the 

estimated biomass. Right: Error of biomass 
estimates associated with variable surface and 
volume scattering (red and green), the forest 

transmissivity (magenta), the biomass of dense 
forests (cyan), and measurement noise (black). 

 
When comparing the estimation residuals for both, SAR 
and GNSS, we find significant correlation for all possible 
simulated GNSS components (coherent, incoherent, 
incidence angles) of the order of 0.7 (Figure 15). The 
results of the comparison presented above on one side 
confirmed the physical validity of the GNSS-R 
simulations based on SAVERS in that they revealed i) 
high correlation with the actual SAR observations, and 

ii) also a similar error structure in the retrieved 
biomasses, which is reasonable given that both GNSS 
and SAR operate at L-band. On the other side, such high 
correlation potentially limits the ways in which GNSS-R 
and L-band SAR may be fused to obtain improved 
biomass estimates, at least at hectare scale for which the 
comparison presented above has been carried out. 
 
5. COMPARISON OF GNSS-R AND L-BAND SAR 

SIGNALS OVER FOREST 
 

Before investigating if and how GNSS-R derived 
estimates of biomass may help to improve the mapping 
of biomass with spaceborne SAR backscatter 
observations, we analyzed the characteristics of GNSS-
R measurements and derived estimates of biomass in 
comparison to L-band SAR backscatter. We compared 
ALOS-2 SAR data and simulated GNSS-R 
measurements produced by Tor Vergata [15] based on 
the forest inventory data for Coruche and the SAVERS 
model [16]. For the SAVERS model simulation, 
homogeneous forest areas (from now on referred to a 
stands) around the field plots had been identified visually 
and a series of simulated specular points had been 
established within each of the identified homogenous 
forest areas using the forest inventory information on 
forest structure available for the field plots located within 
the respective area. The area for which GNSS-R 
measurements were simulated is shown in Figure 12. 
Simulated GNSS-R data was produced for different 
incidence angles, speckle noise levels (0.5 to 2 dB) as 
well as coherent (LRcoh, RRcoh) and incoherent 
scattering components (LR, RR).  

The comparison of ALOS-2 LHV backscatter and 
simulated GNSS scattering at stand level revealed a 
consistent negative linear relationship and correlations in 
the range of 0.8 to 0.9 in the case of a measurement noise 
of 0.5 dB in the simulated GNSS data was observed 
(Figure 13). When using the simulated GNSS data with 
higher presumed measurement noise (>1dB), the 
correlations decreased only slightly because of the 
averaging per stand and thus reduced speckle. The 
differences between coherent and incoherent scattering 
components (LRcoh, LR) as well as incidence angles in 
terms of the correlation with the L-band SAR 
observations were generally small. The high correlations 
observed between SAR and simulated GNSS suggested 
that also errors in derived biomass estimates from each 
may be significantly correlated. A simple experiment 
was carried out to evaluate if retrieval errors from SAR 
and GNSS-R might be correlated. A simple non-linear 
model of the form: 
 

  (11) 
 
was fitted to both, the observed relationship of LHV 

backscatter as well as GNSS-R LRcoh and aboveground 
biomass (Figure 14). The models were then inverted to 
estimate biomass from each. 
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Fig. 12 Simulated GNSS-R derived biomass at the 

Coruche study site. 

 

 

Fig. 13 Stand-level comparison of ALOS-2 L-HV 
backscatter and simulated GNSS-R measurements 

(0.5 dB measurement noise) for four ALOS-2 
images. The dots denote the mean values and the 

error bars the standard deviation of measurements 
within each stand. 

 
Fig. 14 Observed and modeled relationship between 
LHV ALOS-2 backscatter (left) and GNSS-R LRcoh 
(20° incidence angle) (right) as function of biomass. 

 
Fig. 15 Correlation of residuals when estimating 

aboveground biomass using LHV backscatter and 
GNSS LRcoh, respectively. 

 
7. IMPLEMENTATION OF BIOMSAR 

CONSIDERING GNSS-R 
 
The BIOMASAR algorithm has been developed to 

map aboveground biomass at large scale using multi-
temporal observations of C- and L-band data acquired by 
ENVISAT ASAR and ALOS PALSAR, respectively 
[12]. To improve the robustness of the BIOMASAR 
algorithm and the overall retrieval performance, it was 
assessed if the availability of GNSS-based estimates of 
biomass allows for improved estimates of biomass where 
such measurements are available. The quantification of 
the major error sources in the retrieval with BIOMASAR 
(Figure 11) showed that a major source of uncertainty 
was associated with the aboveground biomass of the 
densest forests in the area for which aboveground 
biomass is to be mapped, Bdf . In the current “global” 
implementation of the BIOMASAR algorithm, Bdf is 
derived primarily from forest statistics (e.g., country 
reports, county or provincial statistics, maps). Forest 
statistics are compiled on a regular basis by national 
forest services, e.g., in the frame of the Forest Resource 
Assessment conducted by the Food and Agriculture 
Organization of the United Nations (FAO, 2010). In 
particular in sub-tropical environments, the 
characterization of the maximum biomass is highly 
uncertain (of the order of 60 %). The consideration of 
GNSS-R derived estimates of aboveground biomass for 
a number of sample locations may therefore greatly 
reduce this uncertainty source and increase the 
robustness of the BIOMASAR algorithm.  

In order to estimate Bdf, the distribution of GNSS-R 
derived aboveground biomass estimates in the study area 
needs to be evaluated to identify the biomass of the 
densest forests. Initial statistical inversion experiments 
conducted by the Max-Planck-Institute in Jena based on 
the SAVERS model simulations suggested that Bdf may 
be inferred from GNSS-R measurements with errors of 
10 % when it is possible to isolate coherent scattering 
components, i.e., if it is possible to eliminate incoherent 
scattering through long coherent integration times. In 
case the retrieval with GNSS-R is limited to incoherent 
scattering components, retrieval errors of the order of 30 
35 % would be expected based on the inversion 
experiments.  

Based on the BIOMASAR error model in Eq. (9), we 
therefore simulated the uncertainty of biomass estimates 
derived from the seven ALOS-2 L-band backscatter 
images available for Coruche assuming that the biomass 
of the densest forests in the area of interest was known 
from GNSS-R with en error of 10 and 30 %, respectively. 
When comparing against the uncertainties that were 
reported in Figure 11 for the BIOMASAR 
implementation without GNSS-R, we find significant 
improvements in particular in the higher ranges of 
biomass (Figure 16). While for BIOMASAR without 
GNSS-R, the standard error of the biomass estimates 
hardly reached standard errors of 50 %, standard errors 
are now well below 50 % when integrating GNSS-R. In 
case coherent scattering can be isolated from GNSS-R 
measurements, the standard error of the spaceborne 
biomass estimates would reach a level of 20% to 30% for 
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forests with a biomass in the range of 50 to 100 t/ha; note 
that the biomass levels of > 50 t/ha are most relevant for 
forest management since forests with lower biomass are 
generally not harvested. This clearly demonstrates that 
significant improvements can be expected from the 
integration of GNSS-R in BIOMASAR. Nonetheless, the 
simulations need verification with actual GNSS-R data. 

 

 
Fig. 16 Error of biomass estimates at 30 m pixel 

scale from L-Band when assuming a standard error 
of 10 % (a) and 30 % (b) for the model parameter 

Bdf derived from GNSS-R. 

 
8. CONCLUSIONS 

 
We have tested the “global” implementation of the 
BIOMASAR algorithm [3, 12] using a set of ALOS-2 L-
band SAR images acquired over a study area in Portugal 
to evaluate the performance of the retrieval of 
aboveground biomass. The results served as baseline 
against which potential improvements with the 
integration of GNSS-R derived estimates of 
aboveground biomass could be assessed.  

While the BIOMASAR algorithm, when not 
considering GNSS-R, produced useful results at the test 
site in Portugal in that the estimates were unbiased across 
the entire range of biomass, an analysis of the pixel level 
uncertainties suggested major sources of uncertainty that 
may potentially affect the retrieval performance of the 
algorithm when applied across larger areas. Based on an 
error model derived from the semi-empirical backscatter 
model used in the biomass retrieval, we find that the 
uncertainty of the biomass estimates is high, consistently 
exceeding 50 % across the entire range of biomass found 
in the test site. The error modeling results demonstrated 
that some of the a priori information required in the 
retrieval approach introduces high levels of uncertainty. 
In particular the characterization of the biomass in the 
densest forests, which is needed for estimating the model 
parameter in the semi-empirical model describing the L-
band volume scattering power, contributes to the high 
uncertainty of the estimates.  

Ultimately, the retrieval performance when 
combining BIOMASAR and GNSS-R would need to be 
demonstrated using actual GNSS-R measurements. 
Nonetheless, based on GNSS-R data simulation and 
statistical inversion tests, we can state that GNSS-R 
represents a viable, low cost, option for improving the 
mapping of biomass locally with L-band SAR 
backscatter data and the BIOMASAR algorithm, which 
is geared towards large scale mapping. Specifically, 
GNSS-R is expected to provide accurate information on 
the local biomass distribution, which may then serve to 
better constrain the modeling of the SAR backscatter to 
biomass relationship.  

In the study presented above, we only considered 
GNSS-R for characterizing the biomass distribution at 
the regional scale and did not directly link GNSS-R 
signal and SAR backscatter. Alternative approaches for 
using GNSS-R and SAR jointly could be to use GNSS-
R derived biomass estimates at the hectare scale as 
surrogate reference data for calibrating models relating 
the SAR backscatter to biomass. Such approaches have 
for instance been explored in the context of using Lidar 
data and spaceborne (optical/radar) imagery jointly. 
However, a comparison of ALOS-2 L-band SAR 
backscatter with simulated GNSS-R signals at the 
hectare scale indicated that at such scale, retrieval errors 
of GNSS-R and SAR may be highly correlated. If 
confirmed by actual measurements, this would limit the 
potential for fusing information provided by both sensors 
at very local scale.  
 

9. ACKNOWLEDGMENTS 
 
The study was supported by the EC under the 

framework of Horizon 2020 COREGAL (Combined 
Positioning-Reflectometry Galileo Code Receiver for 
Forest Management) project (COREGAL-DME-TEC-
TNO10-E). The in situ data from the site of Coruche 
were kindly provided by Paola Soares, Instituto Superior 
de Agronomia, University of Lisbon.  
 

10. REFERENCES 
[1] Baccini, A., Goetz, S., Walker, W., Laporte, 
N., Sun, M., Sulla-Menashe, D., Hackler, J., Beck, P., 
Dubayah, R., Friedl, M., Samanta, S., Houghton, R. 
(2012). Estimated carbon dioxide emissions from 
tropical deforestation improved by carbon-density 
maps. Nature Climate Change, 3, 182-185. 
[2] Santoro, M., Beaudoin, A., Beer, C., Cartus, 
O., Fransson, J., Hall, R., Pathe, C., Schepaschenko, D., 
Schmullius, C., Shvidenko, A., Thurner, M., 
Wegmüller, U. (2015). Forest growing stock volume of 
the northern hemisphere: Spatially explicit estimates for 
2010 derived from Envisat ASAR data. Remote Sensing 
of Environment, 168, 316-334. 
[3] Santoro, M., Beer, C., Cartus, O., Schmullius, 
C. C., Shvidenko, A., Mccallum, I., et al. (2011). 
Retrieval of growing stock volume in boreal forest 
using hyper-temporal series of Envisat ASAR ScanSAR 
backscatter measurements. Remote Sensing of 
Environment, 115(2), 490–507.  
[4] Ferrazzoli, P., Guerriero, L., Pierdicca, N., 
Rahmoune, R. (2011). Forest biomass monitoring with 
GNSS-R: theoretical simulations'. Advances in Space 
Research, 1823--1832. 
[5] Frey, O., Santoro, M., Werner, C., Wegmuller, 
U. (2013). DEM-based SAR pixel-area estimation for 
enhanced geocoding refinement and radiometric 
normalization. IEEE Geoscience and Remote Sensing 
Letters, vol. 10, 1, pp. 48-52, 2013. 
[6] Castel, T., Beaudoin, A., Stach, N., Stussi, N., 
Le Toan, T., Durand, P. (2001). Sensitivity of space-
borne SAR data to forest parameters over sloping 
terrain. Theory and experiment. International Journal of 
Remote Sensing, vol. 22, 12, pp. 2351-2376. 

670



[7] Hansen, M. C., De Fries, R. S., Townshend, J. 
R. G., Carroll, M., Dimiceli, C., Sohlberg, R. A. (2003). 
Global percent tree cover at a spatial resolution of 500 
meters: First results of the MODIS Vegetation 
Continuous Field algorithm. Earth Interactions, vol. 7, 
10, pp. 1-15, 2003. 
[8] Kurvonen, L., Pulliainen, J., Hallikainen, M. 
(1999). Retrieval of biomass in boreal forests from 
multitemporal ERS-1 and JERS-1 SAR images. IEEE 
Transactions on Geoscience and Remote Sensing, vol. 
37, 1, pp. 198-205. 
[9] Rauste, Y., (2005). Multi-temporal JERS SAR 
data in boreal forest biomass mapping. Remote Sensing 
of Environment, vol. 97, pp. 263-275. 
[10] Santoro, M., Eriksson, L. E. B., Askne, J. I. H., 
& Schmullius, C. C. (2006). Assessment of stand‐wise 
stem volume retrieval in boreal forest from JERS‐1 L‐
band SAR backscatter. International Journal of Remote 
Sensing, 27(16), 3425-3454 
[11] Cartus, O., Santoro, M., & Kellndorfer, J. 
(2012). Mapping Forest Aboveground Biomass in the 
Northeastern United States with ALOS PALSAR Dual-
Polarization L-Band. Remote Sensing of Environment, 
124, 466-478. 
[12] Cartus, O. and Santoro, M. (2016).Multi-scale 
Mapping of Forest Growing Stock Volume using 
ENVISAT ASAR, ALOS PALSAR, Landsat, and 
ICESAT GLAS. Proceedings of the Living Planet 
Symposium 2016, Prague, Czech Republic, 9-13 May 
2016, ESA SP-740. 
[13] Cartus, O., Kellndorfer, J., Walker, W., 
Bishop, J.; Franco, C., Santos, L., Michel Fuentes, J.M. 
(2014). A National, Detailed Map of Forest 
Aboveground Carbon Stocks in Mexico. Remote 
Sensing, 6, 5559-5588. 
[14] Kellndorfer, J., Walker, W., Kirsch, K., Fiske, 
G., Bishop, J., LaPoint, L., Hoppus, M., and Westfall, J. 
(2013). NACP Aboveground Biomass and Carbon 
Baseline Data, V. 2 (NBCD 2000), U.S.A., 2000. 
ORNL DAAC, Oak Ridge, Tennessee, USA. 
[15] Dente, L., Guerriero, L., Carvalhais, N., Silva, 
P., Ferrazzoli, P., Pierdicca, N., Soares, P. (2018). 
Potential of UAV GNSS-R for forest biomass mapping. 
Proceedings of SPIE Remote Sensing 2018, 10-13 
Septmber, Berlin. 
FAO (2010). Global ForestResourcesAssessment 2010. 
FAO ForestryPaper. Rome: Forestry Department FAO, 
163. 
[16] Pierdicca, N., L. Guerriero, R. Giusto, M. 
Brogioni, A. Egido, (2014). SAVERS: A Simulator of 
GNSS Reflections from Bare and Vegetated Soils. 
IEEE Transactions on Geoscience and Remote Sensing, 
Vol. 52, pp. 6542-6554. 
.

671



 

 
Fig. 3 BIOMASAR Flowchart. 

 

 
Fig. 9 Multi-temporal consistency of L-HV backscatter. 
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1. INTRODUCTION

Peatlands are wetlands with a thick water-logged organic 
soil layer (peat) made up of dead and decaying plant 
material. Peatlands cover only nearly 3% of Earth’s land 
area, but they hold the equivalent of half of the carbon that 
is in the atmosphere as CO2 [1]. Peatlands are unbalanced 
systems where production rates exceed decomposition 
rates, leading to the accretion of carbon, and ultimately 
function as a sink of a large amount of soil organic carbon 
[2]. The Great Dismal Swamp (GDS) is one of the largest, 
northernmost peatlands on the Atlantic Coastal Plain [3]. 
The impounded water from seasonal flooding boosts the 
accumulation of the organic soils (peats) in forested 
wetlands that are highly acid, impermeable, and 
combustible. For centuries, the peatland, which is 
seasonally flooded nonriverine swamp, has been exposed 
to intense human activities and has experienced drastic 
changes in ecosystem and hydrology. The swamp, not far 
from the first permanent English settlement in the 
Americas- Jamestown, Virginia- was initially developed 
by George Washington and drained for agricultural use in 
many areas. Building the ditches and canals inside the 
swamp promoted drainage and the human-made channels 
were also used for transport of harvested timber. Due to the 
intensive development, the area has been reduced from an 
estimated 202,350 ha in precolonial times to 85,000 ha 
today. Recent scientific studies revealed vital inherent 
factors on the disturbance process in peatlands. Particularly, 
hydrologic change in the soil layer was a key factor in the 
biochemical process affecting the disturbance of carbon 
and methane storage [5]. Methane removal from ambient 
air over soil surface is closely associated with drought 
condition. Considering that the GDS is influenced by the 
seasonal fluctuation of the surface water and groundwater 
flow, the elongated drought condition and extensive 
drainage can contribute to converting the wet soils with 
organic materials to dry soils with a granular formation. 
The soil transformation can be irreversible and can 
accelerate the greenhouse gas flux, ignite severe wildfires, 
and threaten the ecosystem including flora and fauna 
relying on the hydroperiod and water table fluctuation. 
High sensitivity of peatlands to hydrologic condition in the 
soil and contribution to climate change has been 
successfully unveiled. However, monitoring hydrologic 
changes such as water table and soil water content in 
peatlands has been a challenging task, because of the lack 
of in situ information over large, isolated areas. 

Synthetic Aperture Radar (SAR) with all-weather and day-
and-night observing capability has been one of the best 
tools to monitor the freshwater wetlands in the USA. The 
SAR backscatter coefficient is sensitive to hydrologic 
change, vegetation type, and leaf-on/off condition, and 
long-wavelength SAR sensor, penetrating vegetation 
canopy and ground surfaces, and thus can observe the land 
and water surface, soil moisture content, and groundwater 
table beneath forest canopy. With the capability of 
discriminating land cover types and delineate inundated 
areas in the large river basin and wetland areas, SAR 
intensity can be used to retrieve the soil properties such as 
the dielectric constant and soil moisture for various 
hydrological and meteorological applications. Furthermore, 
exploiting phase components from SAR datasets, 
interferometric SAR (InSAR) can measure the water level 
changes in the wetland due to the scattering characteristics, 
and InSAR coherence can be used for change analysis in 
the wetland [5].  
The recent extreme drought in California, Texas, and 
Oklahoma, which could have been triggered by ENSO (El 
Niño / Southern Oscillation) events, escalated attention to 
the use of remote sensing data, especially radar data, for 
detecting soil dryness over extensive areas. However, 
before that, there have been numerous efforts to observe 
the soil moisture in agricultural fields, bare soil fields, and 
vegetation-covered regions. Most studies relied on the 
SAR backscatter modeling using the low/high order 
polynomials, or exponential and logarithm equations, 
which were retrieved from in situ soil moisture, biomass, 
and roughness measurements. However, the equations 
differ from sensor to sensor and site to site, and the SAR 
backscattering, particularly from spaceborne sensors, is 
heavily influenced by speckles and noises. To overcome 
such limitations, the interferometric phases with high 
coherence have been utilized to estimate moisture changes 
in bare soils and beneath vegetation. Recent study found 
that the interferometric phases from InSAR are highly 
correlated with soil moisture, and the phase consistency in 
triplets of interferograms was introduced for soil moisture 
estimation. 
In our study, the hydrologic changes in GDS, including 
surface water level changes and groundwater level changes, 
which are related to soil moisture variation, were observed 
by time-series C- and L-band SAR backscatter coefficients 
and time-series interferometric phase changes in low-lying 
peatlands. Exploiting all available outcomes (SAR 
intensity, interferometric phases, coherence) from SAR 
and InSAR can maximize the capability of the spaceborne 
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SAR sensor to characterize the spatiotemporal hydrologic 
changes beneath vegetation and delineate the areas subject 
to the impoundment of surface water.  
 

2. CHARACTERISTICS OF STUDY AREA 
 
The GDS is located on the coastal plain in southeastern 
Virginia and northeastern North Carolina. With flat terrain, 
its surface slopes gradually eastward (8-3 m above sea 
level) and its soil consists of unevenly distributed peat and 
mucky peat underlain by clay over a shallow aquifer [6]. 
Once peat covered most of the swamp floor, oak and 
hickory forests were gradually replaced by gum, cypress, 
juniper, and a variety of other species. The western part of 
the swamp is covered by cypress-gum (Figs. 1(a,b)), which 
is a typical southern swamp community adapted to surface 
inundation for at least part of the growing season. This 
association covering 12 % of the wetland prospers where 
standing water is abundant. In much of the swamp, the 
cypress-gum forest, formerly the most extensive 
association in the swamp, has been transformed into 
Maple-gum forests due to the change of the hydrologic 
settings and the intrusion of outside species. The Maple-
gum forests, currently most dominant association (Fig. 
1(b)), expanded over the past 30 to 40 years and are 
susceptible to occasional seasonal flooding [7]. The 
Atlantic White Cedar forests are a notable community 
sparsely occurring along canal ditches; the forests in the 
westernmost part transformed to the upland forests due to 
drainage for agricultural use. The Pine Pocosin occurs in 
the areas of poorly developed internal drainage on organic 
soils, where the vegetation is dominated by broadleaved 
evergreen shrubs less than 20 feet tall [7]. The disturbed 
classes (Fig. 1(b)) include the areas damaged by wildfires, 
anthropogenic developments, and tropical storms.  
 

 
 

 
Fig. 1 (a) Shaded-relief image of the study area. The red 
and yellow rectangular outlines show the coverage of 

Radarsat-1 and ALOS PALSAR images used in this 
study. (b) Vegetation cover map over the Great Dismal 
Swamp (black rectangle of Fig. 1(a)). Lines represent 
streams, artificial paths, and canal ditches. Cyan 
triangle (59A30) and Orange triangle (58B13) are two 
groundwater well sites inside and near the wetland, 
respectively.   
 
The hydrology in the GDS is seasonally fluctuated. The 
drastic fluctuation is attributed to the inflow from upstream, 
rainfall, and evapotranspiration. Usually, high rainfall 
season is juxtaposed with high water season in the wetlands. 
However, despite the high rainfall, the summer is the 
lowest water season in the GDS [8]. During this season, the 
evapotranspiration exceeds rainfall and becomes the 
biggest source of water removal [7]. The discharge through 
ditches, river channels, and the Dismal Swamp Canal 
consistently contribute to the water outflow. When the 
evapotranspiration becomes less influential during winter, 
the surface runoff is apparent over the whole swamp and 
surface flooding occurs along with ditches and around the 
western and northern part of the wetland. The flooding 
provides significant benefits in retaining the appropriate 
soil moistures in peatlands all year round and supplying the 
necessary nutrients to the ecosystem. 
 

3. METHOD 
 
In general, radar backscattering in forested wetlands 
represents a combination of surface, double-bounce, and 
volume scatterings. Over bare-earth or agricultural fields, 
the backscattering mechanism is relatively simple and is 
dominated by surface scattering with little or no 
penetration. However, backscattering over forested 
wetlands such as the GDS depends on numerous factors 
including the vegetation cover and density, soil moisture 
content, aboveground biomass, canopy opening, and run-
off events. For example, when the swamp is flooded during 
the wet season, double-bounce scattering is magnified and 
SAR backscattering is thereby strong. Also, the effect will 
differ along with vegetation cover. In relatively low-lying 
peatlands covered by shrubs, the double-bounce scattering 
will be weak compared to taller Cypress-covered forests. 
In addition, it should be noted that the SAR backscattering 
intensity includes the speckle effects due to the coherent 
sum of backscattered signals from multiple distributed 
targets. Hence, we averaged the SAR intensity over the 
whole GDS according to the vegetation cover, and 
compared the averages with groundwater level 
measurements. 
 The coherence and interferometric phase are two 
major products of InSAR processing. InSAR coherence 
can be calculated by cross-correlation of the coregistered 
SAR image pair over a small window of pixels:  

𝛾𝛾 = �
∑ 𝐶𝐶1𝐶𝐶2∗

�∑|𝐶𝐶1|2 ∑|𝐶𝐶2|2
� 

, where C1 and C2 are complex-valued backscattering 
coefficients, and 𝐶𝐶2∗ is the complex conjugate of C2. The 
coherence represents the consistency of scattering 
mechanisms between two data acquired in different times. 
If the surface condition is altered or the area has dense 
vegetation, the coherence becomes low. The wavelength is 
a key factor in coherence estimate: L-band SAR signal with 
a long wavelength can keep high coherence in forested 674



wetlands. Generally, when one has an interest in only 
estimating surface water level change in further InSAR 
processing, the data with low coherence are considered 
useless. However, the coherence provides useful 
information on flooding condition and vegetation cover [5]. 
The interferometric phases in wetlands have been used to 
estimate relative water level changes [9]. The GDS is 
highly impacted by positive water budgets during the wet 
season, and there could be run-off events near the inflow of 
ditches and streams. Therefore, InSAR can estimate the 
localized relative water level changes in the sections 
dissected by ditches, following the equation: 

𝜕𝜕ℎ = −
𝜆𝜆𝜙𝜙𝑑𝑑𝑑𝑑𝑑𝑑

4𝜋𝜋 𝑐𝑐𝑐𝑐𝑐𝑐𝜃𝜃
+ 𝑛𝑛 

, where 𝜕𝜕ℎ is relative water level change, 𝜃𝜃 is an incidence 
angle, 𝜆𝜆 is the wavelength, 𝜙𝜙𝑑𝑑𝑑𝑑𝑑𝑑  is deformation phase after 
differential InSAR processing, and 𝑛𝑛 is a noise component. 
Furthermore, when we have the results from time-series 
InSAR processing, we can estimate temporal variation of 
surface deformation. Similar to the Small BAseline Subsets 
(SBAS) algorithm, we can calculate time-series vertical 
components from multiple interferograms using the 
equation: 
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, where 𝜙𝜙𝑖𝑖,𝑗𝑗 is interferometric phase between i and jth SAR 
data, 𝑑𝑑𝑖𝑖  is the ith cumulative vertical component 
(deformation) in time order, and N is the number of SAR 
acquisition dates.  
 

4. RELATIONSHIP BETWEEN SOIL MOISTURE 
AND GROUNDWATER LEVEL CHANGES 

 
Because we do not have ground-truth soil moisture 
measurements in the GDS, a three-way comparison of soil 
moisture, groundwater level changes, and our SAR 
products was employed, assuming that, if there is a close 
relationship between soil moisture and groundwater level 
changes, we can derive the association with groundwater 
level changes and SAR backscattering returns. The latest 
observation of SMAP provided us time-series soil moisture 
measurements from space. Although the Level 4 SMAP 
products have a coarse grid size of 9 km (Fig. 2(a)) 
including the undesired effects from nearby agricultural 
fields, the overall temporal variation should be closely 
related to the soil moisture changes in the GDS. 14 9-km 
Equal-Area Scalable Earth-2 (EASE2) grids from Level 4 
SMAP products cover the GDS (Fig. 2(a)), but a single grid 
(blue box of Fig. 2(a)), where weather station (yellow 
triangle) and groundwater well (cyan triangle) exist, was 
selected to compare soil moisture and groundwater level. 
Because SMAP products have been released since March 
31, 2015, only a year-long dataset (March 31, 2015 to 
March 29, 2016) of SMAP soil moisture, groundwater 

level, and precipitation could be analyzed. Most 
precipitation (blue bars of Fig. 2(b)) was recorded from 
April to October, and resulted in responsive increases in 
soil moisture and groundwater level (Fig. 2(b)). 
 

 

 
Fig. 2 (a) 9-km SMAP grid around GDS. Level 4 time-
series SMAP surface soil moisture of a grid (in a blue 
box) was used for deriving the relationship with 
groundwater level at a well (cyan triangle: inside 
station of Fig. 1). At the weather station (yellow 
triangle), precipitation was recorded. (b) time-series 
SMAP soil moisture (gray line) and groundwater level 
(red line) during a year (2015.03.31~2016.03.29). Blue 
bar graph represents precipitation for the same period. 
 
Hence, precipitation is considered a driver of soil moisture 
and groundwater level change [7]. Also, summer is the 
driest season with low soil moisture content and 
groundwater level, because evapotranspiration removes 
water from the surface and underground (Fig. 2(b)). 
Despite low precipitation after October, soil moisture 
increased during winter. Although this increase could be 
attributed to weakened evapotranspiration [7], higher 
groundwater level is influential for soil moisture change. 
Overall, the soil moisture from SMAP and groundwater 
level are highly correlated (R-squared value: 0.80) for most 
times of a year. Based on a close relationship between soil 
moisture and groundwater level, we can explore how 
groundwater level changes and SAR backscattering 
intensities are related, as the last segment of the three-way 
comparison. 
 

5. RELATIONSHIP BETWEEN SAR INTENSITY 
AND GROUNDWATER LEVEL CHANGES 
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The hydrologic changes in the GDS affect the SAR 
backscatter returns during both high water (winter) and low 
water (summer) seasons. Regardless of operated radar 
wavelength, the SAR intensity images acquired in wet and 
dry seasons exhibit obvious differences. C-band Radarsat-
1and L-band PALSAR intensity images obtained on 
01/26/2007 and 12/22/2006, respectively, represent a 
strong radar return due to increased double-bounce 
backscattering, particularly over northern and western 
GDS. This area is close to the inflow from streams and 
ditches, and the run-off into the flat surface inundates the 
forested wetlands. However, the Radarsat-1 and ALOS 
PALSAR images acquired in summer look much darker 
compared to the SAR intensity images obtained in wet 
season. As previously mentioned, the water removal 
caused by the summer evapotranspiration and continuous 
discharge through ditches contributes to the difference. 
Based on the SAR intensity images, we could find that the 
HH-polarized SAR signals can penetrate the forest canopy 
and reach the ground surface to interact with soil layers. 
When we have time-series SAR intensity from C- and L-
band sensors, we can compare averaged SAR intensity over 
the GDS with groundwater level or surface water level 
measurements. The water level measured in river gages and 
ditches does not reflect hydrologic changes inside the 
swamp, as the water flows over flat surface lag behind the 
fast-changing surface water movements; the measured 
surface water did not have high correlation with averaged 
SAR intensity. On the other hand, the water table at 
groundwater well sites had a close relationship with 
acquired SAR intensity. Long-term time-series C-band 
Radarsat-1 SAR intensity returns from 1998 to 2008, which 
were averaged over the whole GDS excluding human-
disturbed areas, increases as the groundwater level rises 
(Fig. 3(a)). When we focus on the time frame from 2006 to 
2008 due to the sparse Radarsat-1 acquisition before 2006, 
the high correlation is obvious (Fig. 3(b)). In many 
wetlands, a seasonal vegetation change can be influential 
on SAR intensity, and the SAR intensity acquired in the 
same season should have similar values. However, in the 
GDS, SAR backscatter acquired in January of 2007 and 
2008 have an evident difference with a drop of as much as 
2 dB (decibel) in 2008. This means that a seasonal 
vegetation change is not prominent in the forested swamp, 
but rather a groundwater level drop of 2 m between two 
periods, and related soil moisture change, contributed to 
the variation of SAR intensity. The R-squared value from 
a linear regression between groundwater level and C-band 
SAR intensity was 0.76, indicating high correlation 
between the two parameters (Fig. 3(c)). The mean and 
standard deviation plot (Fig. 3(d)) shows that the low mean 
values of SAR intensity (during the dry season) maintained 
small standard deviations before exceeding -2 dB, and high 
SAR intensity returns (during the wet season) had high 
standard deviation. This was due to the effect of combined 
scattering over heterogeneous vegetation cover (e.g. 
swamp forest in the west, which is flooded during the wet 
season, and shrubland in the east, which is not flooded but 
moistened during the wet season).  

 

 

 
Fig. 3 Comparison between groundwater level and 
averaged Radarsat-1 SAR intensity from (a) 1998 to 
2008, and (b) 2006 to 2008 (red box in Fig. 3(a)). (c) 
Linear regression of groundwater level and Radarsat-1 
backscatter. (d) Scatter plot of average and standard 
deviation of Radarsat-1 SAR intensity. 
 
The L-band PALSAR intensity shows a similar pattern (Fig. 
4(a)) to the C-band Radarsat-1 observation. The 
groundwater level rise and the resulting soil moisture 
increase elevated the SAR backscatter while the 
backscatter during the dry season decreased. The R-
squared value between ground water level and L-band SAR 
intensity was 0.67 (Fig. 4(b)), and the mean and standard 
deviation plot (Fig. 4(c)) is comparable to that from C-band 
(Fig. 3(d)). 

 

 
Fig. 4 (a) Comparison between groundwater level and 
average ALOS PALSAR intensity from 2006 to 2011. 
(b) Linear regression of groundwater level and ALOS 
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PALSAR backscatter. (c) Scatter plot of average and 
standard deviation of ALOS PALSAR intensity. 
 
When we averaged the SAR backscattering returns 
according to the vegetation cover (Fig. 5), the temporal 
variations follow the fluctuations of groundwater level 
regardless of operated radar frequency (Figs. 5(a,b,c)). 
Based on these results, the SAR intensities corresponding 
to Cypress gum are most sensitive to hydrologic changes 
beneath the forested swamp and inside the soil, and those 
over the Pine Pocosin were least sensitive. Nevertheless, 
the SAR intensity over all the vegetation types is still 
mostly influenced by hydrologic changes in the wetlands. 
Also, we were able to identify the anomalous SAR 
intensity data point over the vegetation type of disturbed 
fire (red ellipse in Fig. 5(c)) in mid-2008 and 2009. 
Wildfire in the GDS lasted from June to October of 2008 
and damaged the region. Because of the burned forests and 
remnants, the surface became rough and the SAR intensity 
due to the increased roughness was magnified in mid-2008. 
After clean-up of the damaged areas, the SAR intensity was 
decreased as the short vegetation grew back in the area.  

 

 

 
Fig. 5 Comparison between groundwater level and 
average Radarsat-1 SAR intensity by vegetation types, 
from (a) 1998 to 2008, and (b) 2006 to 2008 (red box in 
Fig. 5(a)). (c) Comparison between groundwater level 
and ALOS PALSAR intensity by vegetation types. 
 

6. ESTIMATING THE SURFACE WATER LEVEL 
CHANGES IN THE INUNDATED AREAS AND 
GROUNDWATER LEVEL CHANGES FROM 

TIME-SERIES INSAR MEASUREMENTS 
 

Over the areas with high InSAR coherence, the 
interferometric phase measurements can be related to the 
relative water level changes in forested wetland and soil 
moisture changes in Pine Pocosin (communities of short 
vegetation, pines and shrubs). Due to double-bounce 
scattering in inundated areas, centimeter level water level 
changes beneath forest canopy can be detected (Figs. 
6(a,b)). Lines of a-a’, b-b’, and c-c’ are located in the areas 
where water run-off from ditches into the flat wetland 
occur, and their profiles show the variations in water level 
along their distances (Fig. 6(c)). The relative water level 
changes along line a-a’ from 04/01/2010 to 10/02/2010 
decreased, and those along line b-b’ and c-c’ between 
11/17/2010 and 02/17/2011 increased. Point a, b’, and c’ 
are located close to the incoming water site from ditches, 
and their nearby areas have large relative water level 
changes during the wet season. The southeastern area (red 
box in Fig. 6(b)) is not affected by surface water, but the 
interferometric results over the non-inundated areas can be 
associated with soil moisture changes induced by 
groundwater level changes. 

 

 

 
Fig. 6 Relative water level change (soil moisture 

change) map from a pair of (a) 2010.04.01~2010.10.02 
and (b) 2010.11.17~2011.02.17. (c) Relative water level 
change of profile a-a’, b-b’, and c-c’. 
 

With time-series InSAR measurements from 5 pairs of 
05/17/2010 to 07/02/2010, 07/02/2010 to 08/17/2010, 
10/02/2010 to 11/17/2010, 11/17/2010 to 02/17/2010, and 
01/02/2011 to 02/17/2011, we can estimate vertical 
components using the SBAS approach. Unfortunately, the 
southeastern area, which is mostly covered by short 
vegetation, could not keep high coherence in our SAR 
datasets. More InSAR pairs can make our solution more 
rigorous while suppressing error components, but we could 
only select 5 due to the limited coherence. Before applying 677



the SBAS method, we initially extracted Persistent 
Scatterer (PS) points over the whole GDS. The PS points 
with consistently strong backscatter and high coherence 
can be introduced as a reference in the case that the in situ 
information is insufficient. We calculated the amplitude 
dispersion index using the equation: 

𝐷𝐷𝑎𝑎 =
𝜎𝜎𝑎𝑎
𝑎𝑎�

 
, where 𝜎𝜎𝑎𝑎 and 𝑎𝑎� is the standard deviation and mean of 

SAR amplitude, respectively. The initial PS points with 
small amplitude dispersion index and high average 
coherence were selected (Fig. 7(a)). Because we only focus 
on the southeastern area, the PS points in other regions, 
which are influenced by surface water, are not considered 
for our analysis. To choose the final PS point, we assumed 
that highly-elevated area will have small groundwater level 
change compared to nearby low-lying wetlands, because 
the localized peaks (i.e. tree islands under non-fluvial 
condition) are less sensitive to a large fluctuation of 
groundwater level and the low-lying areas will be more 
impounded by ground water. A 30 m resolution digital 
elevation model (DEM), such as shuttle radar topography 
mission (SRTM), is not sufficient for picking the local 
elevation peak, and we instead used a light detection and 
ranging (LiDAR) DEM with 1.5 m resolution. After we 
picked a single PS point near the well (red dot in Fig. 7(b)) 
with low amplitude dispersion, high average coherence, 
and high elevation, we estimated the groundwater level 
changes at the groundwater level site (cyan triangle in Fig. 
7(b)) using a time-series method.  
 

   

 
Fig. 7 (a) Initial PS points, which were extracted from 
time-series InSAR measurements. (b) Selected PS point 
(red dot) and location of groundwater well site (cyan 
triangle). (c) Comparison of retrieved vertical 
components from time-series InSAR measurements 
and groundwater level. 

 
7. CONCLUSIONS 

 
The GDS is a wetland with a long history of development. 
Although hydrologic change is crucial for conserving the 
peatlands, these dynamics have not been thoroughly 
unveiled by the use of remote sensing technology, 
especially radar sensors. Our SAR observation can 

characterize the seasonal hydrologic changes, delineate the 
inundated area, measure the relative surface water level 
changes in the inundated area, and estimate the 
groundwater level changes based on the discovered close 
relationship between SMAP soil moisture and groundwater 
table. Our study shows the possibility that soil moisture 
changes can be detected by the averaged SAR intensity and 
time-series InSAR method. Also, our results could help 
partially explain the vegetation transformation due to the 
dried soils attributed to the human-made ditches and canals, 
and the cause of wildfire in 2008. However, future study 
cannot be completed without more extensive and detailed 
field measurements of soil moisture, biomass, and surface 
water level changes over the GDS. Even without the 
“ground-truth” measurements, we live in the wake of new 
advanced radar sensors including SMAP, C-band Sentinel-
1A/1B, L-band ALOS-2 PALSAR-2, and upcoming S/L-
band NISAR (NASA-ISRO SAR Mission). Particularly, 
SMAP can supply the reference information about soil 
moisture from space, and the high-resolution SAR data can 
supplement the passive radar sensor (radiometer) of SMAP 
as the SMAP mission originally planned the combination 
of two. In addition, SAR sensors with full polarization (HH, 
HV, VH, VV) will enhance our understanding on 
vegetation structure, biomass, and even soil moisture. 
Before the era of SAR sensors comes reality, our study can 
play an underpinning role as a stepping stone toward 
comprehending the hydrologic changes of vanishing 
peatlands. 
 

8. REFERENCES 
 
[1] Dise, N. B. (2009). Peatland response to global change, 
Science, 326(5954), 810-811, doi: 
10.1126/science.1174268. 
[2] Fenner, N., and Freeman, C. (2011). Drought-induced 
carbon loss in peatlands, Nature, 4, 895-900, 
doi:10.1038/ngeo1323. 
[3] Mitsch, W. M. & Hernandez, M. E. (2013). Landscape 
and climate change threats to wetlands of North and 
Central America, Aquatic Sciences, 75, 133-149. 
[4] Kasischke, E. S., Bourgeau-Chavez, L. L., Rober, A. R., 
Wyatt, K. H., Waddington, J. M., & Turetsky, M. R. (2009). 
Effects of soil moisture and water depth on ERS SAR 
backscatter measurements from an Alaskan wetland 
complex, Remote Sensing of Environment, 113, 1868-1873. 
[5] Kwoun, O.-I. & Lu, Z. (2009). Multi-temporal 
RADARSAT-1 and ERS backscattering signatures of 
coastal wetlands in southeastern Louisiana, 
Photogrammetric Engineering & Remote Sensing, 75(5), 
607-617. 
[6] Day, F. P. (1982). Litter decomposition rates in the 
seasonally flooded Great Dismal Swamp, Ecology, 63(3), 
670-678. 
[7] USFWS (U.S. Fish & Wildlife Service) (2006). Great 
Dismal Swamp National Wildlife Refuge and Nansemond 
National Wildlife Refuge: Final Comprehensive 
Conservation Plan, Retrieved from 
http://www.fws.gov/uploadedFiles/Region_5/NWRS/Sout
h_Zone/Great_Dismal_Swamp_Complex/Great_Dismal_
Swamp/FinalCCP_GDS.pdf. 
[8] Carter, V., Garrett, M. K., Shima, L., & Gammon, P. 
(1977). The Great Dismal Swamp: Management of a 
hydrologic resource with the aid of remote sensing, Journal 
of the American Water Resources Association, 13(1), 1-12. 

678

http://www.fws.gov/uploadedFiles/Region_5/NWRS/South_Zone/Great_Dismal_Swamp_Complex/Great_Dismal_Swamp/FinalCCP_GDS.pdf
http://www.fws.gov/uploadedFiles/Region_5/NWRS/South_Zone/Great_Dismal_Swamp_Complex/Great_Dismal_Swamp/FinalCCP_GDS.pdf
http://www.fws.gov/uploadedFiles/Region_5/NWRS/South_Zone/Great_Dismal_Swamp_Complex/Great_Dismal_Swamp/FinalCCP_GDS.pdf


[9] Kim, J.-W., Lu, Z., Lee, H., Shum, C. K., Swarzenski, 
C., Doyle, T., & Baek, S. (2009). Integrated Analysis of 
PALSAR/Radarsat-1 InSAR and ENVISAT altimeter for 
mapping of absolute water level changes in Louisiana 
wetland, Remote Sensing of Environment, 113(11), 2356-
2365, doi:10.1016/j.rse.2009.06.014. 
 
 
 
 
 
 
 
 
 
 
 
  

679



1 

MONITORING WETLANDS WITH MULTI-SEASON PALSAR-2 IMAGERY 
PI No 3120 

Laura Bourgeau-Chavez (PI), Michael Battaglia, Andrew Poley, Dorthea Leisman, Mary Ellen Miller 

Michigan Tech Research Institute, Michigan Technological University, Ann Arbor, MI, 48105, USA 

1. INTRODUCTION

 The Michigan Tech Research Institute has used 

ALOS PALSAR and ALOS-2/PALSAR-2 data 

acquired via the Research Agreement with the 

Japan Aerospace Exploration Agency for several 

research activities. Work has focused on 

developing L-band SAR algorithms to map and 

monitor wetland extent, moisture condition, and 

hydropattern for a variety of wetland systems 

across North and South America. In addition, we 

completed work with collaborators at Michigan 

State University in a study of wildlife habitat in 

Mara, Kenya, Africa [1]. 

 The ALOS-1/2 data received under this Research 

Agreement (ALOS RA-6) have been instrumental in 

our research. L-band SAR allows for monitoring of 

soil moisture, wetland hydrologic status and plant 

structure and biomass.  These characteristics make 

it the backbone of our mapping and monitoring of 

wetlands across ecozones from the Arctic to the 

Tropics.  The data provided by our research 

agreement were used for seven primary projects: 

invasive species monitoring in the Laurentian 

Great Lakes; developing methods to assess 

wetland gain and loss in the coastal Great Lakes, 

vernal pool identification in Michigan’s Upper 

Peninsula and National Parks of the Great Lakes; 

peatland and other wetland mapping in the 

Northwest Territories and Alberta, Canada; 

mapping alpine peatlands of Ecuador, Peru and 

Colombia, South America, monitoring soil 

moisture and mapping biomass in the Arctic and 

boreal zone; and assessing grassland habitat in the 

Mara, Kenya. Each of these projects has utilized 

either or both ALOS-1 and 2 PALSAR data. Much 

of the studies have ongoing research and are not 

yet fully complete, so we present on the research 

results and provide publications or manuscripts in 

preparation as applicable as well as a list of 

presentations (section 8.External Presentations).  

For those articles in which we used PALSAR-1 

data but it was not supported by this specific 

research agreement (ALOS RA-6), we have not 

included the offprints, only the citations. 

2. INVASIVE SPECIES MONITORING IN

COASTAL WETLANDS OF THE LAURENTIAN 

GREAT LAKES 

 The Laurentian Great 

Lakes make up the largest 

surface freshwater system 

on earth. Historically, more 

than two-thirds of wetlands 

in the Great Lakes region 

have been drained for 

agriculture and other 

development, making the 

management of the 

remaining wetlands 

essential. Over the past 

several decades, a variety 

of exotic plant species have 

invaded coastal wetlands of 

the region, causing 

significant negative effects. 

One of these, Phragmites 

australis, has been 

especially prolific (Fig. 1). 

It has taken over large 

expanses of the shoreline, 

forming dense, tall (up to 5 

m) monotypic stands that

degrade habitat, reduce

biodiversity and diminish

ecosystem services. Maps

of Phragmites extent for

the U.S. portion of the Great Lakes coast were 

first created using three season PALSAR data 

from circa 2010 [2]. A more comprehensive map 

of Canada and U.S. coastal wetlands including the 

invasive Phragmites was subsequently produced 

from three seasons of Landsat and PALSAR-1 

using field training data and a machine learning 

classifier, random forests [3]. This initial map 

only covered a 10 km band around the coastal 

zone.  In the past year, we completed a map of the 

entire basin for circa 2010 using the same 

 Figure 1. Invasive 

plant, Phragmites 

australis, has been 

prolific in forming 

dense, tall (up to 5 m) 

monotypic stands.  

Final Report on the 6th ALOS-2 Research Announcement 
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approach (Battaglia, Bourgeau-Chavez et al. in 

prep & http://geodjango.mtri.org/coastal-
wetlands/). This map is being used in a 

hydrological model (LHM, [4]) to use as baseline 

conditions of land use/land cover with a focus on 

wetlands.  The PALSAR data allowed us to map 

the wetland types across the region with greater 

accuracy than optical data alone (Figure 2).  

Change maps between these and NOAA C-CAP 

maps from circa 1985 and 1995 are completed 

and analysis is underway [5] and was presented at 

ASPRS in March 2021 [6]).  

Figure 2. Wetland and upland 

land cover map of the bi-

national United States and 

Canada Great Lakes Basin 

based on multi-date PALSAR 

and Landsat-5 in Random 

Forests (after [3]).  

Significant projects to control 

the plant have occurred in the 

intervening years since the 

2010 map was produced, 

however, with efforts like the 

Great Lakes Restoration 

Initiative contributing 

millions of dollars of funding 

in hopes of halting 

Phragmites expansion. A 

multitude of smaller 

Phragmites mitigation 

projects have also taken 

place, with a variety of treatment methods being 

used. While the combinations of herbicide, 

mowing, and burning have served as effective 

management techniques in some areas, 

Phragmites has continued to expand to new areas 

when left unchecked. 

 

Figure 3. Full coastal Great Lakes wetland map from 

PALSAR-1/Landsat-5 circa 2010 (top) and partial 

remapping of 5 subareas with PALSAR-2/Landsat-8 

in 2018 for analyses of changes in invasive plant 

Phragmites australis which PALSAR-2 is able to 

uniquely map.  

Therefore, for estimation of changes in invasive 

Phragmites an updated map using PALSAR-2 

circa 2017-18, showing wetland type and extent, 

including invasive Phragmites australis, was 

created using recent (2016-2018) PALSAR-2 and 

Landsat 8 data for a subset of the study area 

where Phragmites was most dense in 2010 

(Figure 3, bottom map, [7]).  

   Following the same methodology as previous 

large-scale coastal mapping efforts [3], a 

combination of Electro-Optical (Landsat 8) and 

Synthetic Aperture Radar (PALSAR-2) were used 

to create updated classified maps of five coastal 

Great Lakes regions that had the largest 

Phragmites infestations. Three images 

representative of spring, summer, and fall were 

acquired for all study areas when available 

(Figure 4).  

 Approximately 90 PALSAR-2 images were 

collected (including some acquired via purchase) 

along with 67 Landsat 8 images. The PALSAR-2 

images were calibrated, speckle filtered using a 

3x3 median filter, and georeferenced to within 2 
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pixels of associated Landsat 8 images. The 

Landsat 8 images were processed to top-of  

atmosphere reflectance. The three seasonal 

images of Landsat 8 and PALSAR-2 were then 

stacked to be used as inputs to a machine learning 

classifier.  

   Field data were collected to supply training and 

validation data. Field crews visited approximately 

500 wetland locations in Summer and Fall 2017 

and Summer 2018. A variety of information was 

collected at each site, including GPS coordinates, 

vegetation type, height, and density, water depth, 

and GPS-tagged photographs. Additional training 

data were generated by trained analysts via aerial 

photograph interpretation. The training and 

validation data were separated according to each 

area of interest, as determined by Landsat 8 and 

PALSAR-2 image stacks. Random Forests [8] 

was used as the classifier based on its 

computational efficiency, ability to handle large 

datasets, and performance compared to other 

classifiers. Output classified maps were checked 

for accuracy and adjusted as needed until 

acceptable quality (~80% wetland accuracy) was 

achieved. The completed maps can be seen in the 

figure 3.  

For each of the maps, independent validation 

samples were reserved for accuracy assessments, 

and both maps showed >90% overall accuracy. 

  Changes between image dates was assessed 

using a combination of categorical and 

radiometric change from Landsat to reduce 

commission error. Phragmites control efforts 

 

 

Figure 5.  Map of Phragmites gain/loss in Saginaw 

Bay, Lake Huron (top) and plot of changes between 

2010 and 2018 in areas mapped as Phragmites 

(bottom). 

and increasing water levels (>1 m change in 

upper Great Lakes) led to significant reductions 

of Phragmites in some areas but landward 

expansion also occurred (Figure 5, Battaglia, 

Bourgeau-Chavez et al. in prep).  There was a 

measured net increase of 1,632 ha of 

Phragmites from 2010 to 2018.  
   In addition to this assessment of Phragmites 

change, an overall assessment of all wetland gain 

and loss was developed and tied to changes in 

lake levels, so as not to mislabel a wetland loss 

when it is just in transition due to fluctuating lake 

levels.  Therefore, wetland changes were put into 

2 classes – permanent and temporary change.  

This is appropriate since the coastal wetlands are 

defined by their connectivity to the Great Lakes, 

and lake levels vary by over a meter resulting in 

large shifts in coastal ecosystems.  Thus, we used 

Figure 4. Example of 3 dates of PALSAR-2 and 

the resulting false RGB color composite 

demonstrating the distinction of Typha, live and 

dead Phragmites and other covertypes that are 

essential to monitoring invasive plants. 
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hydrological modeling to link changes in wetland 

type and extent to water level changes in 

assessing change and define “permanent gain or 

loss” and “temporary wetland gain or loss” (Table 

1). Results show that the area modeled as 

inundated in 2018 has overall net ‘permanent 

wetland loss’ of 1,915 acres (i.e. wetlands 

changed to urban or upland). This contrasts with 

what would be a net overall gain of 199 acres of 

wetland if permanent/temporary change were 

not distinguished (Figure 6, Bourgeau-Chavez 

et al. in prep, also presented at 2020 41st CSRS 

[9] and Coastal Assembly in 2020 [10]).  

Table 1. Overall Wetland Gain and Loss Assessment 

broken down by permanent and temporary 

distinctions. 

 

Lastly, a comparison of wetland change through 

time (1978 to 2018) using L-band and Landsat 

from Seasat in 1978; JERS-1 in 1995; PALSAR-1 

in 2010; and PALSAR-2 in 2018 was conducted 

for Green Bay Wisconsin coastal wetlands.  

Categorical change between the years allows us to 

track wetland change overtime. In all but the 1978 

classification, the SAR allowed us to classify 

wetlands down to the species level for invasive 

Typha and Phragmites australis.  Here broadscale 

treatment of the invasive Phragmites occurred in 

2012, and that decrease in Phragmites in the 

mapped coastline (dark purple in 2010 map) is 

apparent in 2018 [6].   

 

  
 

 

 

 

 

 

Figure 6. Assessing wetland change with reverence to 

the zone of coastal influence for a portion of Lake 

Huron with table of change types and area (top) and a 

zoom in of Saginaw Bay (bottom) showing temporary 

and permanent gain and loss of wetlands. 

Saginaw Bay 

Saginaw 

Bay 
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3. VERNAL POOL IDENTIFICATION IN 

NATIONAL FORESTS AND NATIONAL PARKS 

OF THE GREAT LAKES  

 

Vernal pools are seasonally inundated, 

hydrologically isolated, forested depressions 

found throughout the midwestern and 

northeastern United States (Figure 8). They 

typically fill during the spring season following 

snow melt, and draw down significantly in mid to 

late summer. This hydrologic pattern creates 

conditions that are critical to the life cycle of a 

number of threatened amphibian and invertebrate 

species. Due to obscuration by the forest canopy, 

precise locations of individual vernal pools are 

often unknown and therefore are in danger of 

being eliminated due to anthropogenic activities 

such as lumber harvesting, agriculture, and 

development. A combination of LiDAR and 

PALSAR-2 data, both of which are capable of 

penetrating forest canopy, were used to detect 

potential vernal pools in a portion of the 

Hiawatha National Forest and in the Indiana 

Dunes National Lakeshore. Initial methods using 

a combination of LiDAR and SAR were outlined 

in [11] An updated methodology was used for this 

project and is described below.  

    L-Band Synthetic Aperture Radar data were 

acquired for the study areas for spring and 

summer dates to represent wet and dry 

conditions. PALSAR-2 images from 8/24/2015 

for Hiawatha and 7/16/2016 for Indiana Dunes 

were acquired as the summer scenes. Archival 

ALOS PALSAR data was downloaded for 

Hiawatha National Forest due to a lack of 

recent ALOS-2 PALSAR during spring for the 

study area. Two spring images were 

downloaded, one from 4/6/2008 and the other 

from 4/20/2008. The selected SAR images were 

calibrated, terrain corrected, and speckle 

filtered using the SNAP Toolbox. A 3x3 

median filter was used to process the SAR 

images for this project. Manual georeferencing 

was carried out using ERDAS IMAGINE 

software to ensure the images were properly 

geolocated. Because there were two spring SAR 

images acquired, these images were combined 

using a maximum operator post processing. 

This allows inundation beneath the canopy at 

each SAR image date to be evident for each 

dataset. 

Figure 7. Green Bay, WI 

wetland classifications 

created using multi-seasonal 

Landsat and JAXA L-Band 

SAR. The 1978 classification 

used historical Seasat data 

from July 28, 1978 and 

August 24, 1978, the 1995 

classification time period 

used JERS from August 20-

21, 1998, and the 2010 and 

2018 classifications used 

multi-seasonal ALOS 

PALSAR.  

 

Figure 8. Field photo example of a vernal pool (top) 

followed by pictures of the obligate and typical species 

found in vernal pools of the midwestern United States. 
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Figure 9. (A) Spring PALSAR-2 HH; (B) Summer 

PALSAR-2 HH;(C) LiDAR Stochastic Depression 

Analysis; (D) Potential Vernal Pools 

To create the SAR change product, which 

identifies areas flooded in spring and non-flooded 

in summer, areas with high backscatter (>-4.55 

dB) were assumed to be wet. This threshold was 

selected based on previous vernal pools work, and 

was verified by analyzing pixel values in known 

forested wetlands (Figure 9). These areas were 

selected out from the spring image, and all other 

pixel values were set to NoData. The summer 

SAR image was then subtracted from this 

resulting data layer. Areas with a decrease in 

backscattered energy greater than 3.5 dB were 

considered to have significant enough backscatter 

change to be considered “dry”. This threshold 

was also selected using previous vernal pools 

work, and is within the range of wet-dry forest 

transition reported in a review of SAR flooded 

vegetation research by [12]. LiDAR data for the 

western portion of Hiawatha National Forest were 

acquired from the Michigan Department of 

Technology, Management, and Budget’s Center 

for Shared Solutions. The LiDAR point cloud was 

processed to a Digital Elevation Model (DEM) 

with 2 meter spatial resolution. The LiDAR 

derived DEM was conditioned using Whitebox 

GAT, an open source remote sensing and terrain 

analysis package. A 3x3 gaussian filter was 

applied to the DEM to remove noise. A stochastic 

depression analysis was used to identify isolated 

depressions in the landscape, using the filtered 

DEM as the input. The method was utilized by 

[13] as part of their vernal pool detection 

procedure. The analysis, originally presented by 

[14] recognizes that digital elevation data will 

contain artifacts resulting from imperfect sensors. 

In the case of high-resolution LiDAR derived 

digital elevation models (DEMs), this is apparent 

in peaks and pits that may or may not be 

representative of the actual topography. 

Therefore, a Monte Carlo approach is used to 

determine which depressions are real by using the 

RMSE reported in the DEM metadata to 

iteratively fill depressions in the DEM. After 

reclassification into “real depressions” and “not 

depressions” the data were run through a majority 

filter to remove spurious pixels from the 

depressions dataset and then converted to 

polygons.  

    The SAR change product representing areas of 

potential wet to dry change in backscatter 

(decrease), was joined to the depression polygons. 

Polygons without significant backscatter decrease 

were eliminated, while the remainder were kept as 

potential vernal pools. Using this method, 80% of 

field validated vernal pools were identified.  

Indiana Dunes was surveyed for vernal pool 

presence after the maps were produced.  The 

survey results show that 15/19 polygons 

 

Figure 10. Indiana Dunes potential veral pools (blue 

polygons) and green points are field verified pools 

identified with the remote sensing, red are field 

verified pools that were not identified with PALSAR-

2/LiDAR methodology. 

representing potential vernal pools derived from 

PALSAR-2/LIDAR analysis contained a field 

verified vernal pool. 4 of 19 Vernal Pools found 

in the field were not identified from PALSAR-

2/LiDAR method (error of omission). The pools 

may not have been wet in the spring date of 

PALSAR-2 imagery used, or they may not have 
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dried before the summer date. Current work is 

underway to apply the methodology to 5 other 

Great Lakes National Parks and a manuscript is in 

development (Battaglia, Bourgeau-Chavez et al. 

in prep).   

L-band PALSAR and LiDAR allow us to find 

these obscure, small wetlands.  When their 

locations are unknown they are more at risk to 

threats from anthropogenic activity such as 

harvesting, agriculture and development. 
 

4. PEATLAND/WETLAND MAPPING IN 

CANADA’S NORTHWEST TERRITORIES AND 

ALBERTA

 

Figure 11. Three types of peatlands occur in our study 

area; open fens that are sedge or shrub dominated; 

treed fens that have both black spruce and larch with 

an understory of shrubs and bogs which are 

dominated by black spruce and occur in isolated rain-

fed locations. 

Peatlands are a type of wetland ecosystem that 

have saturated soils and large accumulations of 

partially decomposed organic plant material 

(peat) below ground (figure 11). Because they act 

as massive organic carbon sinks, peatlands are 

critical components to understand when assessing 

the global carbon budget. Assessing vulnerability 

of these ecosystems to climate change has 

become increasingly important as some peat-rich 

regions have begun to experience events that are 

linked to such changes, such as wildfires.  

 
Figure 12. Schematic showing the RF classification 

process including field data collection, air photo 

interpretation as training/validation and multi-date 

SAR and optical data inputs. 

Archival PALSAR data were used along with 

PALSAR-2 to create maps of peatland type and 

extent. Similar to the Great Lakes mapping 

procedure described above, multi-temporal 

SAR and optical imagery are used to map 

(Figure 12) peatlands with high accuracy [15, 

16].  
The use of L-band SAR data allows for the 

identification of unique hydrological 

characteristics that enable distinction between 

peatland types such as bogs and fens as well as 

other wetland and non-wetland landcover classes 

(Figure 13).  

 

Figure 13. Two date backscatter images of L-HV (top) 

and L-HH (bottom) showing how the different 

peatland types are distinguishable with PALSAR. 

These distinctions are especially important when 

attempting to quantify belowground carbon 

storage. The figure 14, below, shows a peatland 

dominated region of Northwest Territories near 

the Great Slave Lake and demonstrates how 

variations in co-polarized and cross-polarized 

backscatter contribute to the generation of 

peatland maps. 

 

Figure 14. RGB composite images of HH and HV 

backscatter (left and center) alongside a classified 

output map (right). 
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Figure 15. Final map of the study area around the 

Great Slave Lake in Northwest Territories Canada 

using the Random Forests PALSAR-Landsat method. 

Using this approach, 13,677,119 km2 of the study 

area were mapped (Figure 15).  This included 129 

L-band ALOS-1/2 PALSAR images from spring, 

summer and fall & 143 Multi-season Landsat -5 

TM optical/thermal images. For 

training/validation field data were collected over 

a 4 year period and include 152 locations each 

representing a 0.2 ha area on the ground (the 

mmu of the product).  All in all, we created 9,943 

training polygons to train the Random Forests 

classifier and 2,149 validation polygons for the 

accuracy assessment.  The final maps had 93.5% 

overall accuracy and are available on NASA 

ORNL DAAC [17].  These maps are used for the 

pre-fire ecotypes and analyses are being 

completed on the effects of wildfire across the 

region by intersecting these maps with maps of 

burn severity to the surface organic soil layers 

[18].  The results are allowing us to determine the 

vulnerability/resiliency of peatlands to wildfire in 

this region (Bourgeau-Chavez et al. in prep [19]).  

   The mapping approach used for the fire-affected 

areas of Northwest Territories were expanded to 

areas to the south, including the wetland 

complexes of the Slave River and Peace 

Athabasca Delta regions for a circa 2007 and 

2017 time periods. The PALSAR-1/2 data helps 

distinguish the wetland classes into finer 

categories, which has demonstrated value for 

waterfowl studies in the region. Field data were 

limited for this region and a finer level of ecotype  

classes were included with overall accuracy of 

78-85% for these new areas (Figures 16-17).  

    

 

 

Figure 16. Example of the 2017 Peace Athabasca 

Delta map output from random forests (top) and a 

two date PALSAR-2 composite of the vast wetland 

complex (bottom) showing L-HH 7/2/18, L-HV 7/2/18 

and L-HV 7/3/2017 in red, green, blue. 

 

Figure 17. Example of the 2017 Slave River Delta map 

output from random forests (top) and a two date 

PALSAR-2 composite on the bottom showing L-HH 

6/28/18 L-HV  6/28/18 and L-HV  7/21/18 in red, green, 

blue. 
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A change detection between the two time periods 

is underway to assess wetland change over the 

10-year period due to changes in hydrology and 

assessing how that relates to waterfowl surveys 

from Ducks Unlimited Canada. These results will 

be written up for a peer-review journal in the next 

year. Preliminary results will be presented at the 

CSRS 2021. 

 
5. MONITORING SOIL MOISTURE AND 

MAPPING BIOMASS IN ARCTIC AND BOREAL 

NORTH AMERICA 

Work is being conducted in the boreal and arctic 

study areas of Alaska and Alberta/Northwest 

Territories, CA to develop biomass and soil 

retrieval algorithms for peatlands and moisture 

maps. In situ data have been collected with 

handheld water content reflectometers coincident 

with airborne UAVSAR, PALSAR-2 and 

Radarsat-2 overpasses. This combination of 

remote sensing and field data are being used to 

develop soil moisture retrieval algorithms which 

will then be applied to archival PALSAR and 

PALSAR-2 data were available over the study 

region. Understanding soil moisture dynamics is 

critical to assessing fire vulnerability and the 

potential effects of climate change and L-band 

data provide the best canopy penetration for these 

high northern latitude regions. In addition, being 

able to remotely map biomass is important for 

understanding carbon storage, flux and carbon 

consumption from wildfire in the boreal zone.  

We have sampled biomass at over 50 locations to 

not only develop retrieval algorithms but to aid in 

soil moisture monitoring as backscatter varies 

with different levels of biomass and stand 

structure. Peatland sites range from sparsely treed 

to dense conifer (biomass <1 to 11 kg/m2).  A  

  

Figure 18. Plot of biomass for the peatland study sites 

vs. L-HV backscatter with 0.84 R2. Photos to right 

show the biomass extremes in these sites. 

 

strong relationship was found for these rather 

sparse forests using PALSAR-2 L-HV in relation 

to aboveground biomass (Figure 18). In addition 

to boreal locations, soil moisture retrieval is also 

underway in the Arctic tundra from PALSAR-2 

as well as SMAP and Radarsat-2.  We have a 

network of soil moisture loggers deployed on the 

north slope of Alaska for the tundra work.  Soil 

moisture probes were inserted at multiple depths 

(6, 10, 18 cm).  The correlation between 

PALSAR-2 L-HH and soil moisture at each depth 

is shown in Figure 19.  Soil moisture retrieval 

algorithms for tundra and boreal sites are under 

development.  Collecting in situ data coincident 

to the satellites from a range of sites and 

calibration of the loggers to the organic soils has 

been the focus of our efforts and we are now able 

to begin to fully analyze the datasets. Results will 

be written up by Bourgeau-Chavez for peer-

review in the next year. 

  
6. WILDLIFE GRASSLAND HABITAT MAPPING 

IN MARA, KENYA 

Grasslands represent one of the earth’s most 

common vegetation types, covering nearly a fifth 

of the planet’s land and providing important 

ecological, economic, and cultural services. They 

are responsible for an estimated 16-17% of global 

primary production, serve as hotspots for floral 

and faunal biodiversity, support endemic species, 

Figure 19. Plots of L-HH backscatter vs. in situ soil 

moisture for North Slope Alaska. Photos show a logger 

set up with solar panel and a harvested soil sample for 

probe calibration in the laboratory.  A hand saw is 

next to the soil sample for size.  
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affect runoff and water quality, and contain up to 

30% of the earth’s total soil carbon. Grasslands 

are critical to the maintenance of human 

economies, livelihoods, and cultures, particularly 

for low-income and marginalized peoples.

 

Figure 20. Classification schematic for the Mara was 

consistent with previous multi-date, multi-sensor SAR 

and optical mapping in Random forests, using field 

data for training/calibration.  

  In this study We combined multi-date radar 

(PALSAR-2 and Sentinel-1) and optical 

(Sentinel-2) imagery with field data and visual 

interpretation of aerial imagery to classify land 

cover in the Masai Mara National Reserve, Kenya 

using machine learning (Random Forests, Figure 

20). 

 

Figure 21. Mapped produced from RF classifer with 

multi-date PALSAR-2, Sentinel-1 and Sentinel-2 of 

the Mara Triangle and Eastern Reserve of Kenya. 

This study area comprises a diverse array of land 

cover types and changes dynamically over time 

due to seasonal changes in precipitation, seasonal 

movements of large herds of resident and 

migratory ungulates, fires, and livestock grazing. 

We classified twelve land cover types with user’s 

and producer’s accuracies ranging from 74-100% 

and an overall accuracy of 86%. These methods 

were able to distinguish among short, medium, 

and tall grass cover at user’s accuracies of 85%,  

75%, and 90%, respectively (Figure 21). Some 

interesting features that we mapped were a cluster 

of inselbergs (Figures 22 and 23), an abruptly 

rising, solitary, monolithic hills or mountains.  

 

 

Figure 22. A zoom-in of figure 21, showing a cluster of 

inselbergs (see Figure 23) in the Mara Triangle, on 

which rock and dense woody vegetation occur. 

 

 

 

Figure 23. Inselbergs are particularly common in the 

tropics and subtropics. Photo from S. Mara triangle. 
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This research is described in detail in [1], see 

appendix. 

 
7. MAPPING TROPICAL MOUNTAIN 

PEATLANDS OF SOUTH AMERICA 

 

Figure 24. Typical peatland types of tropical alpine 

locations in South America including sedge, cushion 

and grass peatlands. 

Alpine peatlands store large amounts of carbon 

belowground.  Yet, the distribution of tropical 

alpine peatlands is largely unknown. Using multi-

season PALSAR-1/2 and Optical imagery with C-

band from Radarsat, ERS or Sentinel-1 allows for 

distinction of key peat and non-peat ecotypes in 

the alpine region.  Areas of Ecuador [20] and 

Peru [21] have been previously mapped by MTRI 

using these methods with PALSAR-1 [16]. Here 

we show the new study area of Colombia in need 

of current data for an analysis of the threats and 

degradation of peatlands by grazing and other 

anthropogenic activity.  Here we used PALSAR-

1/2 from this research agreement to map the 

current peatland and land use conditions.  We 

then used PALSAR-1 long time series to map 

“potential peatland” for determining mapped 

grazing lands that may be peatlands and in need 

of conservation.  

  The same random forests algorithm with input 

training data from field and air photo 

interpretation was used here as in the other study 

areas.  We’ve found this approach to produce 

high accuracy, even between image analysts. In 

comparison to OBIA, least squares maximum 

likelihood, hierarchical, SVM and other methods, 

it is the most consistent and reliable.   Field 

analysis are ongoing, taking place by local 

researchers to the Colombia test area.  This 

approach will be applied across the region once 

finalized.  

     Figure 25 shows the results of the Random 

Forests Classification using 2 dates of PALSAR-

2, the mean and standard deviation of a Sentinel-1 

time series from the same period as PALSAR-2, 

and Sentinel-2 cloud free composites from 2 

dates. Utilizing GEE we were able to process 

many dates of Sentinel-1 and 2 images quickly to 

improve mapping.  These Sentinel-1 images are 

so large that downloading and processing them 

would be cumbersome. This latest map version 

has  80% overall accuracy.  An initial map with 

only a single PALSAR-2 date had 60% overall 

accuracy, so the second date increased accuracy 

by 20 percentage points. Field teams continue to 

collect field data to use as training/validation to 

further improve the accuracy of the map. This 

work will be presented at the Society of Wetland 

Figure 25. Random forests classification of 

peatlands and land use including pasture and 

agriculture of the study areas of Colombia using 

multi-date PALSAR-2, Sentinel-1 and 2 as inputs.  

Bottom right shows the results of Figure 26 zoomed 

in. 
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Scientists Annual Conference in June 2021 in an 

invited talk led by Bourgeau-Chavez. 

   For this project we also conducted a multi-date 

PALSAR-1 analysis for peat detection in grazed 

lands. Since a long time-series of FBD PALSAR-

1 images were available but not PALSAR-2, the 

former was used to assess moisture and vegetation 

structure conditions to map “potential peatland”.  

This product was later intersected with our land 

use maps to allow for determination of grazed land 

that is peatland. For this analysis a mean and 

standard deviation of HH and HV time series were 

calculated (Figure 26).   

 

  

Figure 26. PALSAR-2 time series displayed as HH 

mean, HV mean and HH standard deviation in RGB 

(left) and the “potential peatland” product (right) for 

the Colombia alpine study area. See figure 25 for a 

zoom in area. 

   The premise for this analysis is that peatlands 

tend to exhibit consistent soil moisture conditions 

with low variability and thus those areas that had 

low standard deviation in backscatter through 

time, but higher HH backscatter than features 

such as rock, were identified as “potential 

peatland”. This method captures peat in areas that 

have been used for grazing or other purposes, 

often for many years. Such a detection would be 

limited with optical imagery since grazing lands 

exhibit disturbed (non-peatland) spectral signals 

in optical imagery.  Field validation thus far has 

shown this map to have good accuracy.  

Additional field sampling is underway to 

complete a full validation analysis of these 

products and will be written for peer-review 

publication in a journal. 
 

 

8. NEXT STEPS 

We will be completing work on several of the 

projects and writing manuscripts for peer-review:  

a) Invasive Species Monitoring – Great 

Lakes USA: This work to monitor 

invasive Phragmites through time 

(JERS-1 to PALSAR-2) continues and 

will be led by Dorthea Leisman, she 

presented on the results to date at 

ASPRS 2021, March 30, 2021.  L-band 

SAR is critical to the detection of 

invasive Phragmites. 
b) Vernal Pool Detection and Mapping in 

National Forests and Parks- Detection and 

Mapping of 5 National Parks is underway 

and includes field verification of the 

“potential vernal pools” detected from 

PALSAR-LiDAR.  Field work is 

scheduled to begin April 25, 2021 and 

will be followed by a recheck for pool dry 

out in July-August timeframe. 

c) Peatland/Wetland Mapping in Canada’s 

Northwest Territories & Alberta - The 

maps are allowing us to assess the effects 

of wildfire on peatland systems and the 

effects of climate change on waterfowl 

habitat through NASA grants and in 

cooperation with Ducks Unlimited 

Canada.  Two manuscripts are in prep 

[19] and French et al.) 

d) Tropical Alpine Peatland Mapping - This 

work continues and we will be mapping 

larger alpine regions of Peru, Ecuador and 

Colombia with funding from 

USAID.PALSAR-2 data are critical for 

this mapping as are C-band. Work is 

being presented at SWS in 2021 by 

Bourgeau-Chavez and manuscripts are 

planned.  A recent submitted manuscript 

is in review for mapping lowland Peru 

peatlands with PALSAR-1/Landsat [22]– 

note PALSAR-1 was provided previous to 

this RA-6. 
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International Centre for Integrated Mountain Development 
GPO Box 3226, Kathmandu, Nepal 

1. INTRODUCTION

This research aims to conduct experiments to improve 
aboveground forest carbon stocks (AFCS) estimation using 
PALSAR-2 data in Indonesia and Nepal. These sites are 
interesting for scientific research because they are hot spots 
of forest diversity; inherit tropical and sub-tropical forests 
and gaining much attention worldwide due to the rapid 
decline of natural forests. Two experiments one pilot site 
each in the selected countries were presented below. 

2.1 CASE-1: RIAU, INDONESIA 

Data and methods 
Southeastern part of Riau, Indonesia 

Figure 1. Study area: Southeastern part of Riau Province in 
Central Sumatra, Indonesia 

AFCS was measured for 41 field plots (Figure 1) in 2012 
and 2013 (Table-1). Each plot measured at 1-ha size. The 
amount of AFCS for each field plot was considered as 47% 
of the aboveground biomass and reported in Mg C ha-1. 
Due to the differences in forest structure and associated 
AFCS in different land use and land cover (LULC) types, 
the locations for field plots were setup based on natural 
forest types (Table 1). The field measurement data 
represent diverse natural forests including variability in 
AFCS ranging 9-334 Mg C ha-1.  
In this experiment, PALSAR-2 images at fine beam dual 
mode acquired during November 2014 - February 2015. 

Slope correction and orthorectification was performed 
using 90 m SRTM data. The data were converted into radar 
backscattered coefficients. In addition to the polarizations, 
we prepared a γᵒ ratio (HV/HH) image of the mosaic data. 
The γᵒ images of both polarizations were converted to 
amplitude image for texture analysis. Eight Haralick’s 
textures metrics [1, 2] including Energy (T1), Entropy (T2), 
Correlation (T3), Inverse Difference Moment (T4), Inertia 
(T5), Cluster Shade (T6), Cluster Prominence (T7), and 
Haralick’s Correlation (T8) were computed for each 5 m 
pixel in sliding windows with five types of radius (3, 5, 7, 
9, and 11 pixels). This process was applied for both 
polarizations which yielded 80 variables for the AFCS 
assessment. We computed ratio (HV/HH) for each texture 
metric that added 40 additional variables making a total of 
123 variable options including the 2 backscatters and one 
backscatters ratio variables for AFCS potential model 
assessment. Multiple linear regression approach was 
adopted to establish model fittings. 

Table 1. Field measured above ground forest carbon stocks 
in natural forest areas. 

Forest types # Plot Mean 
(Mg) 

Min 
(Mg) 

Max 
(Mg) 

Mangrove 8 26.55 9.02 42.99 
Dry moist 9 198.10 106.69 334.10 
Peat swamp 19 114.06 69.70 173.62 
Regrowth 5 125.15 84.58 164.49 
Total 41 116.79 9.02 334.10 

Results 
Inclusion of multiple variables while developing an 
estimation model improves the saturation level. The 
potential models derived from this assessment are 
presented in Table-2. The first potential model (Model-1), 
represent the simple backscattering assessment while the 
other are from textures metrics assessment. The five 
potential models (Models 2-6) represent the texture 
parameters derived from radius-wide assessments while 
the last two (Models 7 and 8) represent joint assessments 
of all variables. As a result of first step, the joint assessment 
of all backscattering variables has provided a simple model 
option that improves the R2 up to 0.63 (Model-1, Table-3). 
The model is simple with two variables structure. It ensures 
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the AFCS estimation with uncertainty, RMSE of 45.03 Mg 
C ha–1 and Relative RMSE of 13.85%. This modeling result 
can be considered as reference model for comparing the 
subsequent modeling results by the texture metrics.  
 
Table 2. Potential model for aboveground forest carbon 
stocks estimation 

Model Structure VIF* p-
value* 

1(γᵒ) (22.362 + 1.533 γᵒHV + 
3.173 γᵒHV/γᵒHH)2 

<1 <0.001 

2(R3) ( – 36.384 – 0.00535HV_T8 
– 2.694HH_T6 + 
0.445HH_T7 +  
49.662RT_T2)2 

<4 <0.002 

3(R5) ( – 33.119 – 0.00522HV_T8 
– 2.130HH_T6 + 
0.390HH_T7 +  
46.035RT_T2)2 

<4 <0.006 

4(R7) ( – 32.840 – 0.00524HV_T8 
– 1.890HH_T6 + 
0.361HH_T7 +  
45.798RT_T2)2 

<4 <0.01 

5(R9) ( – 10.665 + 24.062HV_T3 
+ 13.970HV_T5 – 
0.00448HV_T8 + 
1.191RT_T6 – 3.053RT_T7 
+ 1.000RT_T8)2 

<3 <0.02 

6(R11) (– 12.260 + 23.879HV_T3 
+ 14.809HV_T5 – 
0.00429HV_T8 + 
1.306RT_T6 – 3.332RT_T7 
+ 1.024RT_T8)2  

<3 <0.01 

7(Joint-

A) 
( – 11.698 – 
0.00417HV_R5_T8 + 
20.432HV_R9_T3 + 
14.676HV_R11_T5 + 
1.296RT_R11_T6 – 
3.323RT_R11_T7 + 
1.038RT_R11_T8)2 

<3 <0.02 

8(Joint-

B) 
(31.577 – 9.820HH_R3_T2 
– 2.315HH_R3_T6 – 
4.130RT_R3_T8 + 
0.380HH_R5_T7 + 
9.333HV_R9_T5 + 
4.763RT_R9_T8 – 
0.00458HV_R11_T8)2  

<4, 
<6, 
<49 

<0.02 

Where, HH and HV: SAR polarizations, T2: Entropy, T3: 
Correlation, T5: Inertia, T6: Cluster Shade, T7: Cluster 
Prominence, T8: Haralick’s Correlation, RT: Ratio, Rn: 
Radius number, *for each variable. 
 
In second step, we examined the effects of radius size in 
five different sizes of pixel radius including 3, 5, 7, 9, and 
11. The radius sizes of 3, 5, and 7 have provided almost 
identical results (Table-2, Figure-3). The structure of these 
models is formed by four common variables, one from HV 
texture (HV_T8) representing Haralick’s correlation 
metric, two from HH textures (HH_T6 and HH_T7) 
representing Cluster Shade and Cluster Prominence 
metrics, respectively, and one from texture ratio of HV and 
HH (RT_T2) representing Entropy metric. The weight in 
each common variable is slightly different among the 
models corresponding to the impact of pixel size in radius. 

Each variable in all models is highly significant (p-value 
<0.01) and hints no multicollinearity (VIF < 4). The R2 and 
RMSE values among these three models are marginally 
different, indicating selection of any radius sizes between 
3 and 7 does not make significant differences in AFCS 
modeling. However, the Model-2 provides better option, 
higher model sensitivity, R2 (0.79) and lower uncertainty, 
i.e. RMSE (32.03 Mg C ha-1) and Relative RMSE (9.85%). 
This indicates that even including texture metrics in 3 pixel 
radius can provide far better estimation than the simple 
backscatter based model (Model-1) which ensures the 
improvement modeling performance by 16% and reduction 
of estimation error by 13 Mg C ha-1. Further examinations 
of radius sizes of 9 and 11 pixels provide two potential 
models (Models-5 and 6, Table-2) and demonstrate 
modeling improvement R2 to 0.82 and 0.83 and error 
reduction RMSEs to 28.84 and 27.60 Mg C ha-1, 
respectively. These two models are formed by 6 common 
texture variables but have different weights. However, each 
variable in these two models confirms high significance (p-
value < 0.02) in model building and signs no collinearity 
(VIF < 3). Although models are complex than the previous 
ones, they provide statistically better alternatives. 
 
In third step, we performed joint assessments taking 
consideration of all variables in model assessment. This 
procedure results two potential models (Models-7 and 8, 
Table-2). As similar to Models-5 and 6, the Model-7 is 
composed of six variables representing a variable from 5 
pixels radius, i.e. Haralick’s Correlation of HV texture 
(HV_R5_T8), a variable from 9 pixels radius, i.e. 
Correlation of HV texture (HV_R9_T3), and all other 
variables from 11 pixels radius, i.e. Inertia of HV texture 
(HV_R11_T5), ratio of Cluster Shade textures 
(RT_R11_T6), ratio of Cluster Prominence textures 
(RT_R11_T7), and ratio of Haralick’s Correlation textures 
(RT_R11_T8). Each variable in this model is highly 
significant (p-value <0.02) and has no collinearity (VIF < 
3). The modelling R2, RMSE, and Relative RMSE of this 
model are 0.840, 26.17 Mg C ha-1, and 8.05%, respectively, 
which are a slight improvement as compared to the Model-
6, but a big improvement as compared to the reference 
Model-1. Maximum possibility of this joint assessment is 
provided by Model-8. This model is formed by seven 
variables, a bit complex than the Model-7 (Table-2). All 
variables in this model are statistically significant (p-value 
<0.02) but three of them, i.e. RT_R3_T8, HH_R5_T7, and 
RT_R9_T8, are affected by multicollinearity problem as 
VIFs in these variables are greater than 4, i.e. 48.58, 5.66, 
and 46.78, respectively. This model improves the fitting by 
1.3% and reduces the relative RMSE by 0.22% than the 
Model-7, but it may become costly due to higher 
complexity and some multicollinearity issues. In this case, 
the Model-7 can be considered as best performing potential 
model for AFCS estimation in tropical forest with 
PALSAR-2 data. The estimation accuracy of the model is 
also reasonable while considering the field-measured 
AFCS, the sample size, and the SAR system used for 
calibrating the model in such diverse natural forests 
condition. The remaining uncertainty in the AFCS models 
may be linked to the field measurement method, allometric 
equations, penetration capability of L-band SAR, SRTM 
data, and the time gap between the field data and the 
satellite data. The R2 for calibration and validation of each 
model are mostly similar. Each model is highly stable as 
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indicated by MD (≤ 0.01) of R2. As similar to R2 stability, 
the RMSE was also observed stable in all potential models 
(MD ≤ 0.21 Mg C ha-1). As an application of the models in 
predicting the AFCS patterns, Model-7 is used (Figure 2).  
 
Table – 3. Validation results for potential AFCS models 

Models Model - 
calibration 

Leave one out  (LOO) - 
validation*  

R2 RMSE+  R2  MD RMSE+  MD+ 
1(γᵒ) 0.63 45.03 0.63 0.010 45.06 0.04 
2(R3) 0.79 32.03 0.79 0.006 32.09 0.16 
3(R5) 0.78 32.68 0.78 0.006 32.74 0.20 
4(R7) 0.78 32.70 0.78 0.006 32.76 0.21 
5(R9) 0.82 28.84 0.82 0.005 28.93 0.17 
6(R11) 0.83 27.60 0.83 0.005 27.68 0.15 
7(Joint-A) 0.84 26.17 0.84 0.005 26.25 0.16 
8(Joint-B) 0.85 25.46 0.85 0.005 25.54 0.16 

*No. of models used in each model assessment = 41, + Units 
in Mg C ha-1. 
 

 
Figure 2. Estimated AFCS pattern using Model 7. 
 
Conclusion 
We found that the textural information in the high-
resolution PALSAR-2 mosaic data consist of very useful 
information related to AFCS. The Haralick’s texture 
metrics used in this study are adept to reason spatial 
variation of different textural features reflected in radar 
backscatter intensities which provide key information on 
the geometric and structural properties of tropical forest 
canopies. Therefore, texture parameters have shown 
significant role to improve the AFCS estimation accuracy. 
It is noted that the neighborhood characteristic used in the 
form of radius while calculating the texture parameters has 
resulted improvement in model predictions as compared to 
the pixel-by-pixel based model. The neighborhood method 
in texture metrics calculation surpassed the speckle noise 
in the high-resolution PALSAR-2 data that made more 
accountable to AFCS modeling. The use of both HH and 
HV polarizations texture parameters and ratios further 
improved the performance of AFCS estimation; probably 
the ratio images combine the complimentary information 
and reduce topographic effects and forest type structural 
differences. This result signals great potentials of dual 
polarizations PALSAR-2 mosaic data for improving AFCS 
estimation stored in natural forests in tropical region. 
 
 
 
 

 
2.2 CASE-2: PANCHTHAR & ILAM, NEPAL 

  

Data and Methods 

Ilam and Panchthar districts, Nepal 

 
 
Figure 3: Study area: Panchthar and Ilam, hilly districts of 
Nepal 
 
In this study, data collected under the Community based 
Red Panda Conservation in Eastern Nepal project in 
collaboration with ICIMOD and RPN (Red Panda 
Network) were used. The data was collected in 2018 with 
the purpose of estimating above ground forest carbon in 
Ilam and Panchthar districts (Figure 3) which hold key 
habitats of red panda [3]. There are 42 plots (ha) data, out 
of which 5 plots were unusable. Thus, those data were 
excluded. Out of remaining 37 plots, data from 27 plots 
were taken for training model and remaining were used for 
validation. In order to split total field data into training and 
validation, firstly data were organized in ascending order 
according to the AGB measurements. Then, every fourth 
plot were taken for validation. This was done to capture 
variation among the data. 
 
ALOS PALSAR 2 processing level 1.1 and 2.1 of 2018 
were used in this study. ALOS PALSAR 2 processing level 
1.1 was processes in SNAP 8.0 tool. Three different 
methods were applied to estimate forest AGB. They are: 

• Calibration of regression model 
• Machine learning approach using maximum 

likelihood algorithm, and 
• Machine learning approach using random forest 

algorithm.  
These three methods were followed consecutively.  
 
Firstly, regression analysis was carried out to understand 
the relationship between backscatter coefficient and field 
measured AFCS. Secondly, Maximum likelihood 
algorithm [4] in Erdas Imagine was applied. In order to 
train algorithm, 1 ha plot was taken as one class sample. 
There were 27 samples from the field data. Those 27 
samples were taken as 27 classes to classify forest AGB. 
Lastly, Random forest algorithm was used in Google Earth 
Engine using same set of training samples. Then, land 
cover data for 2018 produced by Regional Land Cover 
Monitoring System (RLCMS) was used to mask forest 
areas. 
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Results 
The regression analysis showed that there is no good 
relation between backscattered coefficients and tree carbon. 
Coefficient of determination (R2) was found poor for all 
images (Figure 4). 
 

 
Figure 4: Relationship between backscattered vs AFCS 
for images (level 2.1) acquired in different months of 
2018 
 
 
Following Figure 5 shows the biomass of the study area 
which were produced using maximum likelihood algorithm. 
It was observed that biomass prediction varied with the 
input image. In all the classified images, no data areas were 
also classified (Figure 6). 
 

 
Figure 5: Predicted biomass of the study area, a. Based on 
HH image, b. Based on HV image, c. Based on stacked 
image (HH, HV, HV/HH) 
 

 
 
Figure 6: Error in classified image (based on HH image) 
 
Random forest in GEE was applied for HH and HV images 
(Figure 7). Smoothing needs to be done for deriving 
meaningful result. The work is in progress. 
 

 
a. HV image (1.1)             b. Predicted AFCS 
Figure 7: Predicted AFCS of the study area using random 
forest. 
 
Conclusion 
This study was performed based on available field data. 
Our model and prediction also depend on the quality of 
field data. Smoothing process in GEE is going on with 
Random Forest. Validation needs to be carried out on the 
outputs generated by fandom forest and maximum 
likelihood. We are planning to conduct other experiments 
in Kanchanpur district, Southwestern part of Nepal when 
field data is available. In addition, we are building capacity 
of government professionals, academicians, and others in 
the Hundu Kush Himalayan region to use SAR data 
through various trainings.  
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1. INTRODUCTION

Biomass is a fundamental parameter characterizing the 

spatial distribution of carbon in the biosphere. Global 

satellite missions has focus on  assessment of the above 

ground biomass of woody plants and forests, comprising 

about 80% of terrestrial total biomass in vegetation 

(Houghton, 2005). 50% of woody vegetation is carbon 

equivalent to approximately 3.67 unit of CO2 that directly 

links biomass to the terrestrial carbon cycle and climate 

change (IPCC Good Practice Guide, 2003).  

The spatial distribution of biomass and carbon stocks is 

altered by a range of natural and anthropogenic 

disturbances like stand-replacing e.g., clear-cut logging or 

selective logging, landslides, insect defoliation, or land 

conversion, fire etc.  

There is increased focus on mapping disturbances as abrupt 

events that cause changes in forest biomass and are at the 

scale detectable by space-borne remote sensing (> 100 m). 

Disturbance is measured as the area and/or the intensity of 

biomass changes in units of area/year or mass/area/year 

(NISAR Science Users’ Handbook).  

Himalaya is one of the most biodiversity hotspot in the 

world besides having a high spatial variability in biomass 

distribution from sub-tropical to temperate forests. Stand 

replacing disturbances are frequent in the north-east India 

owing to widespread shifting cultivation activity while 

western Himalaya represents chronic disturbances 

primarily for fuel wood and fodder extraction from forest 

areas.  

Under the ALOS-2 RA6, attempt has been made to 

demonstrate the potential of ALOS-2 data for quantifying 

above-ground forest biomass using advanced SAR based 

physical inversion model at the forest planation site in 

Western Himalayan foothills while forest disturbances 

have been quantified in Karbi Arlong district in Assam and 

Mon district in Nagaland in North-East India using 

temporal ALOS L band observations.   

2. MATERIALS AND METHODS

2.1 AGB Estimation using TanDEM-X Pol-InSAR and 

ALOS-2 L band SAR and Machine Learning  

2.1.1 Canopy Height Estimation using TanDEM-X Pol-

InSAR and Random Volume Above-Ground (RVoG) 

model 

The overall methodology for canopy height estimation is 

shown in Fig. 1.  

Field Data Collection 

Field data collected in February of 2020 in Bhakra forest 

range of Terai Central Forest Division, Uttarakhand, India 

keeping in mind the variability existing within the forest 

and plots of 30mx30m were laid down representing 

different age and diameter classes. Trimble Juno GPS 

receiver was used to determine the location of the plots. A 

total of 37 plots were laid down in which CBH and canopy 

height of the trees (using Forestry pro Laser Range Finder). 

The top canopy height in the 30mx30m plot was recorded 

by averaging the heights of tallest trees in the plot. 

Additionally, height of the shelter-belt plantations was also 

recorded as they differed in top canopy height from the rest 

of the plots. 

Canopy Height Estimation using TanDEM-X 

PolInSAR  

    Fig. 1 Canopy height estimation using TanDEM-X SAR 
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RVoG (Random Volume over Ground) model used for 

estimation of height through inversion is basically a 

physical model. Cloude, 2010 reported that the complex 

interferometric coherence variables are related to forest 

vertical structure by this model. The assumption made by 

this model is that the canopy layer of the forest is a 

homogeneous media comprising of randomly arranged 

elements with persistent and constant attenuation in wave 

over an impermeable surface of the ground 

(Papathanassiou and Cloude, 2001). An exponential 

structure function is used by the model (Treuhaft et al., 

1996) as shown Fig. 2. 

                                 F(z)=2σ/ecosθ0 z                                                 

F(z) is the reflectivity by randomly oriented canopy 

elements at various heights represented by z 

θ0 is the incidence angle  

σ is the mean extinction coefficient i.e. rate of 

decomposition of wave in forest media. 

This function is used to assume the exponential distribution 

of scatterers i.e. they decrease exponentially when moved 

from volume top to bottom. 

Fig. 2 RVoG two-layer scattering model and representation 

of exponential structure function (Lee, 2012) 

 

As the assumption included no ground decorrelation, in 

different polarizations the complex coherence can be 

expressed as (Papathanassiou and Cloude, 2001). The 

volume coherence is also a function of F(z) (radar 

reflectivity) and hv (volume height) as explained by 

Papathanassiou and Cloude (2001). 

                                              

2.1.2 Estimation of Above Ground Biomass  

AGB was estimated using parameters derived from ALOS 

2 PALSAR quad-pol dataset of March month, canopy 

height derived using TanDEM X and machine learning 

methods namely Random Forest (RF) and Support Vector 

Regression (SVR). 

 

Plot level AGB was estimated for a total 37 plots using 

DBH, local volumetric equations, species-specific gravity 

values and biomass expansion factors.  

 

ALOS-2 data was pre-processed that included calibration, 

speckle removal and terrain correction. All these steps were 

performed in SNAP software. A number of SAR 

parameters (backscattering coefficients, polarization 

decompositions like Eigen decomposition and Yamaguchi 

decomposition, polarimetric parameters including radar 

indices and ratios and texture variables).  

Regression Algorithms 

RF and SVR are two of the machine learning techniques 

used for assessing forest biophysical parameters. They 

work efficiently as compared to simple linear techniques 

for assessing forest biomass. Both of the models reduce the 

associated problem mainly of over-fitting and biasness. In 

context to forestry, Support Vector Machine (SVM) has 

been previously well utilized for classification purposes 

and its regression counterpart has gained prominence for 

biomass estimation in recent years. A total of 38 variables 

were Considered for AGB estimation. For each of the 

algorithm the data was split into two parts, training and 

validation. The model was fed randomly to select 1/3rd of 

the number of plots for validation. The data was fed into 

both the models and to select optimum number of variables 

backward or recursive feature elimination (RFE) was 

carried out with cross-validation (Mutanga et al., 2012). 

After obtaining a set of important variables, the model 

predicting best R2 and RMSE was selected and the AGB 

map was generated for the study area. The predicted AGB 

from the algorithm found suitable was validated with the 

field measured AGB and R2 and RMSE were calculated 

(Fig. 3). 

 

 
        

      Fig.3. Methodology for estimating AGB 

 

2.2 Forest Disturbance Assessment  

2.2.1 Forest Disturbance Detection using Change Point 

Detection Technique 

 

CUMSUM change analysis is a distribution-free approach, 

applicable to short, irregular time series for detecting 

gradual and sudden changes and therefore provides 

opportunity on utility of SAR data for monitoring forest. 

NISAR mission will increase the frequency of SAR data 

availability and hence holds potential in improving the 

change detection algorithm results by better representing of 

seasonal and annual trend (Fig. 4). 
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Fig. 4. Disturbance detection using cumulative sum change 

point analysis  

 

 

2.2.2 Optimized Temporal Alpha Angle based Forest 

Change Detection  
Dual polarimetric alpha angle has been found robust to 

effects of soil moisture and terrain slope and sensitive 

changes in forest structure (Cloude, 2007). Lavalle (2017) 

used alpha angle for burnt area     mapping. We have 

assessed potential of optimized temporal alpha angle for 

tropical forest disturbance detection in part of Karbi Arlong 

landscape in Assam, North East India (Fig. 5) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  Fig. 5 Disturbance detection using optimized alpha angle 

 

The broad methodology includes generation of covariance 

matrices of temporal dual polarized (HH, HV) ALOS L 

band data and estimation of alpha angle images using Eigen 

decomposition which denotes the type of average 

scattering process. The value range of α is between 0-45 

degrees for scattered targets. The effect of soil moisture on 

alpha angle was corrected using X-Bragg model as 

suggested by Cloude (2007). The effect of terrain slope on 

values of alpha angle was minimized by as dual-pol alpha 

depends upon the ratio of the intensities of radar as 

observed from the equation of alpha. Therefore, the range 

terrain slope affecting radar intensity does not influence 

alpha whereas in the case of azimuth terrain slope.  

 

PDF (Probability Density Function) of α was calculated 

using ratio of two different Gamma distributions which is 

known as Beta prime distribution and the formula was 

determined as Lavalle (2017). The type of scattering is 

influenced by the response of PDF. Gamma distribution 

was adopted because the PDF of α has to be extracted from 

eigen values PDF and these values are related with eigen 

vector The area under PDF gives CDF for a scalar 

continuous distribution. It ranges from -∞ to any given 

sample point. A particular significance level was 

determined to get a sample point limit and CDF was 

calculated to get the probability of the two alpha angles and 

the alpha having greater probability was then compared 

with significance level value and if that value exceeded it, 

it was considered as a change in the forest pixel. The forest 

change map generated at 1 hectare scale was validated with 

Landsat data.  

 

 

4. RESULTS AND DISCUSSIONS  

 

4.1 PolInSAR forest canopy height estimation 

 

Complex coherence estimation using T6 matrix was done 

in various polarization basis namely Linear, Pauli and 

Optimal. Fig. represents the different polarization basis in 

which complex coherence estimation was carried out. It 

was observed that forest areas had lower coherences as 

compared to areas devoid of trees. Different polarization 

basis yielded different levels of coherence with cross-

polarizations showing more coherence than co-

polarizations. The effect of incidence angle is also 

considered while estimating in various polarization basis 

and the volume decorrelation can also be observed for all 

polarizations by studying the shape and magnitude of 

coherence region (Fig. 6).     

 

 

Fig. 6 Complex coherence estimation in different 

polarizations. 
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Kz is influenced by the local incidence angle and HoA. Kz 

decreases from near range to far range for a fixed baseline. 

The HoA of the TanDEM-X dataset used was 34.09 m. The 

maximum tree heights in the study area have to be 

comparable with HoA. Very high and very low HoA 

influence the Kz value and result in tree-height estimation 

error. After generating local incidence angle image, Kz was 

calculated which varied from 0.211 to 0.225. While 

evaluating different polarizations for top and ground phase, 

it was found that optimal phase 3 and optimal phase 1 gave 

best combinations for top and ground phase centre in two 

way RTM respectively thereby, influencing the height 

retrieval accuracy with R2 = 0.74, RMSE = 2.34 m (Fig. 7). 

 

 

 
  

Fig. 7 Canopy height estimation with different 

polarizations defining canopy and ground phase in RVoG 

model.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 8 Distribution of sample plots and canopy height 

modelled using Random Volume over Ground Model.  

 

The final forest canopy height map (Fig. 8) was obtained 

after RVoG inversion and the canopy height obtained for 

different plantations were-Eucalyptus plantations, 7-10 m, 

Mixed plantations, 10-15 m, Linear plantation strips of 

tallest trees left after harvesting along with some old-teak 

plantations depicted in red colour exhibited maximum 

height between 15-27 m and for middle-aged teak 

plantations height was obtained between 10-15 m. 

 

4.2 Above-ground forest biomass modeling  

 

The Random Forest regression algorithm was tuned using 

all the 38 variables and the best Ntree value was found 

based on the OOB (Out of Bag) error graph (Fig. 9). After 

tuning, RF model was built with Mtry=38 and Ntree=501 

using all the independent and dependent variables and the 

variable importance ranking was obtained (Fig. 10). 

 

 

 

 

 

 

 

 

Fig. 9 OOB error of AGB model(Mtry=38, Ntree=501) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 10 Variable importance ranking predicted by RF 

 

For the training set of samples, the R2 value obtained was 

0.93 and RMSE of 12.42 Mg/ha. To get a smaller sample 

of predictor variables RFE (Fig. 11) along with cross-

validation was carried out which yielded a set of four 

variables with lowest RMSE. These four variables were 

alpha, PolInSAR height, HH backscatter and HV 

backscatter. 

 
 
 
 
 
 
 

 

 

Fig. 11 RFE with cross-validation for variable optimization 702



 

The R2 of 0.78 and RMSE of 22.6 Mg/ha was obtained 

between the predicted and observed AGB upon validation 

(Fig. 12). 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 12 Observed vs. predicted AGB at test sites using RF 

 

Support Vector Regression 

SVR was performed in radial basis kernel. The hyper-

parameters were tuned in with C= 0.1 and gamma is 

calculated as 1/n_features where, n= number of features 

and the model was run to obtain ranking of the variables. 

The ranking is given based on their performance using the 

leave-one-out error (Table 1).   

 

 

 

 

 
Table 1 Ranking of variables for AGB estimation in SVR.  

 

After it, RFE (Fig. 13) with cross-validation was carried 

out to the get the smallest set of important variables. These 

were 8 variables namely HV backscatter, HH backscatter, 

PolInSAR height, alpha, Yamaguchi double bounce, 

Yamaguchi volume scattering, VV contrast and VV 

variance. 

 

 

 

 

 

 

 

 

 

 

Fig. 13 RFE with cross-validation for variable optimization 

in SVR 

 

The R2 and RMSE obtained for upon validation with field 

data was 0.50 and RMSE of 41.92 Mg/ha (Fig. 14).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 14 Observed vs. predicted AGB on test site using SVR 

 

Comparison and best model selection 

Between the two models it was observed that RF performed 

better as compared to SVR as it exhibited a low R2 value 

of 0.50. The predicted biomass using SVR showed a high 

RMSE of 41.92 Mg/ha whereas RF exhibited an RMSE of 

22.6 Mg/ha showing a difference of about 19.32 Mg/ha. RF 

and SVR differ in terms of sample size and rate of errors of 

the subset data. Additionally, RF models are highly non-

linear and non-parametric models which allow them to tune 

themselves according to the response introduced by 

induction of each new variable. This results in RF fitting 

well with dataset automatically. Whereas in case of SVR, 

this flexibility is lacking due to the pre-determined and 

fixed parameters and kernels 

Generation of AGB map 

L- band signals are dominated by the primary and 

secondary branches and relate more with the canopy of the 

forests. Out of these variables, alpha was one of the 

parameter that highly influenced the AGB retrieval process. 

It showed the highest correlation with the biomass as it 

defines the different scattering processes which occur 

inside the forest namely surface, volume and surface-trunk 

interactions. Apart from it, various researchers have found 

that backscattering coefficients positively relate to 

different levels of AGB. HV backscatter in several 

literatures has been found to correlate positively with 

biomass around 100 Mg/ha. Though the X-band mainly 

interacts with small branches, twigs and leaves of the trees, 

PolInSAR height accounted to be positively related with 

AGB (Fig. 15). 

Variables Ranking Variables Ranking 

HV backscatter 1 HV Homogeneity 27 

HH backscatter 1 HV Mean 19 

VH backscatter 3 HV Variance 5 

VV backscatter 14 HH Contrast 9 

Pedestal Height 24 HH Dissimilarity 16 

RFDI 31 HH Homogeneity 22 

CSI 25 HH Mean 6 

VSI 30 HH Variance 2 

HH/VV Ratio 23 VH Contrast 7 

HH/HV Ratio 10 VH Dissimilarity 15 

VV/VH Ratio 13 VH Homogeneity 29 

Alpha 1 VH Mean 20 

Anisotropy 28 VH Variance 8 

Entropy 26 VV Contrast 1 

Yamaguchi double-bounce 1 VV Dissimilarity 17 

Yamaguchi Surface 12 VV Homogeneity 21 

Yamaguchi Volume 1 VV Mean 11 

HV Contrast 4 VV Variance 1 

HV Dissimilarity 18 PolInSAR Height 1 
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Fig. 15 Variables used for AGB prediction 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 16 AGB map of the Bhakra Range, Uttarakhand 

 

The spatial pattern of AGB (Fig. 16) was observed and the 

values ranged from 27 -229 Mg/ha. The highest levels of 

AGB were observed in old plantations followed by mixed 

plantations. Mixed plantations constituted field AGB 

between 60- 130 Mg/ha and young and evenly spaced 

plantations of eucalyptus had the lowest level of AGB. 

Eucalyptus has short rotation period as well as low tree-

density due to the spacing. 

 

4.3 Forest Disturbance Detection using L band 

Backscatter thresholding  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 17 Clear cuts on multi-year HV composite ALOS-2 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 18 Annual Forest Loss from ALOS-2  

 

 

 
 

Fig. 19 Validation of Clear Cuts mapped using Landsat 

based forest loss  

 

 

4.4 Forest Disturbance Detection using Time Series 

Change Point Detection  

 

Sensitivity of SAR backscatter to canopy cover change 

varied across different forest ecosystems in North-East 

India (Fig. 20). 

 

 
 

Fig. 20 Dry and moist season L band HV backscatter-

canopy density curve  

 

The algorithm was able to detect forest disturbance 

(Fig.21). However, prior to area filter, every pixel in the 

study area showed change at least once, which must be due 

to the sensitivity of SAR sensors to moisture. Therefore, 

relative calibration, area filter and precise threshold value 

estimation are crucial. 
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Fig. 21 Disturbed and regrowth area maps  

 

4.2 Optimized Temporal Alpha Angle based Forest 

Change  
 

Fig. 22 shows the outputs of disturbance analysis using 

alpha image method. Temporal alpha images depict 

changes in type of scattering over the study area. The value 

of alpha lies from 0°-90°. Different scattering processes are 

defined by different alpha values, generally 0° for surface, 

45° for dipole, between 0°-45°for irregular surface and 

greater than 50°for double bounce. L-band data being a 

longer wavelength penetrate deep inside the forest and 

hence, relate positively with the scattering mechanisms. 

New clear cuttings were observed with more surface 

scattering and lowered the volume scattering. This can be 

interpreted with light patches of shifting cultivation 

showing higher values and the areas remaining as intact 

forests exhibiting low values in all the images of different 

years. To determine if probability of the year 2007 is 

greater than the probability of 2017, difference between 

them was calculated, using the basic probability rule of P 

(A>B) = P (B)-P (A) where, A and B are two events. Figure 

5.2 represents the gamma distributed probability values of 

both the years and probability values of A>B. Significance 

Level and generation of forest disturbance map. After 

determining the probability, significance level was selected 

at 90 % confidence level to find the changed pixels which 

represented the forest change. The probability level 

exceeding the significance value was considered as a 

disturbance, i.e. change in forest structure. The output 

consisted of a binary map having two classes disturbed and 

undisturbed areas (Figure). This algorithm will give 

consistent results even in rainy season and complex 

topography as it has been optimized for soil moisture and 

topography effect. The algorithm can be linearly extended 

on multi-temporal datasets. The disturbance or change 

occurring in the overall area could be detected well by the 

algorithm as can be observed by the extent of areas 

showing disturbances. The overall disturbance increase 

from 2007 to 2017 but to narrow down its performance at 

the patch level it was observed that the algorithm could as 

well as could not detect certain patches. It was also 

observed that the boundary of the detected patches were not 

as clear as they were observed in the alpha images. This 

can be linked to its performance considering only the 

average scattering mechanism. The sensitivity of a SAR 

system is towards the mean structure. The minor changes  

 

 

 
 
 
 
 
 
 
 
 
 
 
 

Fig. 22 ALOS L band alpha angle image based 

disturbance detection outputs and validation with Landsat 

TM.  

 
as well as the small size of a patch could affect its 

effectiveness in detecting them. The disturbed areas 

showed mostly surface interactions surrounded by volume 705



scattering. Hence, if the patch size is very small, as in the 

case of shifting cultivation it becomes difficult to 

differentiate between the scattering mechanisms and 

therefore, disturbance cannot be identified in case of small 

sized patches. Larger size patches like areas of quarrying 

could be well detected. From the study, it can be concluded 

that the dual pol alpha was effective in separating the 

surface to volume scattering but depending on two factors- 

the average scattering mechanism and size of the 

disturbance, the effectiveness of the algorithm can be 

enhanced in future.  

 

5. Conclusions  

 
The results for forest canopy height estimation showed best 

results of R2=0.77 and RMSE=2.62 m at HoA (Height of 

Ambiguity) = 34.09m. For AGB assessment, two 

regression algorithms Random Forest (RF) and Support 

Vector Regression (SVR) were compared to select the 

optimal method with RF satisfying the results with  

R2=0.57 and RMSE=36.09 Mg/ha using 4 variables out of 

37 generated variables which were alpha, PolInSAR forest 

canopy height, HH backscatter and HV backscatter.  

 

The cumulative sum based change point algorithm was 

able to detect forest disturbance at different time periods 

using time series dual pol ALOS L band data. However, 

prior to area filter, every pixel in the study area showed 

change at least once, which must be due to the sensitivity 

of SAR sensors to moisture. Therefore, relative calibration, 

area filter and precise threshold value estimation are crucial. 

 

The dual-pol alpha in conjunct with its probability density 

function was used to detect forest structure changes and 

reject changes due to statistical noise by calculating the 

probability values of gamma distributed Cumulative 

Distribution Function (CDF) to detect disturbances. The 

algorithm proved effective for larger patches but for 

detection of smaller patches, it requires improvement. The 

dual-pol alpha angle proved effective in separating surface 

to volume scattering. 
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1. INTRODUCTION

This final report describes the main results from our work 
to develop, test and validate methods combining ground 
forest measurements and metrics obtained from C- and L-
band Synthetic Aperture Radar (SAR) data in selected 
tropical regions in order to identify areas experiencing 
forest degradation due to selective logging operations. 

2. OBJECTIVES

A detailed selective logging dataset from three lowland 
tropical forest regions in the Brazilian Amazon was used 
to assess the effectiveness of SAR data from Sentinel-1, 
RADARSAT-2, and Advanced Land Observing Satellite-
2 Phased Arrayed L-band Synthetic Aperture Radar-2 
(ALOS-2 PALSAR-2) for monitoring tropical selective 
logging. We used machine-learning methods to model the 
incidence of selective logging based on metrics from 
those SAR datasets. We also used time-series analysis 
methods to detect change in dense time-series of Sentinel-
1 observations. 

3. MAIN RESULTS

Machine-learning classification using SAR data  
(Sentinel-1, RADARSAT-2, and ALOS-2 PALSAR-2) 
performed poorly, having high commission and omission 
errors for logged observations. This suggests little to no 
difference in pixel-based metrics between logged and 
unlogged areas for these sensors, particularly at lower 
logging intensities. In contrast, the Sentinel-1 time series 
analyses indicated that areas under higher intensity 
selective logging (> 20 m3 ha-1) show a distinct spike in 
the number of pixels that included a breakpoint during the 
logging season. This method detected breakpoints in 50% 
of logged pixels and exhibited a false alarm rate of 
approximately < 5% in unlogged forest. Overall, our 
results suggest that SAR data can be used in time series 
analyses to detect tropical selective logging at high 
intensity logging locations (> 20 m3 ha-1) within the 
Amazon. 

APPENDIX 

M.G. Hethcoat, J.M.B. Carreiras, D.P. Edwards, R.G.
Bryant, S. Quegan, S., “Detecting tropical selective
logging with C-band SAR data may require a time series
approach”, Remote Sensing of Environment, in print.
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Abstract—Biodiversity monitoring is frequently conducted 

using remote sensing data. Because of its outstanding height-

sensing abilities, light detection and ranging (LiDAR) technology 

is widely used in the field of ecology. However, there have been few 

reports on estimating the structural diversity of forests using L-

band synthetic aperture radar (SAR), which provides enormous 

advantages, particularly over tropical regions. We explored the 

feasibility of employing L-band SAR to observe forest layer 

structure with the objective of evaluating habitat of birds, 

targeting natural and plantation forests in Riau, Sumatra, 

Indonesia. Our polarimetric data analysis, together with field 

measurement data, showed that L-band SAR data represent forest 

layer structure. The results revealed that VV polarization, co-

polarization ratio of VV/HH, and volume scattering represented 

the layer of forest floor, understory, and canopy, respectively. A 

subsequent statistical analysis elucidated that bird diversity of 

forest-dependent and threatened species required special 

attention, exhibiting clear positive logarithmic correlations with 

the selected SAR polarimetric parameters. Furthermore, positive 

deviation of bird occurrence in peat swamp forests from 

regression estimates implied that a positive influence on bird 

diversity is exerted by other factors, for example, plant species 

composition as well as structural diversity of forests. Our findings 

suggest that SAR techniques offer a feasible approach for 

evaluating avian species richness and ecosystem conditions. 

 
Index Terms—Biodiversity, Forestry, Image decomposition, L-

band, Radar polarimetry, Synthetic aperture radar  

 

I. INTRODUCTION 

ROPICAL forests in Southeast Asia have enormously rich 

biodiversity. Peat swamp forests are characterized by 

partially decomposed wood, roots, leaves, and other organic 

matter that contain considerable amounts of carbon. The 

environment exhibits uniqueness in terms of biodiversity. 

However, ecosystems are deteriorating rapidly, particularly in 

developing countries. In particular, peat swamp forests, which 

are important refuges for biodiversity in Southeast Asia [1, 2], 
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are now becoming targets for development. Therefore, peat 

swamp forests are being exposed to threats from various human 

activities, including logging, fire, and conversion into palm oil 

and acacia plantations [3, 4]. Natural forests are in a critical 

situation, and plantation forests are becoming important 

habitats for some species [5, 6]. Despite the significance of 

ecosystem, there is little understanding about the impact of land 

conversion on the biodiversity and biological communities in 

peat swamp forests. This can be attributed to waterlogged land 

and soil, which prevent researchers from conducting frequent 

field surveys. Therefore, considerable attention is being paid to 

monitoring the forest ecosystem and biodiversity, particularly 

in tropical regions.  

Birds are regarded as good indicators of ecosystem health 

because they are sensitive to environmental changes. Indeed, 

they are found in many kinds of ecosystems, and are easily 

identified as we have abundant basic ecological knowledge of 

birds at hand. Thus, data collection is relatively easy and 

inexpensive [7]. Although many developed countries have been 

conducting nationwide bird monitoring projects for decades, 

very few such projects have been conducted in tropical 

Southeast Asian countries [8]. Therefore, forest ecosystems are 

disturbed or lost without even knowing about the bird 

community that inhabits the forest. 

Bird diversity is known to have a strong relationship with 

forest structure in many kinds of ecosystems in temperate and 

tropical regions [7, 9, 10]. Erdelen [11] pointed out that forest 

structural diversity, namely the sum of horizontal diversity and 

vertical diversity, affects bird species diversity. The structural 

complexity of vegetation as foliage height diversity or percent 

vegetation cover creates various kinds of resources and physical 

conditions for birds [12]. Among the most important are food 

and nesting sites. For example, birds that need large trees for 

their nesting cavities tend to be abundant in old-growth forests, 

where large trees are available [13]. Terrestrial and understory 

birds are also abundant in old-growth forests, where they can 
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find dead trees for their foraging place. For this reason, forest 

structure affects bird diversity or abundance, which is therefore 

considered to be predicted by forest structure complexity to 

some extent [14]. 

Remote sensing, particularly with an active sensor, has 

attracted considerable attention in recent years as a way to 

understand forest structure that explains biodiversity [15, 16]. 

Direct detection of birds by remote sensing is impossible, but 

in recent years, quite a few attempts have been made to estimate 

bird diversity through forest structural properties or habitat 

suitability [16]. 

Light detection and ranging (LiDAR) and SAR tomography 

(TomoSAR) are known to be powerful tools for modeling three-

dimensional forest structures [17]. As active optical remote 

sensing, LiDAR is used to measure tree heights at very fine 

resolution and for remote sensing observations of bird diversity 

[7, 10, 16, 18-21]. While affording a way to detect the three-

dimensional information, LiDAR data remain very costly 

because the main platform is an airplane [22]. 

SAR has great advantages for observing the Earth’s surface 

in all weather conditions, especially over tropical regions where 

continuous cloud coverage prevents optical monitoring. Radar 

backscatter from SAR observations has been widely used for 

land-use/land-cover assessment, deforestation [23] and forest 

regrowth mappings [24], and above-ground biomass estimation 

[25, 26].  

TomoSAR, which is an advanced synthetic aperture radar 

(SAR) technique, uses SAR interferometry (InSAR) 

technology. As it requires scenes that are taken from slightly 

different satellite positions with high-scene coherency [27, 28], 

data availability is still spatially and temporally limited. High-

scene coherency, especially over forest areas, is compelled to 

employ single-pass InSAR, which has mostly been adopted in 

airborne SAR platforms. Therefore, the use of LiDAR and 

TomoSAR over forest areas still has restrictions, and it is not 

suitable for repetitive monitoring because of the cost.   

Polarimetric SAR (PolSAR) is a leading technology that 

records the phase of radar backscatter and is on board the 

platform of satellite, which is more suitable for repeat 

monitoring. Polarimetric power decomposition is a powerful 

technique in PolSAR analysis and requires full-polarimetry data. 

Target decomposition extracts surface features from 

polarimetry data [29] and involves mainly model-based [30] 

and eigenvalue-based [31] methods. The original model-based 

decomposition yielding surface, double-bounce, and volume 

scattering was strengthened as a four-component 

decomposition scheme by adding helix scattering [32, 33]. The 

four-component decomposition techniques were further 

improved by Singh, et al. [34] through the introduction of a 

unitary transformation of the coherency matrix. This method is 

referred to as general four-component scattering power 

decomposition with unitary transformation (G4U). The G4U 

method has features that account for all the polarimetric 

parameters contained in the coherency matrix; that is, it uses all 

the polarimetric information in the power decomposition. 

Of the various SAR wavelengths, the L-band offers the 

advantage of penetrating the forest canopy to reach the Earth’s 

surface [35-37], meaning that L-band SAR data contain 

information on forest layer structure. Numerous studies have 

estimated forest stand parameters such as diameter, stem 

volume, and biomass. However, the literature concerning the 

use of microwave SAR data for habitat analysis is very limited 

because of the unsuitability of such data for direct tree-height 

measurement. There have been few attempts to retrieve forest 

structural diversity using L-band SAR data. As was also pointed 

out by Betbeder, et al. [22], SAR data have not been explored 

as a tool for determining the internal structure of a forest. Only 

a few studies [22, 38] have analyzed microwave SAR data for 

monitoring habitat diversity. 

The purpose of the present study is to retrieve the structural 

diversity of forests from full-polarimetry L-band SAR data in 

natural and plantation forests in Sumatra, Indonesia. We then 

discuss the possibility of indirect estimation of bird 

communities from microwave satellite remote sensing data.  

This research consists of two parts. The first one is to clarify 

the relationship between forest structure and SAR data, and this 

is possible by analyzing the polarimetric backscattering data, 

which should reflect the corresponding forest layer (III.C.1). 

The second one is to find some connection between the 

identified SAR backscattering and bird diversity (III.C.2).  

II. STUDY AREA 

Our study site is located in the Bukit Batu area of the Giam 

Siak Kecil-Bukit Batu Biosphere Reserve in Riau Province on 

the island of Sumatra in Indonesia (Fig. 1). As of 1982, peat 

swamp forests still covered most of this area, but were heavily 

logged from 1989 to 1993 to change into plantation forests [39]. 

Illegal logging was made between 1998 and 2010, mainly along 

the river. Half of the area was consequently transformed to 

acacia plantation by 2007 [4].  

In this study, we targeted the following three forest types 

[40]: (i) natural peat swamp forests (NPF) with peat depths up 

to 6 m [41], which were managed by the Forestry Department 

of Riau (Fig. 2(a)), and (ii) planted acacia forests (PAF) 

managed by plantation companies of PT. (which stands for 

“Perseoran Terbatas,” Indonesian for “Company”) Bukit Batu 

Hutani Alam and PT. Sakato Pratama Makmur, in which Acacia 

crassicarpa was planted over ground with drainage canals (Fig. 

2(b)), and (iii) jungle rubber forests (JRF) managed by local 

people, which is a low-maintenance rubber plantation 

characterized by tall trees and dense understory (Fig. 2(c)).  

III. METHODS 

A. Ground-based Observations 

The ground observation data were analyzed from the 

viewpoint of ecology [40] and this study used the same census 

dataset of Fujita et al. [40]. We briefly discuss the ground 

survey in this section. 

 

1) Bird Census  

The bird census was carried out in order to observe bird 

occurrence. There were three survey transects for each land-

cover type (NPF1–3, PAF1–3, and JRF1–3). Note that a bird 
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survey for NPF was conducted at already-logged forests that 

preserved complex multilayer structures [2, 42] because of the 

difficulty in accessing intact NPF. The survey was conducted in 

NPF in October 2011 and JRF and PAF in March and May 

2011. Each transect along nine 1-km survey transects had four 

survey points that were set 250 m apart from each other (Fig. 

3). The census used a fixed-radius point-count method in which 

the number of individual birds detected within 50 m radius 

circular plots was counted.  

Finally, we summarized those individual data into bird 

occurrence data that are calculated with the division of the 

number of the concerned species by the total number of birds 

counted. The uncertainty of the bird occurrence data was 

analyzed in Fig. 2 of Fujita et al. [32]. Species rarefaction and 

extrapolation were calculated with 95% confidence intervals, 

which showed clear significant differences in bird assemblages 

among the habitat types. 

Species that urgently need conservation are those associated 

primarily with native habitats (i.e., NPF). Therefore, we 

focused on forest-dependent and threatened species. Bird 

species that meet the criterion of the habitat environment was 

selected as forest-dependent species [40, 43]. Threatened 

species were those that were classified either as “critically 

endangered,” “endangered,” “vulnerable,” or “near-threatened” 

in the International Union for Conservation of Nature and 

Natural Resources (IUCN) Red List of Threatened Species in 

2015 [44]. 

 

2) Field Survey on Forest Layer Structure 

Forest layer structure in a 25 m radius of each survey point 

was observed by vegetation height and coverage. Height was 

categorized into five layers (<1 m, 1m –5 m, 5 m–10 m, 10 m–

20 m, and 20 m–30 m), and the coverage (%) in each of the five 

layers was visually measured to average within each transect. 

The vegetation survey was not conducted in NPF-3 because of 

the time constraint during the field work [40].  

The vegetation in tropical forests is typically composed of 

several layers: forest floor that includes herbs, ferns and mosses, 

understory that includes shrubs and lower trees, upper canopy 

of dominant trees, and emergent tree layer [45]. We 

recategorized it into three layers: a forest floor layer less than 1 

m (< 1 m), understory layer from 1 m to 10 m (1-10 m), and 

canopy layer from 10 m to 30 m (10-30 m). Trees taller than 10 

m in height formed a canopy layer in this study area. Therefore, 

we set the lower boundary of canopy layer to 10 m. Moreover, 

the forests lacked an emergent layer that attained a tree reaching 

a height of up to 30 m, which might be because of logging 

activities. We summed up the observed coverage (%) according 

to the new category. Therefore, there is a category that shows 

vegetation coverage greater than 100%. 

Table 1 summarizes the field observation results for the bird 

occurrence frequency of the forest-dependent and threatened 

species, and on the vegetation coverage in each forest layer. In 

general, NPF shows a multi-story layer with vegetation 

coverage in all the layers. PAF is quite simple with a forest floor 

layer (<1 m) and acacia plantation canopy (10–20 m). JRF 

shows a relatively multilayer structure, although the vegetation 

coverage ratios differ among transects. 

B. Microwave Satellite Remote Sensing Data 

1) ALOS-PALSAR Data Sets and Preprocessing  

We used Advanced Land Observing Satellite (ALOS) 

Phased Array type L-band Synthetic Aperture Radar 

(PALSAR) full-polarimetry data with HH/HV/VV/VH 

polarizations, where H and V refer to horizontal and vertical 

polarizations, respectively. Two images covering our study site 

were acquired in an ascending orbit on March 31, 2010 and May 

16, 2010 with off-nadir angles of 21.5° and 23.1°, respectively. 

It is noteworthy that no quad-pol SAR data were collected in 

2011, when most of the ground surveys were conducted.  

The PALSAR data were calibrated to processing level 1.1 by 

the Japan Aerospace Exploration Agency (JAXA). We first 

applied absolute radiometric calibration to the level 1.1 SAR 

images [46]. To reduce speckle noise, a moving average filter 

was applied to each matrix element using a window size of 

2 × 10 (two pixels in the range direction and 10 pixels in the 

azimuth direction). The PALSAR images used have nominal 

spatial resolutions of 22 m (range direction) and 4.5 m (azimuth 

direction), meaning that the averaged area in the filtering is 

approximately 45 m × 45 m on the ground.  

We disregarded a local incidence angle (local topographic 

effect) not to apply radiometric and geometric terrain 

corrections, assuming a negligible influence of terrain in this 

area. The peat swamp forests are typically located in coastal 

lowland areas and are known to have flat topography. In a peat 

swamp in Central Kalimantan, the elevation of the peatland 

only rises to 20 m for 24.5 km transect from the river [47], 

which is equivalent to a 0.08 % slope. Most of our target forests 

are in inland areas along the river and less than 1 km away from 

the river, and are therefore situated in flat terrain areas. 

We then calculated the covariance and coherency matrices in 

order to obtain various polarimetric parameters mentioned in 

the next section. After the calculation, we converted each image 

from a slant range to a ground range and finally registered 

imagery using the Universal Transverse Mercator (UTM) 

projection (UTM-47N) with the World Geodetic System 1984 

(WGS 84) datum. The pixel spacing for the ground-range image 

was set to approximately 25 m in both the cross-track and 

along-track directions. The grid definition was followed by an 

inverse distance-weighted interpolation with a unit weighting 

factor. 

 

2) Polarimetric Parameters from PolSAR Data 

We derived the following polarimetric parameters: (1) A 

backscattering coefficient of sigma naught (σ0) normalized on 

the ellipsoid ground area in decibels (dB) for HH (σ0
HH), HV 

(σ0
HV), and VV (σ0

VV) polarizations [48]; (2) All the 

combinations of polarization ratio with cross- and co-polarized 

backscattered power (HV/HH, HV/VV, and VV/HH). The 

calculation utilized the magnitude of backscattering coefficient, 

but not dB values converted to a logarithmic scale, (3) 

Decomposition powers of surface (Ps), volume (Pv), double-

bounce (Pd), and helix (Pc) scattering derived from the G4U 
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scheme, which were normalized by dividing it by the total 

power (TP) [49]. Each normalized decomposition power (P/TP) 

is abbreviated as PsTP, PvTP, PdTP, and PcTP. Four-

component scattering decomposition was originally developed 

for urban settings by adding a helix scattering power [32]. The 

helix scattering power generated by spaced dipole structures 

(such as branches in forests) is equal to the circular polarization 

power. However, it is also applicable to more general settings 

[49]. (4) The decomposition power ratios of Pv/Pd and Pv/Ps 

were calculated based on the decomposition power.  

 

3) Extraction of Polarimetric Parameters 

We averaged the digital number (DN) values of each 

polarimetric parameter over a buffer zone constructed around 

each 1 km line survey transect used in the bird census. Nine 

buffers were created in total (three buffers for each land-cover 

type) and the buffer had a radius of 50 m (50 m buffer). We 

adopted the 50 m buffer, assuming that land-cover and forest 

structure were uniform within it. In the following analysis, we 

used the DN value averaged over each transect. 

C. Statistical Analysis 

Note here that we performed the following two statistical 

analyses, which are illustrated in a schematic diagram of the 

data analysis flow (Fig. 4). We first defined SAR polarimetric 

parameters that reflect the forest layer structure. Next, we 

attempted to find a relationship between SAR parameters and 

bird diversity. The analyses intended to figure out polarimetric 

parameters that most accurately represent forest layer, which 

would in turn indicate bird species richness.   

 

1) Multivariate Linear Regression Analysis between Ground-

observed Forest Layer Structure and SAR Polarimetric 

Parameters 

We applied multivariate linear regression analysis to explore 

whether L-band SAR polarimetric parameters reflect the forest 

layer structure. The explanatory variables (x) were the ground-

observed vegetation coverage (Table 1) of the three forest 

layers (<1 m, 1–10 m, and 10–30 m), while the response 

variables (y) were each of the SAR polarimetric parameters 

(Table 2). Our sample size is limited to eight in accordance with 

the number of survey transects (we have nine survey transects, 

but no vegetation survey in NPF-3). Austin and Steyerberg [50] 

showed that the sample size required for unbiased estimation is 

two per independent predictor variable in multivariate 

regression analysis. Accordingly, a sample size of six is at least 

required for the three forest layers of independent variables. 

Our sample size satisfies these criteria.  

In the regression model, the selection of an independent 

variable is crucial for an accurate study. High correlation 

among predictor variables, known as multicollinearity, 

negatively impacts the estimation of a regression coefficient, 

making it difficult to interpret the regression analysis result. 

The selection of independent variables was based on the 

variance inflation factor (VIF) value, which is a diagnostic 

value for testing multicollinearity among independent 

variables. The variable with the highest VIF value was 

repeatedly excluded until all the remaining variables showed a 

value less than 10 [51].  

Following the multicollinearity test on the basis of VIF, we 

proceeded to the multivariate analysis between the forest layer 

structure and the SAR polarimetric parameter. We applied a 

stepwise forward selection method based on Akaike’s 

Information Criterion (AIC). Thus, a better predictor variable 

was chosen out of the three explanatory variables. AIC-

selection provided information for identifying forest layers that 

strongly affected microwave backscattering.  

We illustrated scatter plots for an intuitive understanding of 

the correlation between forest layer structure and each 

polarimetric parameter. In addition, we performed a two-

sample t-test between all combinations of transects to evaluate 

the null hypothesis that the SAR parameters have equal 

population means. The t-test was performed using all DN 

values within the 50-m buffer zone. Based on these 

verifications, we finally determined polarimetric parameters 

that better reflect the forest layer utilized in the next statistical 

analysis. 

 

2) Multivariate Generalized Linear Regression Analysis 

between Polarimetric Parameters and Frequency of Bird 

Occurrence 

We used a multivariate generalized linear model (GLM) to 

examine the relationship between polarimetric parameters from 

PolSAR data (explanatory variables) and frequency of bird 

occurrence per census (response variables) of forest-dependent 

and threatened species. In the GLM analysis, we applied the 

Poisson error distribution and log link function. In addition, 

because units of the polarimetric parameters are not unified 

among them, we standardized the explanatory variables using 

z-score normalization in order to compare the regression 

coefficient or contribution rate.  

As mentioned in the previous section, according to Austin 

and Steyerberg [50], we could not input all the SAR 

polarimetric parameters into the multiple regression analysis to 

be compelled to reduce the number of polarimetric parameters. 

Therefore, we used polarimetric parameters that showed a 

higher correlation with forest layer structure in the previous 

analysis. As was also mentioned in the previous section, after 

the VIF-multicollinearity test for explanatory variables, we 

applied a stepwise forward selection method using AIC to 

discriminate polarimetric parameters that have a stronger 

relationship with bird occurrence. 

IV. RESULTS AND DISCUSSION 

A. Selection of Polarimetric Parameters 

1) Statistical Analysis between Vegetation Coverage and 

Polarimetric Parameter from SAR 

Table 2 shows the averaged polarimetric parameter values 

within the buffer zones of 50-m radius established around each 

survey transect.  

The multicollinearity test of independent variables before the 

regression analysis, resulted in VIF values of 1.64, 2.60, and 

1.88 for <1 m, 1–10 m, and 10–30 m, respectively. No 

multicollinearity among explanatory variables was proven by a 
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VIF value less than 10. We then analyzed the relationship 

between the three vegetation coverage ratios, namely < 1 m, 1–

10 m, and 10–30 m (Table 1) and each polarimetric parameter 

from L-band SAR (Table 2). 

Table 3 shows the results of multivariate linear regression 

analysis with the AIC-selected variables, including adjusted R2 

(adj. R2) with p-value (p) and estimates of the selected variable 

with the p-value. The seven polarimetric parameters, namely 

σ0
VV, HV/HH, VV/HH, PvTP, PcTP, Pv/Pd, and Pv/Ps, were 

statistically significant (p < 0.10) for forest layer structure. 

However, we hereafter disregarded the helix scattering 

component (PcTP) from the subsequent analysis, since it is 

known to have a connection with a man-made structure, which 

is out of our target. Scatter plots for each forest layer coverage 

(%) and six polarimetric parameters (σ0
VV, HV/HH, VV/HH, 

PvTP, Pv/Pd, and Pv/Ps) selected by previous analysis (Fig. 5), 

were consistent with the results shown in Table 3.  

 

2) Selection of Polarimetric Parameters Reflecting Forest 

Layer Structure 

The σ0
VV was explained only by < 1 m layer with 

adj. R2 = 0.343, p = 0.074 and negative coefficient (Table 3 and 

Fig. 5(c)). The polarization ratio of HV/HH was explained by < 

1 m with p = 0.236 (Fig. 5(d)) and predominantly by 10–30 m 

with p = 0.005 (Fig. 5(f)), which shows a clear negative 

correlation and a higher correlation (adj. R2 = 0.819, p = 0.006). 

In contrast, VV/HH showed a positive correlation only with 1–

10 m (Fig. 5(h)) with a significantly higher adj R2 of 0.778 (p = 

0.002).  

PvTP showed higher correlation (adj. R2 = 0.708 and p = 

0.049) with all the three layers, which was significantly 

explained by the forest canopy layer (p = 0.332 for < 1 m (Fig. 

5(j)), p = 0.085 for 1–10 m (Fig. 5(k)), and p = 0.014 for 10–30 

m [Fig. 5(l)] ).  

Both Pv/Pd and Pv/Ps showed higher correlation with 1–10 

m with adj. R2 values of 0.367 (p = 0.065) and 0.474 (p = 0.035), 

respectively. Although Pv/Pd and Pv/Ps showed higher adj. R2, 

the correlations showed a skewed shape caused by an outlier 

(Fig. 5(n) and Fig. 5(q)). Since it is uncertain to conclude that 

these parameters reflect certain vegetation coverage, we 

decided not to use Pv/Pd and Pv/Ps in the following analysis.  

Table 4 shows the results of the two-sample t-test, evaluating 

the null hypothesis that the two datasets have equal population 

mean. We conducted the test for the four polarimetric 

parameters, namely σ0
VV, HV/HH, VV/HH, and PvTP. We 

assumed a significance level of 0.10 in this test. As shown in 

Table 2, the differences in SAR backscatter among forest types 

were not large enough, and the backscattered power varied 

according to the transects. However, it was proved in Table 4 

that all the transects differed in at least one polarimetric 

parameter from among the four polarimetric parameters. 

B. Forest Layer Structure Reflected in L-band SAR Data  

1) Forest Floor Vegetation Layer 

The direct surface backscatter is known to be represented by 

HH and VV polarization [52]. Similar to the previous work, 

both HH and VV polarizations showed a relatively good 

relationship with the forest floor layer less than 1 m with adj. 

R2 values of 0.259 and 0.343, respectively (Table 3), although 

HH did not seem significant. As the relationship was negatively 

correlated, the interpretation of the results would be that more 

scattering of co-polarization was detected where the ground 

surface was scarcely covered by vegetation.  

When we discuss the backscattering of the forest floor layer, 

we need to consider the radar penetration through a forest 

canopy that depends on the forest layer structure and the 

presence of canopy gaps [53]. Radar with a smaller incidence 

angle is less sensitive to crown cover [38]. It has been reported 

that the penetration depth of the L-band wave ranged from 4 m 

to 10 m in the jack pine’s canopy with an incidence angle of 35° 

and 5 m to 6 m in a dense canopy of hemlock with an angle of 

39° [53].  

Our datasets are from L-band SAR with an incidence angle 

of 23°. Moreover, many of the thick tree trunks of natural 

forests in the study area had already been cut by logging 

activities, and trees taller than 30 m rarely remain in the forests. 

Therefore, canopy layers from 20 m to 30 m in the natural 

forests resulted in less than 10% coverage. In addition, the 

rubber plantation (JRF) had canopy gaps, and acacia plantation 

(APF) had a relatively thin canopy. Based on this fact, we 

concluded that L-band radar can reach the ground surface 

through a non-dense canopy, and the co-polarization waves 

surely reflected the forest floor condition. 

 

2) Understory Vegetation Layer 

The significant positive correlation of VV/HH with the 

middle understory (1–10 m) layer (Table 3 and Fig. 5(h)) 

indicates that VV/HH increases with understory coverage. This 

tendency can be explained by the findings of previous studies 

as follows. Trunk-ground double bounce has a major 

contribution to total L-band backscattering [53]. The trunk-

ground interaction increases with trunk width and number of 

trees, while it decreases with increasing ground vegetation. In 

addition, the double bounce mechanism prefers HH 

polarization [54]. Based on this knowledge, higher understory 

coverage decreases trunk-ground double-bounce scattering and 

leads to lower HH backscattering. This introduces an increase 

in VV/HH with higher understory coverage, and vice versa, as 

demonstrated in Fig. 5(h). This tendency is also supported by 

Singh et al. [55] who mentioned that a ratio of co-polarized 

waves emphasizes the information of double-bounce scattering 

from vegetation, and furthermore, by Pope et al. [54] who used 

co-polarized waves to represent the relative presence of vertical 

structure to horizontal structure in the forest canopy.  

The results imply that the co-polarized metric of VV/HH 

plays an important role in parameterizing the structural 

complexity and multilayer structure in the forests. 

 

3) Canopy Vegetation Layer 

It is well known that volume scattering is generated from a 

vegetation canopy [53] and increases with vegetation volume. 

NPF and JRF showed higher values of σ0
HV and PvTP, while 

PAF showed lower values (Table 2). This result is consistent 

with the well-known theory and the knowledge obtained 
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through our observation in the field. 

However, contrary to our expectations, clear negative 

correlations between the canopy layer coverage (10–30 m) and 

the volume scattering (PvTP), and negative correlations 

between the canopy layer and HV/HH were observed (Fig. 5(f), 

Fig. 5(l), and Table 3). This can possibly be attributed to the 

decorrelation between extent and volume of canopy coverage at 

each habitat type. Indeed, PAF which had a lower PvTP value, 

was characterized by fairly uniform canopy coverage of 80%–

90%, as the trees were planted in the same year. In contrast, 

NPF and JRF, which had higher PvTP values, were 

characterized by lower canopy coverage of 30%–66%. This 

lower canopy coverage in the natural/near-natural forests is 

because the observed vegetation coverage does not include 

metrics of canopy thickness or overlapping leaves. The 

tendency of highly covered artificial forests to have lower 

volume scattering leads to a negative correlation between 

canopy coverage and volume scattering of PvTP and HV/HH. 

C. Bird Occurrence Explained by Polarimetric Parameters 

from L-band SAR Data 

1) Explanatory Variables of Forest Structure Metrics 

A generalized linear regression analysis to determine the 

relationship between polarimetric parameters and bird 

occurrence started with the four polarimetric parameters (σ0
VV, 

HV/HH, VV/HH, and PvTP) selected in the previous analysis 

(see IV.A.2). Multicollinearity tests gave VIF values of 96.5, 

233.7, 102.2, and 92.8 for σ0
VV, HV/HH, VV/HH, and PvTP, 

respectively. Hence, we omitted HV/HH having the highest 

VIF value and recalculated VIF values. The new VIF values 

were 1.6, 1.3, and 1.9 for σ0
VV, VV/HH, and PvTP, respectively. 

Since all the values were less than 10, we could conclude that 

there is no multicollinearity, and those three polarimetric 

parameters were consequently employed in the following 

analysis.  

 

2) Results of Multivariate Generalized Linear Regression 

Analysis between SAR Parameters and Bird Occurrence  

Table 5 summarizes the results of the multivariate 

generalized linear regression analysis between the three 

selected polarimetric parameters of the explanatory variable 

and bird occurrence frequency of the response variable. The 

VV/HH ratio was selected at the highest significance level (p < 

0.001) for both forest-dependent and threatened species. σ0
VV 

was selected at the highest significance (p < 0.001) with 

threatened species and a lower significance (p = 0.087) with 

forest-dependent species. PvTP was selected at the lower 

significance level (p = 0.092) only with forest-dependent 

species. 

Simple scatter plots between three polarimetric parameters 

(σ0
VV, VV/HH, and PvTP) and bird occurrence frequency (%) 

were created for both species categories (Fig. 6). The goodness 

of fit for the Poisson regression model, evaluated with a pseudo 

R2 squared of McFadden, indicates that σ0
VV (R2=0.294 and 

0.378 for forest-dependent and threatened species, respectively) 

and VV/HH (R2=0.547 and 0.397 for forest-dependent and 

threatened species, respectively) showed clear relationships 

with bird occurrence, while PvTP did not (R2=0.007 and 0.010 

for forest-dependent and threatened species, respectively). 

VV/HH exhibited better correlation than σ0
VV with bird 

occurrence (Fig. 6(c) and (d)). Scatter plots and subsequent 

regression analyses were entirely consistent with the results of 

the multivariate analysis shown in Table 5.  

 

3) Polarimetric Parameters and Bird Occurrence 

Our analysis indicated that dense understory vegetation 

resulted in higher bird occurrence of forest-dependent and 

threatened species. This outcome is deduced from VV/HH 

correlated with an increase in bird occurrences for both forest-

dependent and threatened species (Fig. 6 (c) and (d)). As 

VV/HH values are positively correlated with the understory (1–

10 m) vegetation layer (Fig. 5 (h) and Table 3), larger VV/HH 

values indicate a greater understory layer. Therefore, larger 

VV/HH values could explain the higher occurrence of forest-

dependent and threatened species.  

This result is implicitly supported by higher bird occurrence 

with greater σ0
VV values (Fig. 6(a) and 6(b)), which correlated 

negatively with forest floor vegetation (< 1 m; Fig. 5(a) and 

Table 3). Although σ0
VV had lower regression fitting than 

VV/HH (Pseudo R2 = 0.294 or 0.378 in σ0
VV, Pseudo R2 = 0.547 

or 0.397 in VV/HH), higher σ0
VV could explain the higher 

occurrence of forest-dependent and threatened species. The 

reason why we think these two results of understory and forest 

floor vegetation are consistent is that lower forest floor 

vegetation is typically formed under conditions of dense upper 

vegetation where little sunlight reaches the ground. Indeed, 

NPF and JRF were characterized by lower forest floor coverage 

and higher understory coverage than PAF (Table 1).  

Our results showed slight contradictions, as transects with 

higher forest floor (< 1 m) vegetation showed higher canopy 

coverage (10–30 m), especially transects of PAF (Fig. 5(a) and 

5(c)). This is probably because Acacia crassicarpa plantation 

has a rather scarce leaf density compared with natural 

vegetation, and dense forest floor vegetation was observed even 

in a stand with a closed canopy (M. Fujita, personal 

observation). In other words, our vegetation survey method 

does not detect differences in leaf density. Lower canopy 

coverage in the NPF does not necessarily mean open canopy, 

since the sum of understory and canopy layer coverage would 

be high enough to block the sunlight from reaching the forest 

floor (Table 1). Recent logging is possibly the reason for the 

lower canopy layer coverage in NPF.  

Fig. 7 shows a comprehensive diagram summarizing the 

relationship of bird occurrence, vegetation structure, and 

polarimetric parameters. As canopy vegetation coverage did not 

have a clear correlation with bird occurrence (as described 

below), we focused on understory and forest floor vegetation as 

a possible estimator of bird occurrence. Bird occurrence was 

positively related to understory vegetation (1–10 m), which is 

indicated by higher VV/HH, and negatively related to forest 

floor vegetation (< 1 m), which is indicated by the higher σ0
VV 

value. 

As shown in Fig. 6 (e)–(f), natural forests had no relation 

with PvTP, which is correlated with the canopy layer (10–30 
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m) or the volume scattering. This presumably indicates that the 

vegetation volume itself is not sufficient to support biodiversity, 

meaning that, in addition to the vegetation volume, other 

environmental factors, including multilayer-layer forests and 

plant species richness, are essential for sustaining biodiversity.   

 

4) Factors of Sustaining Diversity of Bird Community  

Our results are consistent with the well-known fact 

evidenced by field-based experiences, in which biodiversity is 

supported by vegetation volume, structural complexity, and 

plant diversity. The positive deviation of NPF points from the 

regression lines (Fig. 6 (a)–(d)) shows that NPFs have more 

species than expected by the regression. This is possibly 

because of the increased plant species diversity in natural 

forests, which was not taken into account in our study. NPFs 

comprise richer plant species diversity in comparison with 

planted forests. Increased plant diversity creates many 

resources (e.g., food, nesting materials, and places) for birds, 

thereby increasing bird diversity [56]. This fact implies that our 

method that uses forest layer structure could provide a good 

predictor of bird occurrence in planted forest, but other 

parameters are needed for natural vegetation, which includes 

plant diversity. 

D. Feasibility of Bird Diversity Monitoring by PolSAR Data  

The polarimetric parameters derived from L-band SAR could 

be an indicator of bird assemblage via forest layer structure 

estimation, as long as the forest canopy is not too dense to allow 

L-band microwave penetration. The polarimetric parameters of 

σ0
VV reflecting the forest floor layer and of VV/HH representing 

the understory layer likely act as important predictors of bird 

occurrence and thus bird diversity. In addition, the vegetation 

volume represented by the volume scattering could become an 

indicative factor. In contrast, emergent trees characterizing 

tropical rain forests as well as plant species diversity (as 

mentioned in the previous section), could not be identified 

using L-band SAR data. The difficulty of emergent tree 

identification is probably because of the limiting density of 

emergent trees in this study area. This insight implies that it is 

necessary to generate other polarimetric parameters that enable 

us to explain canopy morphology of natural forests. Extraction 

of the features could be implemented in the future using shorter 

wavelengths such as the C-band, which is more sensitive to 

canopy structure [53], or using texture analysis [57].  

It should be noted that our analysis only deals with a small 

sample size in a very short sampling period. Therefore, the 

results must be treated carefully. We cannot conclude that the 

results could be applied widely to other habitat types. Although 

a more comprehensive study is needed to generalize our 

findings, our results clearly demonstrate the potential of 

applying SAR polarimetric parameters to assess bird 

occurrence and diversity through estimation of vegetation 

structure in tropical peat swamps. 

V. CONCLUDING REMARKS 

Tropical forests are facing unprecedented threats of logging 

and degradation due to human activities. The importance of 

impact evaluation of land conversion on biodiversity has 

become apparent in recent years, thereby urging researchers to 

explore structural complexity. This is because a good habitat 

condition, which retains the complexity of forest structure, 

strongly sustains biodiversity.  

Remote sensing technology offers broad coverage 

monitoring of a habitat. Unlike active LiDAR sensing, SAR 

sensing has rarely been applied to the measurement of three-

dimensional forest structures to estimate bird habitats. To take 

advantage of L-band SAR, which is available in all weather 

conditions and is relatively inexpensive, we assessed its 

applicability for observing forest layer structure with the 

objective of evaluating a bird habitat. 

We first compared the forest layer structure, which is 

vegetation coverage in each layer of forests, to polarimetric 

parameters derived from full polarimetric ALOS/PALSAR 

data. The polarimetric parameters comprised the radar 

backscatter (HH, HV, and VV polarizations), polarization 

ratios, decomposition powers (surface, volume, double-bounce, 

and helix scattering) normalized by total power, and empirically 

combined parameters. Our multivariate linear regression 

analysis found that the forest floor, middle understory, and 

canopy vegetation layer were significantly correlated with VV 

polarization, VV/HH polarization ratio, and volume scattering, 

respectively. We concluded that L-band SAR penetrates the 

forest canopy to represent forest layer structure, as long as the 

forest canopy is not too dense. We then performed a generalized 

multivariate regression analysis between L-band SAR 

polarimetric parameters and bird occurrence data from the 

point-count census. It is particularly worth noting that the 

occurrence of forest-dependent and threatened species, on 

which particular attention should be paid, could be explained 

by SAR polarimetric parameters. We revealed that both types 

of bird occurrence showed remarkable positive logarithmic 

correlations, particularly to the co-polarization ratio (VV/HH) 

presenting understory vegetation. Our results open up the new 

possibility of using L-band SAR data for habitat estimation. 

Meanwhile, our SAR data analysis presumably indicated that 

forest layer structure was not enough to predict bird diversity in 

natural forests, where plant species richness is higher. 

Unfortunately, plant diversity was difficult to consider in the 

analysis of SAR signals. Therefore, one of the future directions 

of this study will be to incorporate plant diversity in the 

analysis. 

The literature concerning the application of L-band SAR data 

to habitat assessment is very limited. Furthermore, the 

environmental impacts of converting tropical natural forests to 

plantations are poorly understood, particularly in peat swamp 

forests that are inaccessible. Therefore, this study offers a new 

interpretation and application of L-band SAR data for 

conducting research on ecological and habitat assessment. 

Further insights into this aspect are left for future work with 

more on-site survey plots. 
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1. INTRODUCTION

Wetland ecosystems play a key role in hydrological and 

biogeochemical cycles and comprise a large part of the 

world's biodiversity and resources [1]. South America is 

the continent with the largest surface covered by wetlands, 

with the greatest extension being covered by fluvial 

wetlands associated with the Amazonas, the Orinoco and 

the Paraguay-Paraná rivers [2]. These ecosystems' 

dynamics are mainly controlled by flood pulses [3], which 

determine fluxes of materials and organisms between the 

river and the floodplain, influence ecological processes, 

and affect biodiversity patterns [4]–[6]. 

Due to the large extension of fluvial wetlands and their 

restricted accessibility, the exploitation of remote sensing 

data can substantially contribute to monitoring procedures 

at broad ecological scales [7], [8]. This is especially true 

during extreme events that limit accessibility even more 

than usual, such as floods, droughts (hindering navigation), 

or wildfires.  

In the period of the JAXA project, the Paraná River started 

with a medium hydrometric level. Our first aim was to 

monitor water presence and flooding frequency. However, 

the Lower Paraná River floodplain (also known as Paraná 

River Delta, Argentina) suffered from a severe drought in 

2020, and extended areas were burned. These wildfires had 

high environmental impacts and affected the health of the 

population living in the islands and in the close high-

density cities [9]. Besides environmental conditions, 

lockdown due to the epidemiological situation was an extra 

factor limiting accessibility. Thus, our second aim was to 

address the capability of ALOS/PALSAR imagery to 

monitor burned areas in the context of a severe drought. 

Flood frequency. Flood pulses act as a recurrent 

disturbance factor that usually resets the herbaceous 

vegetation cover due to plant burial by sediment deposits, 

plant breakage and uprooting or plant death due to long- 

term submersion [10]. Therefore, flood pulses may 

promote the beginning of several local and relative short-

term successional processes. Although the existence of a 

single regional directional trend of accumulation of 

information content and biotic structure is not expected, 

floodplains can be seen as mosaics of patches differing in 

their successional stages as well as in environmental 

conditions [1], [11]. Flood pulses play a key role in the 

ecosystem functioning of floodplains, as has been 

described for the Amazon and other floodplain ecosystems 

[5], [6], [12], [13]. 

Remote sensing techniques have been extensively used in 

floodplains to delineate and monitor the extent and water 

quality of wetlands. Taking into account the dynamic 

behavior of the SL in floodplain wetlands, Borro et al. [14] 

proposed a methodology to delineate SL in the Paraná 

River floodplain (Argentina) using a frequency analysis on 

a Normalized Vegetation Index (NDVI) time series derived 

from Landsat TM and ETM+ data. This methodology was 

also used by Gayol et al. (in revision) to estimate flooding 

frequency and delineate water extent and shallow lakes in 

the Paraná River floodplain. Hess et al. [15] (2003) mapped 

wetland extent for the central Amazon region using L-band 

synthetic aperture radar (SAR) imagery acquired by the 

Japanese Earth Resources Satellite-1 (JERS- 1); and 

several authors have suggested that L-band is appropriate 

for flood detection [16] 

The detection of water bodies and of water presence is 

expected to change considerably whether optical or SAR 

data are used. Although optical scenes cannot penetrate 

through trees and standing vegetation –an advantage of L-

Band SAR data- nor can acquire images of the wetlands 

with cloudy weather, it must be noted that scene 

availability is high and temporal series can be obtained. To 

address Objective 1.1. of our proposal (“Wetland flood 

condition at a landscape scale”) we aimed to compare water 

bodies detection with ALOS/PALSAR-2 scenes and 

Landsat 8-OLI scenes.   
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Burned areas assessment in the context of a severe 

drought. The use of remote sensing data in fire monitoring 

and management involves several data types and methods, 

depending on the objective: alert on fire danger conditions, 

detect active fires and burned areas, analyze fire effects and 

vegetation recovery, etc.; and has been applied in 

ecosystems around the world.  Active fire detection relies 

on the infrared thermal signal: high thermal contrast 

between hotspots and the surrounding pixels in the middle-

infrared region (3-5 µm) [17]. Here we combined the use 

of active fire thermal hotspot product (to detect fire 

locations) with an optical Sentinel-2 scene and 

ALOS/PALSAR-2 imagery (to study the capability of L-

Band to assess burned areas). 

Fire hotspot products derived from satellite systems are 

shared within ca. 3 hours of satellite observation by the Fire 

Information for Resource Management System (FIRMS-

NASA) and can be freely accessed with an open sharing 

data policy. Two main types of products are available in 

the FIRMS-NASA database, differing in their spatial 

resolution and historic coverage. VIIRS products from S-

NPP and NOAA-20 satellites are available since 2012 and 

2017, respectively, and are derived from 375 m pixel 

resolution images [18]. This operational product has the 

best compromise between spatial and temporal resolution 

[17]. Besides, hotspot products derived of 1 km pixel 

images from Terra & Aqua MODIS satellites are available 

since November 2001 [19], allowing comparisons with 

previous periods. 

To handle these spatial data on active fires in the Lower 

Paraná River floodplain and to analyze and report the 

number of hotspots during 2020, a reproducible workflow 

was used. A comparison with previous years' situation was 

also addressed (e.g., fires occurring in 2008 [20], [21]). 

Since the 2020 fires occurred for several months (mainly 

June to November), using a reproducible workflow was 

crucial to ingest the zip files and repeat the same series of 

plots and analyses when necessary. Open geospatial 

software was used in all the processing steps, mainly R [22] 

and QGIS [23]. Obtaining reproducible reports was crucial 

because of the evolving wildfire situation, so RMarkdown 

was used [24]. 

The next step was to obtain the burned areas from active 

fire monitoring: i.e., to derive which wetland extensions 

were effectively burned. The generation of burned area 

products was automatized, by using the point hotspots and 

post-fire "Normalized Burn Ratio" images obtained from 

Sentinel-2 scenes. Lastly, we assessed whether 

ALOS/PALSAR-2 imagery was able to discriminate 

burned areas and non-burned areas.  

 

2. METHODS 

2.1. STUDY AREA 

The study area was the Lower Paraná River floodplain 

(Paraná River Delta), which runs 400 km South-Southeast 

along Argentina's main populated and industrial area and 

covers 19,300 km2 (Figure 1) [25]. In this zone, the 

floodplain reaches 10 to 30 km wide. Shallow lakes and 

emergent macrophytes dominate [14], [26]. The climate is 

temperate humid; the mean annual temperature is 17.1 °C, 

January being the hottest month and July the coldest (24.0 

°C and 10.3 °C, respectively). Mean annual precipitation is 

1074 mm, March being the wettest month and August the 

driest (126.4 mm and 42.1 mm, respectively) (1965-2019, 

Instituto Nacional de Tecnología Agropecuaria at 33°44'S 

59°41'W). 

The hydrometric water levels of the Paraná River in the last 

10 years are shown in Figure 2. In 2020, a severe drought 

occurred and Paraná River water levels were the lowest 

since 1971 (Juan Borús – Instituto Nacional del Agua, com. 

pers.). These hydroclimatic conditions favored the 

propagation of fires, 95% of which were initiated by 

humans (intentionally or accidentally), according to the 

Argentinian National Environmental Minister. 

 

Figure 1. Case study area. Lower Paraná River 

floodplain in Argentina. Reproduced with permission 

from Kandus et al. 2019 [25]. In the map, colors indicate 

different Landscape Units (see [25] for details). 

 

2.2. FLOOD FREQUENCY (2014-2018) 

SAR acquisition. We worked at a landscape scale, and 

Fine-Beam scenes had an appropriate spatial resolution, 

both regarding swath and pixel size. Based on the available 

ALOS/PALSAR-2 scenes, we selected the product type 

SM3 (Fine Beam Dual), with scenes covering October 

2014 to May 2018. We inform the results obtained with the 

Ascending Orbit scenes, with a mean incidence angle of 

32.5°, observation path 28 and centre frame 4270. A total 

of eight scenes were analyzed (Table 1): note that scene no. 

4 is above evacuation water level (Table 1, Figure 1). For 

this report, we used HH polarization scenes. The period 

includes a strong flood pulse (2015-2016), associated to an 

ENSO event. Level 1.5 scenes were acquired. Pixel 

resolution after processing and projecting to UTM Zone 

20S is 6.23m. 
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Figure 2 Hydrometric water level Daily mean water level of the Paraná River (meters) recorded from 2010 to 2020 at 

Diamante city (32.072°S 60.643°W), provided by the Water National Institute. Alert water level is 530 cm (black dashed 

line) and mean water level without the 2020 records is 350 cm (red dotted line). 

 

Table 1. ALOS/PALSAR-2 SM3 HH scenes used for 

the flood frequency objective. Hydrometric water 

level corresponds to Diamante city (see Fig. 2). 

 

No. Date Water level 

(cm) 

Histogram 

thresholds (dB) 

1 2014-10-03 372 -15.16 

2 2015-02-20 396 -17.23 

3 2015-10-02 297 -16.01 

4 2016-02-19 597 -14.94; -6.94 

5 2016-09-30 326 -16.06; -9.16 

6 2017-02-17 348 -15.77 

7 2017-09-29 261 -16.26 

8 2018-05-25 421 -16.30 

 

SAR processing. SNAP 6.0 software was used. Scenes 

were calibrated to sigma0 intensity. A Lee Sigma speckle 

filter was applied, with a 7x7 filter window size, a sigma 

threshold of 0.9 and a 3x3 target window size. Level 1.5 

scenes are geocorrected but not map projected. SNAP was 

not compatible to CEOS format and did not allowed 

Elipsoid Range Doppler correction (error: “scenes are 

already projected”) nor Reprojection (error: “scenes are not 

projected”). To map project scenes, we then used the 

Mosaic tool, but with only one scene per run (as suggested 

in ESA STEP s1tbx forum), with a nearest neighbor 

resampling algorithm. HH polarization bands were 

converted to decibels (dB) and histograms were inspected. 

We classified the pixels of each scene in three classes: (a) 

Standing water (low backscattering (see Results section)); 

(b) Vegetation (volume backscatter, intermediate values); 

(c) Flooded vertical vegetation (double-bounce 

backscatter; high backscattering, see Results section). This 

and further analyses were restricted to the floodplain areas 

(cities and highlands with agriculture fields were 

excluded), and to areas shared by the eight 

ALOS/PALSAR-2 scenes.  

 

Landsat processing. During this period, a total of 27 

Landsat 8-OLI scenes with less than 10% cloud coverage 

(and no detected clouds over the floodplain) were available 

(Path/Row 227-82). Landsat scenes were acquired through 

USGS in Level 2 type (corrected to surface reflectance). 

Pixel resolution is 30 m. The Normalized Difference 

Vegetation Index (NDVI) is the normalized difference 

between the reflectance in the near infrared and red spectral 

bands. NDVI was computed for each of the 27 scenes. 

Pixels with NDVI < 0.34 were assumed to be covered by 

water. This threshold was established by Borro et al. (2014) 

[14]  for the adjacent area of our study area and assessed in 

this area by Gayol et al. (in revision), thus classifying the 

pixels of each scene into “with water” or “without water” 

classes. Flood frequency was obtained for the floodplain 

area (proportion of scenes with water, per pixel). SAR vs. 

Optical flood frequency comparison The two flood 

frequency products were stacked (Landsat product was 

resampled to ALOS resolution); and only the floodplain 

areas covered by both products were considered. Two 

comparisons were done: a graphical analysis showing areas 

with differences between flood frequencies estimations; 

and an analytical correlation analysis done by extracting 

values with 1000 random points.  

 

 

2.3. BURNED AREAS (2020) 

Active fire – thermal infrared products acquisition. 

FIRMS-NASA products were periodically accessed and 

downloaded.  The used product types were Near Real Time 

VIIRS (375 m resolution) from S-NPP satellite [18] to 

monitor active fires, and MODIS (1 km resolution) data 

[19] to analyze the fire history. These data are available as 

zipped spatial objects (point shapefiles). A processing 

workflow was written in R [22]: from the zipped FIRMS 

data, the script assimilates the spatial data, generates plots 

and summarizes the information in bilingual reports. This 

reproducible workflow was presented in two international 

conferences: useR!2021 [27] and FOSS4G2021 

(Morandeira, in press). 

 

Burned areas grown from active fires points.  This 

procedure, as well as the analysis with ALOS/PALSAR-2 

in the next section, is a work in progress. To obtain burned 

areas, a free-cloud Sentinel-2 scene acquired after the fires 

in the Middle Delta was selected (date: 2020-08-16), and 

the Normalized Burned Ratio (NBR) index was computed 

[28]. Next, active fires points occurring during a month 
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before the NBR image were selected (2020-07-16 to 08-

15) and used as seeds. A SAGA growing region algorithm 

was used to generate burned areas (polygon layer). The 

algorithm’s sensitivity to its main parameters was tested: 

variance in the feature space (values 0.1, 0.2), variance in 

the position space (3, 5), and similarity threshold (0.01, 

0.05). The best parameter combination was selected by 

computing the burned area and visually comparing it with 

our knowledge on the fire situation: feature space 0.1; 

variance in the position space 3 and similarity threshold 

0.01. Lastly, six polygons in burned areas and six in non-

burned areas were generated, to be used to assess the 

response of ALOS/PALSAR-2 imagery in the next step. 

 

SAR acquisition and processing. A total of 10 

ALOS/PALSAR-2 Wide beam HH/HV scenes were 

acquired during 2020 (Table 2). Scenes were calibrated to 

sigma0 backscattering, speckle filtered with the IDAN4 

algorithm with 9 neighbors [29] in SNAP [30], stacked and 

projected to UTM Zone 20 S. The speckle filter was chosen 

after comparing with a set of other filters, and showed 

better performance for these Wide scenes. Geocoding had 

to be corrected “manually” because of inconsistencies with 

other scenes and with ground-data. 

For each of the burned and non-burned polygons generated 

in the previous step, statistics on HH and HV at each scene-

date backscattering were computed. Descriptive statistics 

were generated, and results were informed in dB. 

Although our planned objective was to continue with 

machine learning classification techniques (including 

PALSAR and Sentinel-2 data fusion) to better identify and 

monitor burned areas, we had no success in our exploratory 

analysis, as will be shown in the Results section. Thus, this 

classification procedure was not yet explored. However, 

this is a work in progress and further analyses may be 

accounted in the future. 

 

Table 2. ALOS/PALSAR-2 Wide HH/HV scenes used 

for the burned area objective.  
 

No. Date 

1 2020-01-02 

2 2020-02-13 

3 2020-03-26 

4 2020-05-07 

5 2020-06-18 

6 2020-07-16 

7 2020-08-27 

8 2020-10-08 

9 2020-11-19 

10 2020-12-31 

 

 

3. RESULTS AND DISCUSSION 

 

3.2. FLOOD FREQUENCY (2014-2018) 

The histograms of most of the HH ALOS/PALSAR-2 

scenes (scenes 1 to 3 and 6 to 8) were bimodal. A threshold 

was estimated by means of Jenks Natural Breaks (the 

valley or minimum value between the two gaussians of the 

histograms), and was considered as the water-vegetation 

threshold, ranging between -14.94 and -17.23 dB (see 

Table 1). 

For two scenes (no. 4 and 5) a third gaussian was observed, 

with high dB values. Since these scenes were acquired on 

high water level dates, associated with the peak of the 

flood-pulse, we suggest that this third gaussian is 

associated to the high backscattering of flooded forests. In 

the field, marks on the trees denoted at least 2 m of standing 

water. Thus, double-bounce scatter is expected [16]. The 

Jenk’s Natural Breaks for these two scenes, to discriminate 

between vegetation and forests with standing water, were -

6.94 dB (scene no. 4) and -9.16 dB (scene no. 5). 

To avoid confounding vegetation with high backscattering 

(volume scatter) with flooded forests, we inspected the two 

“driest” scenes (no. 1, before the flood pulse and before 

water entered the floodplain; and no. 7, after the flood 

pulse, with the lowest water level). As a conservative 

criterion, we assumed that most of the forests in these 

scenes were not flooded. We observed backscattering 

enhancements of up to 7 dB in flooded forests, between 

scene no. 1 or 7 and scene no. 4, consistently to the results 

reported by Hess et al. (1990) [31]. All of the forest areas 

were backscatter was increased in more than 2 dB showed 

> -5 dB in scene no. 4. Due to this, we considered -5 dB as 

the conservative threshold between vegetation (volume 

scatter predominates) and flooded standing vegetation 

(double-bounce scatter predominates). For the eight 

ALOS/PALSAR-2 scenes, pixels with lower backscatter 

than the water-vegetation threshold (Table 1) or with 

higher backscatter than -5 dB were assumed to be flooded; 

and flood frequency was obtained. 

Map products are shown in Figure 3. Note that water 

courses and shallow lakes pattern is similar: by comparing 

1000 randomly distributed pixels, we observe that both 

maps are correlated (r = 0.88). However, in wetland 

vegetated targets estimated flood frequency is higher in the 

ALOS/PALSAR-2 product. This denotes the capability of 

L-Band to detect water below vegetation. 

 

 

3.3. BURNED AREAS (2020) 

 

In 2020, a total of 39,821 VIIRS S-NPP hotspots were 

detected (Figure 4), with August (winter in the Southern 

Hemisphere) accounting for 39.8% of the year’s hotspots. 

An animated map of the potential active fires is available: 

https://github.com/nmorandeira/Fires_ParanaRiverDelta/b

lob/master/output/Morandeira2021_ParanaRiverDelta_Fir

es2020_animation.gif. 

The temporal trend of burned and not-burned areas 

assessed with ALOS/PALSAR-2 HH and HV imagery is 

shown in Figure 4. As can be noted, no significant 

differences are shown between burned and not-burned 

areas. Higher variability is observed in Not burned areas, 

probably because of variance accounted by vegetation and 

soil heterogeneity. However, ALOS/PALSAR-2 imagery 

seem to be useful to monitor vegetation growth and 
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wetland resilience after the Winter-dry period or after the 

fire disturbance. 

Caution has to be taken when analysing burned areas 

without reference of the trend in a not-burned area: all the 

plots show a decrease in HH and HV backscattering in July 

2020, coincident with the driest and coldest month and with 

the highest fire activity in the area. The use of variance 

information to discriminate burned areas can be explored. 

However, these preliminary results point that optical 

images and the NBR index are better for burned areas 

delineation. L-Band SAR imagery can be useful to further 

study vegetation recovery. 

 

 

 

 
 

Figure 3. Flood frequency: (a) ALOS/PALSAR-2 HH 

product (8 SAR scenes frequency). (b) Landsat 8-OLI 

NDVI product (27 optical scenes frequency); ranges 

between 0 (white) and 1 (dark blue). (c) Detail (green 

rectangle): comparison of both products: ranges between -

1 (blue, higher flood frequency in Landsat product) 

and 1 (red, higher flood frequency in ALOS/PALSAR-2 

product). 

 

 

4. CONCLUSION 

Freshwater floodplain wetlands of the Lower Paraná River 

floodplain have shown great hydrological and climatic 

variability during the study period, medium-high water 

levels to the severe drought and La Niña phenomenon the 

area is suffering in 2020-2021. ALOS/PALSAR-2 has 

provided excellent results for monitoring floods, because 

of its large penetration through herbaceous vegetation. 

However, more studies need to be accounted to exploit 

PALSAR-2 capabilities to monitor burned areas, and 

discriminate vegetation recovery after burning versus 

vegetation growth after a dry-winter period. 

 

 
 
 

 
Figure 4. Thermal hotspots recorded during 2020, 

indicating potential active fires at the Lower Paraná River 

floodplain. Based on VIIRS S-NPP data (375 m 

resolution) from FIRMS-NASA. (a) Daily records; (b) 

Cumulative and daily records. 

 
 

 

  
Figure 4. Burned areas assessment in areas affected by 

fires between 2020-07-16 and 2020-08-15 (winter). 

Blue: burned, Red: not burned; Up: HH backscattering, 

Bottom: HV backscattering. 

 

 

5. FUTURE WORKS WITH ALOS/PALSAR-2 

IMAGERY 

An article on the Burned areas results is in preparation, to 

be submitted to an indexed journal. Polarimetric 

ALOS/PALSAR-2 imagery acquired in the Paraná River 

floodplain will also be used to continue my studies on 

vegetation dynamics and wetland monitoring. I’d like to 

point out that during 2020-2021 I was not able to conduct 

(a) 

(b) 
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fieldwork in the study area, because of lockdown 

restrictions related to the covid19 pandemic. This issue 

limited my analyses and results. Extensive wildfires and 

the severe drought were not expected when the project 

proposal was written, so the original aims were modified to 

adapt to this environmental situation in the area. 

In the Del Plata basin, I have also acquired a set of scenes 

to be used in a PhD thesis project by my student Carlos 

David Clauser. Clauser is describing the transformation of 

natural floodplain wetlands to rice paddies in an extensive 

area of Argentina. 
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1. INTRODUCTION

In larger contiguous forest areas, a wide variety of animal 
and plant species come together. By researching the living 
creatures in the forest, many statements can be made about 
how they lived together in earlier decades. Research 
projects are trying to gain more information about the 
processes and structural changes in the forest. The trees as 
the main components of the forest are certainly the most 
interesting. Especially in the Bavarian Forest National Park, 
extensive tree inventories are carried out for this purpose. 
By recording all important tree dimensions such as species, 
height or crown diameter, important basics for research and 
management are collected. Since a natural forest 
predominates in the national park, statements can be made 
about the differences and similarities to managed forests. 
In addition to the anthropogenic influence, the aim is to 
determine how sustainably the forest develops through 
non-intervention. Based on area-wide documentation of 
forest structures, risk analyses on bark beetle or fungal 
infestation are prepared. In addition, even remote areas can 
be considered and correlated with the entire natural zone 
using uniform comparison parameters. Gaining knowledge 
from the national park is also playing an increasingly 
important role for managed forests [1]. As the importance 
of the forest becomes more and more essential for human 
existence, automated analysis methods for structure 
recognition must be developed. In this context, it is 
important to combine the strengths of the different fields of 
remote sensing and forest management. For years, 
successful projects have been running in the Bavarian 
Forest National Park in the field of laser scanning. Now the 
analysis of forest properties is to be carried out using full 
polarimetric L-band radar data. Reference data from the 
field of laser scanning are necessary for training and 
validation. This method is expected to provide, among 
other things, the first comprehensive scanning of huge 
forest areas. 
So far, only relatively small areas have been surveyed by 
the forest inventories and laser scanning flights. The focus 
was always on the detection of individual trees. In the radar 
context, only tests from SAR interferometry are available 
so far. This work is intended to show the extent to which 
full polarimetric L-band satellite data can record the forest 
structures of the Bavarian Forest. Furthermore, it must be 
determined which losses are caused by the low ground 

sampling distance of 25m and whether the LIDAR 
accuracies can be achieved. Advantages are expected to 
occur from the greater and more cost-effective coverage 
provided by radar images from space. To obtain the best 
result, three different types of classifications are applied, 
and two independently acting validation procedures are 
used. It should be possible for the first time to analyze large 
contiguous forest areas of several hundred square 
kilometers at once. 

2. STUDY SITE AND DATA

2.1 STUDY SITE 
The Bavarian Forest is located on the German-Czech 
border region in eastern Bavaria and forms together with 
the Bohemian Forest one of the largest contiguous forest 
areas in Central Europe. The study area starts at an altitude 
of 500m and runs up to over 1450m above sea level. This 
results in a maximum altitude difference of approximately 
950m. The investigated area covers 987km². The 
Bavarian/Bohemian Forest is assigned to the temperate 
zone. It has several climatic differences due to its different 
altitudes. In its valleys at an altitude of 500m, the annual 
average temperature is 8°C and a closed snow cover can 
only be found for three months on average. Overall, the 
temperature in the valleys has risen by 1°C in recent 
decades. Due to the ridge locations, it can be significantly 
colder in some valleys and there can even be frost all year 
round. On the peaks at an altitude of at least 1300m, one 
has to expect six months of snow and an annual mean 
temperature of only 3.5°C. Annual precipitation there is 
1400mm. In spring, the levels of the mountain rivers 
regularly rise sharply due to the meltwater influx [2]. 

2.2 SAR DATA 
In this work, L-band polarimetric data from the ALOS-
PALSAR and ALOS-PALSAR 2 satellites are investigated. 
There are 15 quad-pol images which where beta-processed 
to Kennaugh images with ten channels each. One pixel has 
a side length of exactly 25m, which corresponds to an area 
of 625m² per pixel. For the analysis in this paper, two strips 
of ALOS-PALSAR 2 dating from 2017-05-09 and 2017-
05-29 are used. The first acquisition is provided in partly
overlapping subsets 2017-05-09a and 2017-05-09b. The
data sets were processed by the German Aerospace Center
[3, 4] and made available as *.tif files. Quad-pol images
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provide a full polarimetric acquisition, corresponding to 
the four polarizations HH-HV-VH-VV. The Kennaugh 
images pass through the production steps of the multi-SAR 
system especially developed by German Aerospace Center. 
The system is suitable for multi-scale, multi-sensor, multi-
temporal, multi-frequency and multi-polarization SAR 
data. The multi-SAR system delivers geometrically 
corrected, geocoded, polarimetrically decomposed, 
radiometrically calibrated, speckle reduced, normalized 
and compressed image data used in this study. 

Fig. 1 Production steps of the MultiSAR system [3, 4] 

The Kennaugh matrix in backscattering configuration 
contains ten independent elements in the case of a quad-pol 
recording. The channel k0 stands for the total intensity 
whereas the channels k1, k2, k3 provide information about 
the polarization-dependent absorption during the scattering 
process. Statements about the diattenuation can be made 
with k4, k5, k6. The retardance, i.e. phase delay, is 
described by k7, k8, k9. The Kennaugh decomposition is 
independent of polarization, sensor and wavelength. The 
multi-looking step reduces the speckle effect and creates 
square pixels in the output image. For this work, the 2017 
ALOS-PALSAR 2 recordings are used because the 
available reference data are from 2016. A small time 
difference between both datasets guarantees only 
negligible change in the forest. If the time difference is 
larger, the homogeneity of the RADAR and LIDAR data is 
no longer assured. The chapter concludes with a 
presentation of the unprocessed quad-pol data around the 
study site. All the Kennaugh images have already been 
reduced to forest-only areas using a suitable forest mask. 
As an example, channels k1, k2, and k3 are visualized in 
the multichannel representation in Fig. 2. 
 
2.3 LIDAR DATA 
To extract forest structures from the polarimetric data, 
comparative data are necessary. From the research of Prof. 
Krzystek and Prof. Heurich single tree datasets from the 
Bavarian Forest are provided as shapefiles [5, 6]. These 
reference data are single tree data, where each tree is 
represented by its own polygon. One has also to mention 
that, similar to the trees, the polygons can also overlap. For 
each tree, the attribute table contains information about the 
tree species, tree height, tree crown volume, tree crown 
initial height and terrain height. The tree class distinguishes 
deciduous and coniferous trees. The terrain height in the 
area ranges from 600m to 1450m above sea level. These 

four strips each start in the valley and run up to an elevation 
of over 1200m. 

Fig. 2 Multi-channel representation of channels k1, k2 
and k3, which represent the absorption of polarization. 
 

3. METHODS 
 
To focus the viewpoint exclusively on the forest areas, the 
three quad-pol subsets are cropped to the forest areas using 
a forest mask. During the laser scanning surveys, the 
attributes of tree species, tree height, crown volume, initial 
and crown height were recorded. This section attempts to 
determine the extent to which the various attributes are 
reflected in the quad-pol data. For the subsequent 
classifications, five ROIs are created for each class, with at 
least two classes for each attribute.  
 
3.1 TREE SPECIES 
The tree species are studied in two ways. The first approach 
includes four classes: pure "coniferous forest", pure 
"deciduous forest", "mixed forest" and "sparse forestation". 
The second option only contains the two main classes 
"coniferous forest" and "deciduous forest". 
 
3.2 TREE HEIGHT 
In the study area, there exist all occurring heights of Central 
European forests, from low young, wooded areas, to 
medium natural wooded areas, to high forests. The 
subdivision of tree height into three classes with equal 
interval distances follows, namely "0m – 15m", "15m – 
30m" and "higher than 30m". 
 
3.3 CROWN VOLUME 
This tree structure is divided into three classes, which are 
"0m³ – 80m³", "80m³ – 300m³" and "more than 300m³". 
The variable interval is chosen for frequency reasons, 
because there exist many smaller trees with a low volume 
below 80m³. The next most voluminous trees do not occur 
with great frequency, so that a larger interval is necessary 727



to obtain a representative quantity for this class. The third 
class "more than 300m³" includes the trees with the largest 
crown volume. 
 
3.4 CROWN INITIAL HEIGHT 
For this attribute, four classes are available for 
classification. These are called "0m – 1m", "1m – 5m", "5m 
– 10m" and "higher than 10m". The occurrence of many 
trees with branches and foliage to just above ground level 
results in the small interval of only one meter. The middle 
two classes represent average trunk heights, and by the 
fourth class we can speak of tall trunk wood. 
 
3.5 CLASSIFICATION 
For each of the three quad-pol images and the four 
attributes plus variant two of the tree species, three 
classifications are performed. First, the Maximum-
Likelihood (ML) method is used, followed by the 
Minimum-Distance (MD) method, and finally, the Random 
Forest (RF) is used for classification. 
 
3.6 VALIDATION 
The confusion matrix is used to evaluate the classification 
results. This serves as a tool for any validation in remote 
sensing. From this matrix, the overall accuracy (OA), the 
user accuracy, the producer accuracy and the kappa 
coefficient (𝜅𝜅) are calculated [7]. Two different validation 
methods are used in this work. The differences of the 
accuracy evaluations refer to the number and selection of 
the reference pixels. However, the evaluation of the 
confusion matrix with all parameters to be calculated 
subsequently occurs in each method. The first validation 
phase runs over a smaller number of control pixels, over 
which no training is done. This phase is performed on each 
attribute. In case of high accuracies, a second validation 
phase including a much larger number of control pixels is 
initiated. The second validation is intended to thoroughly 
re-examine the first one and provide an assured result. 
 

4. RESULTS 
 
4.1 TREE SPECIES 
For the first variant of the tree species classification, the 
results are listed in Tab. 1. All classifications show a high 
value for the overall accuracy in the image from 2017-05-
26. Random Forest and Minimum-Distance even achieve 
80% overall accuracy and a kappa value of at least 71%. 
The reason for the higher accuracy in the third image might 
be the acquisition time late in may instead of in the 
beginning of may for the first two image subsets. 
 
Tab. 1 Overall Accuracies (OA) and kappa-coefficients 
(𝜿𝜿) from variant 1 of the tree species (four classes) 

 ML MD RF 
Image OA [%]   𝜅𝜅  OA [%]   𝜅𝜅 OA [%]   𝜅𝜅 

2017-05-09a 54          0,36 54          0,37 62          0,46 
2017-05-09b 57          0,39 54          0,36 63          0,49 
2017-05-26 70          0,54 82          0,73 80          0,71 

 
Overwhelming results are presented in Tab. 2. The image 
on 2017-05-26 achieves very good accuracies for all three 
classification methods. For the Random Forest (RF) and 
Minimum Distance variants, the values of the first 
validation even reach 100%. 

 
Tab. 2 Overall Accuracies (OA) and kappa-coefficients 
(𝜿𝜿 ) of variant 2 of the tree species (two classes) – 
validation phase 1 

 ML MD RF 
Image OA [%]   𝜅𝜅  OA [%]   𝜅𝜅 OA [%]   𝜅𝜅 

2017-05-09a 90          0,74 82          0,64 83          0,58 
2017-05-09b 88          0,72 80          0,59 86          0,68 
2017-05-26 99          0,97 100        1,00 100        1,00 

 
This is quite suspect, and must be examined more closely 
in the second validation. Tab. 3 shows the results of the 
second validation. All nine classification variants are on a 
similar accuracy level. The best result, with an overall 
accuracy of 73% and a kappa coefficient of 40%, is again 
the RF classification of the image on 2017-05-26. 
 
Tab. 3 Overall Accuracies (OA) and kappa-coefficients 
(𝜿𝜿) of variant 2 of the tree species – validation phase 2 

 ML MD RF 
Recording OA [%]   𝜅𝜅  OA [%]   𝜅𝜅 OA [%]   𝜅𝜅 

2017-05-09a 68          0,21 65          0,31 70          0,34 
2017-05-09b 69          0,30 64          0,30 69          0,34 
2017-05-26 67          0,24 71        0,40 73        0,40 

 
4.2 TREE HEIGHT  
In the first validation phase, high overall accuracies are 
mainly achieved for the Random Forest classifications. In 
all three images, this is around 90% and kappa values are 
also partly above 90%. The Random Forest classification 
(on 2017-05-09) consistently delivers the highest values.  
 
Tab. 4 Overall Accuracies (OA) and kappa-coefficients 
(𝜿𝜿) from tree height – validation phase 1 

 ML MD RF 
Image OA [%]   𝜅𝜅  OA [%]   𝜅𝜅 OA [%]   𝜅𝜅 

2017-05-09a 65          0,49 76          0,64 94          0,91 
2017-05-09b 69          0,54 74          0,61 95          0,93 
2017-05-26 75          0,63 80        0,69 85        0,76 

 
Because of the promising results of the first validation, the 
second validation phase is also performed here. Tab. 5 lists 
the overall accuracies and kappa coefficients of all nine 
classification variants. The overall accuracy values 
decrease significantly. However, the Random Forest (RF) 
results prove to be the most useful classification method. 
 
Tab. 5 Overall Accuracies (OA) and kappa-coefficients 
(𝜿𝜿) from tree height – validation phase 2 

 ML MD RF 
Image OA [%]   𝜅𝜅  OA [%]   𝜅𝜅 OA [%]   𝜅𝜅 

2017-05-09a 40          0,17 41          0,18 50          0,28 
2017-05-09b 39          0,16 39          0,16 48          0,27 
2017-05-26 41          0,19 41        0,18 50        0,28 

 
4.3 CROWN VOLUME 
 
According to Tab. 6, the first validation results in an 
overall accuracy of 60% - 80% in all nine classification 
variants. The kappa coefficients are particularly high for 
the Random Forest (RF) and Minimum-Distance (MD) 
variants. The second validation produces lower values than 
the first. Surprising is the evolution of the results for the 728



Maximum-Likelihood (ML) classification, which now 
present themselves as the best. Overall, the second 
validation process, which runs over a larger number of 
pixels, pushes the accuracies down. 
 
Tab. 6 Overall Accuracies (OA) and kappa-coefficients 
(𝜿𝜿) from crown volume – validation phase 1 

 ML MD RF 
Image OA [%]   𝜅𝜅  OA [%]   𝜅𝜅 OA [%]   𝜅𝜅 

2017-05-09a 72         0,56 80          0,68 79          0,68 
2017-05-09b 73          0,57 84          0,74 79          0,68 
2017-05-26 65          0,37 72        0,53 72        0,40 

 
Tab. 7 Overall Accuracies (OA) and kappa-coefficients 
(𝜿𝜿) from crown volume – validation phase 2 

 ML MD RF 
Image OA [%]   𝜅𝜅  OA [%]   𝜅𝜅 OA [%]   𝜅𝜅 

2017-05-09a 46         0,21 38          0,13 41          0,17 
2017-05-09b 46          0,21 35          0,10 41          0,16 
2017-05-26 31          0,03 35        0,09 34        0,08 

 
4.4 CROWN INITIAL HEIGHT 
For the initial tree crown height, all three methods are in 
the range of less than 50% in overall accuracy, therefore a 
second round of validation is not performed. 
 
Tab. 8 Overall Accuracies (OA) and kappa-coefficients 
(𝜿𝜿) from crown initial height 

 ML MD RF 
Image OA [%]   𝜅𝜅  OA [%]   𝜅𝜅 OA [%]   𝜅𝜅 

2017-05-09a 32         0,13 40          0,21 40          0,20 
2017-05-09b 36          0,18 37          0,17 39          0,20 
2017-05-26 26          0,01 30        0,07 33        0,11 

 
5. DISCUSSION 

 
To start with, it is possible to extract forest structures from 
the L-band polarimetry data. However, not all attributes are 
equally suitable for analysis with the quad-pol imagery. 
The tree crown initial height does not reach useful accuracy 
values in all classification scenarios, thus this attribute was 
not further investigated after the first validation. The 
situation is different for the tree species. Here, the simple 
differentiation of the tree species into "deciduous forest" 
and "coniferous forest" is most promising. The maximum 
likelihood method proves to be very reliable for the tree 
species. Minimum-Distance and Random Forest, which 
performs best on tree species, achieve over 70% in overall 
accuracy in the second validation phase. Further 
differentiations, i.e., more classes, are possible, but this 
step would probably decrease the accuracy. A class of 
"mixed forest" is extremely difficult to classify because the 
definition of mixed forest varies widely. 
Tree height was the second best classification result. The 
results from the Random Forest algorithm are best suited. 
In the first validation phase, very good results of over 90% 
overall accuracy are achieved. This decreases significantly 
in the second phase to only 50%, but still shows that the 
Random Forest classification is clearly better suited here 
than the other two attributes. These promising results in the 
validations show the potential of SAR polarimetry to 
penetrate forest canopy and to report even on structures 
commonly hidden by foliage. 
 

For crown volume estimation, high accuracy values around 
80% are reported by the first validation phase, but not 
confirmed by the second phase. In this case, the maximum 
likelihood results show up relatively strong, but overall, the 
accuracy level decreases very much. This is proven by the 
low kappa coefficients of less than 20%, which are on the 
edge of randomness. It can be assumed that the accuracy 
values cannot be further increased based on a pixel-based 
approach. With a higher spatial resolution, the inclusion of 
texture might promise a clearer distinction. At the moment, 
the 25m x 25m pixels are already very coarse in order to 
derive the small-structured forest stands in central Europe. 
Although neither individual tree inspection as ground truth 
information nor single-tree segmentation/classification 
from LiDAR can be replaced, polarimetric SAR is suited 
to extent the study area from small patches to complete 
coverages of mid-European temperate forests. 
 

6. CONCLUSION 
 
This work reveals the great opportunities of polarimetric L-
band data. A large area-wide classification of a European 
temperate forest performed successfully. The Kennaugh 
representation revealed to be able to transfer the attributes 
tree species and tree height known from the individual tree 
data to a wide area. The transferability of the approaches 
from the Bavarian Forest to other temperate forests and the 
inclusion of further machine learning methods in the 
classification process are subject to future studies. 
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1. INTRODUCTION

This report summarises the main research results, 
presentations and publications of the project ALOS-2 
PALSAR-2 estimation of tropical forest structures of 
tropical with high-resolution validation from handheld 
laser-scanning ground surveys.  
Here we report the main results from two PhD research that 
led to different presentations, and conference papers. In 
addition, we report other research publications that 
although did not used the quoted available data in this 
agreement, used the ALOS data from the available 
mosaics, and the contribution of some of the co-authors in 
other publications that used ALOS-2 data.  

2. MAIN RESULTS

2.1 Oil-impacted vegetation from oil-free healthy 
vegetation. 

The potential influence and effect of seasonality in 
detecting, mapping and discriminating oil-impacted 
vegetation from oil-free healthy vegetation was explored 
this study using multi-temporal – multi-frequency L, C and 
X band SAR classification. This became necessary as the 
field spectral reflectance of polluted and oil-free vegetation 
showed huge contrast between sites of varied oil impact. 
The overall accuracy assessment result obtained when wet 
season sentinel – 1 and sentinel – 2 images were fused and 
classified were lower compared to the results obtained 
when the Multi-Sensory-Multi-frequency data was 
classified. Classification accuracies showed that the 
integration of L, C and X band SAR data in the wet season 
gave the best result of over 80% OA in the discrimination 

of polluted and oil-free cropland vegetation, representing 
an over 10% improvement over the dry season images. 
Grassland vegetation also had a marginal improvement of 
more than 1.6% from the dry season image classification.  

In addition, the classification accuracy of Tree Cover Area 
(TCA) was also observed to have improved, as an OA of 
71% was obtained using the multitemporal Sentinel – 1 and 
ALOS PALSAR (L and C band) wet season image stack. 
The inclusion of wet season acquired L – Band SAR in the 
classification led to a significant improvement in the wet 
season scenarios classification accuracy in the Land cover 
types.  

However, the inclusion of the L-Band ALOS PALSAR 2 
dry season images did not improve classification accuracy 
as was observed with the wet season. The best OA (of 
64.6%) for cropland was obtained when the multitemporal 
Sentinel – 1 and ALOS PALSAR 2 (L and C band) images 
were fused. For grassland, the best OA (of 65.4%) was 
obtained while for TCA 60.4% was obtained. This 
represented a reduction of nearly 10% in overall accuracy 
when compared to the best results where the wet season L 
Band images were introduced. 

A major reason for the improved accuracies can be 
attributed to the use of multi-frequency and multi-
polarisation stacked images. This have been previously 
recommended [1] to effectively capture the structural 
variability of sparse vegetation across space and depth in 
comparison with denser vegetation. Further reason for this 
is that L – Band SAR has higher penetration into the 
vegetation sub canopy (15m depth), representing radiation 
interaction with vegetation trunks, crown, ground and 
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vegetation branches. In contrast, the C and X Band SAR 
have a much shallow penetration (of 7m and 3m, 
respectively), which represents backscattering radiation 
interaction with vegetation canopy, leaves, and secondary 
branches. In addition, results obtained in this study are also 
in line with findings from [1], where L – Band SAR gave a 
positive result in the detection of structural defect caused 
by oil pollution on marsh vegetation owing to the better 
penetration of incident beam from the L – Band sensor. 
 
2.2 Detecting forest degradation using multi-frequency 
SAR data 
 
The degradation of tropical forests is a significant problem 
transforming these ecosystems, contributing to greenhouse 
emissions and biodiversity loss [2]. However, quantifying 
the impact is difficult, because different factors can 
indicate that a forest is degraded, and there is a wide variety 
of definitions and drivers[3, 4]. The motivation of this 
research was to contribute to the technical challenge of 
mapping and measuring forest degradation by evaluating 
the variations in forest structure of a degraded tropical 
forest and explore the potential of SAR for accurately 
achieving this goal. 
The area of this study was located in the forests of Bajo 
Calima – Colombia, which  are under pressure from 
unplanned gold mining and selective logging at different 
intensities. For this, the structural variabilities of these 
forests were investigated and then connected to forest 
degradation, using a combination of multi-temporal in-situ 
data, light detection and ranging (LiDAR) data, multi-
frequency and time series SAR data. 
Aboveground biomass (AGB), tree density and basal area 
and trunk diameter (DBH) were the variables that better 
explained the variations in forest structure. Secondly, the 
potential of integrating multi-frequency SAR data: ALOS 
PalSAR-2, Sentinel-1, interferometric coherence, and the 
digital elevation model (DEM) from TanDEM-X, in 
combination with LiDAR and field data was investigated 
to retrieve the forest structure parameters derived from the 
field data analysis. Laslty, capabilities of ALOS PalSAR-
1, ALOS PalSAR-2 (2007 – 2018) and Sentinel-1 (2014 – 
2017) were assessed by integrating time series responses 
from multi-frequency SAR data in order to evaluate forest 
degradation as the significant variation in forest structure. 
Results were promising, demonstrating with high accuracy 
(≥ 88%) that by using the model derived from this study, it 
is possible to identify areas that have been considerably 
impacted by degradation over time. 
 
 

3. LIST OF PUBLICATIONS AND 
PRESENTATIONS 

 
 
3.1 Peer reviewed papers 
 
There are not peer reviews papers under this project 
agreement yet.  Nonetheless, the principal investigator and 
the co-investigators of this project published peer reviewed 
papers that although did not use data from this agreement, 
used ALOS data either from the global mosaics,  or 
contributed to journal publications using data of different 
JAXA agreements. The list of these publications below: 
 

  
• Mapping the spatial distribution of Colombia's 

forest aboveground biomass using SAR and 
optical data [5]. 
 

• Benefits of Combining ALOS/PALSAR-2 and 
Sentinel-2A Data in the Classification of Land 
Cover Classes in the Santa Catarina Southern 
Plateau  [6] 

 
• Discriminating Forest Successional Stages, Forest 

Degradation, and Land Use in Central Amazon 
Using ALOS/PALSAR-2 Full-Polarimetric Data 
[7] 

 
• Woody aboveground biomass mapping of the 

brazilian savanna with a multi-sensor and 
machine learning approach [8] 

 
3.1.1 Peer reviewed papers in preparation 

 
• Ozigis M. et al. Seasonal Dynamics of Terrestrial 

Oil Spills Observed by Multi-temporal and Multi-
sensor L-, C- and X-Band SAR. 

 
• Pacheco-Pascagaza A.M. et al Characterizing 

Forest Degradation from Multi-Frequency Time 
Series SAR Data. 

 
 
3.2 Conference papers 
 

• The Use of Multifrequency SAR Data for 
Assessing Levels of Forest Disturbance in Bajo 
Calima Colombia. [9] 

 
3.3 PhD thesis 
 

• Detection and Mapping of Terrestrial Oil Spill 
Impact Using Remote Sensing Data in 
Combination with Machine Learning Methods. A 
Case Site within the Niger Delta Region of 
Nigeria. [10] 

 
• Multi-Temporal and Multi-Frequency Analysis to 

Assess Forest Degradation in Bajo Calima - 
Colombia. [11] 

 
 
3.4 Posters  
 
The use of multi-frequency data for assessing levels of 
forest disturbance in Bajo Calima Colombia: 
 

●  JAXA Join PI Workshop. Tokio. January 2018. 
2. IGARS Valencia Poster  

Multi-Temporal Analysis of Alos-2 and Sentinel-1 data to 
assess Forest Degradation in Bajo Calima - Colombia. 
 

● 8th Advanced Training Course on Land Remote 
Sensing. September 2018. 
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Multi-Temporal and Multi-Frequency Analysis to Assess 
Forest Degradation in Bajo Calima - Colombia.  
 

● Living Planet Symposium. Milan May- 2019 
● SINO-UK Promote Development and Application 

of Artificial Intelligence. University of Leicester, 
June- 2019. 

●  AGU Conference – San Francisco California – 
December 2019 

 
 

3.4 Presentations 
 
Multi-Temporal and Multi-Frequency Analysis to Assess 
Forest Degradation in Bajo Calima - Colombia. 
 

● RSPSoc Nottingham – September -2019 
● Universidad de Medellín – Colombia October 

2019 
● Universidad del Tolima – Colombia October 2019 
● Universidad de los Andes – Colombia October 

2019 
● IV Colombian National annual seminar of forest 

monitoring. 
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Final report 

ALOS-2 project 

Space-based monitoring of wetlands and flooded areas with ALOS-2 

observations 

PI Name: Shimon Wdowinski (PI No. 3269) 

Introduction 

The main objective of this project is the evaluation of ALOS-2 data for wetland and flooded 

area monitoring. In particular we are interested in evaluating the usefulness of the ALOS-

2’s ScanSAR mode, which is widely used for global monitoring. We acquired ALOS-2 

data of four different wetlands types, from Alaska in the north to Colombia in South 

America (Figure 1). Our analysis indicate that StripMap mode acquisitions yield high 

coherence interferograms suitable for the wetland InSAR application. However, the 

ScanSAR interferograms yielded mixed quality interferograms, which requires more 

research to evaluate their usefulness for wetland monitoring. We also acquired stripmap 

data for South Florida and the Houston area for detecting the extent of flooding induced by 

hurricanes Harvey and Irma that caused severe flooding in both area in 2017. This part of 

the project still requires additional work. 

Fig. 1 Location map of the four wetland areas 

studied in this project 

Data and data processing 

In this project we acquired both StripMap and ScanSAR ALOS-2 observations 

acquired over four wetland areas. We used a total of 14 acquisitions, in which 6 are in 

StripMap mode and 8 in ScanSAR mode. In two study areas, Alaska and Everglades, we 

used only StripMap acquisitions. In the Ceinaga Garnde de Santa Marta (CGSM), 
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Colombia, and the Louisiana Coast wetlands, we used both StripMap and ScanSAR 

acquisitions.  

We processed the data using the Gamma software package [8]. In order to produce 

wetland interferometric phase induced by water level change, differential interferometric 

data processing including eliminating topographic phase using digital elevation modes 

(DEM) is required. We utilized Shuttle Radar Topography Mission (SRTM) DEM to 

remove topographic information. All interferometric pairs were co-registered with 

amplitude correlation coefficients in sub-pixel accuracy to reduce decorrelation effect. 

After generation of interferograms, we applied interferometric phase filtering to improve 

the signal to noise ratio of the interferometric phase and suppress speckle noises [9]. Very 

good coherent interferograms were generated from sufficient small geometric, temporal, 

and Doppler baselines. The fringe patterns show water level changes occurring between 

two consecutive SAR acquisitions. 

Results 

In this section, we present interferograms of the four wetland study areas and evaluate their 

quality using a visual inspection. As we obtained and processed only a limited number of 

interferograms, the results should be considered preliminary and should serve as guidelines 

for more extensive future research. 

Alaska wetlands – Our study area lies along the Yukon River Delta, which is characterized 

by relatively flat topography resulting from a low, flat alluvial deposit of the river [10]. 

The vegetation along the coast consists of various plant forms associated with wet or moist 

tundra. In general, coastal vegetation consist of extensive meadows of grasses and sedges, 

whereas inland areas are dominated by tussock sedges, scattered willows, and dwarf 

birches [10].  

We obtained quad-pol data of the Yukon River Delta in western Alaska. The 140x40 km2 

swath covers variable environments consisting of coastal wetlands in the northern section, 

tundra in the middle, and mountains in the southern part (Figure 2a). The calculated HH 

interferogram is of high coherence, but contaminated by ionospheric disturbances in its 

southern section (Figure 2b). Nevertheless, the northern section of the interferogram is of 

high quality and shows interesting phase changes induced by water level changes in the 

coastal wetland. The phase changes follow circular ground features with variable 

vegetation types and river channels. 

Louisiana coastal wetlands – Louisiana has the largest coastal wetlands in the US, 

extending over an area of about 20,000 km2. The wetlands provide important ecosystem 

services including storm protection, flood control, and habitat for a wildlife. However, 

extensive use of the wetlands for oil and gas developments, sea level rise, and coastal 

subsidence have threaten these wetlands. Over the last century, wetlands along the 

Louisiana coast have decimated by approximately 5,000 km2 [11]. Previous InSAR study 

of the Louisiana coastal wetlands have shown that tidal inundation extent is bounded by 

human developments, which limits the natural migration of the wetlands inland [7]. 

Our study of the Louisiana Coastal wetlands includes testing both StripMap and ScanSAR 

modes interferograms (Figure 3). The StripMap interferogram covers most of the 

Mississippi Delta region and shows good coherence over most of the wetland areas. Most 
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of the observed phase changes are of long wavelength and most likely reflect changes in 

tropospheric phase delay. However, some of the observed short wavelength changes reflect 

differential water level changes across natural or man-made barriers, as levies or canals. 

The ScanSAR interferogram presents a high coherence level in the western part of the 

image, which decreases eastward (Figure 3c). The long wavelength fringes reflect most 

likely tropospheric noise. The shorter wavelength signals in the western section of the 

interferogram represent phase changes were induced by water level changes. 

 
 

Fig. 2 (a) The Yukon River Delta study area in 

Alaska. (b) HH interferogram of quad-pol 

acquisitions.  The whit frame marks the location of 

the close up view of phase changes in the wetlands 

(c). 

 

Fig. 3 (a) The Louisiana coastal wetland study area 

(b) StripMap interferogram of the Mississippi 

delta showing high coherence. (c) ScanSAR 

interferogram of a wide area in central southern 

Louisiana showing variable coherence level 

throughout the study area. 

Everglades wetlands – The Everglades region in south Florida, once named “river of 

grass”, is a unique ecological environment.  Anthropogenic changes in the past 100 years, 

mainly for water supply, agricultural development and flood control purposes, have 

disrupted natural water flow and severely impacted the regional ecosystem. Currently, 

Everglades flow is controlled by a series of hydraulic control structures to prevent flooding 

and regulate flow rates, but which also suppress natural water level fluctuations, essential 

for supporting the fragile wetland ecosystem. This controlled Everglades environment 

provides a large-scale laboratory for monitoring and modeling wetland surface flow. 
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Due to limited data acquisition over southern Florida, at least in the early period of the 

project, we obtained a single StripMap pair, which allowed us to generate an interferogram 

over the northern Everglades and the northern part of the Miami metropolitan area (Figure 

4). This five month long interferogram shows good coherence over some of the wetlands 

and the urban area. However, some of the wetlands characterized by herbaceous vegetation 

(WCA-2A in Figure 4b) show no coherence. Similarly, the agricultural area in the 

northwest section of the interferogram is also incoherent. The luck of coherence over the 

herbaceous wetlands most likely reflects temporal decorrelation due to the relatively long 

temporal baseline of the interferogram (five months). The high gradient fringes at the 

northwestern section of WCA-2 represents phase changes due to water level changes, 

which occur in response to hydrologic structure operation. These patterns are similar to 

fringes observed in our previous studies of the Everglades wetlands using JERS-1 data 

[2,3]. 

 
 

Fig. 4 (a) The Everglades wetland study area. (b) 

StripMap interferogram showing high coherence 

over of Water Conservation Areas 1 and 2 (WCA-1 

and WCA-2A), as well as over the Urban area 

located between the wetlands and the ocean. 

Fig. 5 (a) Location map of data acquired over 

Cienaga Grande de Santa Marta (CGSM) 

wetlands in northern Colombia. (b) StripMap 

interferogram showing good coherence and 

localized pattern of phase changes due to wetland 

water level changes. (c) ScanSAR interferogram 

showing no coherence, due to no overlap in the 

bursts (d). 
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Ceinaga Garnde de Santa Marta (CGSM) – The CGSM is a protected wetland site 

consisting of the largest wetland complex on the Colombian Caribbean coast. This 

estuarine wetland complex forms the delta of the Magdalena River, the longest river in 

Colombia and is located between the two coastal cities of Barranquilla and Santa Marta. It 

is sadly remembered as one of the ecological catastrophes of the Americas. A road 

construction along the wetland’s perimeter blocked the natural hydrologic flow between 

sea and fresh water required for the natural functioning of the wetland’s ecosystems, caused 

hypersaline conditions resulted in a massive mortality of mangroves at the end of the 20th 

century. 

Our study of the CGSM includes the analysis of a single StripMap and two ScanSAR and 

interferograms (Figure 5). The StripMap interferogram is of a short temporal baseline (14 

days), which results in a high coherence level over the entire wetland area. The 

interferograms covers the entire CGSM and shows both long and short wavelength phase 

changes. The long wavelength changes reflects most likely tropospheric noise, whereas the 

short wavelength represent phase changes induced by water level changes across natural 

or man-made barriers, as roads and canals in  the northern part of the wetlands [12]. The 

ScanSAR interferogram covers a very large area in northern Colombia (Figure 5c). It show 

zero coherence, because there was no overlap in bursting during the two acquisitions 

(Figure 5d). 

 

Conclusions 

In this project we evaluated the suitability of ALOS-2 data for the wetland InSAR 

application, by analyzing StripMap and ScanSAR data acquired over four wetland areas in 

Alaska, Louisiana, the Everglades, and CGSM in Colombia. Our results revealed that 

StripMap data yield coherent detailed interferograms indicative of water level changes in 

wetlands. However, the ScanSAR interferograms yielded less valuable results. Two 

ScanSAR interferograms had zero coherence due to no overlap between their bursts. The 

third ScanSAR interferogram showed variable coherence level that varied along range. We 

conclude that additional research using ScanSAR data should be conducted to further test 

the suitability of this acquisition mode to the wetland InSAR application. 
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Figure 6. (Left) All 10 SM (SM2 and SM3) mode data are shown. Different colors indicate different 

tracks, and acquisitions with the same color were acquired in the same day.  The data is for flooding 

detection which was induced by Hurricane Irma in 2017. (Right) 4 SM mode acquisitions of the ALOS-

2 PALSAR for flooding study in Houston induced by Hurricane Harvey 
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1. INTRODUCTION

ALOS PALSAR-1&2 L-band SAR data is very useful for 

forest studies due to capability of the signal to penetrate 

into the vegetation layer. 

We studied forests in Asian and European parts of Russia 

and in Canada. Since 2019, we also examined an additional 

territory in the Far East of Russia in order to estimate 

parameters of the landslide on the Bureya River occurred 

in December, 2018 (the fourth test site). 

Time series of ALOS-1&2 SAR data allow revealing 

seasonal and slow processes in forest vegetation and 

underlying soil.  

2. MOSCOW REGION TEST SITE:

POLARIMETRIC CLASSIFICATION IN SPRING 

Podmoskovye (Moscow region) test site situated at a 

distance of 30 km to the north-east from Moscow includes 

coniferous forest (pine and fir), deciduous forest (birch) 

and mixed forest. Four years long time series of ALOS 

PALSAR images showed seasonal variation of RCS at HH 

polarization [1]. All types of natural surfaces shared low 

sigma-naught values in winter. In summer, the birch forest 

demonstrated 1-2 dB difference in comparison with the 

other forests. Very warm and dry summer in 2010 allow 

tracing the dynamics of RCS: gradual decrease from -8dB 

to -10dB for mixed and pine forests; from -9 dB to -11 dB 

for the birch forest; fall from -12 dB to -16 dB for the 

cutover. The latter test site was covered by pine till 2008, 

then a part of it was killed by bark beetle, so it was clear-

cut later. In 2009 and 2010, the area of cutover land 

increased.  

New ALOS-2 data for the Podmoskovye test shows the 

polarimetric classification results in 2017, 2018, and 2019. 

Figure 1 presents results of H-alpha polarimetric 

classification [2] for a forest and a clear-cut area. 

In the Fig. 1, upper part, one can see that the dominant 

scattering type for the pine forest is volumetric scattering 

(a layer of dipoles with medium entropy – “vegetation” 

class; and dipoles with high entropy – “forest volume” 

class). Other classes contain under 4% of the area pixels. 

Clear-cut area (Fig. 1, bottom) has nearly equal values for 

the vegetation class and rough surface class. In the 

observation dates, there is a second growth on it after 

cutting in 2008-2010.  

All three dates were not frosty with air temperature +2℃, 

+12℃, and +3℃, respectively in 2017, 2018, 2019, so we

don’t observe here any indications of the frost, in the 

opposite to the above mentioned ALOS-1 time series. 

Precipitation of medium rate (4 mm/3 hours) was reported 

on the April 11, 2019, other two dates were dry. Rough 

surface scattering class slightly increased on the rainy date 

for both regions of interest.  

Fig. 1 Polarimetric classification results for April dates 

in 2017, 2018, 2019, percent of pixel number. 
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Double-bounce classes are zero in the clear-cut, whilst 

there are 1-2% pixels of high entropy double bounce class 

and 3-4% pixels of medium entropy double-bounce class 

in the forest test site.  

Finally, the Bragg surface scattering is absent in the forest 

test site, but in the clear-cut there is 1-3% pixels of that type. 

Generally, in the weather conditions of the early spring in 

the region (no grasses or leaves on deciduous trees and 

bushes) polarimetric classification show changeless results.  

 

3. BAIKAL TEST SITE: POLARIMETRIC 

CLASSIFICATION IN DIFFERENT SEASONS 

 

Baikal test site is situated in Siberia, on the south-eastern 

beach of the Baikal Lake. There are coniferous (pine and 

fir) forest there, and also fields, meadows, pastures, and 

shrubby banks and islands in the delta of the Selenga River.   

Archive ALOS-2 data include 13 images acquired in full 

polarimetric mode. Figure 2 shows the location of these 

data takes.  

 

 

Fig. 2 Baikal Lake and data takes location. 

 

As the distance between scenes reaches 500 km, we 

examine independently four groups of adjacent scenes. 

Each group includes an image taken at frosty weather 

conditions, but the majority of observation dates were 

warmer. 

Figures 3 and 4 shows the polarimetric classification 

results for winter and summer data takes, respectively. It’s 

an entropy-alpha classification by S.R. Cloude and 

E. Pottier with 8 zones [2]. For natural targets, e.g. forests, 

two main classes are high- and medium entropy dipole 

scattering classes with alpha angle values around 45 

(green and light-green on Fig. 3, 4). For sparse forests 

fraction of surface-type scattering class is higher. Smooth 

non-forested terrains fall into low-entropy surface 

scattering class (deep blue), and rough surfaces shows 

medium entropy (blue).  

 

 

Fig. 3 Polarimetric classification for winter scenes. 

 

 

Fig. 4 Polarimetric classification for summer scenes. 

As one can see, winter classification maps (Fig. 3) 

demonstrate more surface-type scattering pixels (blue) than 

summer ones (Fig. 4). Plot on the Fig. 5 shows the 

percentage of main four classes. As we can see, vegetation 

class with dipole scattering mechanism and medium 

entropy dominates for all dates excluding two frosty days: 

20190408 in the 1st group (-8℃) and 20191211 in the 2nd 

group (-5℃). Other dates with non-positive temperatures 

were not very cold (20151017 with -2℃, 20170327 with -

1℃, 20170331 with 0℃, and 20170405 with -3℃), but 

still show slightly higher impact of one of surface classes 

in comparison with warmer dates. 

Group 2 includes a pair of observations with near 

temperatures (20180613 with +12℃ and 20170522 with 

+10℃), but a noticeable difference in the amount of the 

vegetation class pixels: 42% vs 51%. This change cannot 

be referred to a vegetation cycle, because in June the forest 

foliage is thicker than in May, so we can expect the 

opposite effect, if any. At the same time, the incidence 

angles for these two observations are different: 28 in June 

and 35 in May, therefore the signal pathways within the 

vegetation layer have different inclination and different 

length. 

Thus, negative air temperature and frosty conditions drop 

the amount of vegetation class pixels and increment the 

presence of the surface-type scattering classes. 

1 

2 

4 
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4. CANADA TEST SITE: AIR TEMPERATURE 

AND INCIDENCE ANGLE 

 

Canadian test site in the neighbourhood of Watson Lake, 

Yukon. Long observation period from 2007 to 2016 allows 

estimate the dependence of decomposition parameters on 

weather conditions. All 25 scenes are covered by pine 

forest of different density with the exception of a number 

of clearings.  

In order to compare alpha and entropy values of the same 

area we selected 2 groups of our quad-pol radar images, all 

images in each group have the intersected part, so it is 

possible to find some regions of interest within it [3]. The 

first group consists of 5 images: 3 of them taken by 

PALSAR in 2007-2009 and 2 taken by PALSAR-2 in 

2014-2015). The second group contains 8 images (5 

PALSAR data takes and 3 PALSAR-2 ones). 

 

4.1. Group 1: forests vs bare soils 

 

Entropy and alpha angle mean values were estimated for 

four region of interests (ROI) of the first data subset 

(Group 1). Two ROIs are in the forest, and two are almost 

without trees. Fig. 6 illustrates difference between forests 

(ROI 1 and ROI 4) and non-forest (ROI 2 and ROI 3), as 

well as decreasing of alpha angle in the frosty date 

20091210 with daily average temperature –21℃. Let us 

note that only in June (20070604) and May (20150505) 

alpha angle for both forests is above 40-42 degrees (that is 

a threshold between surface and dipole scattering 

mechanisms). Entropy values (not presented in the figures) 

allow easily separate forest from non-forest as well, and all 

of them are between 0.5 and 0.9 (medium entropy zone), 

except for the same cold day 20091210: bare soil shows the 

lowest entropy of 0.4 on it. Entropy values for two forest 

sites are very close to each other with maximal difference 

between ROI 1 and ROI 4 that equal to 0.02, so alpha angle 

can be more suitable parameter for distinguishing forest 

types by means of temporal dynamics of their scattering 

properties. 

 

 

 

4.2. Group 2: different forests and deforestation 

 

The second data subset (Group 2) has only one field ROI, 

and 4 ROIs of different forests. Alpha values for non-forest 

region is between 20 and 30 degrees with increasing and 

decreasing that correspond to the temperature changes in 

general (see Fig.7, data available at Canadian web-archive 

http://climate.weather.gc.ca/historical_data/. Forest ROIs gives 

alpha values above 40 degrees for all dates except for two 

frosty ones: 20070402 and 20160117, when the air 

temperature was –11℃ and –13℃, respectively (they are 

the first and the last dates on the Fig. 7 and Fig. 8). In three 

warm dates (20070518, 20090609, 20150421) differences 

between alpha values are minimal for ROI1, ROI2, and 

ROI3. Our ROI4 (with diamond marks on the Fig 3) is 

remarkable: since 2014 it becomes closer to the surface-

type scattering. This ROI is located on a swamp between 

small lakes, and the amount of trees on it decreased since 

2014, so alpha decrease indicates deforestation here.  

As one can see on Fig. 7 and 8, the temperature drop 

corresponds to significant alpha decrease in the forest ROIs 

only in the case of zero crossing: 18℃ difference between 

20070402 and 20070518 results in alpha increasing from 

27 to 43 degrees, whereas 20 ℃  difference between 

20090407 and 20090609 corresponds to alpha increasing 

from 41 to 46 degrees.   

 

  
Fig. 6 Alpha angle values (degrees) for Group 1 

(observation dates are given in the format yyymmdd). 

 

 

 

 

Fig. 5 Fraction of main classes for 4 groups of data takes, percent (bold solid lines); air temperature for the 

observation dates, ℃ (thin solid line); incidence angle, degrees (crosses). 
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Fig. 7 Daily air temperature (Celsius degrees) for 

the Group 2 (observation dates are given in the format 

yyymmdd). 

 

 

 
Fig. 8 Alpha angle values (degrees) for Group 2 

(observation dates are given in the format yyymmdd). 

 

 

The ROI 1 (circle markers on the Fig. 8) gives the minimal 

temporal variations: it is the most homogenous and rather 

dense forest site. The ROI 3 (triangle markers on the Fig. 

8) is a forest with the lowest tree density, and, 

consequently, the highest impact of surface scattering with 

the highest temporal variations of alpha angle. 

 

4.3. Group 2: differences between PALSAR-1 and 

PALSAR-2 data 

 

Along with temperature dependence stated above there is 

difference between PALSAR-1 and PALSAR-2 

polarimetric decomposition results.  Notwithstanding the 

fact that for sub-groups containing PALSAR-1 images 

only or PALSAR-2 ones only show explicit dependence of 

the polarimetric classification results on temperature, this 

dependence is broken if we take into account the whole 

group. Using the group 2, we compared dates with similar 

season and temperatures that are close to each other (e.g., 

20070402 with –11.3℃  and 20150324 with –10.3℃ ; 

another pair: 20070518 with +3.4℃ and 20150421 with 

+0.8℃, see Fig. 9).   

Classification results in the Fig. 9 demonstrate that for 

PALSAR-2 we have an increasing amount of vegetation 

(dipole scattering mechanism) for both negative and 

positive air temperature. As one of differences in 

PALSAR-1/2 technical parameters is noise floor, we 

simulated thermal noise at 25 dB level for PALSAR 

20070402 image and PALSAR-2 20150324 image, adding 

white Gaussian noise. Comparing classification maps for 

initial images and images with 25 dB noise, we got the 

following results: the amount of pixels with Bragg surface 

scattering (low entropy) slightly reduced after introducing 

noise from 6% to 3% in PALSAR-1 image and from 3% to 

2% for PALSAR-2, the amount of pixels with dipole type 

of scattering (vegetation class) increased from 2% to 6% 

and from 39% to 43%, respectively. As for the main class, 

surface scattering with medium entropy, it remained the 

same (91%) in PALSAR-1 image and changed from 53% 

to 54% in PALSAR-2 images. 

 

 
Fig. 9 Differences between PALSAR-1 (left) and 

PALSAR-2 (right) classification maps. Green: dipole 

scattering; blue: surface scattering with medium 

entropy; dark blue: surface scattering with low 

entropy. 

 

Thus, we can see that known differences in noise level of 

PALSAR-1 and PALSAR-2 does not explain the 

differences in classification maps. Another suggestion lies 

in the geometrical field: our images were taken with 

different incidence angles: 21.5º for PALSAR-1 

observations and 30.4º for PALSAR-2 scenes. The steeper 

angle allows penetrating the vegetation layer and get more 

backscatter from the ground level, and, as a result, we can 

see that PALSAR-1 image classification indicates the 

surface scattering in the area where PALSAR-2 

classification shows dipole scattering type. 

The same effect we observed in the Fig. 1 (Section 2, 

Moscow region test site), where the incidence angle in the 

last observation was steeper than in the first and the second 

one (25.4 vs 33.1), which resulted in increasing the 

amount of surface scattering pixels for the both types of 

landcover. 
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5. BUREYA LANDSLIDE: POLARIMETRIC AND 

INTERFEROMETRIC PROCESSING 

 

The catastrophic landslide occurred on December 11, 2018 

on the southern bank of the Bureya River, Siberia. The 

length of the sliding surface of the landslide was about 

800 m, the width was about 400 m, and the volume of the 

removed ground was 18.5–18.9 million m3.  

Two ALOS-2 quad-pol images taken before the landslide 

event (November 28, 2018) and after it (December 12, 

2018) show clearly the impact: a dam across the riverbed; 

surface-type scattering on the surface of rupture and also in 

the opposite river bank, where trees were washed out by 

the tsunami-like wave [4]. 

The main unresolved issue is finding out the causes of the 

landslide and the time ground motions began. 

After processing the selected 42 pairs of PALSAR-1 and 2 

images [5] and analyzing the results, only 12 

interferograms were recognized as informative in 

accordance with the levels of interferometric coherence. 

Short time interval interferograms (with both observations 

within 1 year) show increasing displacement rates in the 

upper part of the landslide for the last years: about 2 

cm/138 days in 2006, about 1 cm/46 days in 2009 and 

about 4 cm/28 days in 2016.  

Longer temporal baseline pairs are in accordance with 

other observations: 14 cm displacement between 2007 and 

2009, 15 and 17 cm/2 years in 2008-2010, 23 cm/1 year in 

2015-2016 (fig. 10). 

 

 
 

Fig. 10 PALSAR-1&2 interferograms for Bureya: 

a) 20070108-20090228; b) 20080111-20100116; 

c)  20080226-20100303; d) 20150622-20160620. 

 

Figure 11 shows the displacements for all mentioned pairs 

of the SAR data measured by subtracting the phase 

difference in the landslide area from the phase of the 

surrounding stationary regions on the corresponding 

interferograms, in terms of the displacement along the 

landslide slope for 30 days. The differences between 

displacement velocities in pairs from the PALSAR-1 radar 

in 2006–2010 over the intervals from 46 to 782 days are 

low and almost constant. 

The values estimated from the PALSAR-2 data in 2015–

2016 are noticeably higher. The maximum velocity was 

observed in the summer of 2016 in the upper part of the 

landslide body; it exceeded 10 cm/month and approached 

those from the Sentinel-1 data at the beginning of winter 

2017–2018: 7 cm in 12 days, or 17 cm/month down the 

slope [6]. The results indicate that the velocity of landslide 

motion in summer is usually higher than in winter. 

The lowest measured velocity of motion was noted in the 

beginning of the observation period in 2006. The likely 

cause of the landslide process is filling of the reservoir 

(whose operating water level was reached in 2009) and the 

subsequent seasonal fluctuations in the water level. The 

maximum radial displacement (23 cm per year) was 

revealed at the end of the observation period using the 

PALSAR-2 data taken not long before the landslide event. 

 
Fig. 11 Average velocities at the head of the landslide 

and in the midslope from PALSAR-1&2 

interferometric observations. 

 

It is found that summer images are less informative due to 

a dramatic loss of coherence due to heavy rainfall; almost 

all winter pairs of images taken at low negative 

temperatures have high coherence due to the stability of the 

dielectric properties of wood vegetation and underlying 

soils. Based on the analysis of the dynamics of the 

development of the landslide process over a 10-year time 

interval, it is shown that soil displacements along the slope 

were small in 2006–2010 (1.6–1.9 cm/month); in 2015–

2016, the displacements increased significantly (4.7–4.9 

cm/month), and the maximum measured velocity of 

displacements was reached in the summer of 2016 (10.7 

cm/month). It has been suggested that intensification of the 

landslide process occurred at the time the filling of the 

reservoir basin was completed in 2006–2009; the process 

was triggered by both the initial rise and seasonal 

fluctuations in water levels. 
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1. INTRODUCTION

The purpose of this research is studying the use of ALOS-
2 PALSAR-2 imagery for aboveground biomass (AGB) 
vegetation estimation in different biomes, and biomass 
dynamics. For this RA6 we studied the water cloud model 
for AGB retrieval in savanna woodlands, the use of fully 
polarimetric L-band and multi-frequency SAR data to 
characterize AGB in different biomes, and explored the 
potential of temporal analysis to characterize the spatial 
distribution of forest disturbance and gain events, as well 
as long-term regrowth in tropical forests. 

2. MAIN RESULTS

2.1. Water cloud model for above ground biomass 
retrieval in savanna woodlands 

Although the statistical relationship between above ground 
biomass and radar backscatter described by an empirical 
model is quite strong, it fails to include the physics of 
scattering from the target area. This hinders widespread 
implementation of this model for biomass retrieval. To 
account for soil moisture in woody biomass estimation, the 
Water Cloud Model [1]; a semi-empirical model based on 
physics of radar scattering both from vegetation and soil 
moisture, is used. In this study [2], we analysed the 
effectiveness of WCM to improve the accuracy of biomass 
retrieval by proposing a suitable WCM formulation for 
biomass retrieval using L-band SAR at HV polarisation in 
miombo woodlands. Results indicated that WCM reduced 
biomass estimation uncertainties by correcting soil 
moisture effects compared to linear and exponential 
statistical models. The semi-empirical WCM was 
successfully interpreted to correct soil moisture effects in 
biomass retrieval from miombo woodlands using L-band 
ALOS PALSAR backscatter at HV polarisation. This 
formulation lead to the least calibration and validation 
uncertainties in biomass prediction 

2.2. Detecting and quantifying forest dynamics using 
SAR time-series data in Indonesia 

Mapping forest biomass stocks, deforestation, forest 
degradation and enhancement is crucial in order to 
determine the loss of carbon stocks due to disturbances (e.g. 
deforestation, fires) or the gain due to new forest or growth. 
Time-series observations identify decreasing or increasing 
trends of aboveground biomass carbon, and separate 
anthropogenic related changes from seasonal changes of 
vegetation. This is important for understanding the 
terrestrial carbon cycle and for supporting better forest 
management and policies. This study uses time-series data 
from L-band Synthetic Aperture Radar (SAR) JAXA’s 
ALOS PALSAR and ALOS-2 PALSAR-2 to quantify 
carbon loss and gain trajectories (emission / sequestration) 
of existing forests in West Java (Indonesia) [3].  

Fig. 1 Time-series of annual composites for a 
deforestation (above) and regrowth (below) event. 

Image from [3] 

A SAR time-series dataset is used to generate annual 
composites to be used as input for a superpixel clustering 
based on SNIC (Simple Non-Iterative Clustering) [4]. The 
clusters are then analysed using change-point analysis 
techniques [5], and trajectories to detect significant 
changes on the time-series and identify the date of the 
gain/loss events. Next steps will use GEDI LiDAR as 
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reference data to quantify changes in biomass, and other 
biophysical parameters. 
 
2.3. Multi-frequency radar imaging for the analysis of 
tropical forest structure in the Amazon 
 
ALOS PALSAR-2 data over Tapajos National Forest (Para 
State, Brazil) was used to integrate with the other SAR 
datasets from X band TanDEM-X, C band Sentinel 1 and 
geomorphometric information from SRTM to analyse the 
forest structure in that area as a pilot case. The main 
research goal is to develop a methodology to derive 
information on forest structure and floristics based on the 
polarimetric and interferometric variables from TanDEM-
X (X band), PALSAR-2 (L band), and Sentinel-1 (C band), 
integrated with geomorphometric data derived from SRTM 
(C band). This method will benefit the monitoring of forest 
communities, and estimates of biomass to understand the 
carbon biogeochemical cycling in tropical forests which is 
essential in the context of global climate change. This work 
is still in progress. 
 
2.4. Aboveground carbon stocks estimates in different 
types of tropical forests using full polarimetric ALOS-
PALSAR-2. 
 
We are evaluating the aboveground carbon stock 
differences, among four forests in tropical areas (Colombia, 
Brazil, Gabon and Mexico) using coherent and incoherent 
polarimetry attributes derived from ALOS PALSAR 2, and 
analysing the spatial distribution and the associated 
uncertainties to those estimates. This work is still in 
progress. 
 

3. LIST OF PUBLICATIONS RELATED TO THIS 
RESEARCH 

 
3.1 Peer reviewed papers 
 
• Santoro, M., et al.. “The global forest above-ground 

biomass pool for 2010 estimated from high-resolution 
satellite observations”. Earth Syst. Sci. Data Discuss., 
(2020), 1-38. 
 

• Rodríguez-Veiga, P., et al.. “Carbon Stocks and 
Fluxes in Kenyan Forests and Wooded Grasslands 
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Fusion” (2020).  Remote Sensing, 12, 2380. 
 

• da Conceição Bispo, Polyanna, et al. “Woody 
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approach." Remote Sensing 12.17 (2020): 2685.  
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1. INTRODUCTION

Assessment of forest aboveground woody biomass is 

essential for national and regional forest carbon stocks and 

carbon stock changes estimation and reporting. The use of 

remotely sensed data supports countries in advancing 

approaches to forest monitoring and management. The 

biomass estimation is very crucial for carbon accounting 

and sequestration thus better characteristic and reduction 

of uncertainties of aboveground biomass estimates is 

essential. This study is a part of the DUE GlobBiomass 

project funded by the European Space Agency (ESA). The 

aim of the GlobBiomass project is to better characterize 

and to reduce uncertainties of aboveground biomass 

estimates by developing an innovative synergistic mapping 

approach in five regional sites (Sweden, Poland, Borneo, 

Mexico, South Africa) for the year 2005, 2010 and 2015 

and one global map for the year 2010.  

In this research proposal, the ALOS-2 data was tested for 

the forest biomass retrieval. The main objective of this 

study was i) to examine the correlation between the forest 

inventory data, and ALOS-2 signal, ii) to develop an 

algorithm for AGB retrieval based on synergy of ALOS-2, 

Sentinel-1 and Sentinel-2 datat, and iii) to perform 

independent validation of the forest aboveground biomass 

map for the reference year 2015. 

2. STUDY AREA

This research was conducted at national and regional 

scale. In Poland, forest covers more than 91 thousand 

square kilometers. The forest is covered predominantly by 

coniferous forest, which is dominant tree species in the 

Polish forest, accounting for almost 69% of the total forest 

area. The predominant part of the Polish forest - 80.8% 

belongs to the public, out of which 77.0% is under the 

administration of the State Forest National Holding and 

2% belongs to national parks. The remaining 19.2% of the 

forest is privately-owned. The regional study was 

conducted in the eastern part of Poland, closed to 

Belarusian border. The area covered around 16 thousand 

square kilometres. The forest coverage in Poland and the 

extent of the regional study is illustrated in Fig. 1.  

Fig. 1 Forest distribution in Poland, polygon defines 

the extend of the regional study. 

3. REFERENCE DATA

A large-scale National Forest Condition Inventory data 

collected in the year 2015 and 2016 was used as a 

reference dataset for training and validating the model. 

The location of the forest inventory plots corresponds to 

the ICP Forests Programme (International Co-operative 

Programme on Assessment and Management of Air 

Pollution effects on Forests), which monitors forest on a 

systematic grid of 16 x 16 km [1]. Within each 16 x 16 km 

grid, 25 L-shaped groups of sampling plots located in a 

systematic grid of 4 x 4 km were established. The forest 

inventory plots are circular with radius equal to around 

12.6 m. For each sampling plot the growing stock volume 

(GSV) was calculated and converted into woody forest 

biomass using the IPCC approach based on biomass 

expansion factors (BEFs) and wood density (WD) 

following IPCC guidelines [2, 3]. The woody biomass was 

calculated for each sampling plot based on GSV of the 

dominant tree species. The plots that meet the following 

criteria were selected for further analysis: located at least 

100 m away from the forest edge, homogenous, lied on 

terrain with slops less than 5 degrees.  

The independent validation of the estimated forest biomass 

at national level was done using the State Forest Inventory 

database available at the forest stand level, at the two 

forest districts (Supraśl and Pieńsk). The conversion of the 

GSV at forest stand to the woody aboveground biomass 

was done in the same way as described above. 
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4. SATELLITE DATA 

 

Aboveground biomass for the reference year 2015 at 

national scale was calculated based on synergy of ALOS-2 

mosaic and Sentinel-2 data and synergy of Sentinel-1 and 

Sentinel-2 data. A freely available ALOS-2 2015 and 2016 

mosaics of gamma naught (γ0 =  0 /cos, where  0 is 

the radar backscattering coefficient and cos is the local 

incidence angle) produced by JAXA at 25 m pixel spacing 

in HH and HV polarizations was used [4]. A multi-

temporal multichannel filter [5] using a 7x7 window was 

applied to all the annual mosaics. At this point, the 

remaining speckle effect was considered negligible. 

Aboveground biomass at regional scale was calculated 

using ALOS-2 (Stripmap Level 1.5).  

 

A time series of Sentinel-1 Dual polarization IW mode 

data acquired in the year 2015 and 2016. The Sentinel-1 

C-band SAR mission is designed as a two-satellite 

constellation providing data in dual polarisation. The pre-

processing chain of the Sentinel-1 data consisted of 

calibration, geocoding (using the SRTM DEM), 

radiometric normalization and conversion to  0 . The 

preprocessing was done using the ESA SNAP toolbox. 

Multi-channel filtering [5] for individual Sentinel-1 tracks 

was applied to reduce speckle effect. Next, the multi-

temporal sum and median for VV and VH polarizations 

separately for summer and winter images were calculated. 

 

A set of Sentinel-2 images acquired in the period 2015-

2016 was used to generate annual median value 

composites from good quality pixels for four spectral 

bands available originally at 10 m spatial resolution.  

 

For the aboveground biomass estimation at regional scale 

a couple of ALOS-2 images (FBDR1.5RUA) for the year 

2014, 2015, 2016 was ordered from https://auig2.jaxa.jp/. 

The spatial resolution was equal 6.25 m (UTM Zone 34). 

ALOS-2 data was pre-processed in the ESA SNAP 

toolbox, a multi-temporal multichannel filter [5] using a 

7x7 window was also applied. Finally the multi-temporal 

statistics (sum and median) were calculated. 

 

5. METHODS 

 

The estimation of the forests biomass was performed using 

the Random Forest (RF) Regression approach [6]. This is 

a machine learning algorithm approach that uses multiple 

self-learning decision trees to parameterize models and 

uses them to estimate variables. RF is an ensemble learning 

technique, where many decision trees are constructed 

based on random sub-sampling of the given data set. The 

RF model was calibrated using a set of training plots 

located over the entire forested area except mountains. 

70% of the reference sapling plots were used for training 

of the model and the remaining 30% for the validation of 

the model performance. The parameterization of the model 

was performed on 200 single trees in the forest. A set of 

explanatory variables: multitemporal sum and median 

calculated for different polarizations and 4 bands of 

Sentinel-2 was used to train the model at the national 

level. For the regional scale, the stack of Alos-2 and 

Sentinel- 2 was used as the input data to the model. 

 

6. RESULTS 

 

National scale 

 

The result of aboveground biomass modelling using a 

synergy of ALOS-2 mosaic and Sentinal-2 at national scale 

is presented in Figure 2. Figure 3 presents the scatterplot 

of reference versus estimated aboveground biomass 

values. In general, the biomass estimates tend to 

significantly  overestimate small values of aboveground 

biomass and increasingly underestimate larger values of 

biomass (greater than 100 t/ha). It is particularly 

observable over the forest clear-cuts, where biomass 

estimates reached values above 80 t/ha (Fig. 2). 

 

 

Fig. 2 Forest AGB estimated based on Alos-2 mosaics 

and Sentinel-2 data at the national scale 

 

Fig. 3 Scatterplot of estimated vs. reference forest 

AGB derived from Alos-2 and Sentinel-2 
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For comparison, the result of the AGB modelled at the 

national level using a synergy of Sentinel-1 and Sentinel-2 

data is presented in Figure 4. Figure 5 illustrates the 

scatterplot of reference versus estimated aboveground 

biomass values.  

 

 
 

Fig. 4 Forest AGB estimated based on Sentinel-1 and 

Sentinel-2 data at the national scale.  

 

 
 

Fig. 5 Scatterplot of estimated vs. reference forest 

AGB derived from Sentinel-1 and Sentinel-2. 

 
The biomass estimates derived from a synergy of Sentinel-

1 and Sentinel-2 show a saturation effect around 150-200 

t/ha, which is higher than has been reported for C-band [6, 

7]. In general the biomass estimates tend to increasingly 

overestimate small values of aboveground biomass (up to 

100 t/ha) but less than in case of Alos-2 mosaic and 

Sentinel-2. The higher biomass values greater than 250 

t/ha are increasingly underestimated. The overall RMSE 

value is equal to 60 t/ha [8]. The relative bias is lower, less 

than 20%, only for the middle biomass range. The second 

approach shows clear differentiation between the clear-

cuts and mature forest, which is close to the on the ground 

situation.    

 

The obtained results confirmed that modelling of the AGB 

using the ALOS-2 mosaic at national scale is challenging. 

Intensity difference between neighbouring strips caused by 

soil moisture difference or seasonal variability affects the 

results. It is particularly challenging if the reference data 

are distributed across different strips. The solution could 

be to model AGB per strips. This approach was performed 

in case of the Sentinel-1 data.  

 

Independent validation of forest aboveground biomass 

map for the reference year 2015 

 

The independent validation of the biomass estimates 

preformed at the forest stand level confirmed quite good 

agreement between the estimated forest biomass and 

biomass calculated from the inventory data for the selected 

forest stands. The results of the independent validation at 

stand forest level performed over two State Forest 

Districts (Supraśl and Pieńsk) presented in Figure 6. The 

best agreement was found for biomass ranging between 

150-200 t/ha, which is the dominant range of the forest 

biomass in the Polish forest. The saturation effect was 

more pronounced for broadleaved forest then for the 

coniferous forest. 

 

 
 

 
 

Fig. 6 Scatterplot of estimated against reference forest 

aboveground biomass at stand level (total biomass per 

stand) over Supraśl (above) and Pieńsk (below) forest 

district. 
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The independent validation of the biomass estimates 

performed at the forest stand level confirmed quite good 

agreement between the estimated forest biomass and 

biomass calculated from the inventory data for the selected 

forest stands. 

 

Regional scale 

 

At the regional scale, the result of the AGB estimation 

using a synergy of ALOS-2 data and Sentinel-2 data is 

presented in Figure 7. The overall RMSE error was equal 

to 75 t/ha. 

 
Fig. 7 Scatterplot of estimated vs. reference forest 

AGB derived from Alos-2 and Sentinel-2 

 

The result of the AGB estimation using a synergy of 

Sentinel-1 and Sentinel-2 data is presented in Figure 8. 

The overall RMSE was equal to 74 t/ha.  

 
Fig. 8 Scatterplot of estimated vs. reference forest 

AGB derived from Sentinel-1 and Sentinel-2 

 

The estimates derived from the Sentinel-1 data showed the 

high level of variability over the lower biomass values, 

which can be explained by different backscatter 

mechanisms, soil moisture and structure of young forest. 

The lower biomass was better estimated using Alos-2 data. 

In case of estimation of higher biomass, the saturation 

effect was visible at around 100 t/ha for the Alos-2 data 

and around 50 t/ha for Sentinel-1.  

 

Summary  

 

General the biomass estimates tend to increasingly 

overestimate small values of aboveground biomass and 

increasingly underestimate larger values of biomass. This 

behavior was observed in many forms of data fitting 

approached [7]. The overestimation of the low biomass 

can be caused by different backscatter mechanisms, soil 

moisture and structure of forest understory. Further 

analysis is required to understand the behavior of the radar 

signal in the low-biomass forest and to improve the 

biomass estimate in less dense forest.  
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1. INTRODUCTION

The area burned by a fire and the severity are two key 
descriptors of forest fires. Fire severity is directly related to 
the amount of vegetation consumed by fire, and the 
regeneration rates of vegetation after a fire [1]. This 
removal of vegetation is a contributing factor to post fire 
erosion [2]. Quantifying fire severity can be difficult, and 
improving the accuracy of the assessment will aid in post 
fire restoration efforts. Current methods of assessing fire 
severity are usually limited to on-site visual inspection of a 
post fire landscape [3], or the use of satellite and aerial 
images to quantify severity over larger areas. For satellite 
image analysis, the Normalized Burn Ratio (NBR) is a 
common spectral index used to assess fire severity [4,5]. 
NBR uses the near-infrared and mid-infrared spectral 
regions to create a normalized index. The difference 
between pre- and post-fire NBR (differential NBR, dNBR) 
has been shown to be more effective at describing fire 
severity than the differential Normalized Difference 
Vegetation Index (dNDVI) [6]. Related to dNBR is the 
Relative differenced NBR (RdNBR). Miller and Thode [7] 
proposed RdNBR as an improved version of dNBR. And 
radar has also been used to find the forest recovery by HV 
change through the time [8]. Radar burn ratio (RBR) and 
radar forest degradation index have been utilized for fire 
severity [9]. And windthrow and insect outbreak has been 
detected by these indices [10].  

Which index is better at describing fire severity is 
dependent on several factors [1, 9, 10, 11]. The deviation 
of the indices from on the ground assessments of fire 
severity can be related to seasonal and topographic 
conditions [12]. In such instances, the indices can have a 
limited capability to accurately characterize fire severity 
[13–15]. 

On the ground, one of the most widely used methods to 
characterize fire severity is the Composite Burn Index (CBI, 
[3]). The CBI is mainly derived from visual estimation and 
subjective judgement and is a simple and fast approach. 
However, CBI is prone to observer bias. The values are 
influenced by the observers’ knowledge of the local 
ecosystem and ability to accurately assess several forest 
structure measurements [16]. It is still unknown how 
structural components of the post fire forest influence the 
spectral signatures detected by satellites, as well as the fact 
that CBI assigns a severity value from both overstory and 
understory vegetation assessment. 

To model the structural components of   a   post   fire 
forest   in   relation   to   RdNBR, Miller and co-authors 
[17] used the Forest Vegetation Simulator (FVS, [18]). The 

FVS was used with data from the US Forest Service’s 
Forest Inventory and Analysis (FIA) to simulate forest 
structure attributes for a range of variables. FVS was 
accurate in modeling resultant forest structure attributes for 
high severity fires, but failed in moderate and low severity 
burns. There is a need for high-resolution quantification of 
three-dimensional forest structure in relation to fire 
severity. For this study, a terrestrial laser scanner is used to 
produce objective and highly detailed 3D scans of forest 
structure at various levels of fire severity. 

Three-dimensional point clouds acquired through TLS 
have been used in numerous ecosystem studies, including 
tree stem reconstruction [19,20], measuring biomass of 
saplings [21], determining leaf angle and distribution [22], 
quantifying canopy gaps [23], and various other ecological 
applications [24]. Fine scale measurements from TLS have 
also been used for forest inventory [25], biomass allometry 
[26], and tree species identification [27]. Using multi-
temporal TLS data, small changes in tree height have been 
quantified [28], as well as spring phenology [29], crown 
competition [30], and biomass [31]. TLS has also been 
used previously to detect forest structural change caused by 
fire [32]. TLS has proven to be a valuable tool in not only 
quantifying above-ground biomass and structure, but also 
measuring fine scale change. 

The objective of this study is to utilize terrestrial lidar 
to quantify and compare forest structure attributes with the 
spectral signatures of Landsat satellite images and radar 
burn ratio. This study notably proposes a technique to 
compare the forest structure in different height strata with 
burned and unburned reflectance from satellite images. 

2. STUDY SITE

The study site was located at Wood Buffalo National Park 
(WBNP) in Northwest Territories and Alberta, Canada. 
WBNP became a national park in 1922 and is a 
designated wildlife refuge. Lightning is the major source 
of forest fires [33,34], and the park is located within the 
area known as the fire hot spot of Canada [35,36]. The 
dominant tree species are Jack pine (Pinus banksiana 
Lamb.), aspen (Populus tremuloides Michx.), balsam 
poplar (Populus balsamifera L.), white spruce (Picea 
glauca (Moench) Voss), black spruce (Picea Mariana 
(Mill.) BSP), and tamarack (Larix laricana (Du Roi) 

K. Koch).
3. METHODOLOGY
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Species composition and stand density are major factors 
that influence the spectral signature of an area. A change in 
the spectral reflectance observed by a satellite between 
either two different sites, or the same site at different times, 
is likely due to differences in species composition or stand 
density. The area of our study, i.e., within the boreal forest 
biome, is covered mainly by homogeneous stands of the 
same age and species. The spectral signature of the area is 
thus also mainly homogenous, unless altered by some 
disturbance event (e.g., fire). The area largely consists of 
native forest stands that have been self-thinning and 
undergoing a natural succession process [37,38]. Forest 
succession entails a relatively simple structural change, and 
stand development can be related to the spectral change. 

The spectral change due to fire is derived from pre- and 
post-fire Landsat image analysis using the Google Earth 
Engine platform. The structural components of the forest 
are measured using a Terrestrial Laser Scanner (TLS) to 
generate a 3D model of the area. The scans were taken in 
September of 2016.  

To identify the spectral change, both dNBR and RdNBR 
are calculated. Our area of interest covered 44,807 km2 
requiring several Landsat image tiles to cover the extent. 
We utilize Google Earth Engine (GEE) to visualize and 
analyze the satellite imagery and use the GEE servers to 
compute dNBR and RdNBR. The use of an online platform 
greatly speeds up the processing and spares us the onerous 
task of downloading and processing gigabytes of image 
data [39]. To compute dNBR and RdNBR, pre- and post-
fire dates need to be identified. However, the fires 
happened in different times and places within our 44,807 
km2 study site. To identify the location and date of each 
fire, a composite imaging technique is used to make pre- 
and post-fire images. The composite image technique uses 
a stack of time-series images to select and store the pixel 
value when the criteria are matched. In this study, NBR 
values are stored when NDVI is maximum for pre-fire 
condition and NBR is minimum for post-fire condition. 
This process is conducted within the study area using 
multi-temporal Landsat 8 images with a 16-day revisit 
cycle during the year of 2016. The images are only selected 
during the fire season from June 1st to October 1st. Using 
this date range, we avoid erroneous values caused by snow 
on the ground in spring and winter. An unburnt area has a 
high NDVI value while the same area post fire has a low 
NBR value. The difference between those values is used to 
produce dNBR and RdNBR values for each pixel. 

The backscattering coefficients of L band radar has been 
proceeded by ALOS 2 radar images. The dual polarization 
(HH and HV) images of 2016 have been collected over the 
TLS scanning area.  And radar forest degradation index 
(RFDI) was computer by the following equation (1). 

 
RFDI = (HH – HV) / (HH + HV)     (1) 

 
Where HH and HV means the backscattering coefficient in 
power units [8].  

The dNBR, RdNBR, and RFDI values are compared to 
structure measurements obtained with TLS. The portable 
laser sensor TX5 (Trimble Inc., Sunnyvale, CA, USA) is 
used for data collection. The 3D scan data has the potential 
to quantify the structural differences more accurately 
between unburned and recently-burned sites, compared to 
human visual observation. The position of the scan 
locations is recorded with a consumer grade GPS unit 

(Montana 600, Garmin Inc., Olathe, KS, USA) with a 
location error of 5 m. This locational error is far less than 
the half pixel size of 30 m Landsat imagery. The TX5 TLS 
system uses phase shift detection to generate 3D points and 
the horizontal and vertical scan line resolution is set to 
0.0167◦. 

Within our study site, there is a road network bisecting 
the park in north/south and east/west directions. The TLS 
locations are chosen along this road network for ease of 
data collection. A systematic random sampling method is 
used to select sites to cover the diverse range of tree height 
and species within the large WBNP area. The scanner 
collects data every 10 km along the road. The scanning 
locations are at least 30 m away from the road 
(perpendicular to the angle along the road) to insure the 
scan location is within a Landsat pixel that does not include 
reflectance from the road. The total 32 TLS scans were 
collected during Sept. 2016 and covered the diverse 
structural range from unburned sites to sites with high 
severity burn (Figure 1). All TLS scanning locations (n = 
32) are divided into two groups: unburned plots (no fire 
since 1981, n = 21) and recently burned plots (most recent 
fire within the last 3 years, n = 11). Historical fire dates are 
determined using a fire map provided by the Canadian Park 
Services. 

A multi-step process is used to derive structural metrics 
from the 3D TLS point clouds. A Digital Terrain Model 
(DTM) is created from the raw 3D point cloud using the 
climbing and sliding method [40]. The height of the points 
is normalized using the derived DTM. Only points within 
a 15 m radius of the scan position are used. A 15 m radius 
provided a point density sufficient to generate DTMs and 
is the plot size suggested by the CBI field protocol. The 
CBI field protocol includes cover change estimation, 
species identification, dead or live judgement, color change 
assessment, and soil disturbance estimation. They are not 
directly comparable to the number of voxels. However, the 
3D data can contribute structure measurements by height 
strata. The structure assessment is a major factor to 
determine CBI values. Therefore, this study is not aimed to 
compare values between CBI and TLS 3D data. The CBI 
data needs to be collected twice: right after fire for Initial 
Assessment (IA) and one year after fire for Extended 
Assessment (EA). Our field samplings were not collected 
right after fire. The timing to take our data is different from 
CBI. 

To quantify the vertical forest structure of the scan sites, 
voxels are created at a 0.25 m resolution. The voxel size is 
fitted to the average stem diameter of this study site. A 
voxel is created when there is a laser return point located 
within a 0.25 m3 grid cell. The number of voxels at 
different height strata is counted. There are four height 
strata adapted to this voxel analysis from the original CBI 
definition: 0 m to 0.5 m (ground surface), 0.5 m to 1m 
(shrubs), 1 m to 5 m (shrubs and understory), and 5 m 
above (overstory trees). The number of voxels at each 
stratum is correlated with the spectral reflectance measured 
by Landsat. The voxel is used rather than counting the 
number of raw returns, because the voxel approach can 
reduce the bias caused by the distance from the sensor and 
normalizes point density as points are inherently dense and 
close to the TLS sensor. 

A linear or non-linear (2nd order polynomial) equation 
is fitted to the distribution between counted voxels and 
(spectral and radar) indices. Both equations used in this 
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study are assessed with R2 values to indicate how strong 
the correlations are. Moreover, hypothesis tests are applied 
to test the difference between the linear and non-linear case. 
The t-test is used for the linear case and Shapiro-Wilk 
normality test is used for the goodness of fit for the non-
linear case. Both cases used a significance level of 0.05. 
The statistical tests are indicated by p < 0.05 (a significant 
t-test result) for the linear case and p > 0.05 (a not-
significant result with Shapiro-Wilk normality) for the 
non-linear case. 

4. RESULTS 
 
There were 32 TLS scans in total. Eleven of these were in 
recently burned plots and 21 in unburned plots. There was 
a linear relationship between the total number of voxels 
within each scan in the unburned plots, and satellite derived 
dNBR (R2 value of 0.54, p value < 0.05) and RdNBR 
values (R2 value of 0.60, p value < 0.05) (Figure 1). In the 
burned plots, there was a non-linear correlation with R2 
values of 0.75 (p value > 0.05) and 0.73 (p value > 0.05) 
for dNRR and RdNBR respectively (Figure 1).  And there 
was no relationship in the unburned plots (R2 value of 
0.0557, p value < 005) and there was a non-linear 
correlation with R2 values of 0.53 (p value > 0.05) between 
the total number of voxels within each scan and radar based 
index, RFDI  (Figure 1). 
 

5. DISCUSSION 
 

Comparing dNBR values with RdNBR and the total 
number of voxels per plot (Figure 1), the range of RdNBR 
was wider than the range of dNBR because of the effect of 
including pre-fire vegetation conditions in the equation.  

The dNBR and RdNBR are relative measurements 
between pre and post fire NBR. If the site has experienced 
no fire, they are presumed to be zero. However, there were 
some changed values at unburned plots in Figure 1. This 
shows an advantage to using high precision 3D data to 
detect small changes in that height stratum. This method is 
useful to describe ecological response to fire in burned 
plots and structural development in unburned plots. 
Through this process, the specific height strata related with 
the spectral change are identified by the stronger 
correlations. 

For burned plots, the relationship between counted 
voxels and spectral indices was non-linear (Figures 1) and 
was related to the ecological responses of the site 
conditions. High value change (in x axis of Figures 1) with 
low voxel count (in y axis of Figures 1) characterizes the 
severely burned sites immediately after fire; middle 
spectral change with high voxel count means live 
vegetation remained after fire; and low spectral change 
with low voxel count means no vegetation recovery after 
fire. 

The utility of a 2D severity map from spectral indices 
such as dNBR and RdNBR and radar based RFDI is limited 
to assess severity. With 3D ground observations, the 
spectral change can be addressed by structural change. A 
good example of this application is fire refugia. The 
vegetation recovery takes different trajectoris with the 
initial structure remaining after fire. The severity 
assessment with 3D ground observation helps to 
characterize the difference. 

Three years were required to detect an ecological 
response at this study site. The severity is measured by the  

 

 

 
 

 
RFDI value 

Fig. 1 The relationship between the total number of 
voxels at each plot and (a) dNBR, (b) RdNBR, (c) 
RFDI values (marker ●: recently burned plots, ◆: 
unburned plots, the bold fonts of R2 values are 
statistically significant for the linear case and not-
significant for the non-linear case with a significant 
level of 0.05).   

 
most immediate fire effects as an immediate assessment 
and additional responses of initial severity as an extended 
assessment. The duration of vegetation recovery depends 
on the ecosystem and the climate of the site. The recovery 
rate is slow in boreal forest region and the recent fire 
burned with high intensity. With high intensity fire and 
slow vegetation recovery, the spectral and structural 
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change observed over burned plots is more related with 
ecological response. The three year interval was needed to 
detect the ecological response for fire severity. Monitoring 
ecological response after fire is an important application of 
TLS ground observation. 

With regard to TLS ground sampling, one third of 
samples only came from burned plots. In this study site, the 
sampling locations were limited to places along the roads 
due to difficult accessibility. The number of burned plots 
facing roads were more limited than the number of 
unburned plots. That is why only one third of samples were 
from burned plots. The ground sampling strategy can be 
improved to capture more diverse fire severity. 

A TLS limitation for collecting ground forest 
structure data includes occlusion of laser returns by forest 
obstacles within the scanning view angle [41,42]. In this 
study, a sampling approach is applied that isn’t dependent 
on capturing occlusion free 3D data [19,20]. Our sampling 
strategy was to compare 3D data among plots by using a 
single scanning location. Multiple-scans per plot would be 
better to capture more complete structure measurements as 
occlusion is eliminated, but multiple scans invite more 
sampling variation with additional factors of scan 
positioning and angle being introduced. The single 
scanning strategy has been adopted to compare different 
vertical vegetation profiles and describe different structural 
conditions [43]. Calders and co-authors found that a single 
scanning was enough to describe various vertical plant 
profiles. This TLS study does not aim to provide absolute 
accuracy in tree measurements of the sites, but the results 
provides more accurate “relative differences” among plots 
without any subjective judgement, which could not be 
achieved by conventional visual estimates. This 3D ground 
truth is needed more in validating fine scale, post fire 
change when being estimated by high-resolution optical 
[44] and radar images [8]. 
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1. INTRODUCTION

This is the final report of ALOS-2 RA-6. Climate change, 
in addition to human activity, impact ecosystem 
distribution and structure at local to global scales. Remote 
sensing technology provides the ideal tools to assess the 
occurrence of these changes in the both the spatial and 
temporal domains. Repeat-pass imaging of forest, in 
particular, provide two types of radar observations: 
polarimetric changes in backscatter and repeat-pass radar 
interferometry. We propose to develop a methodology to 
detect and assess structural variations in forest structure 
spatially and temporally using L-band repeat-pass 
backscatter and interferometry from ALOS-2.  

Our specific objectives were to Process ALOS-2 time-
series to characterize forest structure with land cover 
classification and above ground biomass, and detect 
changes. We developed method using radar backscatter, 
InSAR  coherence and phase generated from repeat-pass 
interferometry over a variety of forest sites.  

2. RADIOMETRIC CALIBRATION

We performed radiometric terrain correction (RTC) of 
ALOS-2 products to produce consistent backscatter 
regardless of terrain slope.  We use the methodology as 
outlined in [5,6] to perform a two-stage correction.  The 
first step is to scale the received backscatter by an 
illuminated area factor.  The second step is a follow-up 
correction using a look-up table to further reduce variations 
in backscatter due to look angle or terrain slope over 
forested areas.  This extra correction step over forested 
areas makes the corrected backscatter products particularly 
useful for above-ground biomass estimation, forest change 
detection, or other terrestrial ecology applications. 

Figure 1 shows an example of ALOS-2 HV backscatter 
before and after applying the radiometric terrain correction. 
In the corrected image the appearance of slopes and other 
terrain features is greatly reduced, allowing backscatter 
values to be analyzed and compared independently of the 
underlying ground topography.  Our RTC algorithm has 
been applied to all the ALOS-2 data used in this report. 

(a) 

(b) 

Fig. 1 Demonstration of radiometric terrain correction 
of ALOS-2 data over Laurentides Wildlife Reserve, 
Québec, Canada.  (a) Original ALOS-2 HV sigma-
nought before correction. (b) ALOS-2 HV gamma-
nought after correction is applied. 

3. LAND COVER MAPPING IN
MANGROVE FORESTS
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Over the Pongara National Park in Gabon, there are rich 
mangrove ecosystem and various types of mangrove trees. 
The ALOS-2 data provide the possibility to look at this area 
using the perspectives in Polarimetry and Interferometry. 
We use the products from both PolSAR and InSAR to look 
at the sensitivity from different types of mangrove tress to 
propose a classification framework [3]. From the InSAR, 
we incorporate the HH-coherence with 14-day temporal 
baseline as in Fig. 2a. From PolSAR, we perform the 
Freeman-Durden decomposition and incorporate the 
volume scattering and double bounce products to the 
analysis as in Figs. 2b and 2c. We use a limited area from 
Landsat-8 derived landcover map to establish the decision 
tree for the landcover classifier shown in Fig. 3. The 
classifier is then applied to the entire area as shown in 
Figure 4 to locate tall mangrove, short mangrove, dwarf 
mangrove, and dry forest. We validate our classification 
with the Landsat-8 derived landcover map. We show that 
the boundary between mangrove and forested areas are 
highly differentiated indicating such L-band products are 
invaluable for mangrove monitoring. The model discussed 
here is easily interpreted and can serve as a reference for 
future classification models to map mangroves from L-
band imagery.  

 

 
(a) 

 
(b) 

 
(c) 

Figure 2: InSAR and PolSAR products over Pongara 
National Park in Gabon (a) HH coherence with 14-day 
temporal baseline, (b) volumetric scattering proportion 
in dB scale (c) double bounce scattering proportion in 
dB scale.  

 

Figure 3: Rules for the decision tree for the land cover 
classifier derived from Landsat-8 derived landcover 
map using a limited area. 
 

 
Figure 4: Retrieved land cover maps using the rule 
from the decision tree.  
 

4. WATER LEVEL CHANGE AND 
DECORRELATION STUDY 

 
We evaluated the capabilities of spaceborne L-band 

InSAR to retrieve water surface level change in wetlands 
using ALOS-2 data [4]. This is a very important aspect of 
wetland ecosystems that need to be monitor to improve 
models of productivity and sediment transport. This study 
also supports modeling efforts for NASA’s Delta-X project. 

Figure 5 shows a calendar map of coherence with 14-
day temporal baseline from HH polarization during 2016 
to 2019. The observed seasonal trend over the wetlands 
shows high coherence in the winter (November to 
February) and low coherence in the summer (May to 
September).  

 

 
Figure 5: HH-coherence with 14-day temporal baseline 
from ALOS-2 scansar images. The time format for each 
sub-picture is in YYMMDD. The first and second dates 
are for the main and the secondary images. 

 
Figure 6 shows the interferograms for the same pairs 

as in the above coherence calendar maps. The color 
represents the wrapped interferometric phase while the 
brightness shows the magnitude of coherence. The phase is 
relative and wrapped. To apply the phase difference for 
water level change retrieval, we have performed phase 
unwrapping and phase corrections using ground control 
points. In most case we observe (Figure 6) a significant 
InSAR phase response to change in water level 
immediately south of the Gulf Intracoastal Waterway 
(East-West river channel). The phase response is not as 
clear in the southern most region characterized by 
herbaceous marshes. 760



 

 
Figure 6: HH-interferogram with 14-day temporal 
baseline from ALOS-2 scansar images. The time format 
is the same as Fig.5. 
 

Our analysis shows that water level changes in 
wetlands only work in the presence of trees. That is because 
of the stronger double-bounce microwave scattering that 
improves performance of the water level change retrieval. 
In the swamp (i.e. forested wetlands), it exhibits large 
double-bounce scattering signal. At Coastwide Reference 
Monitoring System (CRMS) stations over the swamp (Fig. 
7), the water level change retrieval performed well as 
shown in Fig.8 by the validation against in situ water level 
change data from CRMS stations. 
 

 
Figure 7: Land cover from the National Land Cover 
Database (NLCD2011) shows emergent herbaceous 
(marshes) and woody (swamps) wetlands within the 
study area, located within the Atchafalaya basin of 
coastal Louisiana, USA. The location of the Coastwide 
Reference Monitoring System (CRMS) stations are 
shown as white and yellow dots (white dots: swamp, 
yellow dots: fresh marsh). Red dots show the locations 
of the ground control points (GCPs) and validation 
point (VAL). 
 
 

 

Figure 8: Water level change retrieval validated over 
the swamp in Wax Lake wetlands against in situ 
measurement from CRMS stations. 
 

5. LAND COVER CHANGE  
 
We present a flexible methodology to identify forest loss 
in synthetic aperture radar (SAR) L-band ALOS-
2/PALSAR-2 images [2]. Instead of single pixel analysis, 
we generate spatial segments (i.e., superpixels) based on 
local image statistics to track homogeneous patches of 
forest across a time-series of PALSAR-2 images. This 
method is applied to time-series of ALOS-2 radar images 
over a boreal forest within the Laurentides Wildlife 
Reserve in Québec. We evaluate four spatial 
arrangements including 1) single pixels, 2) square grid 
cells, 3) superpixels 
based on segmentation of the radar images, and 4) 
superpixels derived from ancillary optical imagery (e.g. 
Landsat). Detection of forest loss with superpixels 
outperform single pixel and regular grid methods, 
especially when superpixels are generated from ancillary 
optical imagery. Results are validated with official 
Québec forestry data and Hansen forest loss products. Our 
results indicate that this approach may be applied robustly 
to monitor forests across large study areas with L-band 
radar instruments such as PALSAR-2. In Figure 9, we 
show the workflow associated with our method.  

 
 

Figure 9: Schematic of Change Detection 
Algorithm. 

In Figure 10, we show the study area, the training area, 
and an ALOS-2 tile. In Figure 11, we show the results of 
the time series in an area. The white areas are no data 
areas due to significant slopes that were masked. Our 
methodology uses simple features so that this change 
method can be adapted for other forest sites and other L-
band image stacks. We demonstrate the use of superpixel 
segmentation in our change analysis to improve 
computational efficiency, reduce speckle, and 
incorporate optical information. The latter point actually 
showed the greatest improvements to our results as can be 
seen in Table 1. 
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Figure 10: Location of test images 

 

 
Figure 11: Detected land forest changes through the 
time-series. 

 
Table 1: Results of Change Detection 

 
Table 2: ALOS2-ID for downloaded images 

 

 
Figure 12: Validation Set (L) and Estimates (R) 

 
Figure 13: AGB Ref. (a) and AGB estimation (b). 

 
Table 3: Results of AGB Estimation 

 
6. USING COHERENCE TO IMPROVE 

ESTIMATION OF ABOVE GROUND BIOMASS  
 
We propose a framework to estimate high above ground 
biomass (AGB) from L-band SAR imagery leveraging 
spaceborne lidars such as GEDI or ICESat-2 and repeat-
pass coherence using ALOS-2 [1]. Our results indicate we 
are able to overcome model saturation typically associated 
with purely backscatter methodologies. We validate our 
approach using lidar-derived AGB maps from the 
AfriSAR datasets at Mondah, Ogooue, and Lope. We 
apply our framework to UAVSAR and ALOS-2 imagery 
to obtain 50 meter resolution biomass maps. We 
obtain < 60% nRMSE (in some cases much better) with 
negligible relative bias using a multiscale random forest 
model.  We illustrate that the inclusion of coherence can 
significantly improve high AGB estimation particularly at 
the coastal site Mondah (Gabon). Figure 12 references the 
setup in which we have samples from the reference set 762



(shown in white) and the reference is compared to the 
estimates from our modeling shown in Figure 12. The full 
map over Mondah is shown in Figure 13.  
 
Our results are shown in Table 2, demonstrating that 
inSAR coherence, in particular, can provide significant 
improvements to estimate high biomass compared to 
biomass estimates generated from SAR backscatter alone. 
Our multiscale model is able to capture spatial 
correlations and leverage such correlations. 
 
 

7. CONCLUSION 
 
This ALOS-2 RA-6 proposal demonstrated the versatility 
of ALOS-2/PALSAR-2 when using backscatter images 
and InSAR coherence. This research enhance the ability of 
ALOS-2 to detect, monitor and assess change in canopy 
structure in a variety of ecosystem types, even in very high 
biomass regime encountered in the tropics. We 
demonstrated the power of ALOS to: 1) detect change in 
forest cover, 2) improve aboveground biomass estimates in 
tropical forests, 3) perform repeat-pass interferometry to 
characterize phenology and 4) measure water level change 
in wetlands.   
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1. INTRODUCTION

This study focused on innovative applications of Synthetic 
aperture radar (SAR) and Interferometry SAR (InSAR) 
technologies to address three distinctly different Earth 
science problems, which are much less studied regions 
using the SAR geodetic techniques. These three scientific 
problems are the high elevation permafrost region over the 
Qinghai-Tibetan Plateau, the highest plateau in the world, 
with an average of 5 km altitude, and its high-mountain 
downstream region in the river delta of Bay of Bengal, the 
Sundarbans mangrove forest wetland. The Sundarbans and 
is the largest single block of tidal halophytic (salt water) 
mangrove forest in the world, covering an area of 10,000 
km2, and is located in southern Bangladesh and the 
southern part of West Bengal state in India. The third 
scientific problem is study the vulnerability over coastal 
Bangladesh by observing polders displacement, which will 
support the Government of Bangladesh (GOB) Coastal 
Embankment Improvement Project Phase-1 (CEIP–1).  

2. MAPPING ACTIVE LAYER THICKNESS
CHANGES IN NORTHERN QINGHAI-TIBETAN 

PLATEAU 

Permafrost is defined as the perennially frozen ground (soil 
or rock) that remains at or below the freezing point of water 
(0 °C) for at least two years [1; 2]. Overlying the 
permafrost is the active layer (AL), which is the top layer 
of soil or other Earth materials that are subject to seasonal 
thawing during summer and freezing again during autumn 
[3]. The AL plays an important role in the surface energy 
balance, carbon exchange, ecosystem, hydrological cycle, 
and landscape process in cold regions. The active layer 
thickness (ALT), the thaw depth in permafrost regions due 
to solar heating of the surface, is extremely sensitive to 
climate change. It varies due to air temperature, the 
amplitude of ground surface temperature, the duration of 
summer, the thickness and thermal properties of alpine 
vegetation, and the snow cover, etc. [4]. 
It has been widely accepted that the amount of ice/frozen 
grounds on Earth is decreasing [5; 6]. There are distinct 
evidences suggest that permafrost extent is thawing and 
active layer thickness is increasing due to the permafrost 

temperature rising. The permafrost temperature in 
Northern Alaska has increased by 2–3 °C since the 1980s 
[7; 8]. In the Russian Arctic region, the permafrost 
temperature increased about 1–2 °C during the last few 
decades [9]. Evidences from these monitoring sites 
indicated that ALT has been increasing over Russian Arctic 
regions [10]. 

On the Qinghai-Tibetan Plateau, the temperature of 
permafrost along the Qinghai-Tibet highway (QTH) has 
been monitored from 1996 to 2006 with an average 
increase of about 0.43 °C during the past decades and the 
mean rate of permafrost temperature rise was 
approximately 0.02 °C·yr−1 from 2006 to 2010 along the 

Fig 2.1. The data coverage map of ALOS-1 PALSAR 
along the QT railway (white line). The light blue dots 
represent borehole sites and background map is SRTM 
DEM. 
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Qinghai-Tibet railway (QTR). Global warming and the 
subsequent rise in the geothermal gradient have caused the 
top of the permafrost layer to undergo secular degradation. 
The permafrost is a major reservoir of water and organic 
matter that decays into greenhouse gases. When permafrost 
is frozen, organic carbon can’t decompose, or rot away, 
while with temperature rising, microbes begin 
decomposing this material and greenhouse gases like 
carbon dioxide and methane are released during this 
process. As permafrost thaws, the permafrost extent is 
decreasing globally and large areas of permafrost will 
eventually disappear, which will cause greenhouse gases 
that trapped in permafrost, especially methane, slowly be 
released to atmosphere [11; 12].  

In recent years the interferometric SAR (InSRA) technique 
has been widely used to monitor vertical surface 
displacement caused by freezing and thawing process of 
the AL in permafrost regions, since it is able to sense 
surface deformation with several mm accuracy over 100 
km wide swath, which makes it a promising tool to map the 
ALT and its changes [13; 14; 15]. The long-term trend of 
ALT change is crucial to monitoring permafrost 
degradation which could have profound effects on the flux 
of greenhouse gases [16; 13]. Thus, combining with in situ 
methane emission measurements, InSAR estimated ALT 
change rate could be an alternative approach to detect 
methane release over a large region. 
Here we show some updated results of using InSAR to 
estimate AL thickening rate over QTP along the QTR. Fig 
2.1. Shows the data coverage map of ALOS-1 PALSAR 
along the QTR (white line). The light blue dots represent 
the monitoring network along the QTR which include 27 
borehole sites and background map is SRTM DEM. We 
used standard differential InSAR (DInSAR) method to 
generate differential interferograms and estimated vertical 
ground surface displacement for each InSAR pair. Then a 
sinusoidal model was introduced to estimate secular land 
deformation rate and seasonal displacement from DInSAR 
measurements, as the surface deformation in the 

permafrost area exhibits characteristics of both long-term 
linear deformation and seasonal undulation [14; 15]: 
𝐷 = 𝐷!"#$%&'() +𝐷*'+*"#+! +𝐷' Eq. 1 
𝐷!"#$%&'() = 𝑎1 × 𝑡  Eq. 2 
𝐷*'+*"#+! = 𝑎2 × )sin -,-

.
× 𝑡,. − sin -

,-
.
× 𝑡/.0 +

𝑎3 × )cos -,-
.
× 𝑡,. − cos -

,-
.
× 𝑡/.0 Eq.3 

𝐷' = 𝑎4 × 𝐵 Eq.4 
Where D is the InSAR observed displacement between t1 

and t2; t is time interval (t2-t1); a1 is secular land 
deformation rate; a2 and a3 are estimated parameters for 
seasonal deformation; 𝐷' is phase caused by DEM error; B 
is perpendicular baseline between the two SAR 
acquisitions. 
Then we compared InSAR derived long-term deformation 
rate with in situ ALT thickening rate at 27 borehole sites to 
find a linear relationship between these two components. 
Fig. 2.2 shows the comparison between InSAR derived 
land surface deformation rate and in situ AL thickening 
rate. Then we used the relationship to estimate the Alt 
changing rate, shown in Fig. 2.3. 

 
3. MONITORING WATER LEVEL CHANGES IN 

THE SUNDARBANS, BANGLADESH 
 
Coastal estuaries, which connect ocean coasts, wetlands, 
and land regions, play an important role in the ecology, 
hydrology, ocean circulations, and environment of coastal 
regions. Wetlands cover more than 4% of the Earth’s land 

 
Fig 2.2. Comparison between InSAR derived land 
surface deformation rate and in situ AL thickening 
rate. 

 
Fig 2.3. Active layer thickening rate over study regions 
along the QTR from ALOS PALSAR. 
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surface and are typically located in low-lying areas along 
the edges of lakes and rivers, or in coastal areas protected 
from waves [17]. Because of the flourishing of various 
aquatic plants in it, and its ability to provide habitats for a 
wide range of rare animal species, wetlands have been 
considered as the most biologically diverse of all 
ecosystems, which is distinct from other landforms or 
water bodies. 

 
Fig. 3.1 location of study region in the Sundarbans 
mangrove forest wetland. 

For wetland applications, SAR backscatter coefficients 
from polarimetric or non-polarimetric spaceborne or 
airborne SAR platforms have mostly been employed for 
land cover classification and for delineating inundated 
areas in large river basins or wetland areas. Only a few 
studies have focused on the variation of radar backscatter 
associated with wetland water level changes [18]. Recent 
studies have found that it is possible to estimate water level 
change in wetlands through analyzing the relationship 
between SAR backscatter coefficient and water level 
measurements from gauge and altimetry data [19; 20]. 

 

 
Fig. 3.2 (a) Sundari tree (Heritiera littoralis); (b)-(d) 
local photos of river channels and wetlands 
[GoogleEarth].  

The Bangladesh Delta is the largest deltaic region in the 
world at the confluence of the mighty Ganges, 
Brahmaputra, and Meghna (GBM) rivers.  Bangladesh is a 
South Asian country adjacent to India and Myanmar 
located in the floodplain of the GBM river basin. It is the 
world’s 8th most populous country, home to over 15 
million people, with a high growth rate of over 0.5 million 
people per year. It is also among the most densely-
populated regions in the world. Because of the low 
elevation of Bangladesh, where 75% of this country is less 
than 10 m above sea level while 80% is floodplain, the 

country is one of the most flood-prone countries in the 
world, where about 26,000 km2 (around 18% of the 
country) is flooded each year. 
Our study region is located in the Sundarbans Mangrove 
forest wetland which covers about 10,000 square 
kilometers (Fig. 3.1). In Fig. 3.1, it shows the location of 
study region in the Sundarbans mangrove forest wetland, 
wetland classification from CIFOR 
(https://www2.cifor.org/global-wetlands) and ALOS-1 
PALSAR coverage. The background image is from 
Landsat. The grey rectangles represent the coverage of 
ALOS-1 path 504, 505, 506 and 507 ©JAXA/METI ALOS 
PALSAR L1.0. Accessed through ASF DAAC). Here we 
also used ALOS-2 155-440, 155-430, ©JAXA ALOS-2 
PALSAR2 L1.1.).  

 

 
Fig. 3.3 (up) LOS range changes for different time 
intervals: 1) 42 days, 2) 364 days, and 3) 658 days from 
ALOS-2 PALSAR2. (bottom) shows the averaged 
coherence value over mangrove forest in our study 
region at the coastal region of Bangladesh from ALOS-
1 (up, 19 InSAR pairs with perpendicular baseline less 
than 500 m) and ALOS-2 (bottom, 45 InSAR pairs).  

The Sundarbans is intersected by a complex network of 
tidal waterways, mudflats and small islands of salt-tolerant 
mangrove forest. The characteristic tree of the forest is the 
sundari (Heritiera littoralis), from which the name of the 
forest has probably been derived (Fig. 3.2 (a)). The 
interconnected network of waterways makes almost every 
corner of the forest accessible by boat (Fig. 3.2 (b-d)). In 
our research, we focus primarily on using ALOS PALSAR 
SAR/InSAR data to monitor coastal wetland water level 
change within the Sundarbans. 
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Fig. 3.4 Comparison between ALOS SAR 
backscattering coefficients and water height from 
Envisat virtual stations (VSs). Comparison between 
averaged ALOS SAR backscattering coefficients and 
water height from Envisat virtual stations (VSs). 

In recent years, SAR and InSAR techniques have proven 
effective as an alternative remote sensing approach to 
observe water level conditions over flooded vegetation [17; 
19; 20]. Both applications of SAR and InSAR for wetland 
water-level monitoring are based on the fact that the 
dominant backscattering mechanism in wetlands is double-
bounce backscattering, where the radar signal is initially 
reflected away from sensor by the water’s surface, towards 
a tree trunk or other vertical structure and then directly 
reflected toward the sensor. At the same time, in inundated 
forests, there are two other backscattering mechanisms: 
canopy surface backscatter and volume backscatter that 
includes backscattering from multiple path interactions of 
canopy. Fig. 3.3 (up) LOS range changes for different time 
intervals: 1) 42 days, 2) 364 days, and 3) 658 days from 
ALOS-2 PALSAR2. (bottom) shows the averaged 
coherence value over mangrove forest in our study region 
at the coastal region of Bangladesh from ALOS-1 (up, 19 
InSAR pairs with perpendicular baseline less than 500 m) 
and ALOS-2 (bottom, 45 InSAR pairs). Coherence can be 
maintained in mangrove forest for over two years, which 
suggests that the dominant scattering mechanism is double-
bounce backscattering. 

 

 

 

 
Fig. 3.5 the estimated water level height for each ALOS-
1 PALSAR observations.  

After getting the negative linear relationship between water 
level height and backscattering coefficient from L-band 
SAR images and Envisat observations, we applied this 
simple model to estimate the water level height in our study 
regions. Fig. 3.5 shows example of estimated water levels 
over our study regions in Sundarbans. As we expected, our 
results showed a strong seasonal pattern of water level 
height beneath mangrove forests. As can be seen in the 
figure., water level is generally higher in the wet season 
(June to October) than it is in the dry season (November to 
February) through most areas of mangrove forest, while in 
other dates during March, May and November, the water 
level beneath mangrove forests is typically affected by 
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local weather conditions. And on average, the water level 
in our study region is about 1 to 2 m during the dry season 
and 2 to 5 m during the wet season, a reasonable result 
based on prior water height observations from Envisat 
altimetry. 

 
Fig. 3.6 time series of water level from Saral/Altika and 
backscatter coefficients from ALOS-2 PALSAR2 
imageries for two VSs. 

Since Envisat has been ended in 2012, we used 
SARAL/AltiKa water level time series to calibrate ALOS-
2 intensity images. Fig. 3.6 shows time series of water level 
from Saral/Altika and backscatter coefficients from ALOS-
2 PALSAR2 imageries for 2 VSs. Because of time span of 
two datasets, the overlapping time period is about 1 year, 
and the available observations are limited. Here we applied 
the negative linear relationship from ALOS-1 and 
calibrated backscatter coefficients of ALOS-2 data 
(http://www.eorc.jaxa.jp/ALOS-
2/en/calval/calval_index.htm), to estimate water level in 
mangrove forest. 
 

4. LAND DEFORMATION MONITORING USING 
PSINSAR OVER BANGLADESH COASTAL 

REGIONS 

Bangladesh is a densely-populated, low-lying country 
which located at the Bay of Bengal in South Asia. One-
third of the country is vulnerable to flooding because large 
areas of coastal settlements are situated just above sea-
level. The Government decided to construct polders 
surrounded by embankments along the entire coastal belt 
to protect the people and agriculture of the coastal zone and 
crops from tidal inundation and saline water intrusion and 
release a large extent of land for permanent agriculture. In 
recent years, the Bangladesh Water Development Board 
(BWDB) has prepared to improve the coastal 
embankments. Therefore, it is considered critical to 
monitor the changes of Bangladesh coastal region, 
including the long-term embankment (polders) subsidence, 
to mitigate or to adapt to coastal vulnerability due to sea-
level rise and seasonal monsoonal flooding hazards. 
 
PSInSAR is a technique, which aims at ground 
deformation mapping with millimetric precision over areas 
with dense vegetation or with large deformation rates that 
may cause temporal and geometrical decorrelations of 
pixels. The Permanent Scatterers (PS) are high radar 
reflecting objects for which spectral response does not 
change significantly during different acquisitions. 
Dispersion due to temporal and geometrical decorrelation 
phenomena is thus minimized using PS as measurement 
points. Fig. 4.1 shows land deformation rate over 

Bangladesh coastal areas (polder 13-15, 35) estimated from 
ALOS-PALSAR (2008-2011). Each dot represents a PS 
pixel. Positive means uplift and negative represents 
subsidence. 

  
Fig. 4.1 shows land deformation rate over Bangladesh 
coastal areas (polder 13-15,  35) estimated from ALOS-
PALSAR (2008-2011). 
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1. INTRODUCTION

The hydrologic variation (changes in water level) of 

wetlands makes them the most productive habitat in our 

ecosystem [1], [2]. This same hydrologic variation, 

however, often limits the availability of resources provided 

by wetlands to wetland-dependent organisms in that they 

may be dry when organisms are most dependent on them 

[2]. This variation in inundation of wetlands makes 

accurately developing restoration goals based on the 

resource needs of wildlife populations difficult. Although 

we have an adequate estimate of the total acreage of 

wetlands, we are unable to estimate the acreage of wetlands 

that are inundated by water and, thus, truly available to 

wetland-dependent organisms at the time when they are 

needed [3]. For example migratory waterfowl are likely 

most dependent on wetlands in the central mid-migration 

regions of the US during spring migration [3]. Thus, to 

provide resources for waterfowl, wetlands would need to 

be inundated by surface water from mid-February to mid-

April. Similarly secretive marsh birds and wading birds 

require wetlands in the Midwest United States for breeding 

during May - July while migratory shorebirds require 

wetland for autumn migration during July - September; 

wetlands would need to be inundated by standing water for 

them to be of value to these organisms during these periods 

of time [4], [5]. Currently, no estimates of proportion of 

wetland inundation during these biologically important 

periods are available. Exacerbating these habitat 

assessment problems, wetlands are often covered with 

various levels of vegetation, making it difficult to estimate 

water inundation from aerial photography or optical 

satellite imagery[6].  

Currently, in the Midwestern United States, we 

have no estimates of the proportion of wetlands that are 

unavailable for use by wetland dependent organisms at a 

large scale due to lack of hydrologic inundation or invasive 

vegetation cover during biologically important periods. 

One potential way to derive estimates is the use of synthetic 

aperture radar (SAR), which is an active remote sensing 

technology that uses radiation in the microwave spectrum 

[6]. This radiation is at much longer wavelengths than 

optical imagery (cm scale vs. µm scale). Longer 

wavelength radiation is better able to penetrate through 

clouds and smoke, allowing for data collection regardless 

of atmospheric conditions. This capability can provide data 

during rainy seasons when optical imagery might not be 

very useful [7]. The radiation can also penetrate vegetative 

canopies, but reflects from surface water, larger 

obstructions, and to a lesser extent, saturated soils. This 

differential reflection sets up the potential for a double-

bounce effect, wherein radiation that bounces off of water 

and then vertical objects, or vice versa, is reflected back to 

the satellite as backscatter, resulting in high intensity 

returns [8]. When radiation hits calm open water, it is 

reflected away from the satellite, resulting in a low return. 

When the radiation penetrates dry vegetation, there may 

still be a double-bounce effect, but its intensity is lessened 

by scattering at the soil surface. The intensity of the return 

can therefore be used as an indicator of inundation: if the 

return is very high, or very low, the surface is likely 

inundated [6].  

A satellite with an appropriate sensor must be 

chosen for a project seeking to use SAR; one of the primary 

determinants of which sensor is used by investigators is the 

SAR band. The wavelength of radiation is classified into 

different bands. The most commonly used bands for 

remotely sensed SAR imagery are (with typical 

wavelengths): C (~5.6 cm), L (~23.5 cm), and P (~68.2 cm) 

[9]. Just as SAR microwave radiation is better at 

penetrating clouds and vegetative canopies than optical 

imagery due to its longer wavelength, the penetration by 

SAR varies among bands, with longer wavelength bands 

having more penetrative ability. The vegetative cover types 

of the study area must be taken into consideration when 

selecting bands. P-band SAR is not commonly used for 

inundation studies, despite evidence that it has greater 

canopy penetration than L-band [10], [11]. This may be 

partly due to the limited availability of P-band sensors. L-

band returns of relatively high intensity have been reported 

for inundated forests comprised of bottomland hardwoods, 

pines, cypress-tupelo, and mangroves [6]. C-band imagery 

is not as capable in densely forested areas, but is preferred 

for wetlands dominated by herbaceous vegetation [12] and 

is also capable in sparse woody vegetation [13] because L-

band may not reflect off of the smaller vertical 

obstructions.  

The PALSAR-2 sensor aboard the ALOS-2 

satellite is an L-band satellite launched in 2014, continuing 

the L-band observation started with JERS-1 in 1992 and 
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PALSAR in 2006 [14]. It features multiple modes with 

sufficient resolution to evaluate inundation at the Illinois-

wide scale and features multiple polarity options including 

dual-pol and quad-pol modes. The transmission and 

detection of the SAR radiation can each be polarization 

specific: vertical or horizontal. Early SAR utilized one or 

two of the possible combinations: VV, VH, HH, HV, where 

the letters represent the transmission and detection 

polarizations, respectively. Each polarization combination 

produces different values depending on the surface 

detected. Like-polarized imagery such as HH or VV is 

often preferred for inundation studies because it results in 

a greater contrast of backscatter between inundated and 

non-inundated areas than cross-polarized imagery [7], [15]. 

A common method for estimating inundation in SAR 

imagery is to use the intensity values from like-

polarizations. This can be done through thresholding [6] or 

using classification algorithms such as Random Forest 

[16]. Additionally, evaluations of multi-temporal imagery 

can provide insight into inundation regimes of the wetland 

areas [17].  

Different scattering mechanisms can also be 

detected in polarized imagery, wherein the polarization of 

emitted radiation is transformed by the time it returns to the 

sensor. The occurrence of phase shifts has been modeled 

[18], [19] and used to aid classification [20], [21]. The 

degree of the shift may be influenced by the vegetation 

composition [22], the geometry of the reflector, or 

differential scattering between polarizations [23]. Most 

modern SAR sensors utilize two (dual-pol) or four 

combinations (quad-pol). Mathematical decompositions of 

quad-pol imagery can increase inundation classification 

accuracy by allowing the discrimination of different 

scattering mechanisms [24]: specular reflection from 

smooth surfaces, rough scatter from single bounce returns, 

volume from multi-directional backscatter by understory 

vegetation, and double-bounce scattering from dihedral 

reflectors, such as inundated trees [25], [26]. Effective 

wetland inundation and land cover classifications have 

been performed using the Freeman-Durden decomposition 

[24], Shannon entropy and surface scattering [27], and 

H/A/α or H/α [28], among others. 

A fusion of multiple remote sensing methods 

might be the best way to increase accuracy. For example, 

an L-band SAR image may fail to reveal inundated 

emergent vegetation, but a C-band SAR image of the same 

location might show a double-bounce. The Sentinel-1 

mission from the European Space Agency has collected C-

band SAR during a similar period to PALSAR-2, allowing 

dual satellite mapping. Combinations of remote sensing 

data types have been used to map wetland presence and 

vegetation types. Fusion of C-band, L-band and Landsat 

imagery provided 94% accuracy for a classification of 

wetland vegetation type and inundation [13]. C-band, 

Landsat, and optical VHR imagery have been used to 

develop the Canadian Wetland Inventory [29], [30]. 

Evaluations showed that adding SAR data increased 

wetland classification accuracy in the inventory [31]. 

LiDAR has also been used to correct for the effects of 

vegetation on SAR returns [23] and fusion of the two has 

been used determine flood extent [32]. Both C-band and L-

band SAR have been successfully combined to map both 

wetland type and inundation [33]. Combining the strengths 

of the multiple sensors appears to be the best approach to 

inundation monitoring, but doing so requires complex 

classification methods to handle the multiple data sources.  

We seek to use SAR and Sentinel-1 imagery to 

refine our estimates of wetland inundation in the state of 

Illinois. A successful model will allow wetland and wildlife 

managers to monitor the availability of wetland habitat at a 

level previous unattainable. For the overall project, we plan 

to use inundation mapping from ground surveys to train 

and test classifications of PALSAR-2 and Sentinel-1 

imagery of Illinois during the period 2015-2018. The 

ground survey is most extensive within the extent of one 

PALSAR-2 scene along the Kaskaskia River, mapped and 

imaged during low-water and during a flood event. Using 

this scene and ground survey data, we aim to use the trained 

classifier to classify the 200-250 PALSAR-2 scenes during 

the study period and distributed throughout the state that 

we were granted through RA-6. We will then use additional 

ground survey data to validate the additional classifications 

and will use the resulting classifications to evaluate 

patterns of inundation (i.e. extent, seasonality). For this 

specific manuscript, we discuss preliminary attempts to 

classify the PALSAR-2 imagery from the Kaskaskia river 

as we work toward methodology for classifying the 

additional imagery. 

 

2. METHODS 

 

We used handheld GPS to map inundation status (i.e. 

inundated or not-inundated) and vegetation type (i.e. 

woody, herbaceous, or open) throughout National 

Wetlands Inventory wetlands (NWI; [32]). Ground surveys 

were conducted within 1 week of scene collection during 

two different periods: low water (August 28, 2015) and 

flood event (May 5, 2017). No substantial changes in 

inundation or river stage occurred within the collection 

periods. Herbaceous and open classes were combined, 

resulting in four classes: inundated open/herbaceous, 

inundated woody, not-inundated open/herbaceous, and 

not-inundated woody.  

 We tasked and purchased quad-pol PALSAR-2 

L1.1 stripmap scenes from August 1, 2015 and May 5, 

2017 and obtained dual-pol Sentinel-1A L1 GRD scenes 

from August 19, 2015 and May 4, 2017. Using ESA SNAP 

v8.0, we applied thermal noise reduction, orbit file, border 

noise reduction, calibration, and speckle filtering (Lee 

Sigma 7x7) to the Sentinel-1 imagery. We calibrated, 

speckle filtered, and terrain corrected the PALSAR-2 

imagery for classification based on backscatter intensity. 

The flood PALSAR-2 scene was calibrated, decomposed 

(H/A/α and Freeman-Durden), speckle filtered, and terrain 

corrected for classification based on the decomposition 

results. Sentinel 1-A and Palsar-2 intensity results were 

collocated for dual-satellite classifications. 

 We used random forest to classify the various 

products using the ground survey data for training. We also 

attempted to use a Wishart classifier with the polarametric 

data. We clipped results to the extent of wetlands listed in 

the NWI. Thus far, we have quantified overall training 

accuracy and qualitatively evaluated the resulting 

classifications. We will further refine our methods before 

evaluating classification accuracy with a subset of the 

ground survey data in the future. 

 

3. RESULTS 
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 Our ground surveys classified 1133 ha of 

wetlands during low water (Fig. 1A) and 1728 ha during 

the flood event (Fig. 1B), after removing 15-m buffers to 

account for GPS drift. 

  

 

 
Fig. 1 Subset of ground survey data from A) low-water 

and B) flood periods on the Kaskaskia River. The 

river and associated oxbow wetlands are located on 

the west side of this view and a permanent power plant 

reservoir is located on the east side. Buffers of 15 m 

were removed from all polygons to reduce the 

influence of GPS drift. 

  

We classified PALSAR-2 and a combination of PALSAR-

2 and Sentinel-1 imagery using random forest. Among 

backscatter intensity-based classifications, overall training 

accuracy was highest for the dual-satellite flooded scene 

(96.76%; Fig. 2D), then the PALSAR-2 flooded scene 

(86.7%; Fig. 2B), dual-satellite low-water scene (81.1%; 

Fig. 2C), and finally the PALSAR-2 low-water scene 

(67.38%; Fig. 2A). Qualitatively, the classification of the 

PALSAR-2 flooded scene most closely represented the 

extent of inundated woody cover while the dual-satellite 

classification of the low-water scene best represented the 

extent of inundated open/herbaceous. 

 

 

 
Fig. 2 Subset of classified imagery with riverine 

wetland adjacent to a reservoir. Areas outside the 

National Wetland Inventory were masked. 

Classifications A and B are based on quad-pol 

intensity of PALSAR-2 image for low-water and flood 

periods, respectively. Classifications C and D are 

based on quad-pol intensity of PALSAR-2 and dual-

pol intensity of Sentinel-1 images from the same 

periods as A and B. 

 

Because we will be using the classifier trained from one 

or both of these scenes on scenes from other dates and 

locations, we explored using the classifier from each date 

on the other scene. Qualitatively, they both were effective 

in characterizing the general status of inundation in the 

vegetation; the classification of the low-water scene had 

little inundation in the woody areas and the flood scene 

had substantial inundation in the woody areas. They each 

had omission issues with the inundated open/herbaceous 

class being misclassified as not-inundated for the lake 

area in the low-water scene (east side of Fig. 3A) and for 

the oxbow ponds in the flood scene (west side of Fig. 3B). 

 

 
Fig. 3 Subset of classifications of PALSAR-2 quad-pol 

intensity trained from A) flood imagery applied to 

low-water period imagery, and B) low-water period 

imagery applied to flood imagery. Areas outside the 

National Wetland Inventory were masked. 

 

Finally, we explored classifications based on polarimetric 

decomposition products. We were unable to classify the 

polarimetric products using Wishart distance due to 

software issues, but we will be attempting to resolve these 

issues for future evaluations. We used random forest to 

classify the polarimetric decomposition products of the 

flood scene. The training accuracy was higher for the 

classification using Freeman-Durden double-double 

bounce and volume scattering components (81.84%; Fig. 

4A) than using H/A/α components (80.28%; Fig. 4B). 

Qualitatively, the classification using Freeman-Durden 

components more closely resembled the status of the 

wetlands during the flood event. The H/A/α included 
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substantial inundation, but grossly misclassified inundated 

open/herbaceous as inundated woody.  

 

 

 
Fig. 4  Subset of classifications of PALSAR-2 quad-pol 

imagery using A) double-bounce and volume 

scattering components from Freeman-Durden 

decomposition, and B) H/A/α decomposition. Areas 

outside the National Wetland Inventory were masked. 

 

 

4. DISCUSSION 

 

Overall, the inundation classifications coarsely followed 

the expected trends with more inundation detected during 

the flood event than during the low-water period. Training 

accuracies mostly exceeded 80%, but we have not yet 

performed full accuracy assessments with independent 

data, so do not have a complete understanding of 

classification accuracies. Our qualitative evaluation 

revealed several misclassification issues with cover type, 

inundation type, or both. In general, all classifications 

underestimated the inundation, showing not-inundated 

areas during the flood event when those areas were quite 

rare. 

The classifications that we present here have been 

clipped to the NWI wetland extents, but the classifications 

themselves were performed on the entire scene along with 

additional ground surveys outside the NWI area. The 

classifications outside the NWI during the flood event 

showed extensive flooding in agricultural fields despite 

those fields not being flooded. It is possible that the fields 

were saturated with water and that our classifications failed 

to discriminate between the returns from saturated soils and 

those from inundated soils. Our ultimate goal is to estimate 

the total inundated area available to migratory birds in 

these areas, so restricting classifications to only the NWI 

wetlands would likely underestimate available habitat. 

Inundated agricultural fields can serve as important 

foraging sites for some migratory waterbirds in this region 

[5]. Thus, we will need to refine our classifications both 

within and outside the NWI extent.  

 We have neither exhausted classification 

approaches nor have we refined imagery preprocessing, so 

there remain multiple options for improving 

classifications. Many of our granted scenes are of the same 

locations at multiple times, so we will explore methods that 

leverage the temporal component, such as multi-product 

speckle filtering, change detection, and min-max 

inundation for seasonality information [17]. Of the 250 

scenes granted under RA-6, 190 are processed at L1.1, the 

same as our purchased training scenes, allowing us to 

further explore polarimetric decompositions and 

classifications. Upon resolving software issues, we plan to 

attempt Wishart classifications of the polarimetric 

products, which have been demonstrated as a highly 

accurate method for classifying wetlands [28]. We have 

explored some potential topographic derivatives used in 

other studies to refine results, including height-above-

nearest-drainage (HAND; [28]), slope [34], and 

topographic wetness index [35], but none have perfectly 

discriminated among potentially inundated areas and areas 

without potential for inundation within our study area. It is 

possible that more general, lower resolution derivatives of 

those products will be more useful to generally represent 

floodplain areas and upland areas. Finally, although our use 

of Sentinel-1 imagery did not appear to improve our 

classifications in these scenes, it may be because the 

wetlands in these scenes were dominated by woody 

vegetation. C-band imagery may prove more useful in 

classifications of wetlands with substantial areal coverage 

by herbaceous vegetation [12], which are found in other 

regions of Illinois [36]. 
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1. INTRODUCTION

Climate change is one of the most important phenomena 
currently affecting the worldwide crop production. With 
insufficient precipitation amounts and a significant 
increase in the evapotranspiration rates due to higher 
temperatures, water demand for crop cultivation has been 
increasing in the last two decades. In the year 2025, the 
global crop production in irrigated areas is expected to 
reach 80%, an increase of 50% from the year 2000, as 
estimated by the FAO. As a result, irrigation is the main 
contributor in the freshwater consumption. However, with 
water shortages, new agricultural policies should be 
adapted to sustain crop production with the increase in the 
population food demands, as well as preserving water 
resources.Synthetic Aperture Radar (SAR) data has been 
exploited to deal with mapping irrigated areas. The key 
element in the usage of the SAR data for irrigation mapping 
is the surface soil moisture (SSM) values that has been 
widely demonstrated to be correlated with the radar 
backscattering coefficients. 
The objective of this project is to investigate the potential 
of ALOS in L-band for the retrieval of surface roughness 
and soil moisture in agricultural areas. This report 
summarizes the various works carried out within the 
framework of this project. 

2. SYNTHESIS OF RESEARCH CARRIED OUT

2.1. Comparative analysis of the accuracy of surface soil 
moisture estimation from the C- and L-bands [1] 

Surface soil moisture (SSM) estimation is of great 
importance in several areas, such as hydrology, agriculture 
and risk assessment. C-band SAR (synthetic aperture 
radar) data have been widely used to estimate SSM, 
whereas few studies have been performed using L-band 
SAR due to the low availability of L-band SAR data. In this 
context, the objective of the present paper is to compare the 
SSM estimation potentials of the C- (Sentinel-1) and L-
bands (PALSAR) for wheat and grassland plots. The 
inversion approach developed in this study uses neural 
networks to invert the SAR signal and estimate the SSM. 
For each radar frequency, the developed neural networks 
were trained using the following as an input vector: SAR 
incidence angle, SAR polarization (VV for the Cband and 
HH for the L-band), and NDVI from optical images. 

Artificial Neural networks (ANNs) were developed and 
validated using synthetic and real databases. The results 
showed that the L-band provided slightly less accurate 
SSM estimates than the C-band. Moreover, the results 
showed that the accuracies of the SSM estimates for both 
frequencies strongly depended on the soil roughness 
(Hrms) and SSM values. From the synthetic database at 
SSM values less than 25 vol.%, the ANNs underestimated 
the SSM for Hrms values less than 1.5 cm and 
overestimated the SSM for Hrms values greater than 1.5 
cm. In addition, the ANNs underestimated the SSM value
regardless of the Hrms value when the SSM value was
greater than 25 vol.%. An RMSE analysis of the SSM
estimates showed that the highest RMSE values were
observed for the L-band regardless of the SSM value, and
high RMSE values were observed for the C-band only in
very wet soil conditions (SSM>25 vol.%). From the real
database at NDVI values less than 0.7, the RMSE (root
mean square error) of the SSM estimates was 4.6 vol.% for
the C-band and 5.3 vol.% for the L-band. Most importantly,
the L-band enabled the estimation of the SSM under a well-
developed vegetation cover (NDVI > 0.7) with an RMSE
of 6.7 vol.%, whereas the C-band SAR signal became
completely attenuated for some crops when the NDVI
value was greater than 0.7, and thus the estimation of SSM
was impossible using the C-band.

2.2. Analysis of L-band SAR data for soil moisture 
estimations over agricultural areas in the tropics [2] 

The main objective of this study is to analyze the potential 
use of L-band radar data for the estimation of soil moisture 
over tropical agricultural areas under dense vegetation 
cover conditions. Ten radar images were acquired using the 
Phased Array Synthetic Aperture Radar/Advanced Land 
Observing Satellite (PALSAR/ALOS)-2 sensor over the 
Berambadi watershed (south India), between June and 
October of 2018. Simultaneous ground measurements of 
soil moisture, soil roughness, and leaf area index (LAI) 
were also recorded. The sensitivity of PALSAR 
observations to variations in soil moisture has been 
reported by several authors, and is confirmed in the present 
study, even for the case of very dense crops. The radar 
signals are simulated using five different radar 
backscattering models (physical and semi-empirical), over 
bare soil, and over areas with various types of crop cover 
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(turmeric, marigold, and sorghum). When the semi-
empirical water cloud model (WCM) is parameterized as a 
function of the LAI, to account for the vegetation’s 
contribution to the backscattered signal, it can provide 
relatively accurate estimations of soil moisture in turmeric 
and marigold fields, but has certain limitations when 
applied to sorghum fields. Observed limitations highlight 
the need to expand the analysis beyond the LAI by 
including additional vegetation parameters in order to take 
into account volume scattering in the L-band backscattered 
radar signal for accurate soil moisture estimation. 
 
2.3. Penetration analysis of SAR signals in the C and L 
bands for wheat, maize, and grasslands [3] 
 
This paper assesses the potential of Synthetic Aperture 
Radar (SAR) in the C and L bands to penetrate into the 
canopy cover of wheat, maize and grasslands. For wheat 
and grasslands, the sensitivity of the C and L bands to in 
situ surface soil moisture (SSM) was first studied 
according to three levels of the Normalized Difference 
Vegetation Index (NDVI < 0.4, 0.4 < NDVI < 0.7, and 
NDVI > 0.7). Next, the temporal evolution of the SAR 
signal in the C and L bands was analyzed according to SSM 
and the NDVI. For wheat and grasslands, the results 
showed that the L-band in HH polarization penetrates the 
canopy even when the canopy is well-developed (NDVI > 
0.7), whereas the penetration of the C-band into the canopy 
is limited for an NDVI < 0.7. For an NDVI less than 0.7, 
the sensitivity of the radar signal to SSM is approximately 
0.27 dB/vol.% for the L-band in HH polarization and 
approximately 0.12 dB/vol.% for the C-band (in both VV 
and VH polarizations). For highly developed wheat and 
grassland cover (NDVI > 0.7), the sensitivity of the L-band 
in HH polarization to SSM is approximately 0.19 dB/vol.%, 
whereas as the C-band is insensitive to SSM. For maize, 
only the temporal evolution of the C-band according to 
SSM and the NDVI was studied because the swath of SAR 
images in the L-band did not cover the maize plots. The 
results showed that the C-band in VV polarization is able 
to penetrate the maize canopy even when the canopy is well 
developed (NDVI > 0.7) due to high-order scattering along 
the soil-vegetation pathway that contains a soil 
contribution. According to results obtained in this paper, 
the L-band would penetrate a well-developed maize cover 
since the penetration depth of the L-band is greater than 
that of the C-band. 
 
2.4. Cereal crops soil parameters retrieval using L-band 
ALOS-2 and C-band Sentinel-1 sensors [4] 
 
This paper discusses the potential of L-band Advanced 
Land Observing Satellite-2 (ALOS-2) and C-band 
Sentinel-1 radar data for retrieving soil parameters over 
cereal fields. For this purpose, multi-incidence, multi-
polarization and dual-frequency satellite data were 
acquired simultaneously with in situ measurements 
collected over a semiarid area, the Merguellil Plain (central 
Tunisia). The L- and C-band signal sensitivity to soil 
roughness, moisture and vegetation was investigated. High 
correlation coefficients were observed between the radar 
signals and soil roughness values for all processed multi-
configurations of ALOS-2 and Sentinel-1 data. The 
sensitivity of SAR (Synthetic Aperture Radar) data to soil 
moisture was investigated for three classes of the 

normalized difference vegetation index (NDVI) (low 
vegetation cover, medium cover and dense cover), 
illustrating a decreasing sensitivity with increasing NDVI 
values. The highest sensitivity to soil moisture under the 
dense cover class is observed in L-band data. For various 
vegetation properties (leaf area index (LAI), height of 
vegetation cover (H) and vegetation water content (VWC)), 
a strong correlation is observed with the ALOS-2 radar 
signals (in HH(Horizontal-Horizontal) and 
HV(Horizontal-Vertical) polarizations). Different 
empirical models that link radar signals (in the L- and C-
bands) to soil moisture and roughness parameters, as well 
as the semi-empirical Dubois modified model (Dubois-B) 
and the modified integral equation model (IEM-B), over 
bare soils are proposed for all polarizations. The results 
reveal that IEM-B performed a better accuracy comparing 
to Dubois-B. This analysis is also proposed for covered 
surfaces using different options provided by the water 
cloud model (WCM) (with and without the soil–vegetation 
interaction scattering term) coupled with the best accuracy 
bare soil backscattering models: IEM-B for co-polarization 
and empirical models for the entire dataset. Based on the 
validated backscattering models, different options of 
coupled models are tested for soil moisture inversion. The 
integration of a soil–vegetation interaction component in 
the WCM illustrates a considerable contribution to soil 
moisture precision in the HV polarization mode in the L-
band frequency and a neglected effect on C-band data 
inversion. 
 
2.5. Integration of soil roughness estimated from L-band 
SAR data into a retrieval approach of bare soil moisture 
from C-band SAR data [5] 
 
Surface soil moisture (SSM) is a key variable for many 
environmental studies, including hydrology and agriculture. 
Synthetic aperture radar (SAR) data in the C-band are 
widely used nowadays to estimate SSM since the Sentinel-
2 provides free of charge C-band SAR images at high 
spatial resolution with high revisit time, whereas the use of 
L-band is limited due to the low data availability. In this 
context, the main objective of this paper is to develop an 
operational approach for SSM estimation that uses mainly 
data in the C- (Sentinel-1) with L-bands (ALOS/PALSAR) 
as additional data to improve SSM estimation accuracy. 
The approach is based on the use of artificial neural 
networks (NNs) technique to firstly derive the soil 
roughness (Hrms) from the L-band (HH polarization) to 
then consider the L-band derived Hrms and C-band SAR 
data (VV and VH polarizations) in the input vector of NNs 
for SSM estimation. Thus, the Hrms estimated from L-
band at a given date is assumed to be constant for a given 
times series of C-band images. The NNs were trained and 
validated using synthetic and real databases. The results 
showed that the use of L-band derived Hrms in the input 
vector of NN in addition to C-band SAR data improved 
SSM estimation by decreasing the error (bias and RMSE), 
mainly for SSM-values lower than 15 vol.% and regardless 
of Hrms-values. Based on the synthetic database, the NNs 
that neglect the Hrms underestimate and overestimate the 
SSM (bias that ranges between -8.0 and 4.0 vol.%) for 
Hrms-values lower and higher than 1.5 cm, respectively. 
For Hrms < 1.5 cm and most SSM higher than 10 vol.%, 
the use of Hrms as an input in the NNs decreases the 
underestimation of the SSM (bias ranged from -4.5 vol.% 
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to 0 vol.%) and provides more accurate estimation of the 
SSM with a decrease of the RMSE by 2 vol.%, 
approximately. Moreover, for Hrms-values between 1.5 
and 2.0 cm, the overestimation of SSM slightly decrease 
(by around 1.0 vol%), without a significant improvement 
on the RMSE. In addition, for Hrms > 2.0 cm and SSM 
between 8 to 22 vol. %, the accuracy on the SSM 
estimation improved and the overestimation decreased by 
2.2 vol.% (from 4.5 vol.% to 2.3 vol.%). From the real 
database, the use of Hrms estimated from the L-band 
brought a significant improvement on the SSM estimation 
accuracy. For in situ SSM less than 15 vol.%, the RMSE 
decreased by 1.5 and 2.2 vol.% and the bias by 1.2 and 2.6 
vol.%, for Hrms-values lower and higher than 1.5 cm, 
respectively. 
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1. INTRODUCTION

The main driver of Indian economy is agriculture

sector as an approximate 60% of Indian population is

directly or indirectly engage in agriculture and

contributing 13% of country’s GDP (Gross Domestic

Product). To enhance the sustainable growth of

agriculture in synchronization with natural recourses

precise crop information at spatial scale is prime

focus for various national agricultural programs. In

past three decades whole globe had witnessed the

substantial advancement in the field of ground, aerial

and space based remote sensing technology and

computing techniques. In India as per the need of

scientific agricultural community space programs and

policy had taken a shape and various space missions

were executed. With the success of the previous

Indian missions the demand from agricultural

scientific community increases from national scale

monitoring to field scale monitoring during monsoon

(rainy) and post monsoon seasons. Indian space

community demonstrated the usage of optical,

thermal and microwave sensors at various spatial and

temporal resolutions for agricultural applications. To

further enhance the scope of remote sensing in

agriculture and to harness the potential of Synthetic

Aperture Radar (SAR) data an investigation was

planned with ALOS L band data. As SAR have an

inherit capability to provide data in all sky conditions

and can overcome the limitation of optical and

thermal during cloudy sky. In past studies were done

to map crop using RISAT-1 and RadarSat in

homogeneous agricultural patches of India. All past

studies were more focused to address mapping of

flooded paddy crop. This will generated need to

address a greater number of crops using SAR data

and to explore to address in season crop phenology in

homogeneous and heterogeneous patches. In this

study crop mapping and phenology were prime

objectives. As listed in literature many researches

have been carried out for monitoring agricultural

areas using SAR data because of their sensitivity to

the moist conditions and surface roughness. Nelson et

al. (2004) and Q. Zhang (2011) demonstrated the

classification by paddy fields from other crops and 

land uses. Mandowara et al. (2019) used C- band data 

to classify different agricultural crops over 

heterogenous area. Yusoff et al. (2016) identified 

rubber and oil palm from agricultural areas, Tian et 

al. (2010) identified crops and Mishra et al. (2011) 

showed promising results in classification of tall 

vegetation from short vegetation using SAR data. 

This study aims to use different microwave 

frequencies data such as ALOS-2/PALSAR-2 data 

and C-band Sentinel-1A data for identification of 

crop types and phenology over heterogeneous and 

homogeneous croplands respectively.   

2. STUDY AREA

The present study was carried out over two regions of

India. (a) Gurdaspur, Punjab (Homogeneous) (b)

Anand, Gujarat (Heterogeneous). Gurdaspur is on the

main highway to Amritsar (southwest), Punjab’s

largest city. It is located at 32.0414° N, 75.4031° E.

The annual temperature in this region varies in the

range of 2oC to 450C. In winter temperature ranges

from 2oC to 200C. The 80% (650 mm) rainfall in this

region received during monsoon season (June to

September) and rest due to western disturbance

(December to March). Its elevation ranges from about

305 to 381 meters above sea level and having sandy

loam soil. The whole region is well irrigated and lies

adjacent to Himalayan hill state of Himanchal

Pradesh. The study area is primarily a trade Centre

for the region’s agricultural products; wheat (post

monsoon), corn (maize), rice (monsoon), and other

crops are grown in the surrounding area. In winter

90% of agricultural area is dominated by wheat crop.

Total 45 wheat field were geotagged with crop

phenology (Table 1a).

The study area Anand popular known as “Milk

Capital of India”, for Amul dairy and its vast

contribution in milk industry. The Head Office of

Gujarat Cooperative Milk Marketing Federation Ltd

(GCMMF), which is parent organization for AMUL

& other co-operative operations for collection of

milk), Vidya Dairy, Institute of Rural Management
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Anand (IRMA), NDDB of India and one of the 

largest University, the Anand Agriculture University 

are all situated in Anand. It is located at 22.57° North 

latitude and 72.93° East longitude (Fig. 1) and has an 

average elevation of 39 meters (127 feet). The region 

has alluvial sandy and loam type with average depth 

of 200 cm. Temperature in this region varies from 

20.30oC to 33.63oC. The average seasonal rainfall 

here is about 750 mm. Anand is primarily an 

agricultural district with tobacco and paddy as the 

predominant crops. The other major crops cultivated 

are wheat, banana and vegetables such as papaya, 

mango, onion, cabbage etc. About 30.12 % of land 

holdings are with small and marginal farmers and the 

average size of the holdings is 0.96 Ha. Cultivated 

lands (68.58 %), forest lands (0.20%), open scrub and 

waste land (9%) and miscellaneous lands (12%). It 

falls under Agro Climate Region of XIII-Gujarat 

Plain & hills region. 

 

Figure 1. Location map of study area 

 

The texture of the soil is loamy sand. The soil is low 

in organic carbon and nitrogen, medium in available 

phosphorus and available Sulphur.  Status of 

potassium was found high, while micronutrient status 

is found sufficient. The GPS survey was carried out 

across the district using the Trimble® R1 rugged, 

compact, lightweight GNSS receiver that provides 

professional-grade positioning information to any 

connected mobile device using Bluetooth® 

connectivity. The total ground truth points collected 

for different crop types is shown in Table 1b for 

Anand region.  

Table 1a. Number of GPS points collected for wheat 

crop over Gurdaspur district 

  

Sr. No. Phenological 

stage of wheat 

crop 

Total ground 

points 

1. CRI stage 10 

2. Tillering stage 15 

3. Soft dough 

stage 

10 

4. Hard dough 

stage 

10 

 Total 45 

 

 

Table 1b. Number of GPS points covered during field 

visit at Anand  

Sr. No. Feature class Total ground 

points 

1. Tobacco 31 

2. Banana 14 

3. Potato 6 

4. Wheat 8 

5. Water body 11 

6. Bare soil 21 

 Total 91 

 

3. Methodology: 

A. In situ data  

To full the objectives of the study rigorous field data 

was collected. the field visit was planned in such a 

way that field data can be collected for two 

consecutive days nearby satellite imaging date. In the 

field data collection major land types namely, water 

bodies, barren land, major crop types and urban/rural 

settlements. In Gurudaspur district total 45 wheat 

field were surveyed to record the different 

phenological stages of crop (Figure 2a). Moreover, in 

Anand region at 33 crop fields parameters such as 

crop height, soil moisture, biomass, leaf area index 

(LAI), plant to plant distance and row to row distance 

were measured. Additionally, 91 location points have 

been recorded during the field visit (Figure 2b) as 

shown in Table 1. 

 

 

Figure 2a. Ground pictures for different phenological 

stages of wheat crop 
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Figure 2b. geo-location and field pictures 

conditions of ground truth points collected over 

study area 

 

 

B. Preprocessing of SAR data  

ALOS-2/ PALSAR-2 data: 

Sentinels Application Platform (SNAP) software 

from the European Space Agency (ESA) provides the 

tools for processing Sentinel-1 satellite data, as well 

as other satellite data, such as from PALSAR-2. The 

preprocessing steps are (i) calibration, (ii) multi-look 

with a 1:2 ratio for azimuth and range (JAXA, 2014), 

(iii) co-registration, (iv) speckle filtering for reducing 

the noise in SAR data, (v) geocoded processing and 

(vi) backscatter coefficient calculation.  All 

PALSAR-2 data were stacked and co-registered 

together by using the Shuttle Radar Topographic 

Mission digital elevation model (SRTM DEM). The 

single product speckle filter was applied based on the 

Lee speckle filtering method with a window size of 5 

× 5. The PALSAR-2 data were geocoded to the 

Universal Transverse Mercator (UTM) projection 

49S with World Geodetic System 1984 (WGS84) 

datum. The topographic effect was corrected using 

the SRTM DEM. The results of the geocoded images 

formed a subset based on study area coverage and 

were confirmed to have a perfect fit with the Pleiades 

image. The full-Pol ALOS-2/PALSAR-2 data at 3m 

spatial resolution was used to carry out study at 

Gurdaspur, while dual Pol ALOS-2/PALSAR-2 data 

at spatial resolution of 10m was used for study over 

Anand region, in order to be coherent with Sentinel 1-

A data set.  

SENTINEL- data: 

The Sentinel-1A IW Level 1 (L1) GRDH (ground-

range detected, high resolution) product was used in 

this study. The Sentinel-1 C band (~ 5.40 GHz) SAR 

data has dual-polarization (VV and VH) with revisit 

time of 12 days with spatial resolution of 10 m.  L1 

data was pre-processed using ESA’s open source 

‘Sentinel-1 Toolbox’. Pre-processing steps include 

orbit correction, geocoding, radiometric calibration 

and resampling 

(seehttps://sentinel.esa.int/web/sentinel/toolboxes/sent

inel-1for a detailed description of the processing 

steps). Since this study is based on the investigation 

of (low-frequency) seasonal backscattering behavior, 

speckle filtering was performed for temporal data 

sets. 

C. Polarimetric H-α classification 

 

Cloude and Pottier (1997) proposed an algorithm to 

identify in an unsupervised way polarimetric 

scattering mechanisms in the H-α plane. The key idea 

is that entropy arises as a natural measure of the 

inherent reversibility of the scattering data and that α 

can be used to identify the underlying average 

scattering mechanism. The H-α classification plane is 

sub-divided into 8 basic zones characteristic of 

different scattering behaviors. The basic scattering 

mechanism of each pixel of a polarimetric SAR 

image can then be identified by comparing its entropy 

and α parameters to fixed thresholds. The different 

class boundaries, in the H-α plane, have been 

determined so as to discriminate surface reflection 

(SR), volume diffusion (VD) and double bounce 

reflection (DB) along the α axis and low, medium and 

high degree of randomness along the entropy axis. 

Detailed explanations, examples and comments 

concerning the different classes can be found in the 

publication from Cloude and Pottier. This 

methodology shown in Figure 3a is tested only for at 

parts of Gurdaspur region of Punjab due to data 

constraints. As per our plan we do not get the 
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temporal ALOS full polarization data for study region 

to address full crop growing phase to investigate the 

whole phenology of the wheat crop. This will limit 

our further investigation for crop phenology with full 

pol dataset.   

 

 
Figure 3a. Unsupervised H-α segmentation scheme 

 

D. Classification based on Backscatter coefficients  

Thresholding of backscatter values for various crops, 

water and urban was calculated with the help of the 

GT points collected during the visits to get an idea of 

range of backscatter value for each crop type. For 

performing supervised classification, region of 

interests (ROIs) file was generated using ground truth 

locations (Table 1b). 

 

 

 

Figure 3b. Overall methodology used in this study 

The backscatter coefficient in decibel units (dB) was 

then calculated using this formula (JAXA, 2017) where 

the Cf and A are calibration factors with a value of -83 

and 32 dB, respectively. Back scatter coefficient (σ) is 

calculated as: 

 σ= 10 × Log10(polarization) + Cf – A        (1) 

Here, Maximum Likelihood Classifier (MLC) was 

applied on the backscatter image which is a popular 

method and is frequently used in the field of remote 

sensing. The procedure involved in MLC can be 

described as a pixel with the maximum likelihood is 

classified into the corresponding class where, the 

likelihood is defined as the posterior probability of a 

pixel belonging to class k”. 

   Lj =P(j/A) = P(j)*P(A/j)/P(i) * P(A/i)       (2) 

where, P(j): prior probability of class j; P(A/j): 

probability density function I.e. PDF or conditional 

probability to observe A from class j, Mostly, P(j) are 

assumed to be equal to each other and P(i) * P(A/i) 

is also common to all classes. Therefore, Lj depends 

on P(A/j) or the probability density function. MLC 

classifier demands for sufficient ground truth data to 

be sampled to allow estimation of the mean vector 

and the variance covariance matrix of population. 

Here, the collected GPS points were used to build the 

ROI file for the scene and at the time of classification, 

this ROI file was overlaid on the backscatter image. 

 

4. Results and Discussions: 

The polarimetric signature was computed from ALOS 

full pol L band dataset over parts of the Gurdaspur 

region. In that region wheat crop was sown at 

different time scale. This led to made a difference in 

different phenological stages of crop. The different 

phenological stages represent different canopy 

architecture and geometry and generate different 

scattering. To study the effect of different 

phenological stages of wheat crop H-α decomposition 

was done. In the Figure 4 the soft and hard dough 

stage represented by scattering by canopy roughness 

as in that stage the surface roughness was maximum. 

The tillering stage was marked as scattering from 

vegetative surface from random anisotropic scatter 

and CRI stage was depicted scattering from 

vegetative surface. In the Figure 4 only wheat crop 

was present at different phenological stages and 

conclusion was made as per the ground truth and 

scattering mechanism. The comparison of 

decomposition of scattering image showed 70% 

accuracy with ground data. In few wheat fields the 

tillering and soft stage gave similar scattering. The 

accuracy of vegetative field with other classes such as 

water and rural settlement was high (85%) as 

compare to within wheat crop phenology 

discrimination.        

 To generate and compare the crop classification map 

using ALOS data over part of Anand region Setinel-1 

data is also used. The backscatter coefficients σVH for 
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C-band varied in range of -17.8 dB to -22.1 dB and 

for L-band varied in range of -13.4 dB to -23.2 dB for 

various LULC (tobacco, banana, wheat, potato) as 

mentioned in Table 2 and Table 3. Using Maximum 

Likelihood Classifier (MLC), we concluded that the 

study area Anand was dominated by tobacco and 

banana which occupied almost 40% of the area as 

seen from both C-band and L-band data. The other 

20% is dominated by other crops (wheat, potato, 

cabbage). The rest area is urban and water (Figure 5 

and Figure 6). This is very analogous to the ground 

survey carried out in this area. The kappa coefficient 

was found to be 0.6 and 0.8 for L-band and C-band 

respectively. Many workers have reported that the 

microwave energy in shorter wavelength regions (C 

band) are more suitable for short crop studies, as they 

interact more with the crops surface due to lesser 

penetration compared as compare to microwave 

energy at higher wavelength (S and L) band. Inoue et 

al. (2002); Brisco and McNairn (2004) research 

demonstrated that the backscatter coefficients of 

higher frequency bands are highly correlated with the 

weight of heads. Lower frequency bands such as L-

band, are better correlated with fresh biomass while 

C-band is better correlated with leaf area index. L-

band data allow identification of well developed 

'broad leaf' crops (sunflower and corn), whilst C-band 

are useful for discriminating different kinds of short 

crops even in the case of moderate growth (Ferrazzoli 

et al., 1997). For C band more multi temporal data set 

is available while for L band we have only two-day 

data set. This leads to higher classification accuracy 

observed from C band as compared to L band in 

heterogeneous agricultural patches. 

 

 
Figure 4: Spatial distribution of H-α segmentation 

scheme over Gurdaspur, Punjab. 

 

Table 2: Backscatter coefficients (σVH) range for 

different crops for C-band 

 

Sr No. Feature 

Class 

Avg. 

Backscatter 

range VH 

polarization 

(dB) 

Standard 

Deviation

(dB) 

Classifi

ed (%) 

in the 

image 

1 Tobacco -17.8 to -

19.2 

0.01 24 

2 Banana -16.2 to -

17.6 

0.008 11 

3 Potato -18.4 to -

19.5 

0.003 7 

4 Wheat -20.7 to -

22.1 

0.09 6 

Table 3: Backscatter coefficients (σVH) range for 

different crops for L-band 

Sr 

No. 

Feature 

Class 

Avg. 

Backscatter 

range VH 

polarization 

(dB) 

Standard 

Deviation(d

B) 

Classifi

ed 

(%) in 

the 

image 

1 Tobacco -15.6 to -17.5 0.11 26 

2 Banana -13.4 to -14.5 0.1 9 

3 Potato -16.7 to -18.5 0.006 7 

4 Wheat -20.6 to -23.2 0.12 4 

 

 

Figure 5: Crop type classification using MLC classifier with ALOS-

2/PALSAR-2 L-band data 
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Figure 6: Crop type classification using MLC classifier with with 

with SENTINEL-1A C-band data 

 

5. Conclusion 

In this study prime aim was to discriminate crop 

phenology and crop type using ALOS-2/ PALSAR-2 

data. We tried to discriminate the wheat phenology 

using one-time full pol data set with accuracy of 70%. 

But due to limitation of temporal resolution we do not 

get any other data from the same study region. This 

study also demonstrated the application of multi 

frequency L-band SAR data for crop classification 

over heterogenous agricultural areas of Gujarat, 

India. The comparison of L-band SAR data with C 

band Sentinel SAR data showed for short height 

canopy C band performed better. To further explore 

the potential of L band crop classification is planned 

over region which is dominated by tall crops such as 

sugarcane and maize. To further enhance the 

accuracy of crop classification fusion of C and L band 

are planned by applying different classification 

accuracies.   
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1. INTRODUCTION

Management of variability of crops is expected for 
precision agriculture in Japan.  Satellite remote sensing is 
a powerful tool for monitoring spatial variability and 
PALSAR-2 has a high potential. PALSAR-2 is an all-
weather type L-band SAR sensor and it is expected for 
agricultural field monitoring. One of the advantage of the 
PALSAR-2 is a possibility of full polarimetric observation. 
Full polarimetric SAR makes it possible to detect the 
scattering mechanism of a target on the ground. 
Classification of agricultural crops is one of the expected 
applications of full polarimetric SAR. Several studies 
about agricultural crop classification using spaceborne C-
band full polarimetric SAR have been reported recently. 
For example, rice, maize, grape, and cotton have been 
classified using RADARSAT-2 full polarimetric data [1]. 
RADARSAT-2 dataset of periodic potato and wheat fields 
in inner Mongolia have been analyzed and the scattering 
characteristics of ridging patterns have been investigated 
[2]. In this study, we applied PALSAR-2 full polarimetric 
data for agricultural monitoring and evaluate its possibility 
[3][4][5].   

2. PADDY RICE FIELD EXTRACTION USING
AGRICULTURAL PARCEL VECTOR DATA [4]

2.1. Study area and data 

The study site analyzed consists of agricultural field in 
Wakabayashi-ku, Sendai-shi. This area was damaged by 
the tsunami caused by the 2011 Great East Japan 
Earthquake.  

Full polarimetric PALSAR-2 data obtained on 11 
September 2014, 4 August 2016, and 3 August 2017 were 
analyzed. Four-component decomposition [6] was carried 
out with a 3 × 3 window size using PolSARpro software 
after deriving a 3 × 3 complex coherency matrix from the 
original data. An eigenvalue–eigenvector decomposition 
[7] was performed, and the scattering entropy, polarimetric
anisotropy, scattering mechanism parameter, and alpha
angle were computed. After the decomposition analysis,
images were projected onto a map with UTM coordinates.
The agricultural parcel vector database was overlaid on the
analyzed images and the mean value of the decomposition
parameters for each agricultural parcel was computed.

To evaluate the PALSAR-2 data analysis results, 
optical sensor images were used as reference data. For a 
quantitative evaluation of the analysis result of the 2014 
PALSAR-2 data, LANDSAT 8 OLI images obtained on 31 
May and 3 August 2014 were analyzed. Agricultural 
parcels with a mean value of the shortwave infrared 
(SWIR) band on 31 May that was less than a threshold 
value were estimated as paddy rice field, and rice growing 
field in the agricultural parcels was estimated using the 
mean value of the Normalized Difference Vegetation Index 
(NDVI) calculated from the 3 August data. Visual 
interpretation results from a SPOT 7 image acquired on 29 
July 2016 and LANDSAT 8 OLI images acquired on 10 
and 26 July 2017 were compared with the analysis results 
of the PALSAR-2 data in 2016 and 2017.   

2.2 Results and discussion 

The polarimetric decomposition result of the PALSAR-2 
data for 2014 was divided as paddy rice field and other crop 
field, including soybean, according to the classification 
results derived by using the LANDSAT 8 OLI analysis 
images. By histogram analysis, rice fields and other crop 
fields were clearly distinguished by alpha angle, double 
bounce scattering component ratio, and surface scattering 
component ratio.   

   Paddy rice field was extracted by binarization analysis 
of the alpha angle, double bounce and surface scattering 
component ratios. Fig.1 shows a paddy rice field extraction 
result using double bounce component ratio for 2014 data 
[3]. The thresholds were determined from the histograms 
analysis.  For the double bounce scattering component ratio, 
a value greater than 26 % was regarded as paddy rice field.  

   Figs. 2 and 3 shows paddy rice field extraction results 
using double bounce component ratio on the 2016 and 2017 
data.  The threshold value was set as 26 %.    For both the 
data obtained in 2016 and 2017, the paddy rice field and 
other crop, including soybean, fields could be 
discriminated effectively, in reference to the field survey 
and visual interpretation of the optical sensor images.  
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3. CROP TYPE ESTIMATION  
USING POLARIMETRIC DECOMPOSITION 

ANALYSIS [5] 
 
3.1 Study area and data 
 

The northern part of Shinchi-cho, Fukushima 
prefecture, Japan, was selected as the study area. This site 
includes agricultural and residential areas. It is bounded by 
the Pacific Ocean and was affected by the tsunami caused 
by the 2011 Great East Japan Earthquake. The main crops 
in this area are paddy rice and soy bean. There are several 
corn fields in coastal side area. There are open-culture 
vegetable fields and agricultural buildings such as 
greenhouses near residential buildings.     

Full polarimetric PALSAR-2 data obtained on August 
2, 2018, from the ascending orbit with an off-nadir angle 

of 25° were analyzed. These data were obtained in the High 
Beam Quad pol. (HBQ) mode with a resolution of ca. 6 m. 
Three component[8] and four-component[6] 
decomposition was carried out with a 3 × 3 window using 
PolSARpro software after deriving a 3 × 3 complex 
coherency matrix from the original data. An eigenvalue–
eigenvector decomposition [7] was performed, and the 
scattering entropy, polarimetric anisotropy, scattering 
mechanism parameter, and alpha angle were computed. 
After the decomposition analysis, the images were 
projected onto a map with UTM coordinates. 

The agricultural parcel vector database was overlaid on 
the analyzed images and the mean value of the 
decomposition parameters for each agricultural parcel was 
computed. Sentinel-2 data and Google Earth Pro images 
were used as reference data.  
 
3.2 Results and discussion 
Percentages for the three component polarimetric 
decomposition components for paddy rice, soybean, corn, 
and vegetable fields selected from the area were computed 
(Fig.4). Scattering characteristics for each crop types were 
shown quantitatively. The double bounce scattering 
component occupies more than 50 percent in paddy rice 
fields. Surface scattering occupies more than 50 percent in 
the soybean fields. Corn fields show a larger percentage of 
volume scattering than paddy rice and soybean fields. The 
percentages of three components were similar in two of the 
selected fields. In the vegetable fields, the dominant 
scattering component is volume scattering and it occupies 
more than 50 percent.   

As shown 2.1, double bounce scattering is a useful 
decomposition component to extract paddy rice fields. In 
PALSAR-2 data obtained in early August and early 
September, most paddy rice fields show more than 26 % of Paddy  

Soybean and others 
500 m 

Fig. 1. Paddy rice field extracted by thresholds for the 
double bounce component ratio with 2014 data [3]. 

Paddy  
Soybean and others 

500 m 

Fig. 3. Paddy rice field extracted by thresholds for the 
double bounce component ratio with 2017 data [4]. 

Paddy  
Soybean and others 

500 m 

Fig. 2. Paddy rice field extracted by thresholds for the 
double bounce component ratio with 2016 data [4]. 
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the double bounce scattering component.  The hilly areas 
with some vegetable fields were evaluated by the threshold 
analysis (Fig.5). Red colored areas correspond to areas in 
which the double bounce scattering component percentage 
is greater than 26 %. Fig.6 is a Sentinel-2 image of the area 
shown in Fig.5. Most of the paddy rice fields are included 
in this category. However, several instances of 
misclassifications of non-paddy rice areas as paddy rice 
fields are observed. Another useful polarimetric 
decomposition parameter is the alpha angle. Threshold 
analysis using the alpha angle was attempted, and miss-
classified fields were observed in these results as well. 
These misclassifications are caused by the vegetable open 
culture fields. The structural configurations of vegetable 
open culture fields are highly variable. Therefore, it is 
difficult to distinguish them from paddy rice fields by 
simple threshold analysis.   
 

 
4. CONCLUSION 

 
Full polarimetric ALOS-2 PALSAR-2 has a potential to 
detect the crop type and its growth.  On the study areas, 
threshold analysis of polarimetric decomposition 
parameters are useful to distinguish paddy rice from other 
crops.  The possibility to distinguish corn field is also 
shown in this study. Further study is necessary to for 
practical use.   

Full polarimetric PALSAR-2 data is also useful to 
detect forest area by combination with optical image and 
Lidar data [9].  There are many possibility for application 
of full polarimetric L-band SAR data for agricultural and 
environmental monitoring.   ALOS-4, as a successor of the 
ALOS-2, has a potential for full polarimetric observation.  
We expect its application to precision agriculture and land 
use observation. 
 
 
 

Rice     Rice      Rice    Soybean  Soybean Corn     Corn     Corn      Vege.    Vege.    Vege. 
   

Scattering components 
 

Double bounce 
Volume  
Surface 

Fig. 4. Percentages of the scattering components analyzed using three component polarimetric decomposition for 
selected paddy rice, soybean, corn, and vegetable fields. [5] 
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Fig. 6. Sentinel-2 image obtained on August 23, 2018[5]. 
 

Double bounce component ratio 
       ≧ 26%                    < 26% 
Fig. 5. Threshold analysis results using the double 
bounce component ratio computed from PALSAR-2 
data[5]. 
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1. INTRODUCTION

Efficient agricultural practices are a global concern 

in terms of monitoring crop health by means of SAR 

imaging. In the present era, various physical, inversion, 

semi-empirical and empirical models have been 

developed in order to analyze and interpret the temporal 

behavior of backscattering coefficients of several crops 

such as rice, sugarcane etc. but they turned into 

unpredictable and mathematically complex models 

since associated with numerous interaction parameters.  

Henceforth, there is a strong need to assess the use 

of polarimetric SAR data for the retrieval of crops' bio-

physical parameters with requiring a-priori information 

as minimal as possible, and development of 

specifications for crop monitoring system. Keeping 

these things in perspective, some crop parameters 

retrieval models were proposed. Complementary field 

measurements were also taken on the test site to fulfill 

the objectives. 

Some approaches are critically analyzed and EM 

based model using fully polarimetric information are 

developed which can offer potential solution for 

classification and soil moisture retrieval. Proposed 

objective of the project are: 

 Decomposition methods based crop 

classification and growth monitoring 

 Electromagnetic scattering model for crop

canopy/ crop health estimation (i.e., biomass,

LAI etc.)

 Neural network and a scattering model (based

on radiative transfer theory) for crop parameters

retrieval

 Continuous canopy model

 Curve fitting procedure for crop phenology

extraction

On the basis of the above-proposed objective, two 

major tasks and their subtask are defined as given 

below:  

I. To prepare an accurate and reliable crop cover

map which will be useful in planning and

management of different agriculture schemes.

a) Development of Standard polarimetric

decomposition based classification methods

for various crop classes (i.e., bare soil, Short

vegetation (SV), Tall vegetation (TV)) and

other classes such as water and urban area.

b) Introduction and investigation of polarization

signatures as a potential features to improve

classification accuracy and development of 

convolutional deep neural networks model for 

the classification. 

c) To develop an artificial neural network (ANN)

approach for classification of different mixed

vegetation classes (i.e., poplar tree, mango

orchards, wheat, sugarcane, other crops, dry

bare soil and wet bare soil) using multi-

frequency SAR data.

II. To develop an algorithm for soil moisture

estimation in agriculture field.

2. MOTIVATION

A reliable crop cover map is necessary for proper 

agriculture management and crop pattern analysis. Soil 

moisture is an essential parameter that affects crop 

health. Therefore, in this project work PALSAR-2 data 

is utilized to classify different crops and for soil 

moisture estimation which will be helpful for the proper 

agriculture management. 

3. STUDY AREA AND DATA SET USED

3.1 Study Area 

Roorkee city is chosen area of interest, which is 

situated near by Haridwar District, Uttarakhand state, in 

India. Agricultural field near Roorkee city contains all 

the major classes which is area of interest for the 

classification. Ganga canal is a region of interest for 

water. Solani River is mostly dry because it is rain fed 

river, it is region of interest for bare soil. Roorkee and 

its near town are the source of urban area. Agriculture 

field are the source of short vegetation (SV). Dense tree 

are present in the Roorkee city and it‟s nearby is the 

region of interest for tall vegetation (TV). Centre 

coordinate of the data set used are 29.868N and 

77.953E respectively. 

3.2 Data set 

ALOAS-PALSAR 2 fully polarimetric data is used 

for development of algorithm, which was acquired on 

13
th

 march 2015 (Data ID- ALOS2043420590),  and for 

the validation of algorithm, it is apply on another data 

set of ALOAS-PALSAR 2 which is acquired on 25
th

 

march 2016(Data ID-ALOS2099310590-P1.1). 

3.3 Ground Truth Data 

For the development of the algorithm, ROI points are 

required, some ROIs are taken from Ground truth 

survey, and some point from Google Earth Imagery. 

Final Report on the 6th ALOS-2 Research Announcement

DEVELOPMENT OF AN ADAPTIVE ALGORITHM FOR CROP 

PARAMETERS RETRIEVAL BY UTILIZING POLARIMETRIC DATA FOR 

REGIONAL CONSERVATION PURPOSES 
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Out of 2487 ROIs, 1578 ROIs are used for training set 

and development of algorithm and remaining 909 ROIs 

are used for validating the algorithm and accuracy 

calculation purpose as shown in Table I: 

 

 
Fig 1 Color composite of the study area (R = HH, G 

= HV, B = VV)  

 
Fig 2 Reference color composite circle 

Table 1 ROI Points 

 
Number of ground truth samples 

collected 

Class Training Testing 

Bare Soil 334 197 

TV 307 179 

SV 306 151 

Urban 310 182 

Water 321 200 

 

 

4. PROPOSED ALGORITHIM AND ITS 

IMPLEMENTATION  

 

4.1 To Prepare an Accurate and Reliable Land Use 

Land Cover Map to Identify Crop Areas:  

Standard polarimetric decomposition based 

methods: PALSAR 2 fully polarimetric data (HH, HV, 

VH, and HH) were used for comparative analysis of 

polarimetric decomposition techniques. Fig 3 shows the 

complete steps involved in the polarimetric 

decomposition techniques, classification and 

comparative analysis of different decomposition 

techniques  . 

Classified results of different decomposition 

techniques using K-mean clustering is shown in Fig. 4. 

Overall accuracy and kappa coefficient of different 

decomposition techniques are given in Table 2.  

 

Fully Polarimetric 

PALSAR 2 Data

Preprocessing

Polarimetric 

Decomposition

Yamaguchi 4 

components 

Decomposition

Freeman 3 

components 

Decomposition

Cloude 

decomposition
H-A-Alpha

Sinclair 

Decomposition

Van Zyl 3-

Decomposition

Pauli 

Decomposition

Layer Stacking of decomposition 

images for classification

Ground truth 

Information

 classification of above 

decomposition techniques 

Accuracy assessment and 

comparative analysis
  

Fig. 3 Flow chart of polarimetric decomposition 

techniques and classification 

Table 2 Overall Accuracy and Kappa coefficient 

 

  

(a) Yamaguchi 4 components 

Decomposition 

(b) Van Zyl 3-Decomposition 

  

(c) Sinclair Decomposition (d) Pauli Decomposition 

Dec. Tech. Overall Accuracy% Kappa Coefficient 

Y4D 65.18 53.24 

VZ3D 0.56 0.41 

Sinclair Dec. 53.01 0.40 

Pauli Dec. 52.34 0.40 

H-A-Alpha 35.16 0.19 

F3D 62.05 0.52 

Cloude Dec. 51.9 0.39 
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(e) H-A-Alpha (f) Freeman-Durden 3 

components Decomposition 

 

(g) Cloude Decomposition 

Fig. 4 Classified results of different decomposition 

techniques 

The results of the polarimetric decomposition 

techniques were calculated using error matrix or 

confusion matrix, confusion matrix gives detail 

information about kappa coefficient and overall 

accuracy. Fig 4 shows the classification result of 

different decomposition techniques. Red color 

representing urban area, blue color for water body, 

yellow for bare soil, green for small vegetation and sky 

green representing tall vegetation. When classification 

techniques were applied to the all decomposition, image 

we observed that all the five classes (bare soil, water, 

urban area, tall vegetation and short vegetation) were 

classified with acceptable overall accuracy and kappa 

coefficient value in the Yamaguchi, Freeman, Cloude 

and Van Zyl decomposition techniques. Out of these 

Y4D and F3D decomposition techniques give the best 

results among all applied decomposition techniques.  

4.2  Introduction and investigation of polarization 

signatures as features to improve classification 

accuracy: 

  In the last subsection land use land cover are 

classified using decomposition techniques but it‟s not 

provide the very good result, therefore for this purpose 

polarization signature as a features are utilized for 

improvement in the classification accuracy.  

 Polarization signature of a target is a three 

dimensional graphical representation of measurement of 

backscattered coefficients. In the polarization signature 

x- axis, y-axis represent ellipticity angle and orientation 

angle respectively and z-axis represent received 

backscattered coefficient for corresponding 

combination of ellipticity and orientation angle. 

Orientation angle (ψ) varies from 90
0
 to 90

0
 and 

ellipticity angle χ varies from -45
0
 to +45

0
. Polarization 

signature can be calculated by equation (1), where σ 

represent backscattering coefficient, suffix i and j 

represent transmit and received combination 

respectively. 

 Co-polarized signature plot obtain by transmit 

and received combination of ψi = ψj and χi = χj and for 

cross polarized signature ψi = (90
0
+ ψj) and χi = -χj. 

Ellipticity angle defined the polarization behavior 

(linear, circular or elliptical polarization), while 

orientation angle defines horizontal or vertical 

polarization[7]–[10]. 

   i i j j i i j j2

i i j j

i j

1 1
4π

σ χ ψ χ ψ = cos2χ cos2ψ K cos2χ cos2ψ
k

cos2χ sin2ψ cos2χ sin2ψ

     sin2χ       sin2χ

  
  
  
  
  
  
         

(1) 

 

Fig. 5 shows the co-polarization and cross polarization 

signatures of different classes. Fig 6 and Fig 7 shows 

the flowchart of the signature based proposed algorithm 

for classification of vegetation and other classes[11], 

[12].  
 

  
(a) Co-polarization bare soil (b) Cross-polarization bare soil 

  
(c) Co-polarization tall 

vegetation 
(d) Cross-polarization tall 

vegetation 

  
(e) Co-polarization urban (f) Cross-polarization urban 

  
(g) Co-polarization water (h) Cross-polarization water 

  
(i) Co-polarization short 

vegetation 

(j) Cross-polarization short 

vegetation 

Fig. 5 Polarization signatures of different classes. 
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Import Raw data

Generate SLC files of HH ,HV, and 

VV

Multilooking

Filtering

Geocoding

DEM

Calculate co-variance matrix 

elements  

Generate Kennaugh matrix

(4 x 4)

Generate co-polarization and 

cross polarization signatures

Calculate NED and NSCM for 

different classes for both 

polarization signatures 

Obtain average value of NED and 

NSCM

Calculate mean value and 

standard deviation for different 

land cover classes

 DTC based classification 

Algorithm

Fig. 6 Flow chart of the signature based proposed 

algorithm for classification. 

NSCM_NED_BS_CO >0.95  

&

NSCM_NED_BS_CROSS 

>0.8

Backscattered(HV) <7.0 

dB

Bare Soil
Backscattered (HV) >11.5 

dB

NSCM_NED_Urban_CO 

>0.9  

&

NSCM_NED_Urban_Cross 

>0.85

Tall Vegetation UrbanShort Vegetation Water

No Yes

YesNo

Yes
YesNo

No

 
Fig. 7 Proposed DTC for classification of various 

classes.  

  It is observed that classifying an image is very 

difficult only by visually analysis of polarization 

signatures. Therefore, to classify the image by using 

polarization signatures some pattern matching 

parameters are used. Normalized signature correlation 

mapper (NSCM) and normalized Euclidean distance 

(NED) both are two important parameters of 

polarization signatures for pattern matching. For the 

better classification purpose both parameters are 

normalized in the range of 0 to 1 and calculated the 

average value of the two parameters for co-polarization 

and cross-polarization signatures and used in DTC for 

classification as shown in Fig 7. 

 In this algorithm we start with the 

discrimination of bare soil from the other classes, 

because bare soil signatures are different from other 

class as shown in Fig 5(a) and Fig 5 (b). For the 

classification of bare soil from other classes, we 

calculated mean value of NSCM and NED from the 

bare soil reference signatures, and after critical analysis 

decision boundary for bare soil classification is decided.  

In our case it is 0.95 and 0.80 for co-polarization and 

cross-polarization respectively. Next we classified two 

group of classes. One group contain water and short 

vegetation, and in second group contain urban and tall 

vegetation. Because backscattered value for urban and 

tall vegetation are high compared to water and short 

vegetation, so with the help of backscattered value of 

HV channel we can easily classify the two group of 

classes. Next we classified the urban area from the tall 

vegetation with the help of polarization signatures, 

because urban signatures are different from tall 

vegetation signatures as shown in Fig 5. For the 

classification of urban area from tall vegetation, we 

calculated mean value of NSCM and NED from the 

urban area reference signatures, and after critical 

analysis decision boundary for urban area classification 

is decided.  In our case it is 0.90 and 0.85 for co-

polarization and cross-polarization respectively. Next 

we classified the remaining two classes, water and short 

vegetation with the help of backscattered value of HV 

channel. So all the five classes easily classified with the 

help of developed signatures based decision tree 

algorithm. Confusion matrices were calculated for the 

performance measurement and accuracy assessment and 

shown in Table 3. Obtained overall accuracy and kappa 

coefficient are 76.98 and 0.70 respectively. Classified 

result is shown in Fig. 8. 

   

 
Fig 8 Classified result of proposed algorithm 

Table 3 User and Producer Accuracy 

Class Producer accuracy User Accuracy 

Tall Vegetation 66.66 71.43 

Bare Soil 90.91 89.21 

Urban 97.44 93.83 

SV 76.92 54.95 

Water 66.00 76.44 

 

 Performance of the proposed DTC was found 

better than the results obtained in compared to 

decomposition based techniques. Using this algorithm 

with good classification accuracy a better land use land 

cover are prepared and used for further study.    
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4.3 Development of an adaptive Polarization 

Signatures based algorithm for classification using 

PALSAR 2 Data 

This method highlights two key ideas of the study. 

First, the development and critical analysis of PSs 

(Polarization Signatures) based features representing 

LCs (land cover). A land cover (for ex: bare soil) 

behaves as a complex mixture of different standard 

scatterers or standard targets and its PS is difficult to be 

made a standard. Therefore, there is a need to compute 

correlations between polarimetric/ polarization 

signature (PS) of a land covers and polarimetric 

signature of standard targets. This correlation indicates 

the degree of similarity between the two categories.  

Further, these correlations termed as polarization 

signature correlation features (PSCFs) can be critically 

analysed and then can be used for LC classification. 

Details of PSCF computation and its utilization for LC 

classification is discussed in section 4.3.1. LC 

classification performance of these PSCFs is compared 

with other popular polarimetric decomposition based 

features and discussed in section 4.3.1 as well.  

Second, an attempt for maximum exploitation and 

utilization of PSCFs for LC classification, an adaptive 

and optimal land cover class boundary estimation 

approach is proposed and discussed in section 4.3.2. An 

adaptive class boundary estimation approach based on 

individual class (reference) and image (observed) 

statistics is proposed and developed. Further, to 

maximize classification performance, empirical 

relations are established between class performance 

indicators and LC class boundaries which are further 

optimized using genetic algorithm (GA) to obtain 

optimal class boundaries. At last, a decision tree based 

on these optimal class boundaries is opted for LC 

classification. Classification performance is evaluated 

and compared with other popular LC classifiers which 

utilized the same PSCFs features developed in section 

4.3.2. 

4.3.1 Generation of polarization signature 

correlation features (PSCFs)  

Polarization signatures (PS), both observed (image 

pixel) and standard target (Flat Plate (FP), horizontal 

dipole (HD), vertical dipole (VD), and dihedral (Di)) 

are obtained using equation (1). In this section, 

correlation is computed between each image pixel-

standard target PS pair. 

Correlation coefficient is a value, which varies 

from +1 and −1 and it is calculated to represent the 

linear interdependence of two variables or sets, of data. 

For two variables, say x and y, the correlation 

coefficient is computed using equation 2.  

xy

x y

S
CC

S S
  (2) 

For the current study, x is the observed (image 

pixel) PS, y is the standard target PS, Sx is standard 

deviation in x, Sy is standard deviation in y, Sxy is co-

variance between x and y, and CC is correlation 

coefficient between x and y. 

The following pairs are considered between which 

correlation is computed. 

 Co-polarized (pixel-dihedral) or Corr_co_Di 

The term pixel represents observed co-polarization 

signature from a pixel in image, and term dihedral 

corresponds to co-polarization signature of dihedral 

standard target. Co-polarized (pixel-dihedral) means 

correlation coefficient between observed co-

polarization signature and dihedral co-polarization 

signature. Similarly, other pairs are represented as 

 Co-polarized (pixel-flat plate) or Corr_co_FP 

 Co-polarized (pixel-horizontal dipole) or 

Corr_co_HD 

 Co-polarized (pixel-vertical dipole) or 

Corr_co_VD 

 Cross-polarized (pixel-dihedral) or 

Corr_cross_Di 

 Cross-polarized (pixel-flat plate) or 

Corr_cross_FP 

 Cross-polarized (pixel-horizontal dipole) or 

Corr_cross_HD 

 Cross-polarized (pixel-vertical dipole) or 

Corr_cross_VD 

In total, 8 such pairs are obtained in the process. These 

features are termed as polarization signature correlation 

features or PSCFs. These PSCFs are potential features 

for land cover classification. The process of computing 

PSCFs is depicted in Fig. 9. 

 
 

4.3.2 Critical analysis of PSCFs, class separability 

assessment, and PSCF selection 

In this section, each PSCF generated in section 

4.3.1 is analysed and discussed. Class separation for 

each PSCF is evaluated by computation of class 

separability index (SI). 

 

 Fig. 9 Flowchart showing polarization signature 

correlation features (PSCFs) computation using 

fully polarimetric SAR data. 
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For a given feature, separability index (SI) between 

two classes, i and j, is computed using equation (3). 

 

 
(3) 

Where,  is the separability index for class i and j.  

and  are mean values for class i and j respectively, 

and  and  are standard deviation for class i and j 

respectively [13]. The SI values obtained for all the 

PSCFs as features are provided in Table 4.  

Decision tree (DT) provides the freedom to set optimal 

class boundary values during classification. Therefore, 

an optimal class boundary based DT classifier is 

considered and developed in this study. Details of 

development of the optimal class boundary estimation 

algorithm is discussed.  

To reduce the computational complexity of the 

proposed classifier, feature selection is carried out with 

PSCFs. A detailed critical analysis of SI values in Table 

4 is made and PSCFs selected for segregating a 

particular class based on significance are listed in table 

5.  

4.3.3 Adaptive and Optimal Class Boundary Value 

Estimation for classification 

 Mean (M) and standard deviation (S) are computed for 

each PSCF. These statistics are used for the 

computation of class boundaries. 

 Relationship is made between class boundaries 

and corresponding PSCF statistics (the one selected for 

segregating that particular class (see table 6). The 

relationship is formulated and explained with an 

example. Let‟s take the case of “urban” class. Urban is 

strongly segregated by “corr_co_Di” feature, Mcorr_co_Di 

and Scorr_co_Di are mean and standard deviation of 

corr_co_Di. Therefore, Urban class spread can be 

expressed as; 

_ _ 1 _ _

_ _ 2 _ _

  *     _ _

    * 

corr co Di corr co Di

corr co Di corr co Di

M n S corr co Di

M n S

 

 
 

(4) 

 

Where, n1 and n2 are real and scalar. 

 
_ _ 1 _ _  * corr co Di cor co DiM n S   is the class lower boundary 

value and 
_ _ 2 _ _  * corr co Di corr co DiM n S  is class upper 

boundary value. This expression means, if corr_co_Di 

pixel value lies in between these boundary values then 

the pixel belongs to urban” class. Similar expressions 

are developed for other classes such as bare soil, short 

vegetation,   tall vegetation and water. Therefore we 

have total five equations for five classes and total 10 

scalar variable n1 to n10.   

The goal of representing the class boundaries are to 

obtain class boundaries that achieve best classification 

results under a given situation. Overall accuracy (OA) 

is an indicator of classification performance. Higher the 

OA, better is the classification result. It is understood 

that more accurate class boundaries result in higher OA. 

In order to achieve the best overall accuracy (OA) with 

given feature space, the values of ni (i = 1 to 10) should 

be optimized.  To get optimal ni (i = 1 to 10) values, an 

empirical function needs to be developed relating 

overall accuracy (OA) to ni(I = 1 to 10)  which can be 

optimized. OA is defined in eqn. 5. 

   
total no of correctlyclassified pixelsoverall classes

OA
Total noof pixelstested over all classes



 

(5) 

Individual overall accuracy (IOA) is computed for each 

classes and OA is rewritten as eqn. 6. 

 

5

_
IOA IOA IOA IOA IOA

urban baresoil water short veg tall veg
OA

  





  

(6) 

 

 

Genetic algorithm (GA) [14] is used for finding 

optimal ni (i = 1 to 10) values. The choice of GA as 

optimization method is because of the probability of 

more than one maxima/minima. Conventional methods 

Table 4 SI values for various class pairs for all features 

Class pair 

SI value 

Corr_co_D

i 
Corr_cross_Di 

Corr_co_F

P 
Corr_cross_FP 

Corr_co_H

D 

Corr_cross_

HD 

Corr_co_V

D 

Corr_cross_V

D 

TV to BS 0.9427 0.0598 0.9940 0.3287 0.7855 0.4879 0.2188 0.4879 

TV to Water 0.7928 0.0535 0.8634 0.3010 0.9089 0.4089 0.9546 0.4089 

TV to Urban 0.7125 0.1530 0.4930 0.2818 0.2953 0.5044 0.1452 0.5044 

TV to SV 0.4333 0.0560 0.4657 0.0743 0.4249 0.1780 0.1244 0.1780 

BS to Water 0.0596 0.0062 0.0280 0.0010 0.8207 0.0046 0.7306 0.3046 

BS to Urban 1.2884 0.2356 1.3986 0.529 0.5803 0.9359 0.3855 0.9359 

BS to SV 0.4682 0.0113 0.4986 0.2269 0.3446 0.3765 0.0904 0.3765 

Water to 
Urban 

1.1135 0.2264 1.2345 0.5015 0.9442 0.8352 0.9656 0.8352 

Water to SV 0.369 0.015 0.4230 0.2083 0.7516 0.2992 0.6806 0.2992 

Urban to SV 0.7968 0.2032 0.9014 0.3285 0.1806 0.6944 0.2787 0.6944 

 

Table -5 list of class with corresponding 

selected features for classifications 
Class Feature to be used for segregation 

Urban Corr_co_Di 

Water Corr_co_HD, Corr_co_VD 

Water Canal VV polarimetric band 
Bare soil Corr_co_FP 

Tall vegetation Corr_co_FP  

Short vegetation Corr_co_FP 

 

796



 

like first difference line nucould be faster but can suffer 

from attaining local maxima/minima problem. 

The objective function of the optimization problem 

at hand is given below;  

          maximize f x maximize OA   (7) 

After optimizing equation (7), the optimal ni (i = 1 to 10) 

values obtained are shown in Table 6. These optimal ni 

(i = 1 to 10) values are used to obtain class boundaries 

which in turn will be used in decision tree classifier. 

 
Table 6 Optimal n values obtained using GA optimization 

n1 n2 n3 n4 n5 n6 n7 n8 n9 n10 

0.315 2.0 0.446 1.0 
-

2.0 

-

1.667 

-

1.4 

-

0.2 

-

0.022 
0.998 

The decision tree based on the optimal class boundary 

values is illustrated in Fig. 10. The priority of a class to 

be segregated first is evaluated by its separability index 

(SI) value. 

 

4.3.4 Results and Discussion 

The optimized class boundaries obtained are utilized 

with DT to perform LC classification (see figure 10). 

The classified image is shown in Fig. 11 (a). The 

proposed optimal class boundaries based DT classifier 

is compared with 1-dimensional convolutional neural 

network (1D-CNN) and RBF-SVM classifiers using the 

same PSCF features. Classified images using 1D-CNN 

and RBF-SVM is shown in Fig. 11(b) and 11(c) 

respectively. Overall classification performance 

indicators for the proposed method, 1D-CNN, and 

RBF-SVM are provided in table 7. From table 7, it is 

evident that the proposed method achieves best 

classification accuracy (75.3%) and kappa coefficient 

(0.69). 

Table 7: Classification performance indicators for the proposed, 

1D-CNN, and RBF-SVM classifiers with PSs as features. 

Method OA (%) Kappa 

DT classifier 75.3 0.69 

1D-CNN 70.8 0.633 

RBF-SVM 74 0.69 

 

4.4  Improved utilization of polsar polarization 

signatures using convolutional-deep neural nets for 

classification  

Normalized Euclidean distance (NED) and normalized 

signature correlation mapper (NSCM) are most 

popularly used pattern classifiers with polarization 

signatures (PSs) based polarimetric synthetic aperture 

radar (PolSAR) data applications. These methods are 

not able to fully exploit the PSs as they do not exploit 

the spatial context or pattern of PSs which is essential. 

Improved utilization of PSs is still required for PolSAR 

applications such as agriculture crop classification and 

monitoring.  In this study, convolutional deep neural 

networks (C-DNNs) are introduced and utilized as 

pattern classifiers for PS classification. C-DNNs have 

the ability to consider and control the influence of local 

neighborhood pixels during classification. Therefore, in 

this study C-DNNs are utilized to extract and exploit 

subtle changes between PSs of land covers to improve 

classification performance. Comparison with NED and 

NSCM classifiers signify the contribution of C-DNNs 

by improved performance in PolSAR data 

classification. 

4.4.1 Model development 

In this study, C-DNNs are utilized to extract features 

from PSs for land cover classification. First a C-DNN 

model is constructed with the help of convolutional and 

fully connected, layers. The constructed model is then 

trained with PSs of desired classes collected as ground 

truth.  

The C-DNN model is constructed in the following 

manner. Please note that input data is a 

91 181 2  matrix where 91 and 181 are the spatial 

extent of image and 2 is the number of channels. 

First, a convolutional layer of 10 convolutional filters, 

each of filter size of 15 15 is used. A „same‟ padding 

scheme with pad size 1 1 is used in this layer. Rectified 

linear unit (ReLU) activation function is used for non-

linear transformation. Dropout regularization strategy is 

utilized in order to stabilize the network. A dropout 

 
 
Fig. 10 Decision tree based on the obtained 

threshold values 

 
Fig. 11 Classified Image; (a) Proposed method (b) 

1D-CNN, (c) RBF-SVM, and (d) Google Earth 

image for reference purpose. The dashed yellow 

box if figure 1(f) highlights Roorkee city. Colour 

scheme; Red = Urban, Light green = Agriculture 

or short veg., Green = Tall Veg., Blue = Water, 

and Yellow = Bare soil. 
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ratio of 10% is considered. A batch normalization 

process is also carried out to speed up the training 

process and to reduce network sensitivity. Most of the 

model parameters are set via „trial and error‟ strategy. A 

second layer of 10 convolutional filters, each with size 

5 5 is added.  Similar kind of padding scheme, 

padding size, activation function, dropout ratio, and 

batch normalization scheme is used. Further, a third 

layer of 50 fully connected neurons with ReLU 

activation function is added. This layer takes a flattened 

version of convolutional layer outputs as input. At last, 

one more layer of 5 fully connected neurons is added. A 

„softmax‟ activation function is used to obtain the final 

class labels. A four layered C-DNN classification model 

is realized at the end 

4.4.2 Result and discussion  

The constructed and trained model is presented with 

unseen PSs from PALSAR2 image data of the study. 

The corresponding classified image obtained is shown 

in figure 12(a). Overall accuracy (OA) achieved on test 

samples is 72.8%. Confusion matrix (CM) is shown in 

figure 12(d). Urban, water, and bare soil are showing 

good accuracies (70%, 79%, and 88% user accuracies 

respectively) whereas SV class is showing low accuracy 

(62% user accuracy). 

Results from proposed methodology are compared with 

popular pattern classifiers used with polarization 

signature based land cover classification [15]. Figure 

12(b) shows the classified image obtained using NED 

classifier (OA = 62.3%) and Fig. 12(c) shows the 

classified image obtained using NSCM classifier (OA = 

64.1%). From the comparison, it is observed that the 

proposed methodology provides superior performance 

over the other two methods. 

4.5 To develop an artificial neural network (ANN) 

approach for classification of different vegetation 

classes (i.e., poplar tree, mango orchards, wheat, 

sugarcane, other crops, dry bare soil and wet bare 

soil) using multi-frequency SAR data 

Classification of mixed classes that are having similar 

backscatter response at different polarization 

combinations, using single frequency synthetic aperture 

radar (SAR) data is very intricate and there is always a 

high possibility of misclassification. Therefore, the 

main objective of this study is to classify the mixed 

classes using multi-frequency SAR data. An artificial 

neural network (ANN) approach is used for 

classification of the considered mixed classes using 

various polarimetric parameters obtained from single 

acquisition ALOS2 PALSAR (L band) and Sentinel 1 

(C band) dual pol SAR data. An image statistical 

measure based separability index analysis is used to 

identify the optimal polarimetric parameters for 

developing the classifier. 

4.5.1 Study area and data used 

The considered study area has central coordinates of 

29.931
o
E and 77.964

o
N and is located in Haridwar 

district of Uttarakhand, India. Two sets of mixed classes 

are present in the study area with one set being bare 

lands having different moisture content and the other set 

being high biomass crop, sugarcane n tall vegetation 

classes i.e. mango orchards and poplar trees along with 

wheat and other crops. Ground truth of the considered 

classes are marked on drone image and is shown in Fig. 

13. 

 

4.5.2 Selection of polarimetric features and 

development of artificial neural network for 

classification 

 The backscattering response of the considered mixed 

classes at different polarizations of L and C bands is 

quite similar and they alone may not provide accurate 

classification. Besides backscattering coefficients, their 

ratios and the derived polarimetric parameters such as 

normalized difference polarization index (NDPI), cross 

polarization ratio (CPR), ratio vegetation index (RVI) 

provide additional information about the mixed classes 

and are used in the analysis [16]. A total of 14 

parameters obtained from L and C bands are considered 

for the study. Sometimes increase in dataset might lead 

to reduction in classification accuracy [17]. Hence, 

separability index (SI) analysis is performed to obtain 

optimal polarimetric parameters as shown in the Fig. 

14. After an extensive SI analysis, a total of eight 

 
Bare Soil  TV SV Urban Water 

Fig 12. (a); Classified image obtained using the 

proposed C-DNN based pattern recognition 

approach. (b); Classified image using NED 

classifier. (c); Classified image using NSCM 

classifier, (d): Confusion matrix generated from 

test samples (1 = Bare Soil, 2 = TV, 3 = SV, 4 = 

Urban, 5 = Water). Blank spaces correspond to 0. 

 
Fig. 13. Drone image of the study area (1. Moist 

land, 2. Dry land, 3. Wheat, 4. Other crops, 5. 

Sugarcane, 6. Mango orchards, 7. Poplar trees) 
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polarimetric parameters 

(
_

o

C VH , 0 0

_ _/C VH C VV  ,
_

o

L HV , _

o

L HH
, _

o

C VV
,

_ _/o o

C VH L HV 
, _C CPR , _C NDPI ) are selected for 

training the ANN. The workflow of the proposed 

methodology is given in Fig. 15. 

 

Fig.14 Measured SI of each class pair by various 

polarimetric parameters (L_HV refers to backscattering 

coefficient at HV polarization of L band 
_

o

L HH , C_VV 

refers to backscattering coefficient at VV polarization of C 

band 
_

o

C VV , C_RVI refers to RVI obtained from C band 

data and so on) 

 

Fig. 15 Proposed workflow 

4.5.3 Results and discussion  

In order to check the improvement in the classification 

accuracy of various mixed classes using multi-

frequency SAR data, separate ANNs are developed 

using  corresponding backscattering coefficients and the 

derived polarimetric parameters of only L band and 

only C band data. In addition, to see the effect of using 

optimal polarimetric parameters, the results are 

compared with an ANN developed using all the 14 

polarimetric parameters (ANNLC14) discussed in 

section 4.5.2 that are obtained from both L and C bands.  

The developed models are validated by applying them 

on extended study area and the obtained ANN 

classification results are shown in Fig. 16. ANNL, 

ANNC denote the obtained classification results of only 

L and only C band respectively. ANNLC14 and ANNLC8 

are the results obtained from all the 14 polarimetric 

parameters discussed in section 3.2 and optimal 

parameters obtained from SI analysis of both L and C 

bands respectively. The obtained overall accuracy for 

ANNL, ANNC, ANNLC14 and ANNLC8 are 57.5%, 

64.7%, 80.6%, and 87.2% respectively. It is noted that 

there is an increase in classification accuracy using 

multi-frequency SAR data, but with the use of optimal 

polarimetric parameters, there is further improvement in 

the classification accuracy. 

 
4.6 To develop an algorithm for retrieval of soil 

moisture in crop areas  

  Estimation of vegetation covered soil moisture with 

satellite images is still a challenging task. Several 

models are available for soil moisture retrieval in which 

water cloud model (WCM) is most common. But, it 

requires an estimation of accurate vegetation 

parameterization. Thus, there is a need to develop such 

an approach for soil moisture retrieval which minimize 

these limitations. Therefore, this paper deals with the 

soil moisture retrieval using fully polarimetric SAR 

data by fusing the information from different bands. 

Various polarimetric indices and observables were 

critically analyzed, and found that the index; SPAN 

(total scattered power) gives better information of 

vegetation cover as compared to other 

indices/observables. Based on this, WCM model has 

been modified using SPAN as vegetation parameter and 

soil moisture content were retrieved.  

In, this developed algorithm we focused on the 

problems of vegetation parameter minimization using 

the fusion polarimetric information with image 

information for retrieving the vegetation covered soil 

moisture and emphasizes on developing empirical 

relationship to incorporate the vegetation effect in soil 

moisture retrieval. Fig 17 can be represented by the 

water cloud model as shown in Equation (8).  

0 0 0 2 0
veg veg soil soil

      


 (8) 

                                  

 

 
(a) 

 

 
(b) 

 
(c) 

 
(d) 

 
Fig. 16. Classified images of the study area obtained 

from (a) ANNL (b) ANNC (c) ANNLC14 (d) ANNLC8  
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Fig. 17 backscattering behavior of SAR data for the 

vegetation covered area 

Now, to retrieve soil moisture values, we need to 

know 
0

σ
soil

 values using Equation (8). For this purpose, 

the effect due to vegetation parameterization should be 

minimized. This vegetation information may be 

obtained by various polarimetric indices like Horizontal 

transmit Vertical receive (HV), cross-pol ratio of 

Horizontal transmit Vertical receive/Vertical transmit 

Vertical receive (HV/VV), SPAN and RVI and this 

information may be fused with image backscattering 

coefficient to determine 
0

σ
soil

 values. In this developed 

model SPAN as computed by equation (9) is used a 

polarimetric index for vegetation effect 

minimization[18]. 
2 2 2

( 2 )HH HV VVSPAN S S S                                  (9) 

(a) Soil moisture retrieval for bare soil:  
Soil moisture can be retrieved from bare soil by using 

Dubois model and Topps model as given in equation 

(10-13)[19], [20]  .  

 

 

1.4

5

1.1

3

1.5
cos θ (0.028*ε*tanθ)0 -2.75 0.7

σ =10 10 (k*s*sinθ) λ (10)
hhSoil

sin θ

3
cos θ (0.046*ε*tanθ)0 -2.35 0.7

σ =10 10 (k*s*sinθ) λ (11)
vvSoil

sin θ

 

(12.7 ( )) (10 ( )) (100 log( )) (127 log( ))1 2

(3.04 tan( ))
ε= (12)

dB dB C Cvv hh 



      



 

       2 2 4 2 6 3
5.3*10 2.92 *10 * 5.5*10 * 4.3*10 *  (13)

v
m   

   
    

  

(b) Soil moisture retrieval for vegetation cover 

soil: The next step is to develop a model to retrieve the 

soil moisture over vegetation covered areas. Equation  

(9) represents the generalized model of soil moisture 

retrieval for vegetation covered areas which implies that 

the backscattering contribution of entire vegetation 

cover includes the backscattering contribution of 

vegetation only (i.e. volume scattering), contribution of 

interaction between vegetation and underlying soil (i.e. 

double bounce scattering), as well as the contribution 

from soil surface scattering (i.e. surface scattering) with 

attenuating factor. After the vegetation correction  

0
σ

soil
 can be retrieve by using equation (14-17)[18], 

[21], [22]. 

  0

 
  ,   

xx image
f Vegetation Soil parameters          (14) 

  0

 
      

xx Soil
f Soil parameters                         (15) 
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0

 

  ,   
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Vegetation Soil parameters
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            (16) 

     0 0 0

   
        

xx Soil xx image xx
dB dB dB                (17)  

 It is observed that the second order polynomial 

relation as given in Equations (18) and (19) for  

0
σ

HH
vs. SPAN and 

0
σ

VV
vs. SPAN were showing 

the highest coefficient. So replacing the 
0

σ
HH

 and 

0
σ

VV
with SPAN. 

0
σ

soil
 For vegetation area can be 

calculated using equation (12 -13) and after that using 

Dubois model soil moisture can be retrieve from

0
σ

soil .  
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 Fig. 18 shows the developed model for soil 

moisture retrieval. Fig 19 represent the scattered plot of 

retrieved soil moisture vs observed soil moisture and 

obtained RMSE is 0.032. 

Preprocessing of fully 

polarimetric SAR data

Classification and 

masking of urban and 

water class

Preprocessing of fully 

polarimetric SAR data

Backscattering 

coefficient of bare soil  

Calculation of dielectric 

constant

Estimation soil moisture

Normalization of 

backscattering 

coefficient   

Development of 

empirical relationship 

between normalized 

scattering coefficient 

and SPAN   

Backscattering 

coefficient of vegetation 

covered soil using 

developed empirical 

relation  

Soil moisture retrieval 

of vegetation covered 

area

Soil moisture map 

generation

For Vegetation

For Bare soil

Soil moisture retrieval using 

Dubois model

 

Fig. 18 Flowchart for soil moisture retrieval 
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Fig 19 Scattered plot of retrieved soil moisture vs 

observed soil moisture 

 

5. CONCLUSIONS 

In this project work critical analyses of several model 

based decomposition methods for classification of 

various vegetation classes and other classes have been 

performed.  It has been found that even after performing 

decomposition, ambiguity still occurs in the 

classification of various classes, like urban and 

vegetation. Polarimetric decomposition techniques are 

most popular methods for PolSAR data classification in 

recent times. These techniques are non-adaptive and 

provide sub-optimal results in mixed land cover 

classification scenario. Alternatively, polarization 

signatures are good illustrations of SAR target 

responses as they depict a detailed physical information 

from target backscatter. An adaptive and optimal 

approach is developed to utilize the degree of 

correlation among standard target and land cover 

polarization signatures as features for improved land 

cover classification in mixed land cover scenario. These 

methods are not able to fully exploit the PSs as they do 

not exploit the spatial context or pattern of PSs which is 

essential. Improved utilization of PSs is still required 

for PolSAR applications such as agriculture crop 

classification and monitoring.  Therefore, convolutional 

deep neural networks (C-DNNs) are introduced and 

utilized as pattern classifiers for PS classification. C-

DNNs have the ability to consider and control the 

influence of local neighborhood pixels during 

classification. Comparison with NED and NSCM 

classifiers signify the contribution of C-DNNs by 

improved performance in PolSAR data classification.  

Classification of similar crops that are having similar 

backscatter response at different polarization 

combinations, using single frequency synthetic aperture 

radar (SAR) data is very intricate and there is always a 

high possibility of misclassification. Therefore ANN 

approach is proposed for the classification of various 

mixed vegetation classes using optimal polarimetric 

parameters generated with multi-frequency (PALSAR-2 

and Sentinel-1)   SAR data. It is found that the overall 

accuracy of the developed ANN using both L and C 

band data is better compared to the ANN using single 

band data. Although the use of multi-frequency SAR 

data improves the classification accuracy of mixed 

classes, the selection of polarimetric parameters affect 

the classification accuracy.   

 After the classification of different vegetation classes, 

an algorithm has been proposed for soil moisture 

estimation in vegetation area. Various polarimetric 

indices and observables were critically analyzed, and 

found that the index; SPAN (total scattered power) 

gives better information of vegetation as compared to 

other indices/observables. For this purpose an empirical 

relation has been developed with SPAN for vegetation 

correction, and this relationship used for the correction 

of vegetation effect from the total backscattering signal 

in order to get the backscattering coefficient of the soil 

for HH-polarization and VV-polarization. 

Consequently, the dielectric constant of the soil is 

retrieved using the values of backscattering coefficient 

of the soil and then using the values of the dielectric 

constant of the soil, the resulting volumetric soil 

moisture values are calculated. The results obtained 

from the proposed approach are quite good. The 

proposed approach is quite useful to improve the 

estimated soil moisture accuracy. Moreover, the 

elimination of the use of another sensor data has been 

achieved using the proposed soil moisture algorithm.  
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1. INTRODUCTION

Knowing crop variables such as height, biomass 
and associated soil moisture, are important to crop 
monitoring, which is of paramount importance to assure 
food security to an ever-growing human population 
affected by increasingly uncertain climatic conditions. 
Crops are dependent on their physical environment for 
growth, survival, and reproduction. They can also have 
significant effects on climate change, primarily through the 
production and release of greenhouse gases such as carbon 
dioxide, but also by altering the Earth's land cover, which 
can change its ability to absorb or reflect heat and light, and 
therefore, its effect on radiative forcing. To understand 
crop response to changing environmental conditions, we 
need tools  to quantify  the environment and to measure 
different crop variables. Earth observation technology 
offers an invaluable means  to estimate both the 
environmental conditions and crop variables in an efficient 
manner over large area. 

Remote sensing is a spatial science used to obtain 
information about an object, area, or phenomenon through 
the analysis of data acquired by a device that is not in 
contact with the object, area, or phenomena under 
investigation.Remote sensing technology has the potential 
to instantaneously provide quantitative information on 
agricultural crops over large areas in a non-destructive 
fashion. However, the usability of different optical sensors 
for determining environmental conditions and crop 
variables depends not only on daylight, but also on the 
actual weather conditions. Clouds and strong rain are 
impenetrable for the visible spectrum with the wavelength 
between 400nm and 700nm. Infrared sensors that are 
applicable during the day and night are even more sensitive 
to weather conditions. Synthetic Aperture Radar (SAR) can 
transmit longer electromagnetic wavelengths from 1mm to 
1m and receive it through interacting with the ground 
targets, having proved to be valuable because of its day-
and-night capability and the possibility to penetrate clouds 
and rain, even the vegetation cover. Therefore, SAR has the 

potential to retrieve the crop parameters such as soil 
moisture under vegetation cover. 

Of increasing importance are SAR systems that 
provide multidimensional information via multiple 
frequencies or polarizations. One such technique is 
Polarimetric SAR (PolSAR), which provides an enhanced 
capacity for investigating Earth terrain because different 
frequencies and polarizations allow for the probing of 
different scattering mechanisms and different components 
of the scattering layers. Generally, it is a physical process 
where the electromagnetic wave is forced to deviate from 
a straight trajectory by one or more paths due to localized 
non-uniformities in the medium through which they pass. 

However, within each pixel of the PolSAR image, 
these scattering mechanisms will be mixed especially when 
there are crops growing in agricultural fields. Furthermore, 
each crop variable is only associated with some of the 
scattering mechanisms as mentioned above, and it is a 
challenging to retrieve these parameters based on these 
mixed pixels. In agricultural fields, two scattering 
mechanisms are dominant: one is the ground scattering 
which is related to soil moisture and soil roughness, while 
the other is vegetation scattering, which is related to the 
crop height and biomass.  

Soil moisture has been identified as an Essential 
Climatic Variable by the Global Observing System for 
Climate given its role in energy flux and climate-land 
feedback. Within the agricultural community, the Group on 
Earth Observations (GEO) Global Agricultural Monitoring 
(GEOGLAM) initiative has further amplified soil moisture 
as a critical community priority given its role in driving 
processes such as drought, irrigation, and crop production. 
Currently, programs such as NASA’s Soil Moisture Active 
Passive (SMAP) and ESA’s Soil Moisture Ocean Salinity 
(SMOS) Missions have advanced science and uptake for 
land monitoring decision support tools. These missions 
have made tremendous advances for synoptic monitoring 
and assessment of soil moisture. 

In this report, we improved the model-based 
polarimetric decomposition and applied it to the soil 
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moisture retrieval. The model-based decomposition is 
outlined in Section 2 and Section 3 presents its application 
to the soil moisture retrieval under vegetation cover. 
 

2. MODEL-BASED DECOMPOSITION 
 

Polarimetric SAR decomposition in PolSAR is a 
very useful tool for characterizing crop scattering 
mechanisms. Particularly, the Freeman-Durden model-
based decomposition [1] which describes the scattering 
process as the linear sum of the surface, double-bounce and 
volume scattering. Due to its simplicity and intuition, many 
decomposition methods are developed [2-6] based on the 
model-based framework and are widely applied to 
vegetation information extractions，making the model-
based decomposition a very hot topic at present. Volume 
scattering model as a characterization of vegetation 
scattering is a key component in model-based 
decompositions. However, it remains a challenging task to 
construct the volume scattering for accurate information 
extractions. Although many volume scattering models 
have been developed in recent years, they are limited to 
characterize only certain types of vegetations. Freeman and 
Durden [1] first developed a volume scattering model using 
the uniform probability density function. Yamaguchi et al. 
[2] added the vertical and horizontal volume scattering 
models to extend the Freeman-Durden volume scattering 
model by making use of the first order sine probability 
density function. An et al. [3] proposed a maximum 
entropy volume scattering model, but it requires more 
experiments to validate. Antropov et al. [4] proposed a 
generalized volume scattering model which can adapt to 
the sensitivity between the HH and VV co-polarizations for 
different types of forests. Arii et al. [5] developed a general 
scattering model based on an n-power cosine square 
function. However, with the randomness and orientation 
angle both being as the unknown variables, they must be 
calculated simultaneously, which makes the computation 
very time-consuming. Overall, most of these existing 
models are vegetation type dependent and very difficult to 
fully characterize crop changes with seasons. In response, 
a simple adaptive volume scattering model proposed by us 
is employed in this paper to capture the crop phenological 
change through the growing season and accurately acquire 
crop biophysical information. 

Crops are always changing with seasons in 
agricultural fields, and it is very difficult to describe crops 
only using one volume scattering model due to their 
changing phonologies over time. Additionally, Yamaguchi 
et al. [2] figure out that there are many vertical and 
horizontal dipoles scatterings in L band besides random 
volume scattering, and then they proposed vertical and 

horizontal volume scattering models based on first order 
sine function. However, first order function is only one 
type of vertical or horizontal dipoles, which cannot 
describe the vertical or horizontal orientation completely. 
Furthermore, the shorter C-band senses a mean orientation 
closer to the vertical direction [5], that is, most of the 
orientation angles of vegetation including the crops are 
closed to 90 degree for C-band. Based on them, two new 
probability density functions developed by our group [6] 
are adopted in this study, which can be shown as, 

 

p(θ) =
sinnθ

∫ sinnθdθπ
0

 

p(θ) =
cosnθ

∫ cosnθdθ
π
2
−π2

 
(1) 

Using the same method proposed by Freeman and Durden, 
two volume scattering models of the SAVSM are shown as, 

 

TVV = 1
A
�
TV11 TV12 0
TV12 TV22 0

0 0 TV33
�  

TVH =
1
A
�
TH11 TH12 0
TH12 TH22 0

0 0 TH33
� 

(2) 

where 

TH11 = TV11 =
√πΓ �n + 1

2 �

2Γ �n
2 + 1�

, TH12 = −TV12 =
n√πΓ �n + 1

2 �

4Γ �n
2 + 2�

 

 

TH22 = TV22 =
(n2 + 2n + 4)√πΓ �n + 1

2 �

8Γ �n
2 + 3�

, TH33 = TV33

=
√πΓ �n + 3

2 �

Γ �n
2 + 3�

 

Where A = ∫ sinnθdθπ
0 = ∫ cosnθdθ

π
2
−π2

=
√πΓ�

n+1
2 �

Γ�n2+1�
 and 

Γ(a) = ∫ e−tta−1dt∞
0  

It should be noted that n  is real and not limited to the 
integer. Without the loss of generality, four components of 
horizontal volume scattering models are depicted in Figure 
1, 
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Figure 1. Vertical volume scattering components. 

 
Figure 1 depicts that T11 is keeping stable all the 

time with its value 0.5. When n is increasing T22 decreases 
first and then increases later at the point between 0.5 and 1. 
While T33 are opposite compared with T22.  T12 is always  
increasing when n increases. It should be noted that when 
n is equal to 0, it is Freeman volume scattering model. 
While n  is equal to 1, it becomes Yamaguchi volume 
scattering models, which is the dash line shown in Figure 
1. To demonstrate further, the RADAR vegetation index 
(RVI) proposed in [7] and scattering entropy introduced in 
[8] are calculated separately, which are shown as, 
 

 

RVI =
4min(λ1, λ2, λ3)
λ1 + λ2 + λ3

 

Entropy =  −� pilog3

3

i=1

(pi), pi

=
λ1

λ1 + λ2 + λ3
 

(3) 

where  λ1 , λ2  and λ3  are the eigenvalues of adaptive 
volume scattering models, their curves are shown as in 
Figure 2, 

 
Figure 2. RVI and Entropy. 

 

Figure 2 depicts that both entropy and RVI 
decrease as n increases, this is because as n is increasing, 
the adaptive volume scattering is becoming more “pure” 
vertical or horizontal scattering, especially when n is close 
to the infinite, it is becoming vertical or horizontal volume 
scattering. RVI has a steeper decrease than entropy does. 
Considering this, we can use this feature to limit the 
maximum range of n , thereby accelerating to find the 
optimum n in practice. It can be seen that the RVI is very 
low and is almost keeping unchangeable at the point where 
n = 20, Therefore, the maximum n we limit in this paper 
is 20. 

The three-component model-based 
decomposition proposed by Freeman and Durden [1] is the 
incoherent sum of three components (surface scattering, 
double-bounce scattering and volume scattering). To 
improve the model-based decomposition, we replace the 
Freeman and Durden volume scattering model by the 
SAVSM, while both surface and double-bounce scattering 
components remain the same. The model-based 
decomposition is intuitive in reflecting the scattering 
process, but a critical problem arises when it is applied to 
an area under vegetation cover, i.e., negative power 
problem in which the power of surface or double bounce 
scattering is negative after decomposition, which is 
inconsistent with reality. Up to now, several researchers 
developed different models to circumvent this problem by 
adding de-orientation or improving volume scattering 
models [2]. However, in order to avoid negative power, 
considering the physical realization, the complete model-
based decomposition method proposed in [10] is employed 
in this paper. Firstly, the volume scattering component is 
determined by a generalized decomposition developed in 
[10]. Then, the Radar Vegetation Index (RVI) and 
randomness is derived by the volume scattering. The de-
orientation process is performed to compensate the 
orientation angle induced by the azimuthal slope [9]. Based 
on the singular value decomposition (SVD), the surface 
and double-bounce scattering components are determined 
finally. The flowchart of the developed three-component 
model-based decomposition is shown in Figure 3. 
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Figure 3. Flowchart of the improved three component 

model-based decomposition. 
 

Two quad polarization ALOS-2 PALSAR-2 
images with incidence angle of around 28 degrees listed in 
Table 2 and acquired on Aug. 28 2015 in the East and South 
of Illinois State in U.S are used in this paper. Through the 
Cropland Data Layer (CDL) from the USDA NASS 
(ground truth data) as shown in Figure 4, the majority of 
the crops over this area are corn and soybean. In addition, 
this area also has some rivers and forests. Before the 
model-based decomposition is applied to the data, the two 
quad polarization PALSAR-2 data are preprocessed using 
the PolSARPro software for the radiometric and Faraday 
rotation correction. Then, the Mapready software is 
employed for the geocorrection. The Boxcar filter with a 7 
by 7 window size is used to reduce the coherent speckle 
noise, which is also performed by the PolSARPro software.  
 

 
Figure 4. Study area and ground truth. 

 
In this section, we compare the SAVSM to other 

prevalent three volume scattering models proposed by An 
et al. [3] (An-VSM), Antropov et al. [4] (Antropov-VSM) 

and Yamaguchi et al. [2] (Y-VSM), with decomposed 
surface, double, and volume scattering components from 
them shown from Figure 5 through Figure 8. Noted that the 
above three images of each Figure are three components 
from Study Area 1 and the bottom ones are from Study 
Area 2. Compared the SAVSM with An-VSM and 
Antropov-VSM, both An-VSM and Antropov-VSM have 
higher surface scattering than the SAVSM over both 
agricultural and forest areas in Study area 1 and 2, and both 
also have less volume scattering than the SAVSM. In 
particular, the Antropove-VSM as shown in Figure 6 has 
much less volume scattering over soybean fields (dashed 
rectangular box) as well as the forest areas. This might not 
be consistent with the reality because the volume scattering 
should be much higher than the surface scattering over 
forest areas due to the high penetration capacity of the L-
band. The double-bounce scattering from those three 
VSMs show much similar patterns, in which the corn areas 
present higher double-bounce due to the interaction from 
the corn stem and ground. We might infer that the corn is 
at its middle or late growth stage, which is consistent with 
its phenology over this area from USDA. Moreover, this 
distinct feature might also be used for the corn 
classification in future. When we compare the SAVSM 
with the Yamaguchi-VSM as shown in Figure 7, they 
almost have the same patterns in terms of the surface, 
double, and volume scattering components. This might be 
because on this day, the SAVSM has the same randomness 
with the Yamaguchi-VSM when n equals to 1. In this way, 
the SAVSM will be equal to the Yamaguchi-VSM, which 
will result in the same scattering patterns. Therefore, to 
fully demonstrate the capacity of the SAVSM, the time-
series PALSAR-2 data will be required. The other 
advantage of the SAVSM is that in addition to the surface, 
double and volume scattering components, the randomness 
and RVI can be estimated as shown in Figure 9. Figure 
9indicates that forest areas show much higher RVI than 
agricultural areas, but randomness over both corn and 
soybean fields are almost the same. 
 

1 

2 
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Figure 5. Decomposed components from the An-VSM. 

 
 

 
Figure 6. Decomposed components from the 

Antropov-VSM. 
 

 
Figure 7. Decomposed components from the 

Yamaguchi-VSM. 
 
 

 
Figure 8. Decomposed components from the SAVSM. 
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Figure 9.The Randomness and RVI from the SAVSM. 
 

3. SOIL MOISTURE RETRIEVAL 
 
In this section, two approaches are studied for the 

soil moisture retrieval, one is the model-based 
decomposition developed in the last section, and the other 
is the machine learning random forest approach using the 
polarimetric parameters. 

The framework of the two-component model-
based decomposition developed by Huang et al. [6] is 
written as, 

 T33 = fs ∙ Ts + fv ∙ Tv (4) 

in which T33 is the 3-by-3 coherency matrix, the fs and fv 
represent the scattering intensity of the surface and volume 
scattering components, while Ts and Tv are the coherency 
matrices of the surface, and volume scattering. The volume 
scattering model used here is developed by Huang et al. 
[11] which is written as, 
  To determine the contribution of the volume 
scattering, the Non-Negative Eigenvalue Decomposition 
(NNED) is used [12] and the randomness factor n will be 
determined by the minimizing the RVI derived from the 
PALSAR-2 data and the Radar Vegetation Index (RVI) 
[13] from the improved volume scattering model in 
equation (2). Removing the contribution of the volume 
scattering, the remaining coherency matrix dominated by 
the surface scattering will be converted to the covariance 
matrix, in which the HH and VV backscattering coefficient 
will be extracted and applied to the calibrated IEM for L-

band [14] to estimate the soil moisture under the 
minimization of the cost function ∆ in equation (3). 
 

 Δ = ��σMhh0 − σShh0 �2 + (σMvv0 − σSvv0 )2 (5) 

Where Δ  represents the least square difference between the 
measured σMpp0  from the covariance matrix and the 
simulated σSpp0  backscatter coefficients using the 
calibrated IEM [14].  

 
The second method we use is the Random Forest 

[15,16] machine learning method, which is an ensemble 
learning method for classification and regression, in which 
a number of de-correlated decision trees are constructed 
during calibration. Before each split, m  variables are 
selected randomly as candidates for splitting while  m ≤ p, 
where p is the total number of input features. Typically, 
values for m are the square root of p or even as low as 1 
depending on the value of p. It should be noted that when 
the number of variables is large, but the fraction of relevant 
variables small, RF is likely to perform poorly with a small 
m. Compared with other classifiers such as SVM and NN, 
RF uses the Out-Of-Bag (OOB) error samples, and once 
the OOB errors stabilizes, the training can be terminated 
and the number of trees are determined. RF also uses the 
OOB samples to measure the variable importance that 
represents the prediction strength of each variable, which 
might be used for the optimization of the choice of the input 
parameters. In this study, the OOB is used for the 
determination of the number of trees and set up m = �p. 
During the training processing of the RF parameters from 
derived from both SAR and optical data are used as the 
inputs for the RF calibration, consisting of the HH, HV, 
and VV from SAR and the NDVI, and reflectance of Green, 
Red, Nir, Swir1, and Swir2 channels from the optical data. 
 

The study area is located in the Northeast of the 
Arkansas state in United States, which is shown in Figure 
10 depicting that the crop and forest regions show high 
volume scattering due to their vegetation canopy. Major 
crops in this region include corn, cotton, soybean, and 
peanuts . As shown in Figure 10A, some study sties (green 
dots) that are outside of the footprint of the PALSAR-2 will 
not be used for the validation or the machine learning 
training. There are five quad pol PALSAR-2 data acquired 
on 20190718, 20190801, 20190815, 20190829, and 
20190912 used in this study. The incidence angle is around 
30 degrees. The soil moisture is measured in 12 sites over 
time spreading over diverse crop fields such as corn, cotton, 
soybean, and peanuts as shown in Figure 10B.  
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Figure 10. (A) the volume scattering component of 

the PASAR-2 data on July 18 2019 and the study sites 
(green dots). (B) the USDA crop data layer (CDL). 

 
The polarimetric PALSAR-2 SAR data is 

processed by the GITASAR software, the quad pol data are 
first converted to a 3-by-3 coherency matrix first, and a 
Boxcar filter is applied to reduce the inherent speckle noise 
with a 5-by-5 window size. The filtered coherency matrix 
is then geocoded with a resultant 30 meters resolution using 
an external 90 meters SRTM Digital Elevation Model 
(DEM). The two-component model-based decomposition 
is applied to the geocoded coherency matrix to retrieve the 
soil moisture. In addition, the HH, HV, and VV 
backscattering coefficient as the input parameters of the 
machine learning method are also extracted from the 
geocoded coherency matrix. In terms of the optical indices, 
the Normalized Difference Vegetation Index (NDVI) [17] 
and reflectance are generated using the Harmonized 
Landsat Sentinel-2 (HLS). Pre-processing followed best 
practices and applied established cloud masks [18] in an 
operational context using open source components. 
Additional Quality Assurance Quality Control routines 
were applied to treat poor quality pixels (i.e., missed 
clouds) using a multi-temporal module that allows for 
efficient custom pixel-wise time series calculations on 
image stacks. In this case, the multi-temporal module was 
implemented to remove additional observations that fall 
between a decrease and increase larger than 0.01 over an 8-
day period. However, periods of extended missed clouds 
(two or more) will remain. A weekly NDVI and reflectance 
products are then derived by linearly interpolating the 
remaining non-cloud values and applying a custom 
smoother. The smoother selected in this case was a least 
square penalized smoothing spline similar to the Whittaker 
smoother [19]. 
 
 Using the three-component model-based 
decomposition proposed in [11] to study the decomposed 
scattering components surface, double bounce, and volume 

scattering as well as the randomness factor over time in 
soybean, peanut, corn, and cotton fields are shown in 
Figure 11. It shows that the scattering components change 
over time for all crops, and generally the double-bounce 
scattering power is less than that of surface and volume 
scattering, which confirms our assumption in the last 
section. One exception is the soybean field, in which the 
double-bounce scattering and the volume scattering have 
similar scattering power over time but both are still less 
than that of the surface scattering primarily coming from 
the underlying ground. We also observe that in September 
(DoY around 255), both the double-bounce and volume 
scattering over the corn field decrease sharply which might 
be because that the SAR signal can penetrate the dry corn 
canopy easily. However, the surface scattering is still at a 
high level due to the underlying soil moisture and surface 
roughness. In terms of the randomness factor, Figure 11 
depicts that its value is ranging from 0 to 6, which 
demonstrates that both Freeman and Yamaguchi volume 
scattering models cannot fully describe the crop canopy 
since their randomness factors are constant (i.e., 0 and 1) 
as explained in Section 2.2.1. This is consistent with the 
findings in [11]. In addition, the randomness factor of the 
soybean tends to be higher than that of other crops, and for 
the corn at its growth stage, the randomness factor is 
increased due to the majority of scattering being from the 
underlying ground.  
 

 
Figure 11. Temporal scattering components and 

randomness over the agricultural fields. DoY: Day of 
Year. 

. 
 

The derived temporal soil moisture from the 
model-based decomposition is shown in Figure 12. 
Generally, it is wet on July 18th, and then becomes very 
dry in September 12th. The rice field show higher soil 
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moisture than that of other crops due to its strong double-
bounce backscattering caused by the interaction between 
the rice stem and underlying sanding water. The cotton 
(Red in CDL) shows a high soil moisture on July 18th, but 
very dry on September 12. Figure 12 shows that the RMSE 
of the retrieved soil moisture is about 9.34% and the R2 is 
around 0.37. In terms of the RF method, its temporal soil 
moisture is also shown in Figure 12, which depicts that the 
soil moisture becomes low on September 12 and is similar 
to the model-based decomposition method, Same with the 
model-based decomposition method, the soil moisture of 
the rice field is still higher than that of other crops such as 
cotton and corn due to the strong backscattering coefficient 
of HH and VV. Due to the limited number of ground 
measurement, the leave-one-out cross validation is used for 
the accuracy assessment showing that, the RMSE is around 
7.57% and R2 is around 0.62 (Figure 13). Since the RF 
method requires both the SAR and optical data, only the 
common part of those two footprints (SAR and HLS) are 
used for the soil moisture estimation which leads to 
chucked maps as shown in Figure 12. Compared with the 
soil moisture from the model-based decomposition, the ML 
method show high accuracy as more information is added 
in the RF while the model-based decomposition makes use 
of the SAR data alone. For both the model-based 
decomposition and the RF methods, the underestimation is 
observed when the soil moisture is greater than 40 [vol.%]. 
This is because the soil might be saturated by water when 
the soil moisture is higher than 40 [vol.%], which is 
difficult to be detected by the SAR signals.  
 

 
 

Figure 12. Soil moisture derived by the two-
component model-based decomposition and random 

forest methods where the chucked area from the RF  is 
due to the coverage of the HLS data. The black 

quadrilateral in the SM derived by the model-based 
decomposition is the region that RF has. 

 

 
Figure 13. Validation of the Soil moisture by the 

model-based decomposition and RF methods, in which 
the Leave-one-out validation is used by RF against the 

ground measurement. 
 
In addition, the importance of the input parameters of RF 
is also derived that is shown in Figure 14, indicating the 
green, HH, red, and VV are the major contributions of the 
soil moisture estimation, showing the importance of the 
PALSAR polarizations on the soil moisture estimation. 
Instead, the HV show less importance because it is 
primarily sensitive to the vegetation canopy other than the 
underlying surface.  
 

 
Figure 14. Importance of the input parameters of RF 

method. 
 

Finally, instead of the RMSE and R2, an example of 
the temporal soil moisture over the soybean field using 
both the model-based decomposition and RF methods are 
compared that are shown in Figure 15. It depicts that the 
estimated SM from the RF shows a high agreement with 
the ground measurement when the SM is less than 40 
[vol. %], which is consistent with Figure 13. In addition, 
the SM from the model-based decomposition has the value 
all around 30 [vol. %] over time, which is not consistent 
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with the ground measurement. This comparison shows a 
high potential of the RF method than that of the model-
based decomposition due to more involved information in 
terms of SAR and optical indices.  
 

 
Figure 15. Example of the temporal SM over soybean 

field using the model-based decomposition and RF 
methods showing a high agreement of the estimated 

SM from the RF with the ground measurement when 
the SM is less than 40%. 

 
In our study, both the model-based decomposition 

using the SAR data alone and the machine learning RF 
methods that combine the parameters from both SAR and 
optical data are investigated for the soil moisture retrieval 
using the L-band polarimetric PALSAR-2 data. Both show 
high potential on the soil moisture estimation, but the RF 
achieves higher accuracy than that of the model-based 
decomposition which might be caused by the following 
reasons:The model-based decomposition method used in 
this paper does not consider the contribution of the double-
bounce scattering since it is rather weak over the 
agricultural fields. This is confirmed in Figure 11 when the 
double-bounce scattering has the least scattering power. 
However, the double-bounce scattering might have an 
equivalent contribution to the other scattering component 
such as volume scattering over soybean fields. If so, the 
neglection of the double-bounce scattering might lead to 
decrease the SM estimation accuracy.The attenuation 
effect is neglected in the model-based decomposition, 
which can be another issue. However, for the long 
wavelength L-band, the attenuation should be rather weak 
over agricultural fields since sometimes the attenuation can 
even be neglected over the forestry regions [20] . The 
calibrated IEM for the L-band is a semi-empirical method 
that is calibrated using the ground measurement by other 
study regions that might not be applicable to our study site. 

Even through the model-based decomposition has many 
limitations, it still shows high potential on the SM 
estimation with its RMSE around 9.34 [vol.%].  Instead, 
the RF method shows higher accuracy than that of the 
model-based decomposition because the optical 
parameters are used in addition to the SAR parameters. The 
importance of the input parameters shows that the HH and 
VV shows higher importance than that of many other 
parameters demonstrating the ability of the SAR 
parameters on the soil moisture estimation especially HH 
and VV. However, RF as a machine learning method needs 
the ground measurement for the calibration, its 
transferability will be problematic when it will be applied 
to other regions. In addition, the optical data used by RF is 
always obscured by the cloud and rain, hence, the cloudy 
regions the RF method might not be applicable. Fortunately, 
there are many data fusion methods available to use 
currently, but a study of their performance might be 
required before applying them to the training process, and 
it will be our future work. 
 

4. CONCLUSION 
 

The ALOS-2 quad-pol PALSAR-2 data are useful 
in displaying plant structures over agriculture areas. Corn 
fields are shown much stronger double-bounce scattering 
than the soybean fields on this stage due to its unique 
structure. Both An and Antropov volume scattering models 
have lower volume scattering   components over corn and 
soybean areas than the Yamaguchi and SAVSM volume 
models. At this growth stage, the SAVSM has similar 
results to the Yamaguchi volume scattering model, which 
makes its verification challenging. Therefore, in future, the 
SAVSM will be further validated using the time series quad 
polarimetric PALSAR-2 images over the entire crop 
growth season. In addition, the SM retrieval using the 
polarimetric model-based decomposition method and 
machine learning RF methods show that both methods 
show high potential on the soil moisture retrieval with the 
RMSE of 9.34 [vol. %] and 7.57 [vol. %], and R2 of 0.37 
and 0.62 respectively. The RF method shows higher 
accuracy than that of the model-based decomposition due 
to the addition of the optical parameters. However, the RF 
method requires the ground measurement for the 
calibration, while the model-based decomposition does not 
need external auxiliary data. 
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1. はじめに

農業地域における作付状況に関する情報は，作

物ごとの農地面積の調査や収量の予測，災害発生

時の被害把握など，様々な用途に供せられている。

そのため，作物の作付状況をより広範囲で把握す

ることは重要である。しかし，作付作物の分類の

詳細を継続的かつ長期的，広域的に把握していく

ためには，現在人の手によって行われているよう

な現地調査では困難となる。したがって，現地調

査に代わる手法の確立は必要不可欠であり，その

中でも衛星リモートセンシング技術は，農業分野

において特に有望な情報収集手段の一つになりう

る。特に合成開口レーダ（SAR, Synthetic Aperture 
Radar）を用いた技術は，昼夜を問わず安定した観

測が可能であるだけでなく，大気や天候の影響を

受けずにデータを取得することが可能である [1]。
したがって，SAR データを用いた作物のモニタリ

ングは，非常に汎用性，堅牢性が高く，毎年安定

して確実に結果を得られる手法であるため [2]，多

時期のデータを使用した作付作物の分類に効果的

であると考えられる。

これまでの研究では，X バンドや C バンドの

SAR データを使用した分類を行った [3]。その結果，

特に C バンドは X バンドよりわずかに高い精度が

得られ，両者を併用することでさらに精度が上昇

することを示した。そこで，高い精度の得られた

C バンドの SAR データに加え，新たに L バンド

SAR によるデータを併用し，分類を行った（前回

の報告参照）。その結果，一時期のデータのみを

使用する場合，C バンドと L バンドを併用するこ

とで，いずれか一方を使用する場合より有意に高

い精度が得られた。しかし，複数時期のデータを

使用するのであれば，C バンドのみで十分高い精

度の分類がなされることが示された。また，バン

ドごとの比較を行ったところ，L バンドによる分

類は C バンドによる分類よりも低い精度となった。

しかし，前回の報告では，L バンドのデータを 8
月以降のものしか使用していなかった。そこで今

回の報告では，8 月以前に取得された単偏波の L
バンドデータも使用し，より高精度な分類を行え

るか検討した。また，C バンドは L バンドに比べ

て費用がかかるため，C バンドをできるだけ使用

せずに L バンドで代替することが可能であるかに

も注目して検討した。

2. 研究方法

2.1 対象地域および対象作物 
研究対象地域は，北海道十勝管内の西部に位置

する河西郡芽室町・上川郡清水町の畑作地帯（東

経 142° 55′ 12″ ～143° 05′ 51″, 北緯 42° 52′ 48″ ～43° 
02′ 42″）とした。 
対象作物は，当該地域における主要作物である

小麦，豆類，馬鈴薯，甜菜，牧草，トウモロコシ

の 6 種類とし，全 4,713 圃場を解析対象とした。

なお，豆類には小豆・大豆・菜豆を含み，牧草に

はチモシー・オーチャードグラスを，トウモロコ

シには食用・飼料用をそれぞれ含んでいる。

2.2 使用した衛星データ 
本研究では，C バンドのセンサを搭載した

RADARSAT-2 の衛星データおよび L バンドのセン

サを搭載した ALOS-2（PALSAR-2）の衛星データ

を使用した。C バンドはすべて 4 偏波データを使

用し，L バンドは単偏波データと 4 偏波データを

使用した。取得した時期はすべて 2017 年であり，

C バンドは 6 時期，L バンドは単偏波を 2 時期，4
偏波を 1 時期取得して使用した。表 1 に，それぞ

れの衛星データの取得時期を示す。

表 1 衛星データの取得時期（2017 年） 

時期 RADARSAT-2 ALOS-2

1期 6月 8日 6月 3日

2期 6月22日 6月22日

3期 7月 2日 8月 7日

4期 7月16日

5期 7月26日

6期 8月 9日

作付作物分類を実施するにあたり，ノイズ消去

や座標合わせのための前処理として，スペックル

フィルタやマルチルック処理，オルソ補正を行っ

た。次に，各データから変数の算出を行った。4
偏波データについては，各偏波（HH, HV, VV）の

後方散乱係数を算出した。また，後方散乱係数の

ほかに，本研究では 2 種類の散乱成分分解手法を
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使用し，散乱成分を算出した。散乱モデル分解法 
[4] により 2 回散乱（Pd），体積散乱（Pv），表面

散乱（Ps）を，固有値解析法 [5] によりエントロ

ピ（H），アニソトロピ（A），アルファ角（α）

を算出した。各衛星データより，以上の 3 手法で

の計 9 要素を算出した（データ数が 7 時期分ある

ため，総計 63 変数となる）。単偏波データについ

ては，これらの散乱成分分解手法が適用できない

ため，HH 偏波の後方散乱係数のみを算出した

（データ数が 2 時期のため，計 2 変数となる）。

以上の 9 時期，65 変数を用いて分類を行った。 
 

2.3 解析方法 
本研究では，圃場ポリゴン単位での分類を行っ

た。分類にあたり，対象地域における圃場境界

GIS データを十勝農業共済組合より提供を受けた。

まず，それぞれのポリゴンに道路や防風林などの

混入による影響が生じることを防ぐため，圃場ポ

リゴンの内側にバッファを生成し，その領域を除

いた。使用した RADARSAT-2 データのオルソ補

正後のピクセルスペーシングが 8m，ALOS-2 デー

タのオルソ補正後のピクセルスペーシングが 3m
（単偏波），5m（4 偏波）であることを考慮し，

バッファは 10m に設定した。次に，算出したそれ

ぞれの変数について，圃場ごとに平均値を抽出し

た。このようにして，衛星データ抽出領域の圃場

ポリゴンデータを作成した。最後に，分類処理の

ための教師データとして，既往研究  [6] に倣い

20%の圃場を無作為に抽出した。残りの 80%はテ

ストデータとし，教師データをもとに分類を行い，

精度評価に使用した。教師データとテストデータ

に用いた作物種別の圃場数を表 2 に示す。 
 

表 2 作物別の圃場数 

作物 教師データ テストデータ 合計

小麦 275 1,102 1,377

豆類 189 756 945

馬鈴薯 133 530 663

甜菜 112 448 560

牧草 119 475 594

トウモロコシ 115 459 574

合計 943 3,770 4,713  
 
分類には機械学習アルゴリズムである Random 

Forests [7] を使用した。Random Forests は，変数の

一部を使用した決定木を複数作成し，それらの決

定木から算出された結果の多数決により，最終的

な分類を決定する手法である。本研究では，決定

木の数は 200 本とし，1 本の決定木を作成する上

で使用する変数の数は全変数の平方根に設定して

分類を行った。 
分類の精度を評価するために使用した指標は，

全体精度（OA）及びカッパ係数（κ）の 2 種類で

ある。その他，作物ごとの分類精度の評価に，参

照データの精度を示すプロデューサーズ精度

（PA）及び分類結果の精度を示すユーザーズ精度

（UA）の 2 種類を使用した。また，2 つの手法間

における κ の差の有意性について，検定統計量 Z 
[8] を使用して評価した。Z 値が 1.96 を超えれば，

5%の有意水準において，2 つの分類結果に有意な

差があると判断することができる。 
 

3. 結果と考察 
 
3.1 バンド間での比較 
まず，各バンドの精度を比較するため，双方の

バンドで撮像時期の近いデータを 3 時期選定し，

各々の精度を算出した。C バンドの 1，2，6 期目

を使用した分類と，L バンドの 1，2，3 期目のす

べてを使用した分類の結果を比較した。結果を表

3，4 に示す。 
 

表 3 C バンドデータ 1，2，6 期目での分類結果 

豆類 甜菜 牧草 トウモロコシ 馬鈴薯 小麦 合計 UA

豆類 681 6 7 73 3 10 780 0.873

甜菜 12 401 6 10 16 4 449 0.893

牧草 2 0 412 19 21 8 462 0.892

トウモロコシ 47 5 16 321 14 9 412 0.779

馬鈴薯 9 33 6 27 473 5 553 0.855

小麦 5 3 28 9 3 1,066 1,114 0.957

合計 756 448 475 459 530 1,102 3,770

PA 0.901 0.895 0.867 0.699 0.892 0.967

全体精度 0.890

カッパ係数 0.864

参照データ

分
類
結
果

 
 

表 4 L バンドデータ 1，2，3 期目での分類結果 

豆類 甜菜 牧草 トウモロコシ 馬鈴薯 小麦 合計 UA

豆類 493 54 62 94 62 85 850 0.580

甜菜 14 143 13 11 57 46 284 0.504

牧草 26 19 210 35 10 66 366 0.574

トウモロコシ 57 14 36 215 21 38 381 0.564

馬鈴薯 48 71 16 32 290 56 513 0.565

小麦 118 147 138 72 90 811 1,376 0.589

合計 756 448 475 459 530 1,102 3,770

PA 0.652 0.319 0.442 0.468 0.547 0.736

全体精度 0.573

カッパ係数 0.464

参照データ

分
類
結
果

 
 

C バンドに関しては，0.9 に近い全体精度で分類

がなされており，X バンドを 3 時期使用した過去

の研究 [9] より高い精度が得られた。特にトウモ

ロコシ以外の作物は PA，UA ともに 0.8 を上回る

精度が達成された。トウモロコシに関しては，過

去の研究でも C バンドのみでの判別が難しいこと

が示されており [10]，今回も同様の結果となった。

一方で，L バンドの全体精度は 0.57 となり，C バ

ンドより大幅に低い精度となった。特に甜菜は PA，

UA とも極めて低い精度となった。前回の報告で

は，豆類も低い精度となっていたが，まだ作物体

の小さい 6 月のデータを使用したことにより大幅

な精度の向上が見られたと考えられる。 
今回の結果でも，バンドごとに作物体を透過す

る度合いが異なる点が影響していたと考えられる。

C バンドは L バンドと比較すると作物体を透過し

にくく，豆類や甜菜のような畝があり葉の多い作
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物を捉えられたと考えられる。いっぽうで L バン

ドは，作物体を透過しやすいため，豆類や甜菜の

ような植え方が密でない作物の形状を捉えること

が困難であったと考えられる。小麦や牧草は畝が

なく密に植えられているため，マイクロ波の散乱

によってそれ以外の作物との差異をある程度識別

できたと考えられる。また馬鈴薯は，作物体を透

過しても畝の凹凸を捉えたために，比較的高い精

度を維持できたと考えられる。 
前回の報告において，L バンドを使用した分類の

全体精度は 0.48 であった。今回の報告では，8 月

以前の時期のデータを使用したことにより，精度

の向上が示された。分類における変数の重要度

（ジニ係数減少量）を算出したところ，1 期と 2
期の HH 偏波後方散乱係数が特に重要度の高い 2
変数であった。したがって，これらの時期の情報

が作付作物の分類に大きく寄与していたことが考

えられる。しかし，HV 偏波後方散乱係数や各種

の散乱成分は作付作物分類の精度向上に寄与する 
[3] ことから，単偏波ではなく 4 偏波の衛星データ

を使用することによって，さらに精度の向上が見

込まれると考えられる。 
C バンドの 1，2，6 期目と L バンドの 1，2，3

期目を併用した分類結果を表 5 に示し，その結果

のマップを図 1 に示す。併用により，C バンドの

みでの分類結果と比較して全体精度，カッパ係数

ともに向上したが，両者間で有意な差は得られな

かった（Z=0.71）。変数の重要度を確認したとこ

ろ，1 期目の L バンド HH 偏波後方散乱係数が 21
番目に高い値であったが，上位 20 変数はすべて C
バンドの変数であったことから，6 月のデータを

加えても昨年と同様に L バンドを併用する必要性

は低いと考えられる。 
 

 
図 1 C バンドデータと L バンドデータを併用

した分類による作付マップ 

表 5 C バンドデータと L バンドデータを併用

した分類結果 

豆類 甜菜 牧草 トウモロコシ 馬鈴薯 小麦 合計 UA

豆類 686 6 6 73 4 11 786 0.873

甜菜 10 404 5 10 12 5 446 0.906

牧草 2 1 405 20 20 7 455 0.890

トウモロコシ 43 3 18 329 12 5 410 0.802

馬鈴薯 10 31 9 20 479 4 553 0.866

小麦 5 3 32 7 3 1,070 1,120 0.955

合計 756 448 475 459 530 1,102 3,770

PA 0.907 0.902 0.853 0.717 0.904 0.971

全体精度 0.895

カッパ係数 0.870

参照データ

分
類
結
果

 
 
3.2 C バンドを L バンドに代替した分類 

C バンドは L バンドに比べて費用がかかるため，

C バンドをできるだけ使用せずに L バンドで代替

することが可能であるかにも注目して検討した。

C バンド 6 時期のうちいくつかを L バンドに変更

する手法と，2～3 時期の L バンドに 1～2 時期の

C バンドを加える手法の 2 通りで実行した。 
まず，C バンド 6 時期のうちいくつかを L バンド

に変更する手法を実行した。結果を表 6 に示す。

C バンドを 6 時期すべて使用した分類と，C バン

ド 5 時期と L バンド 1 時期を併用した分類とを比

較すると，若干の精度低下は見られたものの，全

体精度はすべて 0.9 を超えており，それぞれ有意

な差はなかった。特に C バンドの 1 期を L バンド

に変更した分類は，最も高い精度となったが，そ

れぞれの結果に大きな差はなかった。次に， C バ

ンド 4 時期と L バンド 2 時期を併用した分類と比

較した。その結果，C バンドを 6 時期使用した分

類と比較すると有意な差のある精度となった。し

かし，C バンドの 1 期，6 期を L バンドに変更し

た分類と，2 期，6 期を L バンドに変更した分類は，

全体精度が 0.9 を超えた。これらは，6 月の 1 時期

と 8 月の 1 時期を L バンドに変更したものである。

C バンドの 1 期，2 期を L バンドに変更した分類

は，6 月の 2 時期を変更しているが，唯一 0.9 を超

える精度が得られなかった。このことから，6 月

は単偏波の L バンドだけでは精度が低下するため，

4 偏波の C バンドを 1 時期は確保することが必要

であるといえる。この原因として，単偏波の衛星

データでは算出できる変数が少なく，分類を行う

ために十分な数の変数を確保できなかったことが

考えられる。8 月の L バンドは 4 偏波のため，十

分な数の変数を算出でき，比較的精度を維持でき

ていたと考えられる。最後に，C バンド 3 時期と

L バンド 3 時期を併用した分類と比較したが，こ

ちらの全体精度は 0.882 とさらに低下した。 
つづいて，2～3 時期の L バンドに 1～2 時期の

C バンドを加える手法を実行した。結果を表 7 に

示す。まず，3 時期の L バンドに 1 時期の C バン

ドを加える手法を実行した。ここでは，L バンド

の取得が行われなかった 7 月に取得された 3 時期

の C バンドのうち，1 時期を加えることとした。

3.1 で示した L バンドのみを 3 時期使用した分類で
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は，0.57 と高い全体精度は得られなかったが， こ
れらに 7 月の C バンドを 1 時期加えるだけで大幅

に精度の向上がみられた。特に 3 期目にあたる 7
月上旬の C バンドデータを加えることによって，

0.8 を超える全体精度を得られた。これまでの研究

では，7 月上旬までの C バンドと，7 月中旬以降の

X バンドのデータを併用することで，最も高い精

度での分類がなされ [3]，時期が後半になると短い

波長の衛星で作物を識別しやすくなる可能性が示

唆されていた。本報告でも，C バンドや L バンド

のような長波長のデータは，より早い時期のもの

を使用することで精度の向上に寄与したと考えら

れる。次に，これらの結果を踏まえ，1 期目の L
バンドを C バンドに変更し，L バンド 2 時期と C
バンド 2 時期による分類も実行した。その結果，

大幅な精度の向上がみられた。特に C バンドの 1，
3 期目と L バンドの 2，3 期目を使用することで，

0.877 の全体精度が得られた。こちらの結果でも，

より早い時期のデータを使用することで精度が高

くなったといえる。 
 

表 6 C バンドの一部を L バンドに変更した分類 
使用したCバンド（期） 使用したLバンド（期） 全体精度 カッパ係数

1，2，3，4，5，6 なし 0.919 0.900

2，3，4，5，6 1 0.911 0.890

1，3，4，5，6 2 0.910 0.888

1，2，3，4，5 3 0.909 0.888

3，4，5，6 1，2 0.888 0.861

2，3，4，5 1，3 0.902 0.879

1，3，4，5 2，3 0.905 0.882

3，4，5 1，2，3 0.882 0.854  
 

表 7 一部の C バンドと一部の L バンドを併用し

た分類 
使用したCバンド（期） 使用したLバンド（期） 全体精度 カッパ係数

3 1，2，3 0.824 0.783

4 1，2，3 0.780 0.726

5 1，2，3 0.770 0.713

1，3 2，3 0.877 0.848

1，4 2，3 0.852 0.817

1，5 2，3 0.843 0.805  
 

4. おわりに 
 
本報告では，C バンドと L バンドの衛星データ

を使用し，作付作物の分類を行った。特に本年度

は，6 月に撮像された単偏波の L バンドデータを

加え，精度の向上や効率化を検討した。その結果，

いずれか一方のバンドを使用した分類では，C バ

ンドでは高い精度を得られたが，L バンドでは高

い精度を得られなかった。しかし L バンドについ

ては，昨年の結果より大幅な精度の向上がみられ，

これは 6 月の L バンドデータを使用したためであ

るといえる。また，C バンドをできるだけ使用せ

ずに L バンドで代替することが可能であるかにも

注目して検討した。その結果，C バンド 6 時期の

うちいくつかを L バンドに変更する手法を実行し

たところ，1 時期を L バンドに変更しても有意差

のない精度が得られた。2 時期を変更すると有意

差がみられたが，6 月の 1 時期と 8 月の 1 時期を変

更した場合では 0.9 を超える全体精度が得られた。

また，2～3 時期の L バンドに 1～2 時期の C バン

ドを加える手法の 2 通りで実行したところ，L バ

ンドのみでの分類と比較して大幅に精度の向上が

みられた。特に 7 月上旬までの C バンドを 1～2 時

期加えて分類することにより，効率的に高い精度

を得ることができた。 
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1. INTRODUCTION

On-going and near-future Synthetic Aperture Radar      
(SAR) satellite missions are expected to provide       
meaningful and timely information over vast agricultural       
lands such as that of Argentinean Pampas Plain, leading         
to actual economic benefits regarding to seeding dates,        
irrigation strategies and crop yield forecasting, thus       
contributing to food security efforts. The Argentine       
constellation mission SAOCOM (saocom.invap.com.ar)    
has been successfully launched on October 7, 2018        
(SAOCOM-1A) and August 30, 2020 (SAOCOM-1B).      
Both sensors have a lifespan of 5.5 years and were          
specifically designed to monitor croplands, exploiting its       
fully polarimetric capabilities at L-band (λ=23cm).  

The potential of SAR observation systems for       
classification of agricultural crops, monitoring of crop       
biomass, and measurement of soil moisture has been        
recognized for a long time. It is well documented that the           
development of crops over time leads to changes in         
backscatter [1-5]. Moreover, it is suggested that the        
important scattering mechanisms when dealing with      
agricultural areas are direct backscatter from bare       
soil/underlying ground, direct backscatter from the plant       
components (leaves, stems, fruit), double-bounce     
backscatter between the soil surface and crop canopy, and         
in some cases ground-vegetation-ground and multiple      
scattering mechanisms [1,6]. These scattering types can       
be heavily influenced by the incidence angle and temporal         
conditions. For many surfaces, the backscatter decreases       
with an increasing incidence angle as shallow angles        
result in specular reflection. However, when considering       
vegetation, a shallow angle may result in diffuse        
backscatter from the canopy, whereas a steep incidence        
angle would be more typical of surface scattering from the          
soil or canopy components [7]. The research suggests that         
when seeds are still below the surface, the main         
contributor to a radar response is single-bounce       
backscatter due to the rough, plowed state of the soil as           
well as moisture content of the soil [8]. As plant elements           
emerge and begin to develop, both the co-polarized and         
cross-polarized backscatter intensities tend to increase.      
The increase in co-polarized backscatter is due to a         
combination of single bounce backscatter directly off       
leaves or stems, etc. and soil-vegetation double-bounce       
backscatter, whereas the cross-polarized backscatter is      
amplified by volume scattering influenced by the crop        

canopy. One way to discriminate between the surface and         
double-bounce is to use the co-polarized phase difference.        
Further analysis of the scattering matrix can be performed         
on polarimetric data in order to extract fundamental detail         
about the scattering process across the image [9,5]. 

An important property of microwaves is their capability to         
penetrate into the media. Over natural targets, the volume         
under consideration does not present a homogeneous       
dielectric constant. The presence of inhomogeneities      
within the volume makes it possible to have backscattered         
energy from within the volume. This is the reason why          
microwaves are considered for the study of volumetric        
targets. The most apparent example of this backscattering        
mechanism appears when the radar system images       
vegetated areas. The backscattered energy is returned       
from the upper layer of the canopy, but also from the           
multiple targets (leaves, branches, trunk and even the        
ground beneath the canopy) that conform the different        
vegetation layers. On the one hand, the properties of the          
backscattered energy depend on the dielectric constants of        
the different elements that form the volume where water         
content (both in the soil and in the vegetation) plays a           
crucial role. On the other hand, the backscattered energy         
shall also depend on the dimensions of the different         
components of the volume, on their internal arrangement        
and on the roughness of soil surface beneath. 

As it has been mentioned, the wave scattering process         
from random media depends on electromagnetic factors       
related to the scatterer itself, as for instance: composition,         
conductivity, permittivity, geometrical arrangement, but     
also on factors determined by the illuminating wave        
[10,11]: frequency, polarization or incidence angle. 

The electromagnetic factors mentioned have a biophysical       
counterpart: soil and vegetation water content, structural       
and orientation properties, soil texture, among others.       
Polarimetry has the potential to serve as linkage between         
those two groups, for a certain set of illuminating         
parameters. Thus, relating electromagnetic    
parameters to biophysical ones through     
polarimetry enables the monitoring of croplands by       
microwave polarimetry remote sensing. Current     
capabilities of JAXA ALOS-2/PALSAR-2 enable     
set-up and perform dedicated field experiments for       
the development of application examples that point       
out the important role polarimetric information plays       
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in qualitative and quantitative SAR remote sensing       
applications.   
This study contributes to evaluate the performance       
of polarimetric SAR data for agricultural monitoring       
based on a time series, i.e. multitime and multiple         
incidence angle, at L-band. This is based on the         
physical interpretation of the scattering process by       
analyzing both the scattering mechanisms and the       
intensity of the backscatter response. 
 
 

2. MATERIALS AND METHODS 
 
2.1 Study area and ground data collection 
 
The original proposed area was changed by a larger,         
dedicated, better instrumented one belonging to the       
Argentinean National Commission for Space Activities      
(CONAE, conae.gov.ar). In Argentina, CONAE has the       
largest instrumented site over croplands dedicated to the        
calibration of the soil moisture retrieval algorithm for the         
SAOCOM-1A and 1B mission. 
 
In March, April and June 2017, a moving campaign near          
the town Monte Buey in central Argentina gathered basic         
in-situ information over 262 crop fields covering a 300         
km x 90 km cropland area as shown in Fig. 1. The            
topography was flat so that no DEM correction is applied.          
A detail of the crop area is shown in Fig. 2. In-situ            
information included: 0-5-cm dielectric constant, crop      
type, plant height and till status. This dataset includes         
non-vegetated (i.e. bare soil and fallow), and vegetated        
fields with crops at different growth stages, as        
summarized in Table I. 
 
2.2 Preprocessing 
 
Concurrent with the field measurements, fully      
polarimetric images were acquired by     
ALOS-2/PALSAR-2 sensor at 1.236 GHz in      
High-sensitive Full Polarimetry mode with a 50-km swath        
width at two incidence angle ranges: 25°-30° and 30°-35°.         
This sensor delivered co-polarized phase difference      
measurements with an imbalance better than 0.618° [12,        
Table 3]. For ALOS-2/PALSAR-2 the processing chain       
started with radiometric calibration from Single Look       
Complex (SLC) scenes. Subsequently, multilooking was      
applied (4 pixels in azimuth by 2 pixels in range) to get an             
approximate square pixel and to improve the radiometric        
quality of the images. Coherence matrices were computed        
and then geocoded to a 12 m × 12 m ground pixel size by              
means of bilinear resampling. As the final product, output         
bands for backscattered power SpqSpq

* (p,q=H,V),      
complex scattering products SHHSVV

*
and for local       

incidence angles were generated. 

 

 
Fig. 1: Study site in the agricultural region of central          
Argentina. The area coverage is around 300 km x 90          
km. Red cross marks are the site measurements. 
 

  
 
 

Fig. 2: In-situ data were collected in 262 fields. The          
center coordinate of the image is 32° 42′ 21″ S, 62° 6′            
30″ W. 
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TABLE I. Field number and plant height range for the          
crops analysed in this study. 

 
The statistical distribution of for a speckled image is     ϕ0       
known and the reader is referred to [12] for its          
closed-form expression. In what follows, and will      ϕ0   ρ0   
be robustly estimated from its speckled histogram by        
means Maximum Likelihood Estimation (MLE) [35], 
 
2.3 Polarimetric features 
 
The backscattered power coefficients are readily extracted       
from the SpqSpq

*-images. For the HH-VV phase difference,        
the derivation is given by 
 

,   (1)ϕ rg (S S )  ϕ0 = ϕHH −  V V = a HH
*
 V V  

 
where SHH and SVV are the HH and VV complex scattering           
coefficient and ∗ denotes complex conjugate. The       
statistical distribution of for a 1-look speckled image    ϕ       
is known and its closed-form expression is 

where 

The phase difference distribution is unimodal,        pϕ 
     

symmetric and modulus 2π about its mode, which occurs                 
at [13]. In Eqs. (2) and (3), the parameters and   ϕ0                  ϕ0   ρ0

will be estimated from the 1-look histogram from               
measured by means of a Maximum Likelihood   ϕ0              
Estimation (MLE) [14] using Eq. (2) as the likelihood                 
function to be maximized. Thus, the co-polarized phase               
difference estimator is estimated for each field on each     ϕ0              
acquisition day. 
 
2.4 Co-polarized phase difference model 
 
The model considered here for the co-polarized phase        
difference after Ulaby et al. [15], considers the ,  ϕ0         
scattering interaction between the plant stalks and an        
underlying rough, moistened surface. Crop plants were       
modeled as vertical dielectric cylinders, long enough       
relative to the wavelength to rely on the infinity cylinder          
scattering solution. The Ulaby's model assumed stalks are        
arranged with N cylinders per unit area and are far away           
enough such that multiple scattering is negligible. As a         
result, comprised the sum of three incoherent  ϕ0       
contributions: accounts for the phase difference by ϕp        
propagation through the plant stalks, by the bistatic      ϕst     
reflection among stalks and soil, and by the soil. The       ϕs      
reader is referred to [15] for a full understanding of the           
model. 
 
 

4. RESULTS 
 
In Fig. 3, HH, VV, and HV power backscattering         
coefficients, coherence (also referred to as  ρ0       
interferometric coherence) and HH-VV phase difference      

is shown for crop fallows. Thus, polarimetric data can ϕ0           
be readily looked at and scattering mechanisms inferred.        
It turns out that most fallow soils have VV>HH and in           ϕ0   
the range 0º to 30º, which is in accordance with single           
scattering from rough soil surfaces. Some soybean fallows        
lie outside the mentioned range (i.e. >30º or <0º),       ϕ0    ϕ0  
which implied some kind of dielectric plant structure. 
 

Crop type # fields Incidence 
angle [º] 

Stalk height 
[cm] 

Maize 12 35.1-39.3 80-300 

Soybeans 37 23.3-41.4 50-120 

Sorghum 3 27.6-29.5 50 

Wheat 17 25.8-29.1 1-30 

Pasture 10 33.3-38.1 8.7-65 

Bare 1 28.2 - 

Fallow 
(maize) 

9 33.8-41.5 - 

Fallow 
(soybean) 

103 23.3-41.6 - 

Fallow 
(sorghum) 

3 34.7-35.7 - 

  -π ≤  < πpϕ 
=

2π(1−β )2 3/2

(1−ρ )[ 1−β + β(π−cos (β))]0
2 ( 2)2

1
−1

ϕ    (2)   

   (3)cos  β = ρ0 ϕ(  − ϕ0 ) .  
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Fig. 3: Polarimetric features of fallows for different        
underlying crops over the study site. Upper panel: Co-         
and cross-polarized backscattered power: HH     
(squares), VV (downward triangles), HV (circles).      
Middle panel: Coherence . Lower panel:   ρ0    
Co-polarized phase difference . ϕ0  
 
In Fig. 4, HH, VV, and HV power backscattering         
coefficients, coherence and HH-VV phase difference  ρ0      

 is shown with the different crops color-coded. ϕ0   
 
Wheat and sorghum seemed to be a low-loss media since          

is within the range of the fallow soils where single ϕ0           
scattering is dominant. However, some maize and       
soybean fields have HH>VV suggesting some attenuation       
in the vertical direction due to the stalks. Unlike the          
mentioned crops, pasture has the higher dynamic       ϕ0   
range, indicating that within its canopy coherent effects        
are non-negligible. 
 

 
Fig. 4: Polarimetric features of crops over the study         
site. Upper panel: Co- and cross-polarized      
backscattered power: HH (squares), VV (downward      
triangles), HV (circles). Middle panel: Coherence .      ρ0  
Lower panel: Co-polarized phase difference . ϕ0  
 
Overall speaking, larger co-polarized phase differences      
are found in maize and soybean. In what follows, the           ϕ0  
values <0 for those crops will be compared to Ulaby’s          
model outputs. In Fig. 5, values for soybeans are clustered          
in two groups. Along with the thick line as the modeled           
total phase difference , each of the terms (soil),    ϕ0       ϕs  ϕp  
(propagation), and (bistatic) is depicted separately.   ϕst      
For the black-colored group, the model parameters are        
35+11i for the dielectric constant of the stalks, a density          
of 40 stalks per square-meter, a 80 cm stalk height and 1.0            
cm of stalk diameter. These parameters are compatible        
with a grown crop. On the other hand, for the red-colored           
group the density of the stalks N is the same as the            
black-colored group, the height is slightly larger of 100         
cm, and 0.4 cm of stalk diameter. The dielectric constant          
of the stalks is 8+1.0i. Due to the low dielectric constant           
and large height, these parameters are compatible with a         
mature/senescent crop. Finally, in Fig. 6 the model        
evaluation is depicted for maize fields. The dielectric        
constant of stalks is 18+2i, the density is 8 stalks per           
square-meter, the stalk height and diameter are 230 cm         
and 2.3 cm respectively. 
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Fig. 5: Model evaluation for soybean fields that        
exhibited an even-bounce behaviour ( <0º). ϕ0  

 

 
Fig. 6: Model evaluation for maize fields that exhibited         
an even-bounce behaviour ( <0º). ϕ0  
 
 

5. FINAL REMARKS 
 
Research on crop scattering processes can largely benefit        
from fully polarimetric data. Besides usual power       
scattering coefficients HH, VV, and HV, a promising        
polarimetric observable for crop monitoring is the phase        
difference between the HH and VV scattering       
coefficients. Thus, L-band fully polarimetric SAR      
missions, such as JAXA ALOS-2/PALSAR-2, are      
worthwhile. Further research involving co-polarized     
phase difference and propagation effects through crop       
canopies is ongoing. Moreover, crops other than studied        
in this research (e.g. canola, alfalfa) can be linked to the           
polarimetric features described, provided their plant      
structure be ascribed to one of the crops analyzed here.  
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Abstract:

Soil moisture retrieval in the vegetated area is a 

cumbersome process due to the involved scattering 

phenomenon that inherits the volume scattering 

from the vegetation and surface scattering from the 

underlying soil. This paper deals with this problem 

by utilizing the information available from 

synthetic aperture radar data and optical data in 

order to circumvent the vegetation characterization 

that is needed to explain the scattering phenomenon 

from the vegetation. PALSAR-2, a SAR data and 

MODIS an optical data has been used to develop 

the relationship between the normalized scattering 

coefficient and Normalized Difference Vegetation 

Index (NDVI). The developed relationship provides 

the soil moisture content in vegetated area. The 

obtained results are in good agreement with ground 

truth observation. 

1. Introduction

Estimation of spatial distribution of soil

moisture is important in many applications such as 

hydrology, meteorology, agronomy, climatology 

and many other earth sciences [1]. Active 

microwave remote sensing provides us avenue to 

estimate the spatial distribution of soil moisture 

over a large area [2]-[8]. Alternatively, soil 

moisture can be measured by various methods. The 

most direct methods are in situ measurements. 

They are usually reasonably accurate and can 

provide the good estimates of soil moisture, but 

they are point measurements. Therefore, it is very 

difficult to generalize the estimate of soil moisture 

for a large area of study from such point estimates 

because of the immense spatial variability of soil 

moisture at small scales. Also, because of logistic 

constraints, the spatial coverage of in situ 

measurements is usually rather limited. 

Synthetic aperture radar (SAR) images are 

capable of providing the estimate of soil moisture 

because the measured data in SAR is scattering 

coefficient which is highly dielectric dependent 

parameter and the studies have shown that the 

dielectric constant of soil changes with soil 

moisture condition [9] [10]. SAR technique 

provides the images with high spatial resolution 

therefore, the moisture estimation with SAR 

images can be mapped with local variations which 

is not possible in case of measurement with  

scatterometer. The retrieval of soil moisture is an 

ill–posed problem because scattering coefficient 

depends on several other parameters, e.g., in case 

of vegetated area, the scattering coefficient is 

affected not only by the vegetation parameters but 

also by the underlying surface roughness. The SAR 

images available before 2002 were in single 

configuration (i.e., single frequency, polarization 

and incidence angle) but from the launch of 

ENVISAT ASAR after that PALSAR sensor multi–

configuration (i.e., multi–incidence, multi–

polarization) data in now available. Presently the 

SAR satellites are available with high spatial 

resolution with short revisit time which offers the 

estimation of soil moisture at local scale in regular 

interval, e.g., RADARSAT–2, ENVISAT, 

TerraSAR–X, PALSAR.  

The most prevalent techniques for soil 

moisture retrieval in vegetated areas are the 

techniques based on the water cloud model and 

change detection [15]-[25]. Some researchers have 

utilized the optical data to characterize the 

vegetation and subsequently applied this 

information with SAR data to retrieve soil moisture 

[20] [21]. Besides the vegetation, soil surface

roughness is another factor of concern in soil

moisture retrieval studies. The minimization of

surface roughness in most of the cases has been

dealt with the copolarization approach.

The dependency of scattering coefficient on 

soil moisture proves its usefulness in retrieval 

studies of soil moisture but, the presence of 

vegetation hampers the accuracy drastically. 

Microwave has the capability to penetrate the 

vegetation, therefore providing the estimate of soil 

moisture, but the complex behavior of scattering 

coefficient in presence of vegetation makes the task 

difficult. Figure 1.1 shows backscattering of 

microwave in vegetated area. Therefore, the 

backscattered signal is total sum of the volume 

scattering from the canopy, surface scattering by 

the underlying soil surface and multiple interaction 

involving both the canopy and the soil surface [25]. 

Still it is challenging to minimize the vegetation 

effect for retrieval of vegetation covered soil 

moisture with SAR images. In this regard, optical 

data which provides the information of vegetation 

cover may be used as complementary information 

for retrieval of vegetation covered soil moisture. 
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Therefore, the information available from SAR and 

optical data can be fused to provide the estimation 

of vegetation covered soil moisture. The objective 

of this chapter is therefore to analyze the feasibility 

of relating the information available from SAR data 

and optical data to envisage such an approach that 

mostly rely on the information content of satellite 

images and require minimum a priori information. 

The concept of such an approach arises as the 

vegetation can be modeled through the SAR data as 

well as the optical data. In case of SAR data the 

backscattering is affected by the vegetation cover 

and contains the information regarding vegetation 

whereas, the normalized difference vegetation 

index (NDVI) provides a good estimate of the crop 

cover [24]. The utilization of the information 

content from the optical data reduces the 

requirement of the a priori information which is 

required in the vegetation parameters 

characterization. Therefore, this chapter focuses 

these problems of vegetation for retrieving the 

vegetation covered soil moisture and emphasizes 

on two approaches by developing empirical 

relationship between the normalized scattering 

coefficient and NDVI to incorporate the vegetation 

effect in soil moisture retrieval. 

 
Figure 1.1 Backscattering behavior of microwave 

form vegetated area [17]. 

2. Study Area and Data Used

Two sets of satellite images comprising

Roorkee city, Manglaur town (Uttarakhand, India) 

and its surrounding areas were chosen for the 

study. The satellite images used for the 

development of algorithm and the validation are 

ALOS–PALSAR-2 (Advanced Land Observing 

Satellite – Phased Array type L–band Synthetic 

Aperture Radar), a SAR data and MODIS 

(Moderate–resolution Imaging Spectroradiometer), 

an optical data.  

Extensive ground truth survey was carried out 

to measure the soil moisture and surface roughness. 

Total 60 areas were selected to measure the 

volumetric soil moisture and rms surface height. In 

these 60 areas, 30 areas belongs to the test image 

that has been used to develop and test the algorithm 

whereas, remaining 30 area belongs to the 

validating image and has been used to validate the 

developed algorithm. The study area is mostly flat 

and consist of water, urban, vegetation and bare 

soil classes. Wheat, sugarcane and mustard are the 

crop of the April month. 

3. Classification of PALSAR Image with

Decision Tree Classifier:

In study areas, there is no clear cut 

demarcation between the various land cover 

classes, i.e., it is very difficult to find out the 

agriculture or urban area for a large stretch (tens of 

kilometers) therefore, it is always the possibility to 

find the mixed land cover classes. In general one 

may obtain the urban areas (e.g., villages) along 

with the water bodies (e.g., canals, ponds) within 

the stretch of agriculture land and such type of 

other mixed classes. Due to this the satellite image 

of any area of interest will contain all these land 

cover classes mixed. This arise the need as a 

prerequisite to classify the image in various land 

cover classes so that the region of interest in the 

image can be clearly marked. In present case, a 

knowledge based approach has been applied to 

classify the PALSAR image and find out the 

vegetated and bare land remarkably. The PALSAR 

image classification has been carried out based on 

decision tree classifier [26]. Figure 3.1 and 3.2 

show the classified images of test and validating 

area. Figure 3.3 show the MODIS band-1, band-2 

and retrieved NDVI image. 

4. Methodology

To minimize the dependency of field 

knowledge an approach based on dry soil is 

considered and tested for soil moisture retrieval in 

vegetated areas. It means that the normalization of 

scattering coefficient of vegetated area can be 

performed with the scattering coefficient of dry soil 

[16]. This normalization scheme will provide the 

normalized scattering coefficient as a function of 

soil moisture and vegetation characteristic defined 

by NDVI. This approach has been developed in the 

following sections. Figure 4.1 depict the flowchart 

of the soil moisture retrieval in vegetated areas. 

The classified masked image has been used to 

develop the model for soil moisture retrieval. 

4.1. Theoretical Background 

(a) Vegetation Modeling in SAR Image

Scattering coefficient from vegetated area

depends on the scattering from the vegetation and 

the underlying soil. The scattering from the soil is 

basically a function of the soil dielectric constant 

defined by dielectric constant of the soil and its 

824



moisture content and surface roughness. Therefore, 

the scattering coefficient form a vegetated area can 

be written as a function of vegetation, dielectric 

constant of moist soil and surface roughness 

(Equation 1). 

 roughness surfacesoil,moist  ofconstant  dielectric ,Vegetation0

Image PP
f

(1) 

The scattering coefficient of bare dry soil (
0

SoilDry  PP
 ) is dependent on the dielectric constant 

of dry soil and surface roughness and can be 

written as Equation 2. 

 roughness surface soil,dry  ofconstant  dielectric0

soilDry  PP
f

(2) 

It can be inferred from Equations 1 and 2 

that the normalization of the scattering coefficient 

from the vegetation area to the scattering 

coefficient of the dry soil would let to the 

development of a function which will depend on 

soil moisture and vegetation [24. Therefore the 

normalized scattering coefficient can be written as 

Equation 3. 

Ganga 

Canal

Roorkee 

City

(a) (b)

Solani 

River

Figure 3.1 Study area for testing the algorithm (a) 

color composite image (HH = red, HV = green, VV 

= blue) (b) classified image (red = urban, blue = 

water, green = short vegetation, sea green = long 

vegetation and sienna bare soil) 

Ganga 

Canal

Solani River

Manglaur

(a) (b)

Figure 3.2 Study area for validating the algorithm 

(a) color composite image (HH = red, HV = green,

VV = blue) (b) classified image (red = urban, blue

= water, green = short vegetation, sea green = long 

vegetation and sienna bare soil) 

(a)
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(b) 

(c) 

Figure 3.3 Test image of MODIS (MOD–1) of (a) 

band–1 image (b) band–2 image (c) NDVI image. 

 

 roughness surface soil,dry  ofconstant  dielectric

roughness surface soil,moist  ofconstant  dielectric ,Vegetation
0

Soil  PP

0

Image PP0

soilDry  - Image PP




 

therefore 

)moisture soil ,Vegetation(0

soilDry  - Image PP
f

 (3) 

where PP represents the polarization of the SAR 

image. The algorithm development in the present 

case has been dealt with the HH–polarization.  

(b) Computation of the Bare Soil Scattering

Coefficient

The development of the algorithm is based 

on the normalization of the scattering coefficient of 

the vegetated area that is available through the 

PALSAR image to the scattering coefficient of the 

dry soil which can be calculated by Dubois et al. 

model (Equation 4) directly as it is known that the 

dielectric constant of dry soil is 3.03 (Equation 5).  

  7.04.1tan028.0

5

5.1
75.20

Soil HH sin10
sin

cos
10 




  ks

(4) 
32 7.761463.903.3
vvv

mmm 

(5) 

where k is wave number, s is rms surface height, λ 

is wave length, θ is incident angle and mv is 

volumetric soil moisture. 

The sensor parameters used for the computation of 

scattering coefficient were the PALSAR-2 sensor 

parameters. The rms surface height observed was 

0.53 cm and dielectric constant of dry soil was 

considered to be 3.03. 

Region identification, i.e., water, urban, 

vegetated agriculture land and bare soil

Normalization of scattering coefficient of 

SAR image data with scattering coefficient 

of dry soil retrieved through empirical 

model

Soil moisture retrieval through developed 

empirical relationship

Masking of the water and urban area

Scattering coefficient of soil

In case of vegetated 

soil

In case of bare 

soil

Polarimetric SAR data (i.e., HH-, HV-, VV-

polarization)

Normalized data will be a function of soil 

moisture and vegetation content defined 

by NDVI

 NDVImf
v
,

soilDry 

Image










Development of empirical relationship 

normalized scattering coefficient and NDVI 

for different range of soil moisture content

Soil moisture retrieval 

through Dubois model

Generation of soil moisture map

Figure 4.1 Flow chart for the retrieval of soil 

moisture. 

(c) Vegetation Modeling with Optical Image

Normalized Difference Vegetation Index 

(NDVI) is used to describe the vegetation with 

optical image. MODIS band–1 and band–2 image 
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have been acquired for the computation of NDVI. 

NDVI is defined as the ratio of the difference and 

sum of the spectral response at the infrared 

wavelength (band 2 for MODIS) and red 

wavelength (band 1 for MODIS) which is written 

as Equation 6. 

1 Band  2 Band

1 Band2 Band
NDVI

REDNIR

REDNIR















(6) 

where ρNIR and ρRED are the reflectance at NIR band 

and RED band respectively.  

The possible ranges of the NDVI values 

are -1 to +1. In the case of vegetation the NDVI 

values typically ranges from 0.1 to 0.6, where the 

lower values indicate the lower density of 

vegetation and the higher values represent the 

higher density of vegetation i.e., more greenness of 

the vegetation. The negative values of the NDVI 

represent the water bodies whereas the values 

approximate to zero indicate the presence of the 

soil and rock [19]. 

4.2. Development of Relationship between 
0

PP
 and NDVI 

It is discussed in Section 4.1(a) by 

Equation 3 that 0

soilDry -Image PP
  is a function of soil 

moisture and vegetation and vegetation can be 

described by the NDVI as discussed in Section 

4.1(c). Therefore, the relationship between 
0

soilDry -Image PP
 and NDVI has been explored. The 

development of relationship is based on the in situ 

measurements of soil moisture made during the 

field visit in the test region. The moisture values 

obtained during the field visit were grouped in 

range, i.e., mv1  ≤ 0.10, 0.10 < mv2  ≤ 0.15, 0.15 < 

mv3  ≤ 0.20, 0.20 < mv4  ≤ 0.25 and mv5 > 0.25. 

Based on these values a set of isometric lines were 

observed between 0

soilDry -Image PP
 and NDVI as 

shown in Figure 4.2. The 0

soilDry -Image PP
 values 

changed from 4.28 dB to 1.48 dB, from 3.11 dB to 

–0.42 dB, from 3.03 dB to –0.20 dB, from 0.81 dB

to –1.07 dB and from –0.51 dB to –1.49 dB for mv1

to mv5, respectively. The NDVI values changed

from 0.29 to 0.40, from 0.29 to –0.50, from 0.24 to

0.38, from 0.27 to 0.48 and from 0.34 to 0.43 for

mv1 to mv5, respectively. It can be observed from the

Figure 4.1 that for each NDVI the variation in
0

soilDry -Image
 in vertical direction is due to soil 

moisture. The vertical variation decreases as the 

NDVI increases, signifying that the sensitivity of 
0

soilDry -Image
  decrease for soil moisture with the 

increase in NDVI [24]. The set of isometric line 

were regressed and a series of soil moisture 

equations (7A–7E) were obtained. The coefficient 

of determination (R
2
) for all regressed isometric 

lines was greater than 0.81. 

mv1  ≤ 0.10;    Δσ° ≤ –165.5 (NDVI)
3
 +

263.7 (NDVI)
2
 – 149.2 (NDVI) + 29.72  

(7A) 

0.10 < mv2  ≤ 0.15;    Δσ° ≤  60.8 (NDVI)
3
 – 14.83

(NDVI)
2
 – 34.49 (NDVI) + 12.97   

(7B) 

NDVI
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Figure 4.2 Response of normalized scattering 

coefficient for NDVI at different soil moisture 

contents. 

0.15 < mv3  ≤ 0.20;    Δσ° ≤  96.22 (NDVI)
3
 – 38.16

(NDVI)
2
 – 28.7 (NDVI) + 11 

(7C) 

0.20 < mv4  ≤ 0.25;    Δσ° ≤  –28.52 (NDVI)
3
 +

73.32 (NDVI)
2
 – 52.32 (NDVI) + 10.3  

(7D) 

mv5 > 0.25;    Δσ° ≤  –107 (NDVI)
3
 + 172.4

(NDVI)
2
 – 91.4 (NDVI) + 14.46   

(7E) 

Similar result were obtained by Wang et 

al. [24]. Wang et al. [24] have carried out the study 

by normalizaing the scattering coefficient of the 

wet season image to the dry season image and they 

have developed the emprical relationship between 

the normalized scattering coefficient and the 

NDVI. Howerve, for this approach, the 

normalization of the scattering coefficent have been 

carried out by computing the scattering coefficnent 

of dry soil with Dubois et al. [20] Model by this the 

data of dry season may be not required.  

4.3 Retrieval of Soil Moisture 

Equations 7A–7E provides a set of 

equation relating normalized scattering coefficient 

827



with NDVI for different range of soil moisture. The 

volumetric soil moisture can be retrieved utilizing 

these equations provided the normalized scattering 

coefficient and NDVI of the area of interest. The 

normalized scattering coefficient has been obtained 

from the PALSAR-2 image by normalizing the 

scattering coefficient of PALSAR-2 data with 

scattering coefficient of dry soil whereas, the NDVI 

values has been obtained from the MODIS band–1 

and band–2 images. Following scheme has been 

adopted in the retrieval of soil moisture. 

First of all, the NDVI value obtained from 

the MODIS has been substituted in Equation 7E 

and checked the condition of validity. If the 

condition is satisfied the moisture lie for mv5 range 

otherwise the validity condition of Equation 7D is 

checked and the procedure is followed up to the 

condition of Equation 7A. 

4.4 Implementation 

(a) Implementation on the Test Area

Classified masked image of PALSAR data 

along with NDVI values retrieved from MODIS 

image of test region has been utilized to retrieve the 

volumetric soil moisture content (Figure 3.1(b) and 

3.3(c), respectively).  

Scattering coefficient of test PALSAR image 

was normalized with scattering coefficient of 

the dry soil computed with the Dubois et al. 

[20] model (Equation 4).

NDVI values were computed with the band–1

and band–2 of the MODIS test image.

The empirical relationship developed in

Section 4.2 (Equations 7A to 7E) was utilized

to retrieve the soil moisture as described in

Section 4.3.

Figure 4.3 shows the retrieved soil moisture

map of the test region. The RMSE for the

estimation of volumetric soil moisture was

0.039. Figure 4.4 shows the observed and

retrieved values of volumetric soil moisture. 

Figure 4.3 Moisture image of test region. Pixels 

with black colour represent masked area. 

Figure 4.4 Observed and retrieved values of 

volumetric soil moisture of test area. 

(b) Validation of Algorithm

Classified masked image of PALSAR data 

along with NDVI values retrieved from the MODIS 

image of validating region has been utilized to 

retrieve the volumetric soil moisture content. 

Figure 4.5 shows the retrieved soil moisture map of 

the test region. The RMSE for the estimation of 

volumetric soil moisture was 0.052. Figure 4.6 

shows the observed and retrieved values of 

volumetric soil moisture. 

Figure 4.5 Moisture image of test region retrieved 

by Approach –2. Pixels with black colour represent 

masked area.  

RMSE = 0.039 
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Figure 4.6 Observed and retrieved values of 

volumetric soil moisture of validating area. 

5 Conclusions 

The study carried out in this paper 

acknowledges the problem of soil moisture 

retrieval in vegetated region and develop 

algorithms based on the information from 

PALSAR, and  SAR data and MODIS, an optical 

data. The emphasis on this approach is due to the 

complementary information available by the SAR 

and optical data. SAR data contains the information 

of vegetation characteristic as well as the 

underlying soil characteristic that includes the soil 

moisture. But due to the complex scattering 

behavior of microwave data it is very much 

difficult to segregate the vegetation effect from the 

scattering value when the aim is to retrieve 

vegetation covered soil moisture. Now, at this 

point, the optical data, especially NDVI values that 

are computed from optical data and explain the 

abundance of vegetation, can be efficiently utilized 

to incorporate the vegetation effect in SAR 

modeling. The algorithm provides different set of 

relationship between normalized scattering 

coefficient and NDVI. The developed algorithms 

was tested on the first set of images (test image) on 

which the algorithm was developed and thereafter 

validated on the second set of images (validating). 

The obtained results are in good agreement with the 

ground truth data and algorithm has potential to 

retrieve soil moisture under vegetation cover to 

with minimum need of a priori information. 
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1. INTRODUCTION

Rice is known as Oryza Sativa L [1] is the most 

important food crop which is the source of fiber and 

carbohydrate for theMalaysian population. In Malaysia, 

rice is mostly planted in Peninsular Malaysia and 

contributes 85.5% of Malaysia’s total paddy production 

[2]. The self-sufficiency level (SSL) of rice in Malaysia is 

at 72% [3]. According to Khazanah Research Institute [4], 

Malaysia is still a net importer of rice with the SSL 

hovering between 60 to 70%. The domestic rice production 

in Malaysia relies primarily on main granary areas for its 

supply of paddy yield, [4] which include the Integrated 

Agriculture Development Area (IADA) in Barat Laut 

Selangor (BLS), the third largest paddy producer at 8.1% 

after Muda Agricultural Development Authority (MADA) 

at 38.8%, and Kemubu Agricultural Development 

Authority (KADA) at 9.1% rice production KRI [4]. 

In 2014, Malaysia rice production was about 2.65 million 

tones with a total area of rice cultivation of 689,732 

hectares of rice field [5]. Because of the limited land, 

Malaysia does not produce maximum potential of  rice 

yield [6] but, Malaysian rice varieties contribute higher 

yields by using lesser amounts of compost and fertilizer. 

The Malaysian government has distributed a large amount 

of resources and market interventions in the form of input 

subsidies, price controls, import monopolies and 

stockpiling to increase the rice production [4]. Hence, the 

focus on increasing rice production in Malaysia. 

This has shown promising results with considerable 

increase as shown in figure 1, due to improvements in 

production quantity, farming practices and farm yield. 

Fig. 1 Total harvested (Ha) area and rice yield 

(MT/Ha), 2010-2020. 

Fig. 2 Total of Malaysia rice production, consumption 

and import (tonne), 2010-2020. 
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Source: Malaysia: Rice: Production, Consumption and 

Import, OECD-FAO Agricultural Outlook 2018-2027 

(Accessed on 29 March 2021). 

 

In order to farm sustainably while still maximizing land 

productivity and managing input costs of farmers need 

more information on the crops. Toward increasing the rice 

production in line with the rising demand for rice as shown 

in figure 2 and in terms of food security in times of climate 

change and rapid development is a big challenge. In 

Malaysia. The increase of population growth and the entry 

of foreigners, has led to an increase of rice demand in the 

market [7].  Rice productivity in the future is unsure as 

climate change affects water resources and temperature [8]. 

Due to climate change, weather conditions and 

temperatures have slightly affected the presence of various 

diseases and pest infestation of paddy rice. This has 

negatively affected the rice production in Malaysia. As 

such, there is a need for efficient monitoring techniques 

such as remote sensing approach that can help propel use 

of precision agricultural or smart farming. Satellite remote 

sensing provides a great tool for gathering rice crop 

information, tracking temporal changes in soil and crop 

conditions, mapping their characteristics and predicting the 

yields before harvesting. 

 

Optical, near-infrared, and shortwave bands have been 

widely used for decades in monitoring and mapping 

vegetation cover [9]. However, optical sensors such as 

NOAA/AVHRR, SPOT, AQUA, LANDSAT, and 

MODIS, have limited spatial resolution, which can affect 

the accuracy of retrieving crop biophysical information and 

estimating the rice yield. SAR satellite sensor with high 

spatial resolution imagery such as ALOS-2, has 

capabilities to solve the problem. Other than that, radar 

microwave sensors become a promising approach in the 

application of remote sensing due to its cloud penetration 

as well as its capability on obtaining data in all-weather 

conditions, irrespective if it's day or night. Microwave 

sensor relies on its own energy source unlike the optical 

sensors which rely on the energy source from sunlight. 

Radar imageries are useful for vegetation and crop type 

mapping and landscape ecology  

 

The proficiency in satellite based rice yield estimation 

before harvesting remains a significant factor in several 

aspects for decision making in agriculture as it enables the 

management to change the farming practices during the 

next growing season in order to exploit the yield 

productivity and increase the profit while reducing the cost. 

A precise crop yield estimation model is able to support 

farm managers or farmers to make the best decisions in 

farming practices. 

   

2. RESEARCH SUMMARY 

 

Rice growth monitoring and yield estimation based on 

traditional methods is still being used for data collection 

and rice paddy production information. However, the 

accuracy of the data is subjected to uncertainty, and limited 

in local scale, especially concerning planted or harvested 

areas. Remote sensing satellite-based earth observation 

allows timely monitoring of rice cultivation at large scale 

area, time and cost-effectiveness and provides good 

accuracy of information compared to the traditional 

method.  

 

Monitoring rice growth requires multi-temporal images 

because of the short term growth period and complex  rice 

environment. Rice growth involves 3 to 5 different growing 

phases in a season and the growth period depends on the 

rice variety and farming practices. Due to this situation, it 

is required to acquire sufficient satellite images during the 

rice growing season. In this study, we use Synthetic 

Aperture Radar (SAR) to monitor and measure the yields 

across the temporal and spatial scales. The advantage of 

satellite earth observation is being able to collect such 

information over a broad area, even if the area is difficult 

to access, periodically, with high consistency, in near real‐
time, and is cost‐effective [10]. 

 

Rice crop height is an important agronomic trait linked to 

crop monitoring and yield modelling. Rice biophysical 

characteristics are very unique and vary at every growth 

stage. Crop height is one of the biophysical characteristics 

of rice crop and common parameter in estimating yield 

using remote sensing data other than biomass, leaf area 

index, crop, moisture content, etc. Rice parameters (e.g. 

height, grains, dry biomass,) are primarily monitored 

through two approaches, including field measurements by 

farmers and remote monitoring from satellite remote 

sensing. However, field measurement is time-consuming, 

while satellite based methods are able to perform rice 

parameters measurement on a large scale without going to 

the field.  

 

Rice crop yield modelling is the best tool for rice 

productivity management and decision support system. 

Various vegetation indices and methods are being used to 

predict and estimate the yield before harvesting. The 

information of backscatter signals derived from SAR data 

such as backscatter coefficients and intensities have been 

used to monitor growth, derive crop biophysical 

information and predict the yield.  

 

The ALOS PALSAR-2 with dual-polarization mode 

HH+HV (as shown in Table 1 of Data Description), refers 

to the transmission of a horizontal polarized microwave 

energy with the reception of horizontal and vertical 

polarization microwave energy. Hence, the received wave 

in co- and cross-polarized channels (HH+HV) provides 

information about a target directly in terms of backscatter 

intensities. The backscatter intensities are often converted 

to backscatter coefficients that are defined as the 

differential scattering cross section per unit volume 

scattering (refer equation 1) and creating various index 

ratio vegetation analysis such Radar Vegetation Index 

(RVI) as expressed in equation 2.  

 

The sensitivity of backscatter intensities to crop phenology 

and morphological development led to emerging crop 

monitoring structure by means of scattering powers [11, 

12, and 13]. Some studies applied the backscatter 

coefficients in retrieving and identifying crop biophysical 

parameter estimation [14, 15]. The RVI was used to 

develop empirical model for yield estimation [16, 17]. This 

characteristic of ALOS PALSAR-2 L-band is able to 

penetrate into the vegetation canopy specifically at longer 

wavelengths (about 21 cm wavelength). Longer 
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wavelengths are possibly influenced by soil moisture and 

surface roughness contributions that presence in dense 

vegetation [18]. To reduce the effect of soil moisture and 

surface roughness, RVI was proposed to obtain normalized 

value range backscatter intensities in order to remove soil 

scattering effect of dense vegetation crops such as paddy. 

RVI is connected to vegetation at long wavelengths (e.g. L 

and P band).  

 

Single cross-polarized power may lead to issues related to 

backscatter intensity saturation. The scattering component 

should be utilized to normalize the eigenvector of the 

scattering matrix or eigenvalue from the scattering matrix. 

In some cases, HV or VH would indicate a high value of 

vegetation index even though the vegetation canopy is not 

entirely developed. A novel vegetation index of dual-

polarization of RVI (DpRVI) was derived from Sentinel-1 

dual-pol (VV-VH) with the normalization of eigenvalue 

from the 2x2 covariance matrix in order to analysis the 

temporal biophysical variables of crop [19].  

 

Statistical and machine learning based modeling give 

promising output in yield modeling. Machine Learning 

(ML), offers significant algorithms for crop yield 

prediction to help farm managers and farmers for decision 

support in farming practices of the growing season for the 

rice crops [20]. Numerous ML algorithms have been used 

in modeling crop yield prediction. Based on the previous 

and current work, the neural network and regression 

algorithm were employed mostly to predict the grain yield 

[21, 20]. This study applies both linear and non-linear 

regression methods to generate yield modeling for rice 

crops based on SAR data. The methods includes; Single 

Linear Regression (SLR), Multi Linear Regression (MLR), 

Multilayer Perceptron (MLP), Random Forest (RF), and 

Random Tree (RT). In order to implement the goals, 

several objectives have been determined in this study. The 

objectives of this study are:  

 

1. To investigate the potential of ALOS PALSAR-2 

imagery in monitoring rice at entire phenological 

stages;  

2. To analyse the relationship between L-band 

backscatter indices and with the crop parameter 

3. To retrieve rice-biophysical information 

characteristic from ALOS PALSAR-2 imagery. 

4. To demonstrate the ability of L-band in modelling 

the yield based on ML algorithm. 

 

3. MATERIALS AND METHODOLOGIES 

 

3.1 Study Area 

This study has been carried out in in Sawah Sempadan, 

Tanjong Karang rice granary area, which is approximately 

bounded by the geographical coordinates: 3°27’41.61”N, 

101°12’38.30”E, 3°30’99”N, 101°09’29.90”E, located in 

Kuala Selangor, Selangor, Malaysia. Tanjong Karang rice 

granary area is under the jurisdiction of the South-West 

Integrated Development Area (IADA BLS), under the 

Ministry of Agriculture and Agro-Based Industry Malaysia 

(MOA). It is the third major rice production in Malaysia 

after MADA in Kedah and KADA in Kelantan. In 2016, 

IADA Barat Laut Selangor (BLS) produced 222,033 MT 

of rice, with 5.8 MT/Ha, which is above the average 

national rice production of 4.0 MT/Ha [22]. Sawah 

Sempadan covers 2303km2 with a population density of 

1202 people per sq km. The specific location of the study 

area is at Block C2 of Sawah Sempadan as shown in Figure 

3.  

 

 

 

 

Fig. 3 Overview of the study area 

 
 

3.1.1 Rice cropping system 

Rice cultivation in the region is dependent on the irrigation 

system which supports the two main rice cropping seasons 

in Sawah Sempadan which begins  in July to November for 

the first season and from January to May for the second 

season. The rice planting follows the irrigation schedule to 

make sure all the rice planting areas in Tanjong Karang 

region will get sufficient water supply for paddy growth. 

 

3.2 Data Description 

Both data level 1.1 and 1.5 ALOS PALSAR-2 images 

(Table 1) were acquired from the Japan Aerospace 

Exploration Agency (JAXA) under 6th ALOS 2 Research 

Agreement. The products were provided in slant and 

ground range format. 

 

Table 1 ALOS PALSAR-2 Data Description 

Product Details      Specifications 

Satellite               ALOS 

Sensor PALSAR-2 

Polarization HH+HV 

Band Frequency L-band (1 – 2 .7 GHz / 15-30cm ) 

Resolution 16 bits 

Interval 14 days 

Pass Ascending & Descending 

Processing level 1.1 & 1.5 

Mode SM3 WD1 

Spatial resolutions 10m 100m 

Swath 70km 350km 

View angle 300-400 

Range 9.1m 44.2m (2look) 

Azimuth 5.3m 56.7m (1.5look) 

 

3.3 Field Sampling 

A systematic sampling design was applied for 40 lots from 

Sawah Sempadan C2 Block. Field data collection was 

based on the rice varieties that were relatively 

homogeneous in the parameters at all (i.e. distance from 

water source, soil types, soil moisture, soil nutrient). Field 

sampling was conducted over a duration of two years 

(2016-2017) which included two main seasons and two 

second seasons of rice cropping. The sampling data were 

collected for model development purpose and data 
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validation. The frequency and sampling interval depends 

on the satellite observation date. The size of sampling area 

is 10 km2 and the number of paddy lots observed is 40 lots 

with a total number of 80 sampling points. The overall 

sampling method and parameters are described in table 2 

below.  

Table 2: Sampling Data Description 

Sampling  Parameters Descriptions 

GCP  GPS points Measured using GPS 

Trimble with RTK 

technique for 80 

points  

Crop 

Physical 

Measurement 

Height, no. of 

stem; leaf; 

panicle, length 

and width of 

leaf 

Max and min 

measurement at each 

plant and panicles to 

obtain the crop 

density.  

Crop 

Conditions  

Crop stages, 

health level, 

pest, diseases. 

Sampling based on 

eye observation. 

Pictures and samples 

were taken for lab 

analysis.  

Ground 

Device 

Instrument 

Microwave 

Scatterometer, 

Soil Moisture 

and SPAD 

Were taken at the 

same time of satellite 

observation  

Crop Cutting 

Sampling 

Rice grains, 

leaf, biomass  

Were taken at 1 m2 at 

each point. Samples 

were weighed before 

and after the drying 

process. 

Farming 

Practices  

Age, variety, 

method of 

planting, date 

of sowing. 

Survey was 

conducted among all 

farmers at the study 

area 

 

Based on the ground data measurements, several 

parameters showed significant temporal changes as the 

crop grew. Plant water content, the height of the rice stem, 

and the leaf length, width, number of leaves and grain areas 

change from one stage to another. In this study, several 

variables were selected to be analyzed and discussed. For 

the backscatter analysis with the crop parameter, plant 

height and date after sowing (DoS) were selected since it 

demonstrated changes over a rice growth cycle, and 

provide a significant contribution to backscatter values.  

 

Fig. 4 Rice crop physical measurement 

 
 

Physical measurements of the paddy crop were taken at all 

growth stages as shown in figure 4. The height of the rice 

stem increased from 20 cm at the time of planting to about 

100 cm at the ripening stage, and reached its peak growth 

during the heading period (which is stage 2 to 4 as 

illustrated in figure 6).  

 

Fig.5 Crop cutting sampling 

  
In the case of yield modeling for the study presented in this 

paper, the total number of grains (kg) for 1m2 quadrat 

sampling (figure 5) together with the  value of the  height 

of paddy plant were used only at reproductive stage for 

both seasons in 2016 and 2017.  

 

Fig. 6 Crop growth period at Sawah Sempadan 

 

 

 
 

The growth period depends on the rice varieties. The most 

popular rice varieties used in Sawah Sempadan are MR 219 

and CL 220. These two different rice varieties consist of 

different growth rates as shown in the figure 7. This growth 

rate information is based on local farmer’s experiences in 

the granary area. 

 

Fig. 7 Different growing periods of rice varieties in 

Sawah Sempadan 

 
 

3.4 Image Processing 

The SNAP 8.0 offers advanced tools for image processing 

as shown in the overall methodology in figure 8. ALOS 

PALSAR-2 data pre-processing steps are depending on the 

data format and processing level as shown in Table 1. A 

processing graph can be run both via the graph builder and 

the batch operator. Processing was applied to all data in 

batch mode to reduce time and keep the same procedure for 

a set of data. Bulk processing requires multiple input of 

dataset and one batch processing (4-5 images for the whole 

season or rice crop).  

 

This study uses data of two different processing levels 

which is 1.1 and 1.5. Level 1.1 processed data require 

complete pre-processing steps (radiometric calibration, 

multi-looking, geometric correction ((SRTM 1sec), 

speckle reduction, and data conversion). While, level 1.5 

data is already geocoded with GRS80 (Geographic 

Reference System same as WGS84, thus requires few basic 

pre-processing steps which are radiometric calibration, 
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speckle reduction and data conversion. All images were 

subset using a lightweight Javascript library (Wicket – 

github.com) that offers a geometry framework for 

mapping. The complete processing methods employed 

during this study was as follows; 

3.4.1 Radiometric calibration 

Radiometric calibration is required to obtain sigma naught 

value which is backscattering coefficient in the unit of 

decibel (dB). Digital number of L-band ALOS PALSAR-2 

images were converted to the backscattering coefficient 

(σ0) using the following equations (1): 

 

𝜎𝑜 = 10 × 𝑙𝑜𝑔10[𝐷𝑁2] − 83 𝑑𝐵                       
 

(1) 

σ0: Backscattering coefficient (Sigma naught or Sigma 

zero) [unit: dB].  

DN: Digital number (or raw pixel value)  

83: Calibration factor [unit: dB] 

 

Fig. 8 Overall methodology 

 

 
3.4.2 Speckle Reduction  

Speckle is caused by random constructive and destructive 

interference resulting in salt and pepper noise throughout 

the image. Speckle filters can be applied to the data to 

reduce the amount of speckle at the cost of blurred features 

and to reduce high frequency noise of image. However, the 

filtering technique will degrade spatial resolution the same 

as multi-looking technique. The choice for a best filter 

often depends on the type of data, its spatial resolution, the 

degree of inherent speckle, and the application purpose. 

 

This study uses the strongest filtering techniques in SNAP 

software, which is Lee Sigma given by Lee [23]. In the 

filtering method, window or kernel size of filter plays an 

important role in smoothing the image [24]. The bigger size 

of the window is providing a smoother image. To preserve 

edges, smaller windowing sizes are good for point-like or 

linear features. But for large scale areas (e.g. agriculture 

fields) application, it requires an aggressive filter to get 

homogenous areas. Kuan filter and Lee filter are widely 

used in radar imagery for homogenous areas [29] and Lee 

filter is the best filter for the agriculture area [23].  

 

Based on the study scale, single pixel of data size, the 

analysis of the coefficient of variation, inspection of the 

edge degradation and visualization, windowing size of 5x5, 

7x7, and 9x9 windowing size is suitable for this analysis. 

Through the analysis Lee Sigma 5x5 filtering was the best 

filtering technique for 6-10m data resolution and Lee 

Sigma 7x7 for 100m data resolutions. It also gives the 

equivalent number of looks over a homogeneous 

vegetation such paddy fields. A square window reflects the 

neighborhood and by applying the filter, the homogenous 

area turns into a smooth area thus reducing the speckle but 

the bad side is the edges are blurred [29]. 
 

3.4.3 Radar Vegetation Index (RVI)  

Radar Vegetation Index (RVI) is a measure of randomness 

scattering. It is an alternative to Normalize Different 

Vegetation Index (NDVI) for temporal monitoring 

vegetation growth and yield prediction. RVI needs quad-

polarized data in the power unit [25]. The quad-pol RVI 

was proposed by Kim and van Zyl [26], then modified for 

dual-pol SAR [27] as calculated using the expression 

below (1): 

 

𝑅𝑉𝐼 =
(4𝜎0𝐻𝑉)

(𝜎⁰𝐻𝐻+𝜎⁰𝐻𝑉)
                           (2) 

 

Where σ0 HH is co-polarization and σ0 HV is cross-

polarization in unit power. The range of RVI is from 0-1 

and greater than 1 due to some cases.  

 

3.4.4 Backscatter extraction 

For extracting backscatter indices, 40 lots of Sawah 

Sempadan C2 land parcels were used. Results were 

generated from the statistic tool and were exported to .csv 

format. Backscatter indices that were extracted from the 

land parcel were used to investigate the correlation with 

growth stages to produce the height and yield model. 

 

3.5 Prediction Algorithm 

In order to demonstrate the crop yield model, the statistical 

and Machine Learning (ML) approach is useful for 

prediction. Statistical approach is based on linear methods 

while ML features are helpful to describe complex non-

linear behaviors for crop yield prediction [28]. ML is a 

significant algorithm for crop yield prediction to help farm 

managers and farmers for decision support in farming 

practices of the growing season for the rice crops [20]. 

Based on the previous and current work, the Neural 

Network and Regression algorithm were employed mostly 

to predict the grain yield [20, 21].  

 

L-band RVI were used in this study to perform 

unsupervised regression algorithm which is Single Linear 

Regression (SLR), Multi Linear Regression (MLR) model 

and Multi-Layer Perceptron (MLP) and supervised 

regression algorithm which is Random Forest (RF) 

classifier and Random Tree (RT) classifier to generate 

yield modeling. All the dataset was resampled according to 

four different testing options which are Training Set (60%), 

Cross-Validation (50%), Test Set (50%), and Percentage 

Split (60%). Resampling method of the sample size is 

aimed to separate the data into two groups which is for 

training and testing the algorithm. 
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4. RESULTS AND DISCUSSION 

 

4.1 Analysis of Backscatter Profiles based on 

Backscatter Coefficients at different seasons in 

2016. 

An Experiment of backscatter profiles for rice cropping 

was performed using a linear model as shown in Fig 9 

below. In this analysis we use two different resolution data 

to show the behavior of rice backscatter signature in Sawah 

Sempadan. We demonstrate the temporal backscatter 

profiles (figure 9 (a)), during the off season in 2016 

(January to April). This period includes the growth stage of 

early vegetative, vegetative, early reproductive, 

reproductive and early maturity). Figure 9 (b) and (c) show 

the spatial backscatter profiles for the 40 lots rice field. The 

backscatter coefficient at early stages was recorded around 

-11dB. After the 35 days, the backscatter values drop to 

around -14 dB at the mid and late vegetative stage, then 

increase after 64 days after planting and reaches the 

maximum values -8dB at the early maturity stages. The 

value increases steadily when entering the reproductive 

stage. This behaviour helps to build a yield model using 

backscatter values of reproductive stage and onwards. The 

increase of rice crop height is shown in figure 6 and 10 (a), 

(b), and (d). The backscatter values rise along with the 

growth period (late vegetative to reproductive to early 

maturity). 

 

Fig. 9 (a) Temporal Rice Backscatter Profiles at six 

different lots at Off Season 2016; Backscatter profiles 

(b) HH polarization for 10m resolution image; (c) HH 

Polarization for 100m resolution images  

 

 

 
 

 

4.2 Relationship between SAR indices with crop 

parameters and statistical reported yield 

Mean values of 𝝈𝒐 HH of each plot were correlated with the 

average height of rice crop at every stages. The results 

showed the correlation of 𝝈𝒐 HH with crop tree height at 

early maturity phase which is stage 5 with R2=0.7976 as 

shown in Figure 10 (e).  

 

Fig. 10 Correlation of plant height with σ0 HH (a) 

stage 1; (b) stage 2; (c) stage 3; (d) stage 4; and (e) 

stage 5. 

 

 

 

 

 
 

4.3 Crop Height Model  

Using MLR & SLR, all variables can be directly estimated. 

In-situ measurements of rice height (h), farmer’s 

information of Day after Sowing (DaS) plots, 

backscattering coefficients of single HH polarizations of L-

band data (as described in Table 1) were used in this study 

to retrieve and predict the rice crop height in Sawah 

Sempadan, at every growth stage. The equation used in 

retrieving the rice crop height is given in the equation 

belows: 

 

Predicted crop height =xi+xii*σo
HH+xiii*DaS  (3) 

Predicted crop height =xi+xii*σo
HH   (4) 

 

Where; xi is the dependent variables (actual plant height), 

xii is the mean of 𝝈𝒐 HH, and xiii is DaS. 

 

Table 3 Height Model  

Stage / 

Algorithm 

Model R2 RE 

MLR       1 y=1.03-σo
HH+0.99DaS 0.6

3 

0.79 

2 y=20.90-0.96σo
HH+0.25DaS 0.3

0 

0.54 

3 y=36.81-

0.09+0.96σo
HH+0.39DaS 

0.2

1 

0.43 

4 y=16.14+0.40σo
HH+0.80DaS 0.1

3 

0.37 

(a) 

(b) 

(c) 

(a) 

(b) 

(c) 

(d) 

(e) 
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5 y=13.51+1.33σo
HH+1.22DaS 0.5

1 

0.69 

SLR         
1 

y=37.9223+0.7002σo
HH 0.4

6 

0.68 

2 y = 28.974+0.3778σo
HH 0.6

0 

0.73 

3 y=87.8824+1.91σo
HH 0.3

4 

0.58 

4 y =  25.916+0.1773σo
HH 0.4

0 

0.63 

5 y = 17.818+0.0575σo
HH 0.4

2 

0.65 

 

Fig. 11 Correlation of in-situ crop height with retrieval 

crop height from L-band at early vegetative stage 1 

 
Table 3 shows the correlations (R2) obtained by using MLR 

and SLR. Results for MLR shows moderate accuracy (R2 

= 0.63) between in-situ crop height and 𝝈𝒐HH retrieval 

height at early vegetative phase which is stage 1. The 

retrieval 𝝈𝒐 HH rice crop height and the in-situ rice crop 

height (figure 11) correlate well as the result of rice growth. 

In the case of SLR, the better result is shown in stage 2 

which is the vegetative stage. The R2 = 0.60 explains 

𝝈𝒐HH still can be used to estimate the plant height without 

other variable (e.g. DaS) 

 

4.4 Crop Yield Model 

Regression was performed using statistical data of reported 

yield (actual yield) as the dependent variable. We extracted 

the RVI of the reproductive stage from 100m wide ALOS 

PALSAR-2 data for all rice cropping seasons. The 

accuracy and classification error of rice crop yield 

prediction using machine learning algorithms for both 

main and off season in 2016 and 2017 was highlighted and 

shown in tables 4 to 6 below. Based on the yield prediction 

output for regression algorithm SLR gives good accuracy 

In off season of 2016 by using percentage split option (R2 

= 0.80 with RMSE = 540.65kg). The best model for SLR 

is y = -5719.49*RVIre+10545.34. MLR also gives good 

accuracy using percentage split option in the same season 

of 2016 with the R2 of 0.82 and the RMSE of 574.22 (kg). 

The best model for MLR is y = -9732.78*RVIre+-

47.90*Heightre+17878.19. 

 

The best rice crop yield prediction achieved by Random 

Tree was in the main season 2016 with RMSE 816.63 kg. 

The complete details as shown in table 5 & 6. The 

classification was performed using the test option of 

training, 60%. The MLP and Random Forest classifiers 

both have an accuracy of R2=0.8 with RMSE of 552.75 kg 

and 917.80 kg respectively.  

 

5. CONCLUSIONS 

 

The results obtained from crop height modelling show that 

single HH polarization L-band can be used at certain 

growth stages to estimate the rice crop height with 

moderate accuracy. The single HH of L-band is not 

sufficiently sensitive with the rice crop biophysical 

structure (crop height) and the analysis fulfils the third 

objective of the research. For better results, analysis should 

be performed using other polarizations such as VV, VH, or 

HV. Through the rice crop yield modelling for all season, 

it was demonstrated that the yield modeling using RVI of 

L-band ALOS PALSAR-2 shows promising yield 

prediction with a non-linear method through unsupervised 

classification algorithm. The linear methods prediction 

results give moderate accuracy. However, it shows good 

performance with the multiple variables (rice grain and tree 

height) using MLR. This method offers the advantage of 

using RVI from 100m resolution images for yield 

modelling and fulfils the last objective of the research. 

Research finding reveals the potential of using satellite data 

in modelling the rice yield with simple methods and the 

data acquisition of 100m resolutions as the independent 

variables for model development. Ground truth data (rice 

crop height and rice grains) helps to improve the prediction 

accuracy. Upcoming work will expand into more high 

resolution satellite data and focus on more variables to gain 

the accuracy assessment for certain approaches.  
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Seasons Algorithm Test Options R2 RMSE Yield Prediction Equation (linear model) 

Main Season 

2016 

SLR 
Training Set: 60%  0.64 802.03 y = 6385.66*RVIre+5432.79 

Percentage Split: 60% 0.68 895.27 y = 6942.5*RVIre+5227.72 

MLR 
Training Set: 60%  0.79 631.48 y = 0.16+7494.70*RVIre+-59.37* Heightre+5703.78 

Percentage Split: 60% 0.68 895.27 y = 0.09+8271.71*RVIre+-33.47*Heightre+1208.44*Grainavg+4133.22 

Off Season 2016 

SLR 
Training Set: 60%  0.66 498.72 y = -7381.77*RVIre+11361.17 

Percentage Split: 60% 0.80 540.65 y = -5719.49*RVIre+10545.34 

MLR 
Training Set: 60%  0.79 406.19 y = -10669.28*RVIre+-49.56*Heightre+18503.35 

Percentage Split: 60% 0.82 402.32 y = -9732.78*RVIre+-47.90*Heightre+17878.19 

Main Season 

2017 

SLR 
Training Set: 60%  0.22 3150.81  

Percentage Split: 60% 0.01 4025.36  

MLR 
Training Set: 60%  0.00 3232.75  - 

Percentage Split: 60% 0.00 3744.01  - 

Off Season 2017 

SLR 
Training Set: 60%  0.59 2051.54 y=6551.79*Grainavg+1342.27 

Percentage Split: 60% 0.68 1879.89 y=7988.45*Grainavg+750.41 

MLR 
Training Set: 60%  0.69 1836.51 y=-9187.08*RVIre+-170.53*Heightre+5491.95*Grainavg+17518.12 

Percentage Split: 60% 0.68 1879.89 y=-3621.64* RVIre+7966.22*Grainavg+1810.84 

Table 4 Yield Model based on regression algorithm 
re:  reproductive           

avg:  average
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Seasons Algorithm Test Options R2 RMSE 

Main Season  2016 

MLP 
Training Set: 60%  0.87 552.75 

Percentage Split: 60% 0.80 820.09 

RF 
Training Set: 60%  0.97 275.76 

Percentage Split: 60% 0.80 917.80 

RT 
Training Set: 60%  1.00 6.87 

Percentage Split: 60% 0.83 816.63 

 Off Season 2016 

MLP 
Training Set: 60%  0.92 291.67 

Percentage Split: 60% 0.37 653.79 

RF 
Training Set: 60%  0.97 177.15 

Percentage Split: 60% 0.41 637.30 

RT 
Training Set: 60%  1.00 0.00 

Percentage Split: 60% 0.20 831.38 

Table 5 Yield Model based on classification algorithm for 2016 
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Seasons Algorithm Test Options R2 RMSE 

Main Season 2017 

MLP 
Training Set: 60%  0.72 2287.99 

Percentage Split: 60% -0.16 4856.91 

RF 
Training Set: 60%  0.95 1360.12 

Percentage Split: 60% -0.07 3997.96 

RT 
Training Set: 60%  1.00 14.43 

Percentage Split: 60% 0.22 4023.73 

 Off Season 2017 

MLP 
Training Set: 60%  0.80 1544.35 

Percentage Split: 60% 0.75 3187.57 

RF 
Training Set: 60%  0.96 885.98 

Percentage Split: 60% 0.74 1782.26 

RT 
Training Set: 60%  1.00 23.15 

Percentage Split: 60% 0.79 1639.32 

Table 6 Yield Model based on classification algorithm for 2017
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1. INTRODUCTION

This final report incorporates research undertaken with 
PALSAR-2 data acquired from the 6th Research 
Agreement for the Advanced Land Observation Satellite-2. 
It is part of a PhD research project, by Frances Wiig at the 
University of New South Wales, Sydney, Australia. 

Subsurface imaging in arid environments is a well-
established application of Synthetic Aperture Radar (SAR) 
data and although it has been utilised for archaeological 
prospection and investigation in the past [1], it has only 
become more popular in this field over the last 15 years [2-
7]. This is likely due to the improvements in spatial 
resolution, imagery modes and polarisation options of the 
newer SAR satellites. In addition, SAR data has become 
much more accessible with data grants and data archives, 
and more user friendly with open source processing 
software [2]. However, despite recent advances, subsurface 
imaging for archaeological prospection remains 
underutilised due to limited understanding of optimal 
acquisition parameters and processing methodologies for 
archaeological applications [8]. Furthermore, although 
many subsurface features have been identified in arid 
environments using SAR data, penetration depths have 
rarely been verified through fieldwork. Calculated imaging 
depths of 0.4 – 2m for L-band, 0.1 – 0.5m for C-band and 
0.05 – 0.3m for X-band [9] are widely accepted but have 
only been  substantiated with excavation or geophysical 
survey in a small number of cases. Instead, these accepted 
depths usually rely on estimations inferred by the presence 
or absence of subsurface features as compared across 
images acquired with different wavelengths [10-12]. 

Hence, the primary objective of this research project was 
to conduct a multi-frequency analysis of very high-
resolution SAR data to map and identify subsurface 
archaeological and paleo-environmental features across 
different sites in arid environments. This work contributes 
to both the quantitative verification of subsurface imaging 
with supporting archaeological and geophysical fieldwork 
as well as appropriate processing methodologies that 
facilitate SAR analysis as a more accessible tool for 
archaeological prospection.  

2. AREAS OF INTEREST

This project originated with five specific Areas of Interest 
situated across the Middle East. They were selected based 
on their location in arid or hyper-arid regions, with 
archaeological features of varying size and structure, 
consideration of their potential for detection of subsurface 
archaeological remains and the ability to validate the SAR 
interpretations.  

After analysis, two of the original five sites produced 
informative results and they are discussed below. 

3. ‘UQDAT AL-BAKRAH

The Iron Age archaeological site of ‘Uqdat al-Bakrah is 
located at the eastern boundary of the Rub al-Khali Desert, 
Oman, approximately 50 km west of the town of Dhank 
(Figure 1). The remoteness and continually shifting sands 
at this location allowed the site to remain hidden until its 
fortuitous discovery in 2012. Its location at the intersection 
of the periphery of the Wadi Bakrah alluvial fan and the 
fringe of the desert reveal a landscape of both fluvial and 
aeolian deposits [13]. The climate in this area is hyper-arid 
with an average rainfall of less than 100 mm / year [14].  

Figure 1. Regional map showing the town of Dhank. 
The exact location of ‘Uqdat al-Bakrah is not indicated 
given its sensitivity and need for cultural heritage 
protection.  
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This site provides a valuable opportunity for evaluating and 
clarifying multi-frequency SAR subsurface imaging. This 
type of hyper-arid landscape with its fine grained aeolian 
and fluvial deposits is known to enable the detection of 
subsurface features on SAR images. The site is accessible 
for ground truthing due to the ongoing Archaeological 
Water Histories of Oman (ArWHO) project in the region.  
 
Archaeological and geophysical fieldwork undertaken at 
‘Uqdat al-Bakrah has revealed hundreds of bronze objects, 
surface and subsurface pits that may have been used for 
producing charcoal or as furnaces for melting and 
finishing/recycling these objects, as well as a shallow 
channel-like linear hydrological feature with a 
northeast/southwest trajectory [15, 16].  
 
The subsurface pits have been verified by excavation and 
geophysical survey to be buried under an aeolian sand 
veneer at 0.3-0.8 m depth below surface. They range in size 
from 0.8-2.2 m in diameter with varying morphologies and 
states of degradation. There are also circular type surficial 
features that are larger in size, approximately 2-8 m in 
diameter that are sometimes elevated at 0.10-0.20 m above 
the ground surface. While these are thought to be the 
degraded remnants of the more substantial pits, their exact 
history and precise original form is unclear. The larger or 
clustered pits with more substantial structures provide a 
better target for subsurface imaging. 
 
A subsurface hydrological feature was first identified in a 
GPR survey at ‘Uqdat al-Bakrah in January 2017 (Figure 
2) and verified by excavation in January 2018 (Figure 3). 
Both the geophysical and excavation data revealed a 
feature interpreted as a natural paleo-channel that is 5-8 m 
wide and 0.6–0.7 m deep. 
 

 
Figure 2. Ground Penetrating Radar (GPR) time slice 
colour intensity image (with red representing high 
intensity and white representing low intensity) at 6.2-
12.1 ns/44.5-89.1 cm depth with location of excavated 
trench perpendicular to the paleo-channel (time slice 
courtesy of Katie M. Simon and Jennie O. Sturm). GPR 
data acquired with a 400 MHz antenna at an average 
spacing of 0.5 m. 

 
Figure 3. Illustrated profile and plan view photo of 
trench dug perpendicular to paleo-channel with 
adjacent pit (illustration courtesy of Joseph Lehner). 

In addition to the ALOS-2 products, RADARSAT-2, 
TanDEM-X and TerraSAR-X data were acquired for the 
multifrequency analysis. Very high-resolution (0.3 m)  
WorldView-3 (WV-3) optical imagery was also utilised to 
assess whether potential features identifiable on the SAR 
data were also visible on high resolution optical remotely 
sensed images.   
 
Although various methods of processing were evaluated in 
this analysis, the most successful technique took advantage 
of the X-band and L-band multi-temporal data which were 
processed into coregistered stacks. The enhancement of 
subtle features was achieved by summing the bands in each 
stack to reduce image speckle and improve the signal to 
noise ratio [3, 6, 17]. Filters or texture analyses could then 
be applied to both the single data products or the summed 
multi-temporal stacks to further emphasise any potential 
subsurface features. 
 
Utilising this methodology, the best results at the site of 
‘Uqdat al-Bakrah were produced from the summed stack 
of staring spotlight mode TerraSAR-X VV polarised 
images at a 39° incidence angle (Figure 4b). This image 
enabled recognition of the paleo-channel, some of the 
larger surface pits as well as some circular features that 
may have a subsurface expression.  
 

 
(a) 

 
(b) 

Figure 4. (a) WorldView 3 panchromatic image with 
arrows pointing to (potential) subsurface features and 
position of excavated trench. (b)  Grayscale intensity 848



image of summed stack of 10 TerraSAR-X VV 
polarized images at a 39° incidence angle in which black 
represents low intensity values and white represents 
high intensity values. 

The slightly coarser TanDEM-X stack of VV polarised 
images at a 39° incidence angle also enabled identification 
of the paleo-channel, but not the other pits or circular 
features (Figure 5a). The paleo-channel is also visible in 
three of the filtered RADARSAT-2 single images, 
specifically the VV polarised at a 27° incidence angle, as 
well as both the HH and VV polarised images at the 33° 
incidence angle (Figure 5b).  
 

 
(a) 

 
(b) 

Figure 5. Grayscale intensity images with black 
representing low intensity values and white 
representing high intensity values. (a) Summed stack of 
10 TanDEM-X VV images at a 39° incidence angle and 
processed with the Gray Level Co-occurrence Matrix 
(GLCM). (b) RADARSAT-2 HH image at a 33° 
incidence angle, processed with low pass 3 x 3 filter. 

Although the 12 summed bands of the ALOS-2 HH 
polarised images at 28° or 36° incidence angle could enable 
identification of several nearby subsurface channels that 
are not visible on the surface (Figure 6a and 5b), the 
particular paleo-channel within the site boundary was too 
small for it to be identified in the fine beam Stripmap mode 
data. In addition, the paleo-channel is generally more 
discernible in the VV polarisation, which is likely due to 
its vertical profile, and in the C-Band and X-band data 
where the look direction is more perpendicular to the 
northeast/southwest trajectory of the paleo-channel, hence 
providing better target visibility. 
 

 
(a) 

 
(b) 

Figure 6. (a) WorldView-3 multispectral image 
displaying bands 4,3,2 with arrows pointing to 
subsurface channels. (b) Grayscale intensity image of 
summed stack of 12 HH ALOS-2 images at a 28° 
incidence angle with black representing low intensity 
values and white representing high intensity values. 

Spatial resolution was the key to successful subsurface 
imaging of the ‘Uqdat al-Bakrah site because the 
subsurface features were small in relation to the processed 
spatial resolution of these specific products (Figure 7).  
Other contributing factors were look direction being 
perpendicular to the subsurface paleo-channel, VV 
polarisation that was better at emphasizing a feature with a 
vertical profile, an incidence angle of between 30° and 40° 
and the improved signal to noise ratio achieved by stacking 
and summing multi-temporal images. 
 

Sensor and mode Spatial Resolution 
PALSAR-2 Fine beam dual 
polarised stripmap 

6.1 m 

RADARSAT-2 Ultra-fine single 
polarised 

2.41 m 

TanDEM-X Spotlight single 
polarisation 

0.87 m 

TerraSAR-X Staring Spotlight 
single polarisation 

0.71 m 

Figure 7. SAR spatial resolution in Figures 3-5. 

 
3. ‘SAQQARA 

 
The Saqqara necropolis is one of the most well-known and 
visited sites in the world but is only one component of the 
extensive complex of archaeological remains situated on 
the west bank of the Nile River (Figure 12). It was in use 
for approximately 3500 years through the Early Dynastic 
Period (2950 BCE) to roughly the fourth century CE. The 
most prominent monument at the complex is the 60 m high 
step pyramid built for the 3rd Dynasty Pharoah Djoser (ca. 
2670 BCE), but other structures include additional smaller 
pyramids as well as funerary enclosures and mastaba 
tombs [18, 19].  Despite many earlier monuments having 
been destroyed or disassembled and reused for later 
constructions, much of the mudbrick materials have 
survived intact through the millennia [20].  
 
The complex is positioned on a limestone plateau covered 
with aeolian sands that have accumulated over the last 6000 
years. In addition to increasing aridity there is evidence that 
the course of the Nile River has shifted to the east over time 
[18, 19]. These factors therefore have created a modern 
landscape that is very different than the ancient one. While 
many of the structures are visible on the landscape 
including those that are only partially excavated or exposed, 
the environmental changes have likely obscured many of 
the remaining structures within this complex that lie 
undiscovered beneath the sand.  
 
The necropolis at Saqqara is a suitable site for subsurface 
SAR imaging. Like ‘Uqdat al-Bakrah it has a similar 
hyper-arid landscape with its aeolian and fluvial deposits. 
There are known monumental structures at the site [20] 
which are more likely to be identifiable in the SAR imagery 
due to their larger size. Although the site is not currently 
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accessible to us for verification through excavation or 
geophysical fieldwork some validation of the SAR data 
interpretation is achieved through prior magnetometry 
survey results [20], very high resolution optical imagery as 
well as a surface field inspection undertaken in 2018 [21]. 
 
The primary techniques applied at this site were full 
polarisation decompositions, multitemporal image 
stacking, image filtering and image fusion.  However, the 
singular obvious potential subsurface feature identified 
consists of a north-south oriented series of wavy lines that 
fade to the north and are only visible in the HH band of the 
fully polarised PALSAR-2 product (Figure 8). As indicated 
by the red arrows, these lines do not appear in the 
PALSAR-2 summed stack of 18 dual polarised images 
(Figure 9), in any of the RADARSAT-2 data (Figure 10), 
in the summed stack of the 10 TerraSAR-X images (Figure 
11) or in the multispectral optical image of the site (Figure 
12). This area was ground-truthed during a 2018 site visit 
and there are no surficial features resembling the wavy 
lines. Their strange shape and visibility only in a single 
band make this potential feature difficult to interpret, if in 
fact it is a feature at all. There is a possibility it is an image 
artefact. 
 

 
Figure 8. HH band of fully polarised PALSAR-2 
grayscale intensity image with red arrows pointing to 
potential subsurface feature. Black represents low 
intensity values and white represents high intensity 
values. 

The varying frequencies have produced vastly different 
visualisations of the Saqqara necropolis as compared to the 
multispectral image of the site (Figure 12). It seems that the 
L-band microwaves have primarily attenuated in the thick 
sand cover only displaying the most prominent of the 
visible structures (Figure 8 and Figure 9). In contrast, the 
C-band and X-band (Figure 10 and Figure 11) SAR have 
generally not penetrated or attenuated in the sand but 
instead have interacted with the surface of the site so that 
the microtopography is clearly presented and even 
exaggerated in the images. 
 

 
Figure 9. Summed stack of 18 HH images at a 33° 
incidence angle. PALSAR-2 grayscale intensity image 
with black representing low intensity values and white 
representing high intensity values.  

 
Figure 10. RADARSAT-2 HH grayscale intensity image 
at a 38° incidence angle processed with the Kuan filter 
with black representing low intensity values and white 
representing high intensity values. 

 
Figure 11. Summed of 10 stacked TerraSAR-X 
grayscale intensity images at 20° incidence angle with 
black representing low intensity values and white 
representing high intensity values. 
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Figure 12. WorldView-2 multispectral image displaying 
bands 4,3,2 and red arrows pointing to area of wavy 
lines displayed in Figure 7. 

Subsurface imaging at the site of Saqqara was surprisingly 
unsuccessful for all applied frequencies within the scope of 
this research project. With the abundance of large 
structures, some of which are partially buried, and high 
chance of undiscovered subsurface features it was 
unexpected to not be able to positively identify any of these 
features. 
In reference to the PALSAR-2 data, the lack of subsurface 
imaging may be due to the incidence angle and look 
direction. It is possible that much steeper or much 
shallower incidence angles may reveal subsurface features 
before the microwave attenuates into the aeolian sand [10, 
22]. While the RADARSAT-2, and TerraSAR-X sensors 
provide a very different response, it is likely a result of the 
irregular morphological features of the landscape 
interacting with the shorter wavelengths. The C-band and 
X-band sensors do not seem to be suitable for subsurface 
imaging in terrain with such a rough microtopography. 
 

4. CONCLUSION 
 
A multifrequency analysis of the ‘Uqdat al-Bakrah and 
Saqqara archaeological sites was carried out with the very 
high resolution PALSAR-2 L-band, RADARSAT-2 C-
band, TanDEM-X and TerraSAR-X X-band data. At the 
site of ‘Uqdat al-Bakrah, a subsurface paleo-environmental 
feature was successfully identified with X-band and C-
band data and quantitatively verified with geophysical 
survey and archaeological investigation. At the site of 
Saqqara, no subsurface features were positively identified 
with any of the SAR data. 
 
The results discovered through this research contribute to a 
shared methodology for wider archaeological prospection 
in arid environments with SAR data:  

• prior knowledge of the site is likely to contribute 
to a more successful outcome as the imaging 
parameters can be more specifically targeted; 

• incidence angle and look angle are integral to 
successful subsurface imaging, but the 
requirements are specific to each site; 

• required spatial resolution, polarisation and 
frequency are dependent on the site type and 
desired subsurface imaging; 

• local microtopography can greatly influence the 
visibility of features; if the surface is rough, 

longer wavelength SAR data are likely to provide 
better detection of features; 

• stacked summing of images can enhance the 
signal to noise ratio significantly enough to 
accentuate or enable recognition of subsurface 
features; and 

• field verification of image interpretation is 
invaluable and contributes greatly to the 
understanding of microwave penetration in arid 
environments. 

 
The analysis carried out with the data from RA-6 and 
described in this report will be further detailed in Frances 
Wiig’s PhD thesis (forthcoming 2022). 
 
 

 5. FURTHER WORK 
 
Ongoing work at the site of ‘Uqdat al-Bakrah includes the 
collection/creation of a very fine resolution DEM to verify 
if the circular features in the TerraSAR-X stacked image 
have a surficial profile. Continuing excavation will also 
provide information on whether the potential features have 
a subsurface expression. And the use of a subsurface 
moisture meter would provide a dielectric constant for 
penetration depth calculations, thus contributing to a better 
understanding of the shorter wavelength microwave 
penetration depths. 
 
Despite the lack of success at Saqqara to positively identify 
any subsurface features, this site remains a suitable Area of 
Interest. Further investigation with long wavelength SAR 
data at much steeper or much shallower incidence angles 
may support more conclusive subsurface imaging, or at 
least help understand the lack of results. 
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1. INTRODUCTION

This is the final report for ALOS-2 RA6. It has been 

advised to maintain the original title of the RA as the title 

of this report. However, the research contents were 

changed from digital elevation model generation to 

change detection, as reported in the Interim Research 

Report. 

Under the new research theme, we have conducted a 

research on pre-processing techniques for change 

detection. While there are many pro-processing steps 

required for change detection, we focused on geometric 

correction and registration among dataset used for change 

detection. In particular, we checked the possibility of 

automated registration and geometric correction of SAR 

images against optical images. There are many precisely 

geo-rectified optimal image database. We aimed to check 

the possibility of utilizing such database for geometric 

preprocessing of SAR images. 

2. TESTS ON MULTI-MODAL FEATURE

MATCHER 

As mentioned above, geometric correction is pre-requisite 

for change detection, in-particular pixel-based change 

detection [1, 2]. Images under analysis should be precisely 

aligned so that the same pixel positions in all images 

represent the same geographic locations. However, 

achieving this in an automated manner is not trivial. In 

particular, SAR images have severe textural distortions due 

to their speckles. It is difficult to apply image matching 

techniques working well for optimal images to SAR 

images.  

On the other hands, there are abundant optimal images 

whose geometric distortions have been precisely corrected. 

For example, there are nation-wide orthometric image 

database at 25cm and 1m grid spacing in Korea. In this 

report, we aim to utilize optional orthoimage database for 

geometric correction of SAR images so that precise change 

detection can be performed. 

We checked two representative feature matchers, ORB[3] 

and RIFT[4], for handing multi-modal images of optimal 

and SAR images. In this report, we skip the descriptions on 

their theoretical features. 

We applied the two feature matchers to a Kompsat-3A 

image (red band) taken on Feb. 15, 2017 and a ALOS2 

image taken on Jan. 22, 2017. Figure 1 shows the images 

used for tests. 

Fig 1. Kompsat-3A (top) and ALOS-2 (bottom) image 

used for tests 
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The GSD (Ground Sampling Distance) of the Komsat-3A 

image was 2.2m and that of the ALOS2 image was 3m. No 

correction was applied to adjust geometric and radiometric 

properties of the two data. Figure 2 shows the matching 

results from ORB before outlier filtering (top) and after 

outlier filtering (bottom). Lines between the left and right 

images indicate the location of matched pixels. As 

expected ORB matcher, developed for optical image 

matching, could not handle multi-modal images. Final 

match results after outlier-filtering were not correct, as 

shown in figure 3. 

 

 
 

 
Fig. 2. Results from ORB before (top) and after 

(bottom) outlier filtering 

 

 
Fig 3. Enlarged images on final ORB match results. In 

each cell, the left is optimal and the right SAR image. 

 

RIFT was applied to the optical and SAR dataset and 

features were matched automatically. As before, figure 4 

shows the matching results from RIFT before and after 

outlier filtering. A few enlarged images on the final match 

results in figure 5 confirms that RIFT could handle match 

between optimal and SAT images and find correct tiepoints. 

RIFT is designed to handle textural difference between 

multi-modal images through transforming pixel intensity 

into phase congruency and perform feature matching in 

phase congruency domain. In this report, we confirmed that 

RIFT could handle SAR-optimal image matching better 

than ORB. 

 

 

 
 

 
Fig. 4. Results from RIFT before (top) and after 

(bottom) outlier filtering 

 

 
Fig 5. Enlarged images on RIFT final match results. In 

each cell, the left is optimal and the right SAR image. 

 

3. OPTIONS FOR ENHANCING FEATURE 

MATCHER 

 

3.1. Performance between processing level 1.5 and 3.1 

 

We checked the performance of the RIFT using other 

dataset and with varying processing options and processing 

levels. Figure 6 shows the location of test areas, Seoul, 

Wonju and Manpo (counter-clockwise from left-bottom). 

In each test area, two ALOS-2 images and two Kompsat-

3A images were prepared. For each ALOS-2 image, the 

dataset was processed at 1.5 and 3.1 processing level.  

 

Test datasets used for experiments are summarized in table 

1. Due to data availability, some dataset have significant 

time gap. 

 

Table 1. Acquisition time (year and month) of image data 

used for experiments 

Area Seoul Wonju Manpo 

DataID S-1 S-2 W-1 W-2 M-1 M-2 

ALOS 15.Nov 17.Jan 16.Aug 17.Feb 15.Apr 15.Nov 

K3A 15.Dec 17.Feb 15.Oct 18.Nov 16. Apr 
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Fig. 6. Location of test areas 

 

 
 

 
Fig. 7. Kompsat-3A image (top) and ALOS2 images at 

1.5 (bottom left) and 3.1 (bottom right) level for W-1 

dataset over Wonju area  

 

 
 

 
Fig 8. Results of RIFT match for W-1 dataset using 

ALOS2 image at 1.5 level 

 

 
 

 
Fig 9. Results of RIFT match for W-1 dataset using 

ALOS2 image at 3.1 level 

 

Figures 7 – 9 show the results of RIFT feature matching for 

W-1 dataset over Wonju area. We can check visually that 

matching performance was improved by using ALOS2 3.1 

level image.  

 

Figure 10-11 show the results of RIFT feature matching for 

W-2 dataset. Note that this dataset has larger time gap of 

20 months between Komsat-3A (Nov. 2018) and ALOS2 

(Feb. 2017) images. Due to the time gap, RIFT matching 

between Kompdat-3A and ALOS2 mage at 1.5 level was 

not successfully performed. Figure 11 shows that the final 

match results were not correct. 

 

 
 

 
Fig 10. Results of RIFT match for W-2 dataset using 

ALOS2 image at 1.5 level 

 

 
Fig 11. Enlarged images on RIFT final match results 

for W-2 dataset using ALOS2 image at 1.5 level 855



 
 

 
Fig 12. Results of RIFT match for W-2 dataset using 

ALOS2 image at 3.1 level 
 

 
Fig 13. Enlarged images on RIFT final match results 

for W-2 dataset using ALOS2 image at 3.1 level 
 

Fortunately, the time gap was overcome by using ALOS2 

image processed at 3.1 level. The enlarged images in figure 

13 show that correct tiepoints between two dataset were 

extracted.  

 

Other datasets were also tested. ALOS2 images processed 

at 3.1 level showed better performance of feature matching 

than those at 1.5 level for most of datasets tested. 

Quantitative results for all dataset were summarized in 

table 2. 

 

3.2. Performance improvement by speckle filtering 

 

We checked whether applying speckle removal filtering 

can improve feature matching performance. To all dataset, 

an Enhanced Lee filter[5] with the size of 5x5 pixels was 

applied and RIFT feature matching was performed.  

 

Figure 14 and 15 shows the results of RIFT matching for 

W-2 dataset, which has a severe time gap, processed at 1.5 

level after applying speckle filtering. It is remarkable to 

observe that the original dataset, where RIFT matcher 

failed due to the time gap, was processed successfully after 

the filtering. It is strongly advised to apply speckle filtering 

before processing SAR images for feature matching. 

 

 

 
Fig 14. Results of RIFT match for W-2 dataset using 

ALOS2 image at 1.5 level after Enhanced Lee filter 

 

 
Fig 15. Enlarged images on RIFT final match results 

for W-2 dataset using ALOS2 image at 1.5 level after 

Enhanced Lee filter 
 

The following table summarized RIFT matching results for 

all dataset and all processing level with an option to apply 

Enhanced Lee filtering or not. For completeness, results 

from ORB matcher are also included. The results in red 

numbers were un-successful match results. As mentioned 

earlier, ORB matcher could not handle SAR-optimal image 

matching in all cases tested. RIFT matcher also failed on 

the dataset, W-2, with severe time gap. 

 

Table 2. The number of final inlier matches from RIFT 

feature matcher 

ID 

S-1 S-2 W-1 W-2 M-1 M-2 
Level 

Matcher 

Filter 

1.5 ORB, X 17 11 16 8 11 5 

3.1 ORB, X 19 7 7 7 10 7 

1.5 RIFT, X 136 28 26 17 25 23 

3.1 RIFT, X 189 51 70 21 23 36 

1.5 RIFT, O 253 38 125 33 29 35 

3.1 RIFT, O 270 76 124 38 38 49 

 

The results showed that applying speckle removal filter 

improved the performance of RIFT feature matching for all 

dataset and that using images at 3.1 level improved the 856



performance mostly. The slight quality degradation on M-

1 dataset may need further analysis to check the cause of 

the degradation. 

 

It was checked that the severe time gap between the dataset 

may cause RIFT failure. It was observed that RIFT 

performed better over urban region with many strong 

features, although this feature was not shown in detail in 

this report.  

 

 

4. CONCLUSIONS AND FUTURE WORKS 

 

In this report, a geometric pre-processing technique for 

change detection using SAR images was described. RIFT 

matcher was tested and proved useful for matching ALOS-

2 SAR images against optimal images. The importance of 

speckle removal and the use of images at 3.1 level were 

also highlighted. Time gap between images was also very 

important in multi-modal matching,  

 

This finding can be used for automated geometric 

correction and orthoimage generation. In future, we are 

planning to check the RIFT matching results can improve 

actually geometric accuracy of SAR images and enable 

automated generation of precision orthoimages. 

Automated change detection among ortho-rectified SAR 

images will also be carried out later. 
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Overview 

The East African Rift is commonly cited as 
the type example for continental breakup.  At 
the northern end of the East African Rift, the 
Afar rift displays subaerial volcanic and 
extensional tectonic activity at the confluence 
of the Red Sea, Gulf of Aden and Main 
Ethiopian Rifts. The Afar rift, being the only 
terrestrial occurrence of an active, onland,rift-
rift-rift junction, provides an opportunity to 
investigate geological processes acting on 
environments ranging from the undisturbed 
continental crust through extended continental 
crust beneath passive margin to hyper 
extended spreading ridge segments. It affords 
a rare opportunity to study extensional 
tectonism from early breakup of continents to 
seafloor spreading. This research is aimed at 
distinguishing magmatically driven 
deformation associated with the propagating 
Red Sea and Gulf of Aden rifts in the central 
Afar from processes of amagmatic extension 
occurring in between those rift propagators. 
Central to this research work is the 5-meter 
digital elevation model (DEM) that was 
photogrammetrically derived from ALOS 
PRISM stereo pairs. The Afar rift, in general, 
lacked a uniform, high resolution DEM that 
can meaningfully be used to quantify 
extensional displacements at a higher level of 
accuracy.  

Using the generated 5-meter DEM as a basis, 
we conducted a multifaceted approach to 
shed light on the kinematic evolution of the 
Afar triple junction. These studies included: 

a. Performed quantitative analysis of the
final stages of continental breakup at a
divergent triple junction. Here,
Quaternary faulting dissects Plio-
Pleistocene flood basalts, providing a
regionally pervasive datum to quantify
the regional finite strain and fault
scaling laws. To this end, we mapped
and measured more than 8500 normal
faults using remote sensing products.
Fault length generally follows a power
law distribution, but exponential
distributions are found in areas of
magmatic extension. Fault throw and
fault length scale following a power
law relationship where 𝑇𝑇 = 0.031(0.96),
similar to previous studies in Afar and
elsewhere in the world. Combining the
power law distribution with this throw
scaling enables a comprehensive
assessment of Quaternary finite strain
throughout the region. Strain is
greatest near Manda Inakir, Lake Asal,
and the Dobe-Hanle accommodation
zone. The Makarassou fault zone
shows low strain, suggesting it does
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not kinematically link the Manda 
Inakir and Asal rift segments. The 
presence of moderate to high strain in 
the amagmatic portions of the central 
Afar rift suggests that those areas 
accommodate a significant proportion 
of plate motion. This may provide a 
future path for propagation between 
the Gulf of Aden Rift and the Red Sea 
Rift. 

 
b. In order to assess the long-term 

evolution of the Afar triple junction, 
we examined the retreat of 47 stream 
knickpoints that formed following the 
initiation of faulting. The streams re-
entrench low-relief paleodrainages in 
the pre-faulting surface created by 
eruption of the Afar Stratoid Series 
flood basalts. The sites studied are 
from Tendaho graben and the Wonji 
fault belt to Manda Inakir and the 
Makrossou fault zone, covering 
the entirety of the Afar triple junction. 
Our results show a range in faulting 
initiation age from 1.4 – 0.3 Ma across 
the region, with the oldest ages in 
Immino graben, and the youngest ages 
in the Wonji fault belt. Individual 
grabens display lateral propagation, 
but there is no pervasive propagation 
trend. Tendaho graben appears to have 
initiated simultaneously along its 
length at ~ 1 Ma, possibly providing 
timing for the initiation of the Red Sea 
Rift at its present location as part of 
the Manda Harraro – Dabbahu 
magmatic segment. Timing of the 
northernmost Wonji fault belt at 300 
ka constrains the age of the current 
configuration of the triple junction. 
 

c. Developed and applied a landscape 
evolution model to estimate relative 
maturity of drainage basins by 
measuring the long profile response to 

tectonic forcings over intermediate 
timescales in the Afar region. The 
model is calibrated by analysis of 
stream longitudinal profiles and 
terrestrial cosmogenic nuclide (TCN) 
analysis of samples collected in the 
field. Stream profiles are mapped 
through remote sensing and 
photogrammetry, and TCN 
concentrations are assessed to 
calculate the uplift rate along the 
graben-bounding faults. Results show 
that faulting of Dobe and Habsou 
Grabens in the central Afar initiated in 
the southeast and propagated to the 
northwest. 
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1. Introduction

The European Space Agency selected BIOMASS as its 7th Earth Explorer Mission [Le Toan et al., 2011; Queguan et
al., 2019]. This will be the first P-band (435 MHz) polarimetric and interferometric SAR in space, dedicated to the
mapping of continental biomass. Besides this primary objective, several exploratory ones will also be addressed, in
particular the imaging of subsurface geology in desert regions: we expect P-band to penetrate surface sediments down
to at least five metres. The BIOMASS mission is due for launch in 2022 and preparatory work is on-going, in particular
cal/val activities. We propose to take benefits of L-band PALSAR archives and ALOS-2 acquisitions to conduct site
selections in arid regions, which will be used for both calibration and validation of the BIOMASS P-band sensor. In
particular, we defined several calibration areas in Sahara, presenting a very stable radar return at both low level (dune
fields) and medium level (shallow flat subsurface bedrock), which will be used to evaluate the quality and stability of
the BIOMASS radar signal. We defined one super sites in eastern Sahara, that will be intensively imaged by BIOMASS
using polarimetric, interferometric and tomographic modes. ALOS-2 polarimetric acquisitions over this super site are
crucial to start the study of the statistical and polarimetric properties of both amplitude and phase of the radar signal.
Such data will also greatly contribute to the development of electromagnetic models to describe and understand the
surface–volume–subsurface scattering processes. We also used ALOS-2 data to select a test site that will be studied
during the ESA DesertSAR preparatory airborne campaign, that will take place in Namibia during spring 2020.

For an imaging radar, sensitive to surface changes in terms of roughness and dielectric constant, hyperarid deserts are
very  stable  regions:  no  vegetation  will  affect  surface  roughness  conditions  and  no  soil  moisture  will  impact  the
dielectric constant. Aeolian activity could impact surface roughness through sediment deposits, but over periods of time
larger than ten years. For a long wavelength radar such as the P-band sensor of BIOMASS, one should also consider
imaging sub-surface structures covered by a couple of meters of sediments, which are likely to be even more stable in
time than open surfaces. Some of the most hyperarid regions on Earth can be found in central Sahara (less than 1 mm
rainfall every 50 years). We investigated the radiometric and polarimetric radar properties of selected sites in the deep
desert of north-eastern Africa, in order to answer some key questions:

1) What is the radiometric stability (for both co- and cross-pol) of hyperarid areas over a typical time scale of 5 years ?
Is it suitable with calibration needs of BIOMASS ?

2) Can  we  define  large  and  homogeneous  enough  (in  terms  of  radiometry)  regions  that  could  be  used  for  the
characterization of BIOMASS's antenna pattern ?

3) Can we propose shallow and stable subsurface scattering regions, that can be reached by a P-band SAR and further
used for calibration purposes ?

2. Eastern Sahara

Very few have been done in the past regarding the use of hyperarid regions to calibrate microwave sensors. Eastern
Sahara was considered as a calibration area for the Ku-band (13.6 GHz) scatterometer of QuikSCAT: a low and stable
scattering around -28.0 dB was observed over one year and a radiometric calibration accuracy of 0.15 dB could be
achieved [Kunz and Long, 2005]. Extensive work has been done regarding the study of desert areas using L-band radars
[Paillou, 2017], but not in a calibration perspective. Regarding P-band SAR and desert regions, everything has still to be
done. In the framework of the Kyoto K&C Protocol led by JAXA, we have built an L-band mosaic of the entire Sahara
using PALSAR data, which revealed many unknown geological features [Paillou et al., 2010]. We used this mosaic in
order to select candidate calibration sites for BIOMASS. Figure 1 shows the locations of five pre-selected study sites.
Sites #1 and #2 correspond to large sandy regions, which present a very low radar return at L-band due to the radar
wave attenuation in a thick layer of sand. Sites #3 and #4 correspond to flat sandstone plateaus, covered by a meter-
thick sand layer, with a medium radar return. Site #5 is a young and flat lava flow covered by a thin layer of sand,
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showing a high radar return. For each of the five sites, we analysed time series of PALSAR dual-pol images acquired
between 2006 and 2011, in order to study the stability of both HH and HV radiometry over time, for three different
levels of backscattered power.  After a preliminary analysis of PALSAR scenes, we dropped site #2 which presents
strong RFI pollution due to a nearby military camp, and site #4 which appears quite inhomogeneous in terms of the
spatial distribution of radar scattering.

Fig. 1: Location of the five pre-selected test sites in Eastern Sahara, together with extracts of the PALSAR L-band mosaic for site #1
(dune fields) and site #3 (sandstone plateau covered by sand).

Site #1

It is a sand dune area, part of the Great Sand Sea, located in southwestern Libya, at coordinates 24.15oN / 21.70oE. Due
to the radar wave absorption in sand dunes, the backscattered power at both HH and HV polarizations is very low,
likely bellow the noise equivalent  sigma naught of PALSAR (-25 dB). Due to hyperarid conditions, the scattering is
however very stable with time. Site #1 could be considered to measure the noise level of the BIOMASS sensor, and
monitor its stability with time.

Date 2007 08 01 2008 08 20 2008 10 05 2010 08 26

s0HH -30.3 dB -30.6 dB -30.0 dB -30.0 dB

s0HV -32.5 dB -32.4 dB -32.3 dB -32.6 dB

Site #3

It is a flat area, presenting a shallow sandstone bedrock covered by less than one meter of dry aeolian sand deposits. It is
located is northwestern Sudan, at coordinates 20.43oN / 26.97oE. The sandstone bedrock is clearly seen by L-band radar
under the aeolian cover, and except for some well-defined darker spots, it is quite spatially homogeneous. We spotted a
3 km x 2.5 km homogeneous area with s0HH = -20.6 dB: its standard deviation of 5.8 dB for a single look image (9 m in
range x 3 m in azimuth) can be reduced to 1.3 dB by 6 x 18 multi-looking (54 m in range x 54 m in azimuth). Site #3 is
also very stable with time, since the co-polar average backscattering over a 30 x 20 km region remains within 0.5 dB. It
should  be  noted  here  that  the  average  scattering  level  for  this  site  might  be  too  low for  BIOMASS radiometric
calibration (we estimate a need for targets with scattering level 10 dB higher than the noise equivalent  s0 of P-band
sensor, that is -17 dB). However, thanks to a subsurface scattering effect, backscattering at P-band is likely to be higher
than at L-band.

Date 2007 08 20 2008 07 07 2008 08 22 2008 10 07 2009 08 25 2009 10 10 2010 08 28

s0HH -22.8 dB -22.8 dB -22.7 dB -23.2 dB -22.5 dB -22.7 dB -23.0 dB
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s0HV -31.7 dB -31.6 dB -31.3 dB -31.9 dB -31.1 dB -31.3 dB -31.5 dB

Site #5

It is a flat and fresh volcanic area (southern part of Al Haruj massif), covered by a thin layer (cm-thick) of aeolian sand.
It is located in central Libya, at coordinates 26.23oN / 17.60oE. Due to the rough surface of lava flows, the scattering at
L-band is locally high compared to surrounding areas: it can reach -7 dB for HH and -15 dB for HV over areas covering
several square kilometers. As for previous sites, the temporal stability of radar scattering is very good (less than 0.2 dB
for the co-polar and cross-polar backscattered power over a 30 x 20 km area). The cross-polar component is a little
higher than for previous site, possibly due to a multiple scattering component on rough surfaces. Even if this site is less
spatially homogeneous than the previous one, it looks very stable in time and proposes a large range of scattering levels,
covering several square kilometers. It might then be of interest for the radiometric calibration of the BIOMASS sensor.

Date 2007 07 30 2008 09 16 2009 08 04 2010 08 07

s0HH -18.1 dB -18.2 dB -18.2 dB -18.4 dB

s0HV -27.5 dB -27.7 dB -27.7 dB -27.7 dB

3. Southern Tunisia

The only P-band data available over the Sahara desert were acquired by ONERA using the SETHI airbirne sensor,
during the TUNISAR campaign conducted in Tunisia in 2010 [Paillou et al., 2011]. We dispose of full polarimetric P-
band  images  of  the  Ksar  Ghilane  oasis,  located  in  the  southern  Tunisian  desert.  We  used  full  polarimetric  high
resolution ALOS-2 data over Ksar Ghilane (32.98oN / 9.64oE), to allow a quantitative comparison between L- and P-
bands. We performed a comparative polarimetric analysis of SETHI and ALOS-2 data and using a two-layers surface
and subsurface scattering model [Paillou et al., 2006], in order to model the scattering processes at both L- and P-bands.
As a result, we hope to predict some “P-band properties” of the selected test sites, such as scattering level at co- and
cross-pol  (with  some  impact  on  the  needs  regarding  noise  equivalent  sigma  naught  of  BIOMASS),  penetration
capabilities into dry sediments, and stability and regularity of the scattering processes. Figure 2 shows the Ksar Ghilane
oasis, imaged at L-band by ALOS-2 and P-band by SETHI. The oasis appears bright in radar images due to double
bounce effects on palm trees. The oasis lies on a south-north dark structure, which corresponds to an old river channel
filled with thick sand dunes. The western side of the oasis is occupied by a vast radar-bright flat plateau, while the
eastern part corresponds to an alluvial plain, where secondary river tributes are visible in the radar images.

Fig. 2: Ksar Ghilane oasis in southern Tunisia (left), seen by the L-band spaceborn SAR of ALOS-2 (middle) and by the P-band
airborne SAR of SETHI (right). 

We selected three different regions for which we compared the ALOS-2 and SETHI radiometry at both HH and HV
polarizations.  Region #1 is located on the western plateau,  it  is  a sandy and rocky surface with scarce vegetation.
Region #2 is part of the dune field bordering the Ksar Ghilane oasis. Region #3 is located in the eastern alluvial plain, it
presents a flat consolidated sandy soil, covered with small rocks and scarce vegetation. At both frequencies, region #3
(alluvial plain) presents the brightest radar signature, then comes region #1 (plateau) and finally region #2 (sand dunes).
We processed SETHI P-band full polarimetric acquisitions with a 40 MHz bandwidth (pixel size around 3 m in range
and azimuth). The incidence angle varies from 32o in the near range to 61o in the far range, each scene contains 2170 x
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8905 pixels. We considered the ALOS-2 scene acquired in April 2015, in SM2 full polarimetric mode. The incidence
angle is  36.5o and the scene contains 8500 x12500 pixels with 2.9 m resolution in range and 2.8 m resolution in
azimuth. Both SETHI and ALOS2 data were processed using PolSARpro software version 5. 

Region #1
139376 pix (L)
116915 pix (P)

L-band q=36.5o HH = -21.3 dB VV = -20.3 dB HV = -34.9 dB

P-band q=33-36o HH = -21.0 dB VV = -21.2 dB HV = -39.5 dB

Region #2
115343 pix (L)
134568 pix (P)

L-band q=36.5o HH = -22.9 dB VV = -21.9 dB HV = -37.1 dB

P-band q=40-43o HH = -26.7 dB VV = -25.6 dB HV = -38.8 dB

Region #3
219584 pix (L)
224239 pix (P)

L-band q=36.5o HH = -19.1 dB VV = -17.9 dB HV = -32.4 dB

P-band q=53-57o HH = -19.0 dB VV = -18.3 dB HV = -27.6 dB

While one could expect a lower scattering level at P-band than at L-band, due to a smoother surface roughness at longer
wavelengths, we observe that the co-polar scattering levels at L- and P-bands are comparable for regions #1 and #3. For
region #2, we observed a lower scattering level at P-band, likely due to a higher penetration in the sand dunes.

Using a two-layers scattering model including the surface and sub-surface layers, we were able to reproduce both the L-
and  P-band  observed  scattering  levels  for  regions  #1  and  #3.  The  two-layers  geometry  is  shown in  Figure  3:  a
superficial  smooth  and  dry  layer  of  sediments,  of  thickness  d,  covers  a  rougher  bedrock.  The  surface  layer  is
characterized by its dielectric constant (real part  1’ and imaginary part  1”), its surface roughness (height standard
deviation  1,  correlation  length  L1,  auto-correlation  function  W1),  its  albedo  a (the  ratio  between  the  extinction
coefficient e and the diffusion coefficient s) and its optical depth t =ed. The bedrock layer is also characterized by its
roughness (height standard deviation 2, correlation length L2, auto-correlation function W2) and dielectric constant (real
part 2’ and imaginary part 2”), the latter one varying in considerable ways depending on the moisture content of the
layer. The two-layers model is illuminated by a radar wave of frequency  arriving with an incidence angle q. Such a
simple model does not describe the actual complexity of the geology of the first meters of the subsurface, nevertheless it
is a first quantitative step to evaluate performances of subsurface imaging radars. 

Fig. 3: Geometry of the two-layers scattering model considered, with model parameters. 

In order to compute the backscattered power from our two-layers system, we used the Integral Equation Model (IEM)
proposed by Fung [Fung and Chen, 2010], based on a simplified expression of tangential fields. It allows to take into
account both single and multiple scattering components of the radar wave, and is valid for a wide range of roughness
parameters. If we consider now the two-layers case as described in Figure 3, the total radar backscattered power is
expressed as:

σ qp
0 (θ )=σ S1qp

0 (θ )+σV 1qp
0 (θ)+σ SS 2qp

0 (θ )
with 0

S1qp being the surface scattering of the surface layer, 0
V1qp being the volume scattering of the surface layer, and

0
SS2qp being the sub-surface scattering of the bedrock layer, attenuated by the first layer. A simple expression of the

three previous scattering components is given by:

σ S1qp
0 = k

4
e−2 k

2σ2cos2 (θ)∑
n=1

∞
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0 =
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T 12T 21e
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0 (θt )

We actually used more complete expressions, in order to include multiple scattering terms and cross-polarized factors,
(see [Fung and Chen, 2010]). The model parameters were set as follows: q=35o, 1=2.3-0.1j (actual measurement of the
dielectric constant of soil samples of regions #1 and #3), 2=7.0-0.1j, 1=0.5 cm, L1= 3.0 cm, 2=5.0 cm, L2= 7.0 cm,
auto-correlation functions W1 and W2 taken exponential, albedo of the covering layer a=0.01. For L-band (1.25 GHz),
we considered an extinction coefficient of the covering layer  e=0.6 (optical depth  t=1.8 m), while at P-band (0.435
GHz) it was taken two times lower, i.e. e=0.3 (optical depth t=0.9 m), in order to match the higher penetration capacity
of a lower frequency radar. We considered a covering sediment layer of thickness  d=3 m, which is representative of
regions #1 and #3. We compute the following scattering levels, comparable to the observed ones:

L-band
1.25 GHz e=0.6

0
S1HH = -25.7 dB 0

V1HH = -22.5 dB 0
SS2HH = -40.0 dB 0

HH = -20.7 dB

0
S1VV = -23.8 dB 0

V1VV = -25.2 dB 0
SS2VV = -39.2 dB 0

VV = -21.4 dB

P-band
0.435 GHz e=0.3

0
S1HH = -38.2 dB 0

V1HH = -23.1 dB 0
SS2HH = -23.7 dB 0

HH = -20.3 dB

0
S1VV = -36.3 dB 0

V1VV = -25.8 dB 0
SS2VV = -22.6 dB 0

VV = -20.8 dB

At L-band, the sub-surface layer produces a backscattering component about 30 times lower than the one produced by
the surface layer, while at P-band, the subsurface layer contribution is about 30 times higher than the surface layer
component. The lower surface scattering term at P-band, due to a smoother surface roughness at a longer wavelength, is
then balanced by a higher sub-surface scattering term, due to a higher penetration depth. As a final result, the total
scattering level at P-band is comparable to the one at L-band, as observed by ALOS-2 and SETHI sensors, but the P-
band return is dominated by the sub-surface layer [Paillou et al., 2017].

In order to check the usefulness of the tunisian site for calibration purposes, we also studied its temporal stability using
PALSAR data acquired between 2008 and 2010. All PALSAR scenes are dual pol (HH/HV, 20 MHz bandwidth), in
CEOS 1.5 multi-look format (12.5 m resolution), at an incidence angle of 34 o. We extracted and registered (with one
pixel accuracy) areas corresponding to our regions of interest #1, #2 and #3.

Acquisition Date 2008-07-06 2009-07-09 2009-08-24 2010-05-27

Region #1
(8147 pix)

HH = -17.4 dB HH = -17.0 dB HH = -17.2 dB HH = -16.6 dB

HV = -26.8 dB HV = -26.8 dB HV = -27.0 dB HV = -26.6 dB

Region #2
(8365 pix)

HH = -21.4 dB HH = -19.4 dB HH = -21.0 dB HH = -21.0 dB

HV = -29.4 dB HV = -29.2 dB HV = -29.8 dB HV = -29.4 dB

Region #3
(12629 pix)

HH = -15.8 dB HH = -15.6 dB HH = -15.6 dB HH = -15.4 dB

HV = -25.8 dB HV = -25.8 dB HV = -26.0 dB HV = -25.6 dB

As shown by PALSAR data, the standard deviation of scattering levels for all three regions is less than 1 dB, so they
can be considered very stable in time. Region #3 looks in particular quite stable, since both HH and HV scattering
levels vary within 0.2 dB. It should be even more stable in time at P-band, because of the dominating sub-surface
component.

4. Flying an Airborne SAR in Namibia

ESA will conduct a L-/P-band airborne SAR campaign in 2020, in order to assess potentials of P-band SAR to map sub-
surface features in desert regions. It will also address the usefulness of deserts for BIOMASS calibration purposes.
Being  in  charge  of  the  definition  of  the  test  site,  we  selected  the  Namib Desert  because  of  its  geologically  and
hydrological rich context. Test sites are close to the Gobabeb Research and Training Centre (23.56oS / 15.04oE), which
is a recognized and dynamic research centre dedicated to desert studies, located on the border of the great sand dunes of
the Namib Desert, close to the ephemeral Kuised River. Such ephemeral rivers are of highest importance in Nambia,
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and the Kuiseb River has been monitored for many years [Morin et al., 2009]. Using SAR images acquired by ALOS-2,
we detected numerous paleo-channels hidden under surface aeolian sediments (see Figure 4): while old tributes of the
Kuiseb River appear in the north of its present bed, a possible ancient river system can be detected in the interdune
valleys in the south. The sandstone bedrock under the linear dunes of the Nambib Desert is then likely to keep tracks of
an ancient hydrological history. In particular, a possible fossil aquifer might exist in the south, possibly still connected
to  the  present  one  of  the Kuiseb  River.  Our  research  activity  will  focus  on:  1) Validate  the  sub-surface  imaging
capacities of low frequency radar in the context of the BIOMASS mission, using the Kuiseb paleo-channels as test
targets;  2) Map  paleo-channels  in  the  vicinity  of  the  Kuiseb  River  bed  using  orbital,  airborne,  drone  and  field
measurements;  3) Study the past hydrological history of the Kuiseb River in particular, and Namib Desert in general,
with a focus on the potential associated fossil water resources.

Fig. 4: Top: radar detected paleo-channels (in blue) on top of the Google Earth image of the Gobabeb region. A possible ancient
course of the Kuiseb River can be seen from one interdune valley to the other in the south. Bottom: ALOS-2 radar image revealing

rich sub-surface paleo-hydrological features under aeolian sediments.
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5. Conclusion

We presented research activities which were conducted in preparation of the ESA P-band SAR BIOMASS mission.
Thanks to ALOS-2 L-band data, we were able to study the radiometric response of numerous desert sites, which are
considered for calibration of the BIOMASS instrument: eastern Sahara, southern Tunisia and Namib desert. We have
defined several places in Eastern Sahara, which are stable enough in time at L-band, to be considered as calibration sites
for  the  BIOMASS mission.  We  also  have  shown,  by  comparing  ALOS-2  L-band  data  to  P-band  airborne  SAR
acquisitions, that we can expect the same scattering level at L- and P-band over desert surfaces. Further investigations,
using ALOS-2 data and future airborne acquisitions in Namibia, will be conducted in order to better understand the
benefits of low frequency radar for the imaging of sub-surface structures. We would like to greatly thank the JAXA, the
ALOS-2 and EORC teams, for their trust and great support during RA-6 activities. 
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1 INTRODUCTION 

This document constitutes the final report for the Sixth 

Research Agreement For the Advanced Land Observing 

Satellite-2 (RA6). 

The research topic involved studies on land degradation 

effects induced by hazards such as landslides, floods, etc. 

Improvements in monitoring capabilities of L-band sensors 

within DInSAR frameworks were assessed in the previous 

research agreement [1] and its extension [2], and will be 

published in a forthcoming paper. In this report, we con-

centrate on ALOS-2 PALSAR-2 products received under 

the RA6 agreement, acquired over a test site in Southern 

Africa, at convergence of the Shire and Zambezi rivers, in 

Mozambique.  

We report the main processing performed on the 

PALSAR 2 data, which cover a flood event occurred in 

early 2015, also in synergy with Sentinel-1 C-band data. 

We first describe the test site, then the methodology used 

to process the data, with reference to published and forth-

coming papers. We finally present some conclusions on the 

prospects for future work on the subject. We also describe 

technical issues encountered in the processing in the Ap-

pendix. 

2 TEST SITE 

The Zambezi river basin, one of the largest basins in Af-

rica, has a complex morphology and a multivariate surface 

cover. These characteristics and the occurrence of flood 

events in the catchment make it particularly suitable to the 

monitoring of flooded areas through multi-temporal, 

and/or multi-sensor analysis. Several studies investigated 

the interrelation between the hydro-morphologic features 

of the Zambezi River, their evolution over time and the pe-

riodic inundations, by exploiting Earth observation (EO) 

data [1] [2] [3] [4] . 

Between the towns of Mutarara and Chimuara, the 

Lower Zambezi is characterized by the confluence with the 

main tributary, the Shire River, whose headwaters are in 

Lake Malawi. From the lake, the Shire River flows south-

wards, traversing gauges, rapids and waterfalls until it 

forms a broad floodplain extending from Chikwawa to the 

confluence with the Zambezi, and crossing the Elephant 

and Ndindi marshes and the Ilha de Inhangoma region. The 

latter, created by splitting the Zui Zui channel into the Shire 

River after a harmful flood in 1840, represents a region of 

interest, because recurrently subject to floods. In fact, when 

the Zambezi is in flood, the (channeled) overflow pours 

into the Shire increasing its streamflow, until it exceeds and 

floods the valley. This condition occurs with the reaching 

of peak flow (January – March) in the Zambezi and Shire 

rivers, during the wet season (November – April). The hy-

drology of the fluvial system, in fact, is determined by the 

seasonality of rainfall and water levels patterns, which, 

however, are conditioned by climate change and anthropic 

impact (flow regulation, e.g. dams). 

As an example, a flood event occurred in late January – 

early February 2015 in an area located between the Zam-

bezia and Tete provinces.  

The present study investigates the application of multi-

frequency, polarimetric and interferometric synthetic aper-

ture radar (SAR) data for improving flood mapping in veg-

etated areas. The Zambezi-Shire area features a variegated 

surface cover: wetlands, (open and closed) forests, 

croplands, grasslands (herbaceous and shrubs), and a few 

urban areas. The presence of low and high vegetation (typ-

ical of the tropical landscape), and the alternated proximity 

of bare soil or scarcely vegetated areas requires interpreting 

the behavior of different land cover classes in different con-

ditions (flooded/not flooded). The combination of various 

analytical techniques and data overlay can help to recog-

nize the response of flooded areas with distinct vegetation 

cover to the microwave signal. This integrated approach is 

finalized to explore and refine information increase and 

data synergy for flood mapping. 

3 DATA AND METHODS 

We select SAR images acquired in L and C band (ALOS 

2 and Sentinel-1, respectively), in a time interval covering 

the event (see Table 1). Processing of a time series of Sen-

tinel-1 images allowed to follow the flood event for what 

concerns open water extent variations over time [7] . Here, 

we consider only a pair of these Sentinel-1 time series, 

namely those acquired on 3 and 15 February 2015, respec-

tively. Comparison with the dual-polarized ALOS 2 im-

ages (co- and cross-polarization) helps highlighting differ-

ent responses to the radar signal caused by diversified land 

cover. L-band images have a higher penetration within the 

forest canopy than C-band images, and, mostly, cross-po-

larized (HV or VH) signals have a lower double-bounce 
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effect than co-polarized ones (HH, VV) on vegetated areas 

Errore. L'origine riferimento non è stata trovata.. This 

diversity (in wavelength and polarization) gives more in-

formation about the scattering mechanism of the surface 

and, therefore, if combined, it contributes to isolate differ-

ent scattering classes thus better recognizing land cover 

types. These considerations are being published in [7] and 

[8] .  

Although with a reduced performance when applied to 

dual-polarized data with respect to quad-pol, polarimetric 

decomposition gives a fair discrimination capability for 

vegetated areas. Here we use the so-called Cloude-Pottier 

decomposition Errore. L'origine riferimento non è stata 

trovata., and create a IHS combinations with the channels 

assigned respectively to I, α, H, with I the span, i.e. 𝐼 =

(𝜎𝐻𝐻
0 + 𝜎𝐻𝑉

0 )/√2, α the polarimetric anisotropy and H the 

polarimetric entropy. In this kind of color combination, the 

saturation is governed by the entropy, so surface cover 

types with more entropy, e.g. vegetation with random 

branch directions, will appear more saturated, while more 

“ordered” surfaces, such as bare soils or low vegetation 

with mostly vertical stems, will appear less saturated. The 

color hue will in this case be assigned to the anisotropy an-

gle, which is expected around 45° for any high-entropy 

scattering target, corresponding to green for the chosen 

color wheel.  

In the case at hand, i.e. for SAR images acquired during 

floods, unflooded forest appears dark green (double bounce 

scattering mechanism, associated with medium-high en-

tropy H but medium-low backscattering intensity I), while 

lower vegetation, or possibly flooded forest, appears in 

brighter green (higher intensity, medium-high entropy with 

α around 45°). Lower entropy areas, corresponding to bare 

soils or other terrains, appear grey. 

We also attempted interferometric processing on tem-

porally consecutive acquisition pairs. On the Mutarara 

area, forested cover is widespread, causing very low coher-

ence levels on most of the image frame. The Quelimane 

area shows somewhat higher coherence, and lends itself to 

some deeper investigations, which will be performed in the 

near future. 

4 RESULTS 

4.1 Overview of processed maps 

In general, data show a considerable information con-

tent. In Figure 3 and Figure 4 in the Appendix we show the 

IHS combinations of polarimetric decompositions applied 

to all the dual-polarization PALSAR 2 FBD data. 

These land cover types can be compared to global data-

bases such as the CORINE land cover map, shown in the 

left panel of Figure 1. It can be discerned how the low veg-

etation areas, such as those corresponding to the “cropland” 

and “herbaceous wetland” classes in the CORINE map, ex-

hibit the most variable characteristics in the time series, 

while forest areas stay mostly constant in time. It has been 

reported for C-band data that dual-pol combinations con-

sisting of one co- and one cross-polarized channel do not 

allow effective separation of land cover classes [12] How-

ever, the longer wavelength of L-band ALOS 2 data seems 

somehow to lead to slightly better discrimination capabili-

ties, so that the encouraging qualitative results coming 

from this test case seem to be worth some further investi-

gation, which will be performed in the future. 

4.2 Flood Event on January-February 2015 

For the event of early 2015, a multi-temporal analysis 

was performed using C-band data from Sentinel-1, as 

shown in [7] We also combined Sentinel-1 with ALOS 2 

data, which allows to perform interesting inference on the 

event. The integration is based on the assumption that the 

situation on the ground for a certain interval of time does 

not exhibit significant changes. This assumption is con-

firmed by a comparison of the two consecutive Sentinel-1 

images acquired on 3 and 15 February 2015, respectively, 

which show very little differences in SAR intensity values 

[8] . Therefore, we use one of the two Sentinel-1 images, 

as well as one ALOS 2 image acquired within the afore-

mentioned time interval, as a multi-frequency dataset, 

which we assume to correspond to a stationary situation on 

the ground.  

Each of the two co-event images (ALOS 2 acquired on 

9 February, Sentinel-1 on 15 February) can be then com-

pared to a pre-flood image, which are acquired, respec-

tively, on 29/12/2014 (Sentinel-1) and 1/12/2014 (ALOS 

2). An RGB combination of the intensity ratios (in dB) 

computed on the three channels consisting of the Sentinel-

1 pair in VV polarization, and the two ALOS 2 pairs in HH 

and HV polarizations, respectively, show interesting fea-

tures. In such an image, dark tones in one or more channels 

represent backscatter decrease from pre-flood to flood con-

ditions for the image associated to that channel. So, black 

areas underwent strong backscatter decrease (colors are 

saturated at ±10 dB, as shown in the figure legend) in all 

three channels, likely corresponding to open water; dark 

Table 1. ALOS2 data acquired over the Zambesi test site. 

Mutarara Quelimane 

01/12/2014 17/09/2014 

09/02/2015 26/11/2014 

13/07/2015 04/02/2015 

21/09/2015 08/07/2015 

30/11/2015 03/02/2016 

08/02/2016 06/07/2016 

11/07/2016 05/07/2017 

28/11/2016 08/11/2017 

09/01/2017 17/01/2018 

06/02/2017  

10/07/2017  

13/11/2017  

22/01/2018  
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red or green tones correspond to decreasing backscatter in 

L-HH / HV imagery or C-VV, respectively, while main-

taining roughly constant levels in the complementary chan-

nel(s). The former would likely correspond to vegetation 

with a structure which allows penetration of longer wave-

lengths (L band), which therefore undergo specular reflec-

tion on water, while C-band waves are backscattered by the 

canopy, and therefore do not exhibit significant changes 

when flooded. The latter could be due to different wind 

conditions on the two acquisition dates (3 and 9 February 

2015 for ALOS 2 and Sentinel 1, respectively), with more 

surface waves which in turn cause the water surface to 

backscatter more power in the second date (in L-band) than 

in the first one (in C-band). 

In contrast, bright colors denote increase in backscatter 

levels, hinting to the possible presence of flooded vegeta-

tion with double bounce behavior: bright red areas have C-

VV backscatter increase, while both L-HH and L-HV lev-

els decrease. They likely correspond to short vegetation, 

such as shrubs, herbaceous vegetation, or cropland, where 

shorter wavelengths are backscattered with stronger inten-

sity than longer ones. Vice versa, bright green and cyan ar-

eas denote increase in both L-HH and L-HV channels, re-

spectively, with decrease in C-VV. These may indicate the 

presence of flooded forest or wetlands, where tree trunks 

or other thick structures contribute to backscattering of 

longer wavelengths, while the phenomenon is weaker in C 

band.  

These considerations seem confirmed by comparing the 

RGB-backscatter ratio map with the indicative CORINE 

land cover map. 

5 CONCLUSIONS  

The potential of an integrated analysis of multi-tem-

poral L-band dual-pol SAR data from ALOS 2 PALSAR 

2, together with multi-temporal C-band Sentinel-1 data, 

has been illustrated through a showcase application to a test 

site in Mozambique, at the confluence between the Zam-

bezi and Shire river, characterized by variegated tropical 

vegetation and recurrent flooding episodes. Both polari-

metric decomposition and interferometric processing have 

been performed on the data. Results can be visualized 

through RGB or IHS image combinations, and exhibit sev-

eral interesting characteristics indicating good discrimina-

tion potential for different land cover, in conjunction with 

the possible presence of open water or floodwaters under-

neath the vegetation canopy, both of which can be dis-

cerned by careful analysis of the developed multi-temporal, 

multi-frequency dataset. These results are being analyzed 

in detail, especially in relation to a particularly strong flood 

event occurred on early February 2015, which involved 

large wetland and forested areas in the region. The results 

have been presented at the last IGARSS conference, and 

are being published on peer-reviewed journals. 

APPENDIX – PROCESSING DETAILS 

To process PALSAR 2 images, we used the software 

suite SNAP, distributed by the European Space Agency un-

der an open-source license. The software allows to apply 

advanced processing chains to both SAR and optical data 

acquired by several sensors. Recently, the software has 

been upgraded to support processing of ALOS 2 imagery. 

 

Figure 1. Location maps for the test site scenes. On the left, a CORINE land cover map on the area of the Mutarara dataset. 

On the map at the right, the frames on Mutarara (left) and Quelimane (right) are shown as cyan rectangles. Green rectangles 

indicate the corresponding Sentinel-1 frames, as reported in [7] [8] . 

 

Corine Land Cover
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This includes an “import” command for ALOS 2 data in 

both  CEOS and GeoTIFF formats. Most processing steps 

typically applied to SAR imagery can then be applied to the 

imported data, including intensity calibration and filtering, 

polarimetric decomposition, geocoding, etc. Output data in 

SNAP can be written in a variety of common formats, such 

as the simple “ENVI” format, consisting of a pure binary 

raster file plus a header text file, which can be easily im-

ported into GIS environments such as QGIS. 

In Figure 3 and Figure 4 we show intensity-hue-satura-

tions (IHS) color composites of intensity I (span), anisot-

ropy angle α, and entropy H for the two areas of Mutarara 

and Quelimane, respectively.  

For what concerns interferometric processing, the ESA 

SNAP suite nominally supports processing of interferomet-

ric pairs from several SAR satellites such as ERS-1/2, 

ENVISAT, Sentinel-1 and COSMO-SkyMed, as well as 

PALSAR and PALSAR 2. However, results obtained for 

PALSAR 2 data processing often seem not very robust and 

reliable. In particular, the quality of coregistration and im-

age warp results seem to be considerably data-dependent. 

We show in Figure 5 IHS color composites obtained by us-

ing interferogram intensity, equal to the backscatter mean 

between master and slave image, as I-channel, the InSAR 

phase as hue channel, and the InSAR coherence as satura-

tion. Interferograms are computed on all consecutive ac-

quisitions, which have the shortest temporal baselines. It 

can be noticed that coherence spatial patterns are strongly 

variable along the time sequence of interferograms. Higher 

coherence is associated to higher color saturation in the 

IHS images, so colored patches indicate high-coherence ar-

eas. As can be seen, in several interferograms, high coher-

ence is present only on the coastal strip of the area, while 

the inland, top-left portion of the frame is often in gray 

color, denoting low coherence. Also note that, in interfero-

grams with this behavior, intensity on the top-left portion 

is more homogeneous and shows less contrast features than 

in the other parts of the scene. Finally, the phase color pat-

terns on the high-coherence areas seems to vary in a cyclic 

way, possibly denoting a poor performance of the pro-

cessing step which performs removal of residual orbital 

phase ramps. All these effects may be due to a low perfor-

mance of the interferometric, sub-pixel coregistration algo-

rithm in these areas.  

We tried several combinations of parameters to process 

interferometrically the image pairs, changing e.g. the num-

bers of patches over which correlation is computed, the 

polynomial degree of the warp function, as well as the or-

bital interpolation algorithm, but we were not able to obtain 

better results than those shown in the figure. This seems to 

be also a common experience with other users, as reported 

in specialized ESA support groups [9] so it may deserve 

some further consideration. 

 

 

Figure 2. RGB combination of backscattering coefficient ratios (co-event / pre-event) for Sentinel-1 VV data (red), 

PALSAR 2 HH (green) PALSAR 2 HV (blue). 
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Figure 3. HIS polarimetric combinations of intensity, entropy and anisotropy, for the Mutarara test site. 

 

Figure 4. HIS polarimetric combinations of intensity, entropy and anisotropy, for the Quelimane test site. 
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06/07/2016 05/07/2017 08/11/2017 17/01/2018

874



 

 

 

 

 

Figure 5. HIS interferometric combinations of intensity, phase and coherence, for the Quelimane test site. Top two rows: HH 

channel interferometric combinations; bottom two rows: HV channel combinations. Intensities are in logarithmic scale, rescaled 

from 30 to 0 dB; coherence is assigned to saturation, with values in the interval [0,1]; phase is assigned to hue, with the color 

wheel mapped on the [π, π] interval. 

 

17/09/2014 – 26/11/2014 26/11/2014 – 04/02/2015 04/02/2015 – 08/07/2015 08/07/2015 – 03/02/2016

03/02/2016 – 06/07/2016 06/07/2016 – 05/07/2017 05/07/2017 – 08/11/2017 08/11/2017 – 17/01/2018

17/09/2014 – 26/11/2014 26/11/2014 – 04/02/2015 04/02/2015 – 08/07/2015 08/07/2015 – 03/02/2016

03/02/2016 – 06/07/2016 06/07/2016 – 05/07/2017 05/07/2017 – 08/11/2017 08/11/2017 – 17/01/2018
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INTRODUCTION 

Land subsidence is gentle downwarping or 

sudden sinking of land surface. Principal 

causes of subsidence are groundwater 

aquifer compaction, draining of organic 

soils, natural compaction, hydro-

compaction, underground mining, sink 

holes and thawing of permafrost areas. 

Cases of land subsidence have been 

reported from various cities of world 

([1],[2],[3],[4],[5]).  

While ground displacement is nearly 

vertical, horizontal displacements at 

periphery of subsiding zones also cause 

major damages. In the case of groundwater, 

land subsidence is an effect of the 

reduction of pore spaces within the aquifer 

system and overlying confining units, 

which is caused by excessive withdrawal 

over long time periods. High subsidence 

rates may pose serious threat to urban 

structures and rail networks causing 

adverse impact on the economy of 

developing/developed nations. The present 

study is an attempt to carrying out land 

subsidence studies in parts of Indo-

Gangetic plain due to increasing stress on 

groundwater resources. 

STUDY AREA 

Indo-Gangetic Basin (IGB) is a foreland 

basin developed fifteen million years ago 

due to collision of Indian and Eurasian 

plates. The basin is an asymmetric trough 

with a vast thickness of sediments [6] and 

also exhibits extensive modern alluvial 

deposition [7]. Well-developed alluvial 

aquifer systems got deposited during 

Pleistocene and Holocene. The basin is the 

lifeline to more than 400 million people and 

is known for high agricultural productivity. 

It is also one of the most extensively 

irrigated basins of the world. Water demand 

for irrigation is met from groundwater and 

existing canal networks. High population 

density and rapid urbanization has further 

accelerated the demand of groundwater 

leading to the depletion of groundwater 

resources [8]. Installation and maintenance 

of a dense network of groundwater 

observation wells in the region are limited 

by non-availability of manpower and more 

importantly funds. In recent years satellite-
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 2 

based techniques, primarily Gravity 

Recovery and Climate Experiment 

(GRACE) and Interferometric Synthetic 

Aperture Radar (InSAR) have shown 

tremendous potential for groundwater 

monitoring.  

In the present study we use InSAR to assess 

the impact on groundwater aquifer systems 

in IGB using precise measurements of land 

subsidence. InSAR based studies have been 

conducted over selected parts of IGB 

(mentioned below) to identify groundwater 

depletion hotspots using ALOS PALSAR 

datasets: 

• Hamirpur, Uttar Pradesh 

• Lucknow, Uttar Pradesh  

• National Capital Region, India 

 

DATA USED 

 

Datasets from ALOS-PALSAR-1 and 

PALSAR-2 has been used to study the land 

subsidence over Indo-Gangetic basin. 

Following are the details of datasets used: 

Sl. 

No

. 

Study 

Sites 

Senso

r 

Time 

perio

d 

No. 

of 

scene

s 

1. Hamirp

ur 

ALO

S-1 

2007-

08 

03 

2. Hamirp

ur 

ALO

S-2 

2015-

16 

01 

3. Luckno

w 

ALO

S-1 

2007-

11 

16 

4. Delhi ALO

S-1 

2007-

10 

15 

 

METHODOLOGY 

 

In the present study, we have used 

Differential Interferometric Synthetic 

Aperture Radar (DInSAR) technique along 

with various advanced InSAR techniques 

such as Persistent Scatterer Interferometry 

(PSInSAR), Small Baseline Subset 

(SBAS) analysis for mapping surface 

deformation. Brief description of these 

techniques is given below: 

 

DIFFERENTIAL 

INTERFEROMETRIC SYNTHETIC 

APERTURE RADAR 

 

DInSAR technique uses two Synthetic 

Radar images (SAR) images acquired at 

different time period from similar vantage 

points to generate phase difference map 

known as interferogram. The interferogram 

contains information about displacement 

of coherent radar scatterers, surface 

topography, atmospheric variability and 

random instrument/phase noise. 

Topographic phase was simulated from 

existing SRTM Digital Elevation Model 

(DEM) [9] and is subtracted from the 
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interferograms. Phase noise is reduced by 

adaptive phase filtering [10]. 

Interferograms are phase unwrapped using 

Statistical-cost, Network-flow Algorithm 

for PHase Unwrapping (SNAPHU) 

approach [11]. 

The unwrapped phases are then converted 

to ground displacement along LOS of the 

satellite and subsequently geocoded using 

cartographic projections of SRTM DEM. 

Accuracy of InSAR derived subsidence 

estimate is in the order of 2-4 mm [12]. 

 

4.2 SMALL BASELINE SUBSET 

(SBAS) TECHNIQUE 

 

DInSAR has been used successfully to 

generate maps of ground displacement on a 

dense grid with SAR having temporal gap 

of more than one year with millimeter level 

precision. However, in tropical regions 

where vegetation growth is major cause for 

loss of temporal coherence, applications of 

DInSAR technique for deformation studies 

is hindered. In order to overcome the 

limitations of DInSAR, Small Baseline 

Subset (SBAS) algorithm was proposed by 

[13]. This technique uses several InSAR 

pairs separated by short temporal duration 

to produce interferograms. Adaptive 

filtering is applied followed by phase 

unwrapping of interferograms.  Unwrapped 

phase data is then inverted using Singular 

Value Decomposition (SVD) algorithm to 

calculate deformation history of each pixel. 

 

In the present study we generated 

coregistered stack ~72 unwrapped 

interferograms over Lucknow region using 

ISCE software. SBAS analysis is carried 

out using the GIANT software. For SBAS 

analysis, we have used spatial coherence 

threshold of 0.2 in at least thirty-three 

percent of the interferograms. SVD 

decomposition is used to calculate time 

series of deformation at each pixel. 

 

PERSISTENT SCATTERER 

INTERFEROMETRY 

 

PSInSAR is a technique that was developed 

to mitigate the temporal decorrelation effect 

[14,15]. The technique identifies the 

dominant scatterer in each resolution cell to 

minimize the effect of decorrelation, which 

primarily arises due to summing of 

contributions from all the scatterers present 

in resolution cell. Persistent Scatterer (PS) 

pixels are the permanent scatterer which 

dominate the contribution from the 

resolution cell. Buildings, bridges, 

appropriately oriented rocks are considered 

as permanent scatterer as they return 

maximum energy towards the sensor. 

PSInSAR algorithms are implemented on 

time series of interferograms formed from a 

single master SAR image. The selection of 
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master SAR image is done to minimize the 

temporal and baseline decorrelation with 

other images. PS pixels are selected based 

on amplitude scintillation [14] or phase 

analysis  in a series of interferograms [15].  

 

RESULTS 

 

Using the above-mentioned techniques, the 

studies were carried out over parts of 

Hamirpur and Lucknow, Uttar Pradesh and 

National Capital Region, India. Results are 

presented in following sections. 

 

 MAPPING SURFACE 

DEFORMATION IN PARTS OF 

HAMIRPUR, UTTAR PRADESH 

 

Hamirpur and several other districts of 

Uttar Pradesh, India experienced drought 

during 2005-08. After the first monsoonal 

rainfall in July-2008, which also marked the 

end of drought period, development of 

ground fissures was reported from various 

villages in and around Hamirpur. The 

occurrence of fissures in many villages of 

Uttar Pradesh created panic among the 

villagers and provided a challenging task to 

scientific community to understand the 

processes governing its formation. In the 

view of above, this study was undertaken to 

map surface deformation using available 

ALOS-1 datasets and to understand the 

drought driven compaction and factors 

controlling the subsidence. 

Figure-1 shows LOS displacement for time 

period November, 2007 – March, 2008 

derived using DInSAR technique. This pair 

was chosen as it is the only available image 

pair that is almost contemporaneous with 

the time of occurrence of the fissures 

around July 2008. The pre and post fissure 

formation image pairs did not retain the 

coherence required for mapping surface 

displacement, which is possibly due to 

changes in ground surface because of heavy 

rainfall. Therefore, we rely upon the surface 

deformation map generated using 

November, 2007 – March, 2008 image pair 

to study the surface deformation and its 

relationship with fissure formation 

assuming linear trend of surface 

deformation post March, 2008 and up to 

time period corresponding to fissure 

initiation. Two major subsidence zone, 

showing LOS displacement ~6-7 cm, are 

located on right bank of Yamuna river 

(marked in rectangle #1 and #2) are shown 

in Fig. 1. Analysis of groundwater level 

datasets for the time period 1996-2008 

shows depletion of groundwater level ~ 0.3 

m/year in majority of the observation wells 

located in vicinity of subsidence zones (Fig. 

2) The spatial correspondence of 

groundwater depletion zones and 

subsidence basins indicate compression of 
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aquifer system as major cause of 

subsidence. 

 

 

 

Figure 1: LOS displacement map for 
time period November-2007-March-
2008. Locations of ground fissures (solid 
triangles) and ground water observation 
wells (solid circle) are overlaid. Detected 
subsidence zones are marked in 
rectangles. 
 

 
Figure 2: Time series of pre-monsoon 
(May) groundwater levels for time frame 
1996-2008. Water observation wells 
located in Khutahaund-1, Kuara, Terha 

and Pachkura show high declining trend 
of groundwater level during 2005-08-
time frame. These wells located in 
peripheral parts in subsidence zones, 
which have experienced subsidence of 6-
7cm during November-2007 to March-
2008 (Figure 1). 

 

Further, it is noted that the subsidence 

zones are mostly located in the older 

alluvium, which are supposed to have 

relatively well developed aquifer systems, 

compared to the younger alluviums. In 

order to assess the role of aquifer thickness 

on LOS displacement, we analyzed the 

available lithologs. Regression plot 

between aquifer thickness and LOS 

displacement is shown in Fig.3. It is evident 

form regression plot that the magnitude of 

LOS displacement and aquifer thickness is 

correlated.  

 
Figure 3: Regression plot between LOS 
displacement and aquifer thickness. 
Outliers are marked in red color. 
 
Hence, it may be concluded that the 

thickness of aquifers and possibly their 

depositional environment are the major 

controlling factors of the observed 

subsidence.  
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Although, subsidence shows good 

correlation with groundwater level decline 

and geomorphology, the zones of high 

subsidence were not found to be linked with 

zones of fissure occurrence. In fact, the 

fissures are located within zones showing 

subtle subsidence or uplift. Further, the 

fissures are mostly located in younger 

alluvium. Based on these observations, we 

infer that sudden compaction of younger 

alluvium post rainfall may be major cause 

of fissure formation.  

  

MAPPING LAND SUBSIDENCE IN 

PARTS OF LUCKNOW CITY, UTTAR 

PRADESH 

 

Figure 4 shows mean surface velocity 

(subsidence rate) over the city of Lucknow 

derived by PS-InSAR method (StaMPS 

software) for the time period spanning 

2007-10 using ALOS-PALSAR-1 datasets. 

A total of sixteen interferograms are 

generated with master image acquired on 

17th February 2008. Out of these sixteen 

interferograms, two interferograms (i.e. of 

17th Feb-2008-30th Dec-2006 and 17th Feb-

2008-7th July-2009) are excluded from 

analysis as they had very large baselines of 

-3411m and -3182m respectively, which 

may have caused spatial baseline 

decorrelation. In the analysis, 

interferograms with spatial baseline less 

than 2500m is used. Therefore, fourteen 

interferograms are used to compute Mean 

Line of Sight deformation rate (velocity). In 

order to reduce the number of noisy pixels, 

we set weed standard deviation of 0.80 

(default value is 1.0). Further, to increase 

the phase unwrapping accuracy, we have 

selected unwrap_grid_size=400m (default 

=200m). It is observed that reducing the 

weed standard deviation from 1.0 to 0.80 

significantly reduced the noisy Persistent 

Scatterer (PS) pixels and improved the 

results significantly. Linear ramp from each 

interferogram was calculated and 

subtracted to get the final velocity 

estimates.  

A circular subsidence bowl, located on right 

bank of Gomti river showing velocity of ~8 

mm/year has been detected on Mean Line 

of Sight deformation rate map. This 

subsidence zone lies in one of most heavily 

populated parts of old Lucknow city. It is 

inferred that over exploitation of 

groundwater is the probable cause of the 

observed subsidence. Analysis of 

groundwater level and lithology datasets 

have been initiated to understand the further 

ascertain the possible causes of subsidence. 
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Figure 4: PSInSAR derived Mean Line 
of Sight displacement rate over parts of 
Lucknow.  

  

Figure 5: Accumulated displacement 
map generated using SBAS technique for 
time period 2007-11. 

Figure 5 shows accumulated line of sight 

displacement over parts of Lucknow region 

for time period of 2007-11 derived using 

SBAS technique. Here, accumulated 

displacement means cumulative sum of 

displacement which has occurred at each 

pixel during 2007-11. Magnitude of 

accumulated displacement in the 

subsidence zone is ~ 4cm. It should be 

noted here that this estimate represents the 

total subsidence that has accumulated over 

time period 2007-11. The annual 

deformation rate (mm/year) can be 

computed dividing the total time period 

(2007-11) which is ~ 4 years in this case.. 

With this consideration the annual rate of 

subsidence in this zone is calculated to be ~ 

4 mm/year.  The results obtained from 

PSInSAR technique and SBAS technique 

shows similar subsidence values are results 

derived from both these techniques are in 

good agreement 

 

MAPPING LAND SUBSIDENCE IN 

PARTS OF NATIONAL CAPITAL 

REGION, INDIA 

 

Shown in Fig. 6 is LOS velocity derived 

from more than eighty interferograms 

generated from fifteen ALOS-1 datasets for 

time period 2007-10 over National Capital 

Region, India located in Indo-  

 
Figure 6: Line of Sight (LOS) velocity 
map (cm/year) derived from ALOS-
PALSAR datasets of 2007-10 using SBAS 
technique. Two subsidence zones 
marked as S1 and S2 located in vicinity 
of Dwarka and Gurgaon are clearly seen. 

Gangetic plain using SBAS technique. The 

atmospheric contributions were removed 

using ERA-5 atmospheric model. Linear 

ramps were removed from datasets to 

reduce topographic and atmospheric 

residuals and long wavelength ionospheric 
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effects. Two distinct subsidence zone 

located near Dwarka (S1) and Gurgaon (S2) 

showing LOS velocity ranging between -

1.5 to -5.0 cm are seen (Fig. 6). The 

subsidence zone located near Dwarka has 

area of 12 km2. The subsidence zone near 

Gurgaon is relatively smaller and has 

spatial extent of ~1.5 km2.  

 
Figure 7: Groundwater observation well 
located near subsidence zones shown in 
rectangle in Fig.6 (a). Time series of LOS 
deformation and groundwater levels of 
observation wells DW (b), MP (c), VP (d) 
and JP (e) located at peripheral part of 

subsidence zone S1.  No observation well 
located near subsidence zone S2. 

Analysis of groundwater level datasets of 

available nearby observation wells DW (b), 

MP (c), VP (d) and JP (e) shows LOS 

deformation is in good agreement with 

groundwater level fluctuations especially in 

MP and DW (Fig.7 b-e). The subsidence 

observed in NCR may not be attributed to 

natural compaction of sediments as 

compaction is a very slow process, which is 

generally in the order of few mm/year [16]. 

Further, the shape of the subsidence zones 

is nearly circular to elliptical. Such shapes 

are often associated with diffusive 

processes such as groundwater extraction 

[17].    
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1. INTRODUCTION

The faults are universal in the petroleum reservoirs. Some 

of them are Intermittent Flow Barriers (IFB) such that 

IFBs can change their permeability performance during 

production from “permeable” to “sealing,” or vice versa. 

This may adversely effect on production. The objective of 

the study proposed is to correlate / calibrate the DInSAR 

images to / with data of surface atmogeochemical and 

geoelectric surveys in the oil and gas fields. The study is 

in the context of developing the technology for the early 

detection of the IFBs in petroleum fields. The main 

purpose of the technology is to decipher the flow structure 

of a petroleum reservoir and thereby contribute largely to 

its recovery factor increase. 

2. OBJECTIVE OF THE STUDY

The objective of the study proposed is to correlate / 

calibrate the DInSAR images to / with data of surface 

atmo-geochemical and geo-electric surveys in the oil and 

gas fields.  

The study proposed is in the context of developing the 

technology for the early detection of the Intermittent Flow 

Barriers (IFB) in petroleum reservoirs. At present time, 

there exist the first version of the technology, which uses 

the ALOS-1 historical data.  

This version was presented at IGARSS-2014 (Karger et 

al., 2014) and implemented in a few case studies (Karger 

et al., 2015a, 2015b). The case studies demonstrate its 

effectiveness in IFB detection in the ‘brown field’ 

situations. 

In the ‘green field’ situations, we deal with the surface 

vertical movements of sufficiently lesser amplitudes, 

which ask for higher resolution to be measured, than 

ALOS-1. We believe the ALOS-2 instrument to provide 

such a better resolution.  

The IFBs are small-scale, often subseismic discontinuities 

of geologic formations such that a IFB can change its 

permeability performance during production from 

‘permeable’ to ‘sealed’, or vice-versa.  

The IFBs are basically neotectonic phenomena. Hence, 

the IFBs can manifest themselves at the surface by 

differential mobility of adjacent tectonic blocks. The IFBs 

conduct geo-gas up-flow to the surface. Hence, the IFBs 

have to leave geochemical and electro-chemical tracks at 

the surface. 

Our ability to discover and to characterize a fault depends 

on resolution capacity of subsurface surveying methods 

(first of all – upon seismic survey), and upon geometry of 

faults (fault extent, displacement amplitude, fault and 

faulted zone thickness, etc). Relatively large faults can be 

identified and characterized using high resolution seismic 

records. It is well-detected in the course of exploration 

and pre-production periods, if the faults are fluid-

permeable or they are the FBs. 

Relatively small faults including so-called sub-seismic 

ones are something else entirely. One can state with 

certainty that small faults remain mostly either undetected 

or identified but not characterized within the course of 

both exploration period and pre-production period.  

The production process represents a “final examination” 

for sealing properties of faults. It happens fairly often that 

during production, the small and hidden faults surprisingly 

manifest themselves as the FBs. 

Our interest for this phenomenon is induced by the fact 

that IFBs routinely occur at mature petroleum pools, with 

completed development systems. The IFBs suddenly 

change the reservoir anatomy. This can decrease the 

efficiency of the development sys-tem, and finally 

negatively affect the ultimate recovery factors.  

Thus, the DInSAR technology is a major tool for detection 

of the IFBs. Surface atmo-geochemical and geo-electric 

surveys can be considered as ancillary tools.  

3. METHODOLOGY

The methodology uses various methods of mapping the 

surface land-deformational and geochemical signals from 

the deep geodynamic and fluid-dynamic events. The 

techniques may be grouped as follows: 

(1) Mapping of land-deformational and geochemical

anomalies as surface responses to deep geodynamic and

fluid-dynamic events using synthetic aperture radar (SAR)

interferometry technique, surface geochemistry and

geophysics, and some morpho-tectonic methods.

(2) 3D-mapping of both seismically-mapped and sub-

seismic faults in the reservoir and adjacent formations.

This geologic modeling uses a wide range of geology,

geophysics and field-test data, including seismic survey

data, well-logging, well tests (if available).

(3) Identification of IFBs among other dislocations by

using reservoir pressure analysis, fluid geochemistry,

cross-hole exploration (if available).
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If speaking about execution of RA-6 report oriented to the 

use of SAR data, the dominating techniques here are 

synthetic aperture radar (SAR) interferometry, surface 

geochemistry and geophysics. The proposed joint analysis 

of DInSAR data together with outcomes of geochemical-

geophysical surveys is anticipated, firstly, to be effective 

in IFB detection at both early and mature stages of 

petroleum reservoir development, and secondly, to give 

birth to some recognition rules capable of detecting IFBs 

in the ‘green fields’. 

 

4. TEST SITES AND STUDY STAGES 

 

It was planned that the study will include three stages: (i) 

Choice of the study region from four Russian and 

Azerbaijan ones. (ii) Choice of a few ‘brown fields’ and 

elaboration of some IFB recognition rules with the use of 

ALOS-1 and ALOS-2 data integrated with field 

geochemical-geophysical data.(iii) Detecting IFBs in the 

‘green fields’ with implementation of the recognition rules 

elaborated at the Stage (ii).  

By now the only test site located near Elabuga city in 

Tatarstan, Russian Federation was considered to be as first 

order area because of better availability of ground truth 

data of geochemical nature. 

 

5. ALOS-1 PRELIMINARY RESULTS 

 

For the study area we have selected PALSAR data 

acquired in the repeated orbits interferometry scheme in 

October 2007 and September 2010 (interval between 

observations is 3 years. The specificity of the datatakes 

was that the data were acquired in warm dates and dry 

weather, what excluded unwanted surface deformations in 

the case of freeze-thaw processes. Low interferometric 

baseline length was preferable as it minimizes 

manifestation of DEM errors on differential interferogram. 

Geochemical survey including gas probes and 

lithological-geochemical survey including 93 samples in 

total was conducted on the irregular grid. 

Electrical survey (electrical tomography and natural field 

techniques) was conducted with a band of about 1000 

electrodes. 

15 soil samples were selected for molecular-biological 

analysis. 

The location of the field truth data collection is marked in 

Fig. 1. 

 
Fig. 1 Structural map of the test area 

 

Isolines here constitute structural map on the roof of the 

Pashi-Kynov horizon. Numbers 1 and 2 here are initial 

internal and external contours of oil-water contact 

boarder. 3 - production and injection wells, 4 –places of 

geochemical testing, 6 – places of geochemical testing. 

PALSAR related product, differential interferogram, 

containing the test area, is presented in Fig. 2. 

 

 
Fig. 2 PALSAR differential interferogram 

 

The rectangle delineates Elabuga oil field. The next 

Figure contains interpretation of the differential 

interferogram. 
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Fig. 3. Interpretation of PALSAR differential 

interferogram 

Numbers in Fig. 3 are as follows: 1- roof iso-gypsums, 2 

and 3 - production and injection wells, 4 - lineaments 

(supposedly disruptive violations), 5 - swelling of the 

Earth' surface, 6 - soil subsidence. It is possible to see 

here subsidence and swelling events. 

Next Figure shows also location of lineaments and 

subsidence areas on DINSAR interferogram. 

 

Fig. 4. Location of lineaments and subsidence areas on 

DINSAR interferogram 

 

Numbers 1 and 2 here are initial internal and external 

contours of oil-water contact boarder. 3 and 4 - production 

and injection wells, 5 – lineaments (supposedly disruptive 

violations), 6 – subsidence area contours, 7 – isogipses of 

the surface.  

 

 

Fig. 5 Map of extraction of reservoir fluid and 

injection of water in the well during 2008-2009. 

 

Color-coded scale on the map in Fig. 5 is volume in cubic 

meters of discharge (negative) and ingestion (positive 

values). The map is generated using triangulation and 

interpolation techniques. 

One can see that subsidence funnels according to Figs 4 

and 5 are linked mostly to production wells. An exception 

are subsidence zones on the north-west of the structure. 

Of course, the care has to be taken when interpreting the 

results as the surface displacements were derived from 

DINSAR measurements over 3 years’ time interval, and 

the production/ingestion map characterizes 2 years’ time 

interval. Also The map in Fig. 5 is not hydro-dynamical 

one, it does not contain information about direction of 

reservoir fluid flow and the area of the fluid occupied. 

Lineaments in Figures above may be interpreted as surface 

manifestation of the network of faults crossing the 

reservoir at Pashi-Kynov horizon. These faults are active 

nowadays according to the fact the vertical displacements 

of the surface reach first centimeters at 3 years interval. 

Summing up the results obtained with PALSAR-1 

DINSAR data we may state that we could map areas of oil 

extraction; we could map small-scale disruptive faults and 

interpret them as filtration barriers. 

Two techniques confirm the results obtained 

independently – gas-geochemical measurements and 

DINSAR. On the second stage of significance is electrical 

survey, which provides invaluable information about 

“roughness” of electrical field. Of special value is geo-

micro-biological probes, which help in classification of 

biogenic and endogenic anomalies. 
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6. ALOS-2 PRELIMINARY RESULTS AND 

CONCLUSION 

 

Availability of high-resolution ALOS-2 PALSAR data 

with small and stable interferometric baseline allowed the 

investigation of the problem at new level. 

But at the same time the data introduced new questions, 

which through credit upon the results gained with the only 

PALSAR-1 dataset analyzed by now. 

One of color-coded interferograms derived from 

PALSAR-2 pair acquired on 20140902 and 20160930 is 

presented in Fig. 6 below. 

 

 
 

Fig. 6 PALSAR-2 differential interferogram on 

20140902 - 20160930 

 

The main and unpleasant fact is that there is no 

repeatability of the dynamics effects on PALSAR-1 and 

PALSAR-2 interferograms acquired with 8 years’ time 

interval. There is no any link between the location of 

ingestion and production wells on new PALSAR-1 

interferograms and also PALSAR-2 interferograms. 

Another unpleasant fact is unavailability of modern 

ground-truth data about Elabuga oil reservoir, which 

cannot confirm or refute the results gained from 

PALSAR-1 data. 

The facts mentioned here lead us to necessity of 

terminating the research now, in the year 2018. 
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1. INTRODUCTION

My name is Hongdong Fan and from China University of 

Mining and Technology. The PI number is 3217, and the 

research title is “Monitoring the Large Deformation of the 

Mining Subsidence by ALOS-2”. We have 150 images 

quota of ALOS-1 and ALOS-2 respectively. According to 

the research plan, our main tasks are as follows: (1) using 

DInSAR method to obtain the surface deformation of 

Yushenfu, Xuzhou, Fengfeng and other mining areas, 

analyzing the monitoring effect of alos-1 and alos-2 data, 

and giving the existing problems of this technical method; 

(2) using the time series InSAR methods, including the

small baseline set (SBAS) and distributed target method

(DS-InSAR) to extract the Zsl coal seam in Xuzhou The

monitoring results of ALOS-1 and ALOS-2 data are

compared and analyzed, and the deformation mechanism is

analyzed combined with the underground mining

information; (3) the large gradient surface deformation of

Yulin mining area in Shaanxi Province is obtained by the

offset tracking method, the maximum surface deformation

is more than 2m, and then the extraction effect of ALOS-2

is analyzed, finally, the offset tracking method combined

with DEM is studied; (4) In the mining area with high

vegetation coverage and water, combined with the surface

measurement and mining subsidence model, the whole

mining subsidence basin information can be obtained, and

the monitoring effect of ALOS-1 and ALOS-2 data is

compared and analyzed; (5) the surface 3D deformation

calculation method of mining area is studied by multi orbit

data, due to the lack of other orbit images, only ALOS-1

data is used for verification and analysis.

2. MINING SUBSIDENCE MONITORING WITH

DINSAR TECHNIQUE 

2.1 Acquisition of mining surface subsidence in the 

Northwest of China  

Yushenfu Mining Area is located at the junction of Inner 

Mongolia Autonomous Region, Shaanxi Province and 

Ningxia Hui Autonomous Region. It has become one of the 

seven largest coal mines in the world because of its 

advantageous geographical position, large coal reserves, 

excellent coal quality and easy mining. Ten L-band ALOS-

2 images (Frame: 780, Path: 144) covering the Yushenfu 

coal mining area since July of 2015 were selected, in view 

of their superior performance to the SAR data acquired 

with longer wavelengths in measuring mining induced 

deformation. In order to test the effect of monitoring 

mining subsidence by ALOS-2 images, only two 

interferograms generated from 2 December 2015, 10 

February 2016 and 8 February 2017, are chosen in this 

study. 

From Fig.1, it is can be seen that there are many obvious 

subsidence basins during the period of 2 December 2015 to 

10 February 2016. According to the interferometry circles, 

there are about 60 large and small coal working faces in 

Yushenfu coal mine area. We also processed an 

interferogram (Fig.2) with a long time baseline, which was 

nearly 363 days. From Fig.2, we can see that the mining 

subsidence area was larger than that of Fig.1 and the 

coherence was lower. In addition, the experimental results 

show that the differential interferometry can only detect the 

maximum settlement of 0.2 m. Whatever the 

interferograms with long or short time baseline, it is 

difficult for DInSAR technique to obtain the mining 

subsidence with large deformation gradient. However, due 

to large-scale subsidence, differential interference can not 

get the values of large deformation areas, so we try to use 

Offset Tracking technology to monitor large deformation 

area of coal mine. 

Fig.1 Subsidence map of mining area generated by 

DInSAR (20151202 to 20160210) 
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Fig.2 Subsidence map of mining area generated by 

DInSAR (20160210 to 20170208) 

2.2 Acquisition of mining surface subsidence in the East 

of China  

Six L-band ALOS PALSAR images (Frame: 700, Path: 

449) covering the Tianzhuang coal mining area since 

August of 2009 were selected, in view of their superior 

performance to the SAR data acquired with longer 

wavelengths in measuring mining induced deformation. 

Due to the long spatial-temporal baselines, large 

deformation gradients and significant changes of the land 

coverage, severe decorrelation dominates the 

interferograms generated by the SAR images acquired on 

28 August 2009, 31 May and 16 October 2010. As a 

consequence, only two interferograms generated from 13 

October 2009, 13 January and 28 February 2010, are 

chosen in this study. 

The two-pass differential InSAR (DInSAR) technique was 

used to process these two interferometric pairs. In the 

processing, a multi-looking operation of 1:3 in the range 

and azimuth directions was first performed for suppressing 

interferometric noises. Then, the 1-arc second Shuttle 

Radar Topography Mission (SRTM) Digital Elevation 

Model (DEM) was applied to remove the topographic 

phases. Fourth, a polynomial model was used to mitigate 

the phase ramps due to possible orbit inaccuracies and the 

long-wavelength components of atmospheric artefacts. 

Afterwards, the Goodstein filtering was applied to further 

suppressing interferometric noise. Finally, the minimum 

cost flow method was utilized to unwrap the differential 

interferometric phases with a coherence threshold of 0.3. 

Transferring the remaining phase to the LOS change, we 

obtained the InSAR derived LOS deformation map as 

shown in Fig. 3. 

It is can be seen from Fig. 3 that there are many obvious 

subsidence basins during the period of 13 October 2009 to 

28 February 2010, as denoted by the black solid rectangles. 

The long-term and large-scale extraction at this coalfield 

generated a large number of abandoned goafs, which can 

lead to a range of severe problems at this coalfield, such as 

damage to ground surface buildings.  

Therefore, there are two important topics that need to be 

studied in the further work. One topic is that it is highly 

imperative to predict accurately these displacements, 

which serves to assess the potential damage and improve 

the design of coal mining. Another topic is that it is of great 

importance to locate and define the underground goafs in 

this coalfield to minimize and control the adverse influence 

of underground goafs as soon as possible. 

 

 
Fig.3 InSAR-derived LOS deformation in the time period 

of 20091013 to 20100228. 

2.3 Acquisition of mining surface subsidence in the 

Fengfeng coalfield of China  

The Fengfeng coalfield is the main supply region for coal 

resources and is located in the eastern part of southern 

Taihang mountain in Handan, Hebei Province; it is 45 km 

long from north to south and 28 km from east to west with 

a total area of 1250 km2 and 562 km2 of coal-bearing 

stratum area. In the central Fengfeng coalfield, the 

mountain trends north-south, and the eastern part of the 

Fengfeng coalfield is North China Plain, with a maximum 

altitude of 891 meters. Furthermore, the Fengfeng coalfield, 

spanning Fengfeng, Wuan, Cixian and other counties, has 

advantages of convenient transportation. As one of the 

earliest mining areas in China, with a history of more than 

130 years, there are 27 coal mines and 19 state-level coal 

mines. The main mines are WN (Wan-nian), SK (Si-kuang), 

TE (Tong-er), YJ (Yi-jing), WF (Wang-feng), SZ (Sun-

zhuang), HS (Huang-sha), DD (Du-dang), SZ (Shen-

zhuang), XA (Xin-an), SK (San-kuang), WTZ (Wu-tong-

zhuang), BDY (Bei-da-yu), XS (Xin-san), JL (Jiu-long), 

QT (Quan-tou), YK (Yi-kuang), EK (Er-kuang), WK (Wu-

kuang), YD (Yang-dong), NEZ (Niu-er-zhuang), XC 

(Xue-cun), XT (Xiao-tun), DSC (Da-shu-cun), HJ (Heng-

jian), TY (Tao-yi) and TR (Tao-er). The Fengfeng coalfield 

is rich in coal resources with proven reserves of 3.5 billion 

tons. Due to the long-time period and intensive coal mining, 

mining occupation, land damage, mining subsidence and 

other phenomena is present. The ecological system in the 

Fengfeng coalfield is extremely fragile and has been 

seriously damaged. According to statistics from May 2012, 

ground collapse and ground fissures in the Fengfeng 

coalfield were serious and the collapse area had reached 

101.41km2. The locations of all coal mines in the Fengfeng 

coalfield are shown in Fig. 4. 

For monitoring historical subsidence of the Fengfeng 

coalfield, 12 ALOS-1 image scenes were selected as 

research data after taking wavelength and costs into 

consideration. To obtain the time series surface subsidence, 

11 interference pairs are formed by combining the two 

adjacent images. The longest temporal and spatial 

baselines are 312 days and 4342 m, respectively. The 

surface subsidence of the Fengfeng coalfield from 2007 to 

2010 is shown in Fig. 5. 
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Fig.4. Locations of all coal mines in Fengfeng coalfield and 

building cracks in Wannian coal mine. 

 

 

 

 
Fig.5. Accumulative surface subsidence of the Fengfeng 

coalfield. 

As shown in Fig. 5, in the spring, autumn and winter 

months when vegetation cover is low, ALOS-1 SAR 

images can be used to monitor the surface subsidence of 

the whole Fengfeng coalfield. When the vegetation cover 

increases in summer, the points with high coherence on the 

surface are clearly sparse. Some areas with large 

subsidence and high vegetation are difficult to monitor 

using this technology. To obtain the range and quantity of 

surface subsidence, the subsidence of the whole time range 

is accumulated and shown in Fig. 4. When all subsidence 

maps are added, the same points that are found on all 

subsidence maps are selected for accumulation to ensure 

the accuracy of the final subsidence results. When the time 

span is too long, the number of identical points on all 

subsidence maps will decrease. Therefore, the surface 

subsidence results are obtained using subsidence maps 

with half-year interval accumulation times. The spatial 

baseline for the 20080501-20081227 image pair is too long 

and the coherence is poor, so the subsidence in this time 

span is abandoned. There is only one SAR image from 

December 2008 to December 2009, which provides surface 

subsidence for a year.  

Using the surface subsidence in Fig. 5, areas where 

subsidence is > 50 mm in each coal mine of the Fengfeng 

coalfield is tallied. The monitoring results indicate that 

surface subsidence caused by coal mining encompasses 11 

coal mines and about 37 villages and towns. The four 

statistical time periods used for analyses are 6 months, 4.5 

months, 12 months and 4.5 months. Although the total 

surface subsidence area of the first three time periods is 

quite different, the monthly average surface subsidence 

area is not significantly different. The surface subsidence 

area increased significantly in the last statistical time 

period, which indicates that mining activities intensified 

compared to the other three time periods. Compared with 

the average surface subsidence area, that of the Fengfeng 

coalfield has an increasing trend from 2007 to 2010, which 

indirectly indicates that mining and production has been 

increasing annually, which is consistent with the better coal 

economic situation in China for the same time period. It 

should be noted that the first and third time periods all 

contain summers with high vegetation coverage, which is 

the main factor in the smaller surface subsidence range in 

these two time periods. 

2.4 Summary of D-InSAR technique for monitoring 

mining subsidence  

(1) Using D-InSAR method can effectively obtain surface 

deformation caused by coal mining in a large area. 

However, when the time and space baselines are long, it is 891



difficult to get the correct surface deformation in the area 

with serious decoherence and large deformation. 

(2) ALOS-1 and ALOS-2 data can get good monitoring 

results. Compared with ALOS-1, ALOS-2 has the 

advantages of short revisit period, high resolution and more 

detail information; but it has the disadvantages of too little 

data in the mining area, which may only have 2-3 images a 

year, and it does not show the advantage of short revisit 

period. Therefore, the coherence of image pairs is poor, 

which is not conducive to interference processing. 

(3) Mining subsidence can reach more than 2m in a short 

time, which is easy to cause image incoherence. Therefore, 

it is not suitable to obtain large-scale surface deformation 

by interference information. The offset tracking algorithm 

and sub-band interference method should be tried.  

 

3. MINING SUBSIDENCE MONITORING WITH 

TIME SERIERS INSAR TECHNIQUE 

Synthetic aperture radar differential interferometry (D-

InSAR) has been widely used in mining subsidence 

monitoring. However, due to the constraints of temporal 

and spatial decoherence and atmospheric delay, its 

monitoring accuracy is greatly limited. Therefore, many 

time seriers InSAR technologies are developed, such as PS 

InSAR[1], SBAS[2], coherent target analysis[3], StamPS[4] 

and TCP-InSAR[5]. It overcomes the shortcomings of 

traditional single point deformation measurement 

technology and D-InSAR technology, and can realize low-

cost, high-precision and large-scale surface monitoring, 

which has great advantages. 

However, the time series InSAR method is better applied 

in urban areas with more strong scattering targets, but it is 

difficult to achieve effective monitoring point density 

requirements in non-urban areas, bare land and vegetation 

covered areas. Therefore, on the basis of conventional time 

series InSAR technology, a time series surface deformation 

monitoring method integrating distributed targets is 

developed, such as SqueeSAR [6], PD-PSInSAR [7], 

CAEInSAR [8], etc., which improves the signal-to-noise 

ratio of DS targets and significantly improves the density 

of measurement points while considering the highly 

coherent surface targets of distributed scatterers, and has 

become a new research hotspot. 

3.1 The mining subsidence generation of DSInSAR in 

Zsl coal mine with ALOS-2  

The surface of Zsl coal mine in Xuzhou mining area 

belongs to the Yellow River alluvial plain, the ground 

elevation is + 37 - + 39m, the terrain is high in the West 

and low in the East, and the surface water system is dense. 

With the appearance of coal mining subsidence, the 

ponding pit often forms, which affects the ecological 

environment of the area. There are three coal bearing strata 

in the mine field, which are Taiyuan Formation of Upper 

Carboniferous, Shanxi formation of Lower Permian and 

Shihezi Formation of Lower Permian. At present, the coal 

seams are Shanxi Formation 7 and 9. The Shanxi 

Formation coal seam is a stable medium thick coal seam 

with an average total thickness of 5.82m. The inner surface 

of the mine field is mostly covered by vegetation, which 

has been exploited for more than 30 years. The long-term 

and high-intensity underground coal mining results in large 

area surface subsidence and even collapse, which 

endangers the safety of residents' lives and property. 

 

 
Fig6. Sequential cumulative settlement of LOS direction 

form ALOS-2 data: (a)SBAS;(b)DS-InSAR 

Based on 8 ALOS-2 data, SBAS and DS-InSAR methods 

are used to extract the time series subsidence of the study 

area. Fig. 6 shows the accumulated settlement values along 

the radar line of sight in Zsl coal mine during the 

monitoring period from March 2015 to November 2018 

obtained by the two methods. A total of 121184 coherent 

points were selected by SBAS method, and the cumulative 

maximum settlement value was - 574mm; 180327 coherent 

points were selected by DS-InSAR method, and the 

cumulative maximum settlement value was - 704mm. Fig. 

6 shows that the monitoring results obtained by the two 

methods can accurately detect the subsidence position of 

coal mining, reflect the influence range of surface 

subsidence, and DS-InSAR is obviously better than SBAS 

in monitoring magnitude and accuracy, which can better 

reflect the surface subsidence caused by coal mining in Zsl 

during this period. 

Due to the fact that most of the ground cover types in Zsl 

coal mine are bare land and vegetation, and the 

backscattering of ground objects is weak, the distribution 

of coherent points selected by traditional SBAS method is 

not enough to reflect the specific settlement of the mining 

area. Compared with SBAS, the DS-InSAR method with 

distributed targets can select more measuring point targets 

in non-urban areas and detect the deformation information 

of subsidence area. It can be seen from Fig. 6 that with the 

advance of the working face, there are three obvious 

subsidence basin in Zsl coal mine during the study period, 

which are the subsidence area I near the boundary in the 

east of the mining area, the subsidence area II and III in the 

middle of the mining area, and each subsidence area has an 

obvious trend of spreading. The analysis shows that the 

settlement rate of settlement center I is -193mm/yr, that of 

settlement center II and III is -174mm/yr and -148mm/yr 

respectively, and the maximum settlement is located in 

subsidence area I. 
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Fig.7 The cumulative settlement value obtained by DS(a) 

2015-03-24~2015-11-03；(b) 2015-03-24~2016-12-13 

During the study period, due to the mining of underground 

coal seam, there are three subsidence basins in Zsl coal 

mine, as shown in Fig. 7. As the ALOS-2 data used in the 

experiment are mostly from 2015 to 2016, this paper 

mainly analyzes the surface deformation characteristics 

caused by mining working face in area III. 

The mining time of working face A is from March 2015 to 

November 2015, as shown in Fig. 7 (a). With the advancing 

of the working face, the surface subsidence increases 

obviously along the advancing direction, and the maximum 

subsidence area gradually shifts to the downhill direction, 

and the maximum subsidence value is -288mm. The 

mining time of working face B is from July 2016 to 

December 2016, as shown in Fig. 7 (b). With the passage 

of time, the influence of mining in working face B is 

gradually transferred to the surface, and the influence of 

residual settlement in working face a increases the area and 

magnitude of surface settlement. At the same time, the 

maximum subsidence point is gradually transferred to 

working face B in the downhill direction, and the 

maximum subsidence value is 404mm, which is about 

116mm higher than that in 2015. On the whole, the surface 

subsidence distribution obtained by DS-InSAR technology 

is more consistent with the working face mining during the 

study period. 

 

3.2 The mining subsidence generation of DSInSAR in 

Zsl coal mine with ALOS-1  

13 images of ascending orbit were acquired from February 

20, 2007 to March 3 2011, including 10 FBS HH 

polarization images and 3 FBD HH / HV polarization 

images. The longest baseline was 4307.24m, and the 

longest baseline was 1472 days. The SRTM (Space Shuttle 

Radar terrain mission) digital elevation model (DEM) with 

90m resolution was used to remove the influence of terrain 

from interferogram. 

SBAS and DS-InSAR methods are used to extract the 

temporal subsidence of the study area. Fig.8 shows the 

accumulated settlement values along the radar line of sight 

in Zsl coal mine during the monitoring period from 

February 2007 to March 2011. A total of 88728 coherent 

points were selected by SBAS method, and the cumulative 

maximum settlement value was - 451mm; a total of 307747 

coherent points were selected by DS-InSAR method, and 

the cumulative maximum settlement value was - 700mm. 

Fig.8 shows that: the monitoring results obtained by the 

two methods can accurately detect the subsidence position 

of coal mining, reflect the influence range of surface 

subsidence, and have good consistency. The monitoring 

results of small deformation area are close in the 

subsidence magnitude, and the difference is small. 

 

 
Fig8. Sequential cumulative settlement of LOS direction 

form ALOS-1 data: (a)SBAS;(b)DS-InSAR 

 

With the development of working face, there are three 

obvious subsidence basins in Zsl Coal Mine during the 

study period, which are the settlement area I near the 

boundary in the east side of the mining area, the settlement 

area Ⅱ in the middle and the settlement area III at the west 

edge. The settlement areas have obvious spreading trend. 

The results show that the settlement rate of the first 

settlement center is -147mm/yr, the settlement rate of the 

second and the third settlement centers is -174mm/yr and -

51 mm/yr respectively, and the maximum subsidence is 

located in the subsidence area II.  

In the area II, the time series land subsidence and the 

working faces underground are shown in Fig9. Take the 

Fig.9 (b) as an example, from 2008 to 2009, there are two 

working faces B and C in exploitation, and the mining time 

was from January 2008 to December 2008 and from June 

2008 to December 2008 respectively. With the passage of 

time, the influence of mining in B and C faces is gradually 

transferred to the surface, which aggravates the surface 

subsidence. Among them, because the coal seam dip angle 

of working face B is 29 degrees, the south is shallow and 

the north is deep, the maximum subsidence point is not 

directly above the working face, but in the north of the 

middle of working face B, and its subsidence value has 

increased by about 288mm compared with that in 2008. At 

this time, after the mining of A and B working faces, the 

scope of underground goaf increases, and the influence 

area and magnitude of surface subsidence also increases. 

Working face C was along the strike direction, the surface 

subsidence gradually increases, and the relative subsidence 

value reached 116mm during this period, but at this time, 

there was no other mining face around the working face, 

and the surrounding coal pillars have a supporting effect, 

resulting in a small amount of surface deformation. 

Therefore, in general, the surface subsidence distribution 

obtained in this paper is more consistent with the working 

face mining. 

893



 
Fig.9  The cumulative settlement value obtained by DS: (a) 

2007-02-20~2008-01-08；(b) 2007-02-20~2009-01-10；

(c) 2007-02-20~2010-01-13；(d) 2007-02-20~2011-03-03 

3.3 Summary of D-InSAR technique for monitoring 

mining subsidence  

(1) Compared with traditional D-InSAR and time series 

InSAR methods, DS-InSAR technology extracts and 

optimizes distributed targets, makes full use of highly 

coherent planar targets to calculate time series deformation, 

increases observation density, improves estimation 

accuracy, and has high reliability of monitoring results.  

(2) Aiming at Zsl coal mine, this paper analyzes the surface 

deformation monitoring results and the correlation with 

underground mining. The results show that DS-InSAR can 

effectively capture the surface subsidence caused by coal 

mining, which provides a good reference and value for the 

study of long-term surface deformation law in mining area. 

However, in the large deformation area, due to the 

incoherent influence of vegetation and surface water on the 

working face, it is difficult to accurately extract the 

deformation, which limits the detailed analysis and 

exploration of the surface settlement law of the mining area 

to a certain extent. Therefore, combined with underground 

mining data and a variety of mapping methods, mining 

subsidence model is integrated to improve the monitoring 

accuracy and ability of large gradient deformation area, 

which is worthy of further study. 

(3) Considering that the data acquisition time is earlier and 

the amount of data is less, and the DS-InSAR method is 

lack of timeliness, the next step should be combined with 

multi-source data to verify and improve the monitoring 

ability and applicability of the method. Aiming at the 

problem of long time series monitoring in mining area, PS 

target can be included in this method, and the time series 

deformation can be solved by combining PS target and DS 

target, which can effectively reduce the unwrapping error 

and provide more accurate time series settlement results 

above the working face.  

(4) The monitoring ability of ALOS-1 and ALOS -2 data is 

similar, but the monitoring effect of the latter is not as good 

as the former due to the lack of data. 

 

4. LARGE SURFACE SUBSIDENCE MONITORING 

WITH OFFSET-TRACKING TECHNIQUE 

4.1 Offset tracking technique 

The sub-pixel offset-tracking method[9] can be used to 

measure the two-dimensional deformations in both the 

slant range (the line-of-sight of the satellite) and the 

azimuth (along the orbit of the satellite) directions. 

Although the accuracy of this method is lower than that of 

the D-InSAR technique, it does not require phase 

unwrapping and high coherence. Therefore, this method 

can be used to overcome the limitations of D-InSAR in 

monitoring subsidence with a large deformation gradient 

and it has been successfully used to monitor the 

deformation due to earthquakes [10], landslides[11] , the 

movement of glaciers [12]and mining subsidence[13]. 

There are two sub-pixel offset-tracking methods. The 

intensity offset-tracking method is based on the cross-

correlation of the image intensity, and the coherence offset-

tracking method is based on fringe visibility. The former 

was used in this work because it can adapt to the low 

coherence level between two SAR images.  

The key to the intensity offset-tracking method is to find 

the location of the peak for the two-dimensional cross-

correlation function of two SAR image patches. The 

difference in the coordinates of the location in the range 

and azimuth directions are the offsets. To increase the 

accuracy of the estimation, the pixels in the patches should 

be oversampled at the sub-pixel level, and the correlation 

function around the peak is then modeled by a two-

dimensional interpolation regression fit. The confidence 

level of each offset is estimated by the signal-to-noise ratio. 

A threshold should be set for the signal-to-noise ratio when 

the SAR image pairs are registered, and only the values for 

the signal-to-noise ratio of the patches above the threshold 

should be used to calculate the offsets. Some factors 

influence the accuracy of these offsets, including the orbit 

separation, the topography, the displacement and 

ionospheric effects. To estimate the surface movement, 

these effects need to be separated. In the region studied in 

this work, there was little subsidence over most of the area 

and the offsets were nearly the same as those caused by the 

orbit. We used these offsets to calculate the orbital offsets 

by fitting a bilinear polynomial function. We did not 

consider the topography and ionospheric effects in this 

work. The offsets estimated in the range and azimuth 

directions were then transformed into a value for the 

subsidence. 

 
 Fig.10 Flow chart for the monitoring method 

 

4.2 Large surface subsidence monitoring in Yulin 

mining area with ALOS-2 

Fig. 11 and 12 are the result of Offset Tracking technology. 

From the figures, it can be seen that the in the large scale 

area, the coherence was low, so it is difficult to generate 

the land subsidence by DInSAR. However, the results of 

offset tracking method can resolve this problem, and this 894



method can obtain the whole mining subsidence basin. 

Experiments show that the Offset Tracking technique can 

improve the settlement magnitude of the monitoring, up to 

0.5 meters. It is very important for monitoring some large 

deformation areas. 

 
Fig. 11 Comparison results of differential interference and 

offset tracking (20151202 to 20160210). 

(a):Differential interferogram; (b)Offset tracking results; 

(c)Differential interferogram; (d)Offset tracking results. 

From Fig.12, it can be seen that the large scale deformation 

area can not be obtained by DInSAR. In the subsidence 

basin, the coherence was low and lots of noise there. When 

we use offset tracking method, this problem can be resoved, 

and the maximum of land subsidence was about 1 m. There 

are some black area in Fig.12 (b), the reason was that the 

SNR of these area were smaller than the threshold, which 

was set 4.0 here. As we know, the accuracy of D-InSAR is 

higher than the results of offset tracking in slight 

deformation area. Therefore, in the future, the combination 

of these two methods should be researched to resolve the 

mining subsidence monitoring problems. 

 
Fig.12 Comparison results of differential interference and 

offset tracking (20160210 to 20170208). 

(a):Differential interferogram;(b)Offset tracking results. 

 

It can be seen from the above figures that the surface 

topography of Yulin mining area fluctuates greatly. 

Therefore, we propose to use DEM aided offset tracking 

algorithm to complete the acquisition of mining subsidence 

with large gradient. This method is divided into three steps: 

firstly, the external DEM data is used to assist the 

registration of master and slave images, and the 

equiangular projection DEM is geocoded into the DEM 

data in the radar coordinate system, at the same time, the 

track data is combined to generate the initial registration 

query table. Then, the polynomial model is used to fit the 

coordinate transformation model between the main image 

should to be accurately registered and the slave image. 

Further refinement of the registration query table, 

resampling slave images to generate image pairs without 

registration bias. Finally, the normalized cross-correlation 

algorithm is used to obtain the overall deviation value of 

the primary and secondary images, and then the traditional 

migration tracking method is used to extract the azimuth 

and range shape variables after terrain effect correction. 

The results are shown in Fig. 13 (a) and (b). Compared with 

D-InSAR, the monitoring results of migration tracking 

method are more complete, and the maximum deformation 

is 1.5m. Compared with D-InSAR, the actual deformation 

information of the study area is recovered. 

 
Fig.13 ALOS image deformation comparison (20151202-

20160210): (a) traditional method, (b) DEM auxiliary 

method 

Through the comparison of settlement results in Fig.13 (a) 

and Fig.13 (b), and the non-settlement areas marked in the 

boxes of C and D. We can see it intuitively in the figure 

that compared with traditional methods, the settlement 

results of DEM aided migration tracking method are closer 

to blue (settlement value is 0) and the hue is more 

consistent. In order to quantitatively explain that the DEM 

aided method eliminates a lot of terrain errors, the mean 

square deviation of C and D non settlement areas is 

calculated. The DEM aided method is 0.037m and 0.045m 

in C and D, and the traditional method is 0.235m and 

0.283m in C and D, respectively. The RMSE value of EM 

auxiliary method in non-subsidence area is closer to zero, 

which indicates that the error is smaller. In conclusion, 

through the qualitative and quantitative analysis of DEM 

auxiliary method in four non settlement areas, it is verified 

that the DEM auxiliary migration tracking method has 

obvious effect on eliminating the error caused by 

topographic relief, and the monitoring accuracy is higher. 

4.3 Large surface subsidence monitoring in Yulin 

mining area with ALOS-1 

The study area is located in Yulin city in Shanxi Province, 

northwest China, which is one of the largest areas for coal 

production in China. The area is located in the transition 

zone between the Mu Us Desert and the Loess Plateau, and 

has an arid climate and few water resources. With the 

development of coal mining, ground cracking and collapse 

pits have occurred, and there have also been earthquakes 

and landslides, all of which have been damaged the already 

fragile ecological environment. 

 
Fig.14 Registration Std under different research 

window, the size of windows in azimuth and range 

direction were 16 by 32, 32 by 64 and 64 by 128 895
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Fig.15 Range deformation of ALOS-1 image obtained 

by offset tracking 

The deformation in range direction calculated by offset 

tracking method was shown in Fig.15, and the 

deformations were among -0.578 m to 1.938 m. Here the 

positive value represents surface subsidence. From the 

figure we can see that there are some surface uplift around 

the mining subsidence basin. Actually, the subsidence at 

the edge of mining subsidence basin should be small, so 

there are some errors to monitor the small deformation area. 

4.4 Summary of offset tracking technique for 

monitoring mining subsidence  

(1) Using offset tracking technique can effectively obtain 

surface deformation with a large gradient caused by coal 

mining. The main factors that affect the monitoring 

accuracy of offset tracking (OT) method are the pixel size 

of SAR image, the size of cross-correlation window and 

interpolation factor. The pixel size is directly related to the 

SAR image. Therefore, the higher resolution ALOS-2 

image is better than that of ALOS-1 for large deformation 

generation.  

 (2) DEM aided offset tracking method can effectively 

improve the accuracy of surface deformation calculation in 

undulating mining area, and has good application value 

(3) In essence, offset tracking algorithm can be regarded as 

image registration. Because of the low pixel size of SAR 

image, the overall accuracy of offset tracking algorithm is 

relatively low, and it is not suitable for the extraction of 

small deformation information. However, it is still a good 

method to monitor the large gradient deformation of 

mining area. 

 

5. PREDICTING THE LARGE DEFORMATION OF 

MINING SUBSIDENCE IN WITH PROBABILITY 

INTEGRAL METHOD AND INSAR 

5.1 Method 

Probability integral method (PIM) [14] is a prediction 

theory of mining subsidence, which is most widely used 

and most perfect now. This method regards the rock mass 

studied in mining subsidence as a non-continuum model, 

which is similar to granulosis medium, so the movement 

laws of rock mass and surface caused by the two models 

are nearly the same in macroscopic view. According to the 

principle of probability integral method, the subsidence of 

any surface point (x,y) caused by mining can be expressed 

as[15]:  
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Where, q is the subsidence coefficient; r is the main 

influence radius, r =H0/tgβ; H0 is average mining depth; θ 

is mining influence angle; tgβ is the tangent of main 

influence angle; (xi,yi) is the plane coordinate of mining 

unit i; (x,y)  is the coordinate of any surface point. 

Probability integral method can predict the mining 

subsidence correctly, but the key predicting parameters 

need to be inversed by subsidence of many control points. 

However, the damage or loss of the control points always 

takes place, which results in the increase of the cost and can 

not ensure the predicting accuracy.  Therefore, D-InSAR 

technique can reduce the surface control points, and 

increase the points of basin edge to inverse the parameters. 

So the problem of the rapid convergence in the edge of 

subsidence basin can be solved when the probability 

integral method is used in the prediction. 

Genetic algorithm was proposed by J.HOLLAND in 1975, 

which simulated the natural selection and genetic 

mechanism of organisms in nature[15]. The basic idea of 

GA is as follows: a group of chromosome population is 

generated at first; according to survival of the fittest 

principle, some chromosome is selected to generate new 

chromosome population by copying, intercross and 

aberrance; finally, the chromosome population which most 

adapts the environment is sought by evolution. GA can 

provide the most optimized solution for the problem[16]. 

Thanks to the advantages of GA in parameter deducing, it 

had been widely applied to parameters analysis in rock and 

soil mechanics. Several experimental results showed that 

parameters of probability integral method could be 

deduced precisely by GA. To resolve the problems of 

InSAR used in mining subsidence, a new algorithm that 

combines InSAR and probability integral method to obtain 

large deformation subsidence is proposed. The processing 

steps involved in the proposed method are shown in Fig. 

16. 

 
Fig.16 Flowchart of deducing probability integral method 

parameters by InSAR and GA[17] 

5.2 Monitoring results and analysis of ALOS-2 

The average mining thickness of the coal seam in the 

experimental area is 2.6m. Two ALOS-2 high-resolution 

images taken in 20190723 and 20200526 are selected as 

SAR research data. The "two-pass" differential 

interferometry technology is used to obtain the surface 

subsidence, and the external DEM is SRTM3 DEM. The 896



average mining depth of the working face is about 300m. 

By June 2020, the working face advanced about 540m. 

Although it is not a stable subsidence basin at this time, the 

actual production application results show that the 

probability integral method model can still reasonably 

solve the subsidence basin problem in the mining process. 

The maximum subsidence value calculated by traditional 

D-InSAR technology is 150 mm. Using the fusion method, 

some points of pixels with coherence coefficient greater 

than 0.4 at the edge of the basin are selected, and then the 

data of four measured points are added. Genetic algorithm 

is used to inverse the parameters predicted by probability 

integral method. The calculated parameters are: subsidence 

coefficient q = 0.56, main influence angle tangent tan β = 

2.24, influence propagation angle θ = 83.964 °. 

From Fig.17, it can be seen that the subsidence basin is 

obviously inclined to the pushing direction of the working 

face, and the main section is inclined to the downhill 

direction, which is in line with the mining subsidence law. 

It can be seen from the SAR intensity image that both sides 

of the working face contain water and the coherence is low, 

which makes it difficult to obtain the whole basin 

deformation by D-InSAR method. 

It must be pointed out that the long time interval between 

two ALOS-2 images leads to poor monitoring results of D-

InSAR technology, which also shows that there are too few 

repeat orbit data of ALOS-2 in the mining area at present, 

which brings difficulties to the research. 

 
Fig.17 Monitoring rusults. (a) D-InSAR results; (b) SAR 

image with the field observation points; (c) the results of 

the report. 

 

5.3 Monitoring results and analysis of ALOS-1 

Seven advanced land observing satellite (ALOS) phased 

array type L-band synthetic aperture radar (PALSAR) 

images with high resolution, captured from 8 January 2008 

to 28 February 2010, and shuttle radar topography mission 

3 (SRTM3) DEM were selected as the study data. The 

“two-pass” D-InSAR method was used to obtain the 

surface subsidence. In this experiment, atmospheric 

influences were assumed to be negligible. In order to 

analyse the relationship between mining conditions and 

subsidence, short and long time baselines between a pair of 

SAR images were tested. 

According to the flow chart, at first, the range of each 

prediction parameter should be confirmed by experience. 

Then, a group of parameters (q, tanβ, θ, b) and the 

information of the working face, such as coordinates and 

mining depth, were used in the probability integral model 

to predict the subsidence of 166 points, and the results were 

compared with the D-InSAR-derived subsidence values to 

calculate the variances. Finally, after the variances of all 

the groups of parameters were calculated, the group with 

the smallest variances was chosen as the final results. 

Fig.18 demonstrates the fitting results of the subsidence 

values generated by the final prediction model and using 

the D-InSAR technique. The parameters used were as 

follows: q=0.67, tanβ=1.8 and θ=87.5°. Using these 

parameters and the conditions of the working faces, the 

land subsidence during the period 8 January 2008 to 10 

January 2009 can be generated as shown in Fig.18. It can 

be seen that the whole subsidence basin was easily obtained, 

and the maximum of the subsidence can also be confirmed. 

There were three subsidence basins in this mining area, and 

the two in the north were larger than the one in the south. 

 
Fig.18 Land subsidence generated by the inversed 

parameters 

Compared with the observations, the land subsidence trend 

is very close between the prediction results and the 

levelling measurements in the two directions. This proves 

that the approach proposed in this paper to monitor the land 

deformation in deep mining areas is effective and reliable. 

For the east–west line, the observations are larger than the 

prediction results, but the maximum of absolute errors is 

only 42 mm. For the north–south line, the difference 

between the two results is greater, and the maximum of 

absolute errors is 54 mm. Although these errors are larger 

than expected, these results may be acceptable in real 

applications. The main reason for the errors is the complex 

mining conditions, especially the several abandoned 

working faces that are repeatedly destroyed when adjacent 

coal is exploited. Therefore, repeat mining influence will 

be a major research topic in the future, using the integration 

of D-InSAR results and mining subsidence theory. 

5.4 Summary of the method combined InSAR and PIM  

(1) D-InSAR technique can only monitor petty surface 

subsidence without considering the noise. It is hard to get 

ground subsidence caused by coal mining, so this problem 

can be solved by the relevant theoretical knowledge of 

mining subsidence. 897



(2) The experiment indicates that it is feasible to inverse 

the mining subsidence basin by using the parameters of the 

probability integral method, which can be obtained by GA 

and the combination of edge points in the subsidence basin 

generated by D-InSAR with a few control points (near the 

maximum subsidence and inflection points). This approach 

can solve the problems of large varying field in the mining 

areas which D-InSAR technique cannot monitor. This 

method can satisfy the monitoring requirements of mining 

subsidence, which has nice practicability. 

 (3) After introducing D-InSAR technique, the number of 

control points in the surface can be decreased. Meanwhile, 

the amount of points involved in the prediction of 

subsidence basin is increased. Therefore, the problem of 

the rapid convergence of subsidence basin can be solved 

when the probability integral method is used in the 

prediction. 

6. 3D SURFACE DEFORMATION MONITORING 

OF OLD GOAF BASED ON MULTI ORBIT SAR 

IMAGE 

6.1 Method 

The relationship between Los displacement 𝐷𝑙𝑜𝑠 of an 

observation target on the ground and real 3D ground 

displacement 𝐷𝑣，𝐷𝑒  and 𝐷𝑛 can be expressed as[18]： 

𝐷𝑙𝑜𝑠 = 𝑐𝑜𝑠𝜃𝐷𝑣 − 𝑠𝑖𝑛𝜃𝑐𝑜𝑠𝛼𝐷𝑒 + 𝑠𝑖𝑛𝜃𝑠𝑖𝑛𝛼𝐷𝑛         (2) 
When three or more distance displacements of the 

observed target are obtained, the direct solution algorithm 

can be used to solve the three-dimensional deformation. 

Due to the small angle between the satellite flight direction 

and the north direction, the interferometry is not sensitive 

to the North-South deformation, so it is difficult to 

calculate the accurate north-south deformation according 

to the above formula. Therefore, another method is adopted 

in this paper. Firstly, the North-South deformation is 

assumed to be negligible, and then the vertical deformation 

and the East-West deformation are estimated by the least 

square method. In this way, the accuracy of obtaining the 

deformation variable will be improved. Among them, the 

vertical deformation and the East-West deformation can be 

calculated by the following formula[19,20]: 

𝐷𝑣,e = (𝐴𝑣，𝑒
𝑇 𝑃𝐴𝑣，𝑒)

−1
𝐴𝑣，𝑒

𝑇 𝑃𝐷los                          （3） 
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   According to the above formula, the distance 

displacement can be decomposed into vertical and east-

west components, and then the residual vector of the 

distance displacement can be obtained: 𝑟res （ 𝐷𝑙𝑜𝑠 −

𝐴𝑣,e𝐷𝑣,e）, Finally, according to the residual vector, the 

North-South deformation can be solved:  𝐷𝑛 =
(𝐴𝑛

𝑇𝑃𝐴𝑛)−1𝐴𝑛
𝑇𝑃𝑟𝑟𝑒𝑠 

6.2 Results 

ASAR data of European Space Agency (EAS) ENVISAT 

satellite and PALSAR data of Japan Aerospace Research 

and Development Agency (JAXA) ALOS satellite were 

used in the experiment. Among them, the 361 and 354 

orbits of ASAR data are the descending orbit mode and up 

orbit mode respectively, and the 448 orbits of PALSAR 

data are the ascending orbit mode. 

 
Fig.19 Retrieved 3-D displacement of the old goaf: (a) Up-

Down, (b) West-East, (c) North-South 

Fig.19 (a) is the vertical displacement field. It can be seen 

that from December 22, 2007 to February 1, 2008, the 

settlement value of the old goaf was 0-22mm, and the 

settlement center was located in the south side of the 

building, and the subsidence was smaller while it was 

farther away from the working face. 

From the East-West displacement field in Fig. 19 (b), it can 

be seen that the horizontal movement range of the old goaf 

after stoppage is -10 mm-10 mm, and the horizontal 

movement of observation line from west to East is shown 

as moving first to the East and then to the West. 

From the North-South displacement field in Fig. 3 (c), it 

can be seen that there was about 0-15mm displacement in 

the east side of the old goaf area, and the other most of the 

North-South displacement is not obvious, because the 

satellite flight direction is close to the north direction, so 

the acquired north-south displacement is not very acute. 

In the study area, 14 benchmark points of the East-West 

observation line are selected to verify and analyze the 

vertical displacement obtained by the three-dimensional 

algorithm. The subsidence trend reflected by the two is 

basically the same, with a maximum difference of 2mm; 

based on the statistics of 14 benchmark points, the root 

mean square error RMSE between the two is ± 0.9mm. It 

can be concluded that the algorithm of 3D deformation is 

reliable. 

 

7. CONCLUSIONS 

(1) Compared with the X and C band, the L band SAR data 

has a higher penetration coefficient on the ground, and the 

consequent lower volumetric and temporal decorrelation. 

Therefore, it is much more suitable for monitoring the 

mining subsidence, and the ALOS-2 data which has a 

higher spatial and temporal resolutions than ALOS-1 will 

be used to calculate the land movement caused by coal 

exploitation. 

(2) Compared with traditional D-InSAR and time series 

InSAR methods, DS-InSAR technology extracts and 

optimizes distributed targets, makes full use of highly 

coherent planar targets to calculate time series deformation, 

increases observation density, improves estimation 

accuracy, and has high reliability of monitoring results. 

The results show that DS InSAR can effectively detect the 

location, influence range and development trend of coal 

mine subsidence under natural surface environment, and 

can provide a theoretical reference for the determination of 

coal mining collapse boundary, prevention and control of 

geological disasters in subsidence area and stability 

assessment. 

(3) This report has presented an approach that has 

combined D-InSAR results and a probability integral 

model to generate the whole mining subsidence basin. The 

subsidence calculated by D-InSAR was used to inverse the 

prediction parameters, and then the parameters and mining 

conditions of the working faces were used in the 

probability integral model to obtain the whole subsidence 
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basin. The final result is the prediction of the mining 

subsidence. This method can improve the D-InSAR results, 

and can also resolve the problems using control points to 

inverse the prediction parameters, such as limitation and 

loss of numbers of control points, the repeat mining 

influence of adjacent working faces, the observation lines 

being only in two directions and so on. 

(4) Due to the large deformation gradient, it is difficult for 

D-InSAR technique to generate the whole mining 

subsidence basin in this mine, but a good accuracy of 

mining subsidence at the basin edge could be generated by 

D-InSAR. The sub-pixel offset-tracking can calculate the 

large land movement and it does not require phase 

unwrapping and high coherence, but the monitoring 

accuracy of this method is low. Although in this report we 

show some results of ALOS-1 and ALOS-2 images, in the 

future, we will estimate the effect of obtaining mining 

subsidence by ALOS-2 image deeply. 

(5) Compared with ALOS-1, ALOS-2 has the advantages 

of short revisit period, high resolution and more detail 

information; but it has the disadvantages of too little data 

in the mining area of China, which may only have 2-3 

images a year, and it does not show the advantage of short 

revisit period. Therefore, the coherence of image pairs is 

poor, which is not conducive to interference processing. 

We want more repeat obit SAR images in the mining area 

for a deep study in the future. 
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ABSTRACT 

Study of groundwater using remote sensing requires 
InSAR time series analysis of deformation fields, that must 
be related to hydrologic models and many sources of in situ 
data.   While we can  start with processed range-Doppler 
single look complex (SLC) radar images, converting these 
to geocoded products greatly facilitates their use. These 
images are precisely coregistered and pairwise phase 
differences form the interferograms. Computing 
coregistered SLCs directly in a desired geometry saves 
significant data storage and readily produces data products 
that are easy to analyze in coordinate systems that are well 
matched to a desired application. Here we demonstrate 
InSAR data products created using a backprojection 
algorithm that skips the range-Doppler, coregistration, and 
elevation compensation steps.  Implementing this in an on-
demand system saves not only on the volume of products 
that must be computed, stored, and delivered, it further 
greatly simplifies analysis by the end user and opens up 
InSAR techniques to a wider group of applications.   

1. INTRODUCTION

Our goal in this work has been to convert the available 
ALOS-2 single look data products to those in a coordinate 
system that we can use to relate the remote sensing 
observations to field measurements and existing 
groundwater flow models. The InSAR technique combines 
interferometry and conventional synthetic aperture radar 
(SAR) to compute the phase differences between two 
single look complex (SLC) SAR images. InSAR permits 
measuring mm-cm level surface deformation over large 
areas at fine resolution, and has been extensively applied in 
studies such as earthquake and volcano modeling [1-4], 
glacier mechanics [5,6], hydrology [7,8], and topographic 
mapping [9,10]. Modern spaceborne satellites, for example 
Sentinel-1A/B, provide long sequences of observations 
that, using InSAR methods, provide the deformation 
histories of many points on the surface. The combination 
of fine resolution and long observation sequences leads to 
a very large volume of data products, a challenge for users 
who wish to take advantage of InSAR capabilities. 
Previous work has addressed the generation of SLCs 
resampled to convenient coordinate systems and with 

delicate phase compensation for tomography and InSAR 
viewing geometry and elevation [11-13], which we denote 
as user-friendly. Methods presented for user-friendly data 
product generation to date still begin with the creation of 
range-Doppler images, requiring computer resources and 
data storage for intermediate products that need not be 
created.  Here we show that backprojection algorithms may 
be designed to produce user-friendly images directly, in a 
fairly efficient manner, using modern pipelined GPU 
computing architec-tures.  With modern cloud computers 
these may be generated on an on-demand basis, which on 
a mission (or power user) scale saves both considerable 
data volume and computing resources while still delivering 
useful products to a wide variety of users. 

2. INSAR PROCESSING

Interferometric phase is proportional to the change in range 
between two observations at different sensor locations and 
times and a given point on the surface. Exploiting the phase 
of interferograms over time gives InSAR its great appeal 
for many applications.  A single interferogram pixel 
contains phase signals from i) the local topography due to 
the spatial separation of the two satellite locations and ii) 
any radar line of sight displacements of the point occurring 
between the two SAR acquisition times.  For most 
applications we are primarily interested in the latter, so 
before any InSAR analysis can proceed the geometrical 
terms must be compensated.  Furthermore, for many if not 
most applications the results must be computed on 
conventional coordinate grids, so that the data are useful to 
non-InSAR specialists. 

3. CONVOLUTIONAL PROCESSING

Focusing a synthetic aperture radar (SAR) image requires 
an azimuth-direction matched filter.  There are many ways 
to implement this, but each addresses the phase history of 
an imaged scatterer as the radar sensor flies along its track. 
The phase history quantifies the time dependence of range 
to the point of interest, forming the signal basis of the 
matched filter.  A general form of the phase history is 

ϕ(t)= -4π⁄λ  r(t) (1)
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where r(t) is the distance from sensor along its orbit to the 
scatterer as a function of time, f(t) is the propagation part 
of the received signal phase, and λ is the radar wavelength.  
SAR was initially developed from an antenna theory 
perspective, but even early mathematical models of the 
characteristics of the radar echo and eventual digital 
implementations thereof recognized that the matched filter 
could be approximated by a convolutional approach.  
Convolutional processing is very efficient because it can be 
implemented in the frequency domain, and use the FFT 
algorithm to reduce required matched filter computations 
from order N2 to N log N. 

A consequence of convolutional processing is that 
the signal must be assumed to be space-invariant, that is 
not dependent on local elevation changes.  The matched 
filter used is typically derived for a constant elevation 
scene, so that each pixel possesses a phase error roughly 
proportional to the pixel elevation.  The proportionality 
depends on the InSAR perpendicular baseline, so it too 
varies across track from perspective changes and along 
track due to orbit convergence.  If the orbits are well known 
the phase errors are predictable and can be removed when 
interferograms are formed, but this requires that the user 
possess both software and knowledge of how to compute 
these corrections. 
 

4. BACKPROJECTION PROCESSING 
 
Radar processors have generally used the convolution 
approach because the FFT yields such a great throughput 
advantage.  But forming the ideal matched filter only 
requires that the signal be coherently integrated, that is the 
phase of the signal over time must be corrected for 
propagation while adding the echoes from every pulse that 
observes each pixel.  Thus the optimal matched filter can 
be implemented through a coherent integration as in 
 
  (2) 
 
where i(x) is the SLC radar image at location x, r(x, k) is 
the range distance from the sensor to the pixel at point x as 
seen in pulse k, and s(•) is the echo at that range in that 
pulse. The summation over k is for all pulses illuminating 
the pixel.  We denote this calculation as backprojection. 

The backprojection algorithm thus forms the ideal 
matched filter, because for each pulse the return is 
corrected for the actual range from the sensor to the pixel 
and takes into account the sensor location (orbit) and pixel 
location (elevation).  Hence it provides the best estimate of 
the complex radar echo under least squares criteria. 

While equation (2) is very simple in appearance, 
the lack of space invariance precludes its implementation 
as a simple convolution.  But its simplicity makes it an 
ideal candidate for GPU computation, where the use of 
many computing cores each doing the same calculation 
leads to massive parallelism.  We have implemented a 
backprojection processor on a mainstream GPU using this 
equation and, because the coherent sum has removed all 
propagation phases from every pulse before integration, the 
nuisance phases from nonzero baselines and variable 
elevation do not exist in the SLC image.  Thus 
interferograms can be readily formed by simple cross-
multiplication of the SLCs, and do not require any InSAR 
processing software or expertise on the part of the end user. 

This is the same advantage described in the generation of 
previous user-friendly products [12-13], but now they are 
produced directly from raw radar echoes.  This obviates the 
need to store range-Doppler images for every scene 
collected. 

 
5. DEPENDENCE ON DEM ACCURACY 

 
Computation of the range function r(x,k) requires 
knowledge of both the sensor and pixel locations.  Today’s 
radar systems show cm-level accuracy for orbit solutions, 
and are easily sufficient for almost all of the InSAR 
reduction approaches in common use.  Surface elevations 
usually are drawn from a digital elevation model (DEM), 
and their effect on interferogram phase accuracy has been 
previously described [12-13].  With the new approach 
proposed here, there is an additional constraint because 
inaccurate computation of the matched filter leads to 
defocusing of the image. 

We examine this by computing the focusing depth 
of field for a backprojection algorithm.  Noting that the 
algorithm requires that the phase be accurate over the 
synthetic aperture, and that the phase behaves 
approximately quadratically, we can define a well-focused 
image as one where the deviation of the phase from the 
ideal due to errors in range as one where the worst case 
phase error is arbitrarily 90°, ensuring that all pulses 
contribute positively to the coherent summation. Tighter or 
looser constraints will lead to different specific results.   

 

  
Figure 1: Range curvature for correct (red) and incorrect 
(blue) range for a pixel at nominal 700 km range.  Image 
will be focused if the maximum deviation dr of these 
curves is less than l/8, so that all pulses forming the 
synthetic aperture contribute positively to the coherent 
sum. 
 
In figure 1 we plot the range to a pixel minus the range r0 
at closest approach (or “range curvature”) as a function of 
along track position x.  We plot both the “correct” range r 
– r0 and an incorrect range r’ – r0’ resulting from an error 
in range due to either orbit location or elevation inaccuracy.  
Aligning these at closest approach, we require less than a 
l/8 error at the beam edge to consider the images focused. 
The range history for a pixel at range r is the usual 
 

      (3) 
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so that the difference between the correct and incorrect 
range histories is 
 

      (4) 

 
Setting the left hand side to l/8 and letting the maximum 
aperture half width x be rl/2D, D being the antenna length, 
results in a depth of field r0-r0’ of D2/l.  For a 10 m antenna 
and a wavelength of 0.25 m, this means we can tolerate a 
DEM error of 400 m, and we almost always know the 
elevation to this accuracy.  This thus turns out to be a very 
loose constraint. 

 
6. EXAMPLES 

 
We used a backprojection algorithm ported to a Tesla GPU 
to compute SLC images of Kilauea in Hawaii from ALOS 
PALSAR data, as these are readily available in raw format.  
We chose a latitude-longitude grid obtained by upsampling 
an SRTM DEM of Hawaii to 7.5 m posting, and computed 
the complex radar reflectivity at each post.  We plot the 
magnitude of the image from orbit 01784 in figure 2, and 
although the phases have been compensated in this figure 
they are not visible in this power plot. 
 

  
Figure 2: Magnitude image computed in latitude-longitude 
coordinates using GPU pipelining for data acquired by 
ALOS PALSAR on orbit 01784 over Kilauea, Hawaii. 
 
In figure 3 we plot many interferograms from ALOS 
PALSAR over the same area, each obtained by cross 
multiplication of many backprojected SLCs.  No further 
InSAR expertise is needed by the end user, so that the 
products are accessible to any regardless of specialized 
knowledge of intricate InSAR processing. 
 

7. MISSION/SYSTEM IMPLICATIONS 
 

The distinct advantages of producing basic InSAR 
products in user coordinates and without requiring 
expertise or software by the end user can be met by 
computing the phase compensated SLCs directly in the 
desired coordinate system through backprojection.  If the 
implementation takes the precise geometry and surface 

elevation into account the SLCs are phase compensated 
and form interferograms by simple cross multiplication.  
The lack of space invariance due to surface topography 
prevents implementing the algo-rithm as a convolution, 
thereby entailing a much more computationally expensive 
approach.  The algorithm itself is small and pipelines 
readily, so that by computing the SLCs in a GPU with 
massive parallelism throughput can be acceptable, while 
saving may intermediate steps and files in the process.   
 

 
Figure 3: Series of interferograms from ALOS PALSAR 
observations over Kilauea, Hawaii.  The interferograms 
were formed by simple cross-multiplication of the phase 
compensated SLCs, so that the end user does not need to 
apply any InSAR processing corrections before time 
series analysis. 

Modern radar systems gather data worldwide in 
anticipation of needs by future researchers and users.  Most 
operators therefore compute all possible SLC images for 
possible use, requiring storage of a huge quantity of data.  
Further, these images are produced retaining the nuisance 
elevation and viewpoint phases, in the confusing range-
Doppler coordinate system.  If these are computed on the 903



fly as products are needed, feasible in today’s cloud 
architectures, storage needs reduce to the volume of raw 
data products only, greatly lessening the requirement for 
processing system resources. Future implementations 
using on demand generation of the compensated SLC 
products is entirely feasible and does not require massive 
data storage and retrieval facilities, while keeping the use 
of the products both accurate and easy. 
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1. INTRODUCTION

Our research using PALSAR and PALSAR-2 data 
graciously provided by JAXA to investigate hydrologic 
and hydraulic characteristics of the floodplains in the 
Congo and Amazon basins has been summarized in the 
invited review paper published in IEEE Geoscience and 
Remote Sensing Magazine (IF: 13.0) for the Special Issue 
of “InSAR in Remote Sensing” (see Appendix [4]). This 
publication has been reported to JAXA (reference number 
0000065080). Relevant documents are attached. This 
report summarizes selected contents from that publication. 

2. HYDRAULIC ANALYSIS

The spatially detailed 𝜕ℎ 𝜕𝑡⁄  maps from Interferometric 
Synthetic Aperture Radar (InSAR) allows investigation 
about how the flood water moves across the wetlands. This 
analysis is based on the theory of mass continuity, i.e., the 
temporal changes in water levels should be equivalent to 
the spatial changes in discharges, such as:  

𝜕ℎ 𝜕𝑡⁄ = −∇𝑄	 (1) 

where Q is the discharge. Based on this theory, locations 
with positive 𝜕ℎ 𝜕𝑡⁄  has more inflow water than departing. 
If there is no topographic barriers in the wetlands, the flow 
is directed toward the locations with larger 𝜕ℎ 𝜕𝑡⁄  values. 
This theory has been combined with InSAR-derived 
𝜕ℎ 𝜕𝑡⁄  maps to understand the water flows through those 
riverine wetlands, whose flooding dynamics is highly 
connected to river water level changes. [1] found that the 
water flow in the Amazon wetlands is more complex than 
previously assumed, both in space and time. During the 
mid-high water increasing season, the 𝜕ℎ 𝜕𝑡⁄  are localized 
along the channel pathways and water is dispersed from the 
channel to the adjacent wetlands with lower water level. 
During the high water season, the 𝜕ℎ 𝜕𝑡⁄  shows broad 
smooth pattern, and channels are not evident control of 
𝜕ℎ 𝜕𝑡⁄ , as illustrated in Fig. 1. The water flow changes 
from bathymetrically-influenced during mid-high water 
season to hydraulically-controlled during high water 
season. [2] used L-band JERS-1 repeat-pass InSAR 
measurements to characterize floodplain hydraulics in the 
Amazon and Congo River Basin. This study revealed 
different hydraulic processes over the two areas using 
measurements of temporal water level changes. 
Specifically, the Amazon River is highly interconnected 

with the floodplain channels, and its floodplain shows 
sharp hydraulic changes across the floodplain channels. 

Fig. 1 Spatially detailed water level changes (left) and 
water flow direction derived from InSAR and mass 
continuity equation, from [1]. 

However, the Congo floodplain is more governed by local 
topography, and shows less channel connectivity. In 
addition, the Congo floodplain does not have well defined 
boundaries and is broadly distributed. [3] measured 𝜕ℎ 𝜕𝑡⁄  
over the Danube Delta with PALSAR InSAR. The 𝜕ℎ 𝜕𝑡⁄  
maps were then used to create water flow directions based 
on the mass continuity theory, which revealed the spatial-
temporal complexity of the flow dynamics in the Danube 
Delta. [4] mapped multi-temporal 𝜕ℎ 𝜕𝑡⁄  in the Congo 
wetlands with ALOS PALSAR interferograms and Envisat 
altimetry data. They found that during low water season, 
the 𝜕ℎ 𝜕𝑡⁄  with magnitude of decimeter mostly occur at the 
wetland-upland boundary or the distal wetlands (i.e., 
wetlands far from the river), which suggests no hydraulic 
connectivity with the river. During high water season, 
𝜕ℎ 𝜕𝑡⁄  at the proximal wetlands (i.e., wetlands close to the 
river) becomes higher than the distal wetlands with 
magnitude of up to 2 m, which suggests that water mostly 
flows from floodplain to river, as illustrated in Fig. 2. [5] 
assessed the hydrologic connectivity in the ungauged 
Ci´enaga Grande de Santa Marta wetlands using ALOS 
PALSAR interferograms. They found that the river inflow 
can explain less than 17% of the water level changes in the 
Ci´enaga Grande de Santa Marta wetlands, and the man-
made infrastructures such as channels and roads play a 
barrier role in reducing the hydrologic connectivity of the 
wetlands. [6] analyzed the Atrato River wetlands, again 
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with ALOS PALSAR interferograms. They found that the 
river has different roles in flooding the wetlands. The river 
level has a more significant role in flooding the wetlands in 
the lower basin than the middle basin. This is because the 
topography and superficial channels influence the water 
flow and connectivity in the middle basin. 
InSAR has also been used to characterize the water flow 
dynamics in the managed and natural wetlands. For 
example, [7] mapped the 𝜕ℎ 𝜕𝑡⁄  pattern for the managed 
and natural flow wetlands in the Everglades with JERS-1 
L-band SAR images. In the managed wetlands, the InSAR 
fringes are organized and follow patterns reflecting the 
changes in water levels due to the gate operation. In the 
natural flow areas, fringes become irregular and have a low 
fringe rate, which are due to the natural diffuse water flow 
from ocean tides.  

 

 
Fig. 2 Multi-temporal water flow direction derived 
from InSAR and mass continuity equation for the 
Congo wetlands, from [4].  

 
Coastal wetlands inundated by ocean tides have also been 
characterized using InSAR measurements. For example, 
[8] applied InSAR to map the 𝜕ℎ 𝜕𝑡⁄  pattern due to the tide 
propagation in the coastal wetlands in the southern 
Everglades. The spatially detailed 𝜕ℎ 𝜕𝑡⁄  reflects that the 
tide propagates much faster in the channel than in the 
vegetation zone. It has been shown that the tide flow can 
impact the coastal wetlands that expands 2-3 km on both 
sides of the channel and 3-4 km at the end of the channel. 
[9] mapped 𝜕ℎ 𝜕𝑡⁄  in the Louisiana coastal wetlands with 

ALOS PALSAR and Radarasat-1 images.  They showed 
the horizonal tidal flow extent is limited to 5-15 km in the 
wetlands and the vertical 𝜕ℎ 𝜕𝑡⁄  reaches up to 30 cm. The 
high spatial resolution of InSAR-derived 𝜕ℎ 𝜕𝑡⁄  allowed 
identification of man-made infrastructures (e.g., canals, 
roads) that disrupted the ocean tide flow in the wetlands. 
On the other hand, InSAR has been also useful to 
characterize the water flow in the wetlands fed by ground 
water. [10] applied RADARSAT-1 SAR images to map the 
𝜕ℎ 𝜕𝑡⁄  in the Sian Ka’an Wetlands in Mexico. The fringe 
pattern is correlated to the water flow direction and local-
scale water divides. They also found that the main water 
input of the wetlands is the ground water which is 
transported from the catchment area by the water-filled 
faults. [11] applied PALSAR InSAR data over the Great 
Dismal Swamp to delineate the inundated area using 
InSAR coherence and measure the relative ground water 
changes. 
 

3. WATER STORAGE CHANGES 
 

Water storage changes can be estimated using InSAR 
measurements such as: 

 
 ∆𝑆 = 	,𝐴 ∗ 𝜕ℎ 𝜕𝑡⁄ 	 (2) 

 
where 𝐴  is the area of each InSAR pixel, ∆𝑆  is water 
storage changes.  
[12] mapped 𝜕ℎ/𝜕𝑡 in one large Amazon lake using JERS-
1 interferograms and converted the 𝜕ℎ/𝜕𝑡  to a storage 
changes of 0.28 km3. Later, [13] found that the one-day 
interval 𝜕ℎ/𝜕𝑡 in the Amazon wetlands correlates with its 
distance to the main channel using SIR-C interferograms. 
Then, this functional relationship was used to extrapolate 
𝜕ℎ/𝜕𝑡  beyond the SIR-C swath for the central Amazon 
wetlands. The ∆S estimated from the extrapolated 𝜕ℎ/𝜕𝑡 is 
about 30% less than the estimation from the flood routing 
models.  
These studies suggest that estimation of ∆S over wetlands 
from flood routing models has great errors compared to the 
∆S estimates from InSAR. However, InSAR has been used 
to estimate ∆S  between the InSAR acquisition timings 
only. It has not been used to estimate seasonal or inter 
annual ∆S. This is mostly due to the limitation in temporal 
resolutions of the SAR images. 
To overcome this limitation, [14] developed a new method 
to estimate water storages by modelling relations between 
water depths (d) and storages (V) using 𝜕ℎ/𝜕𝑡 map from 
InSAR. This d-V relationship has been used to estimate 
water storages over the Congo wetlands from 2002 to 2011 
with Envisat radar altimetry measurements. This method 
mapped 𝜕ℎ/𝜕𝑡 at high water season and then assumes that 
water surface changes homogeneously across the wetlands, 
as illustrated in Figure 9. This assumption is almost true for 
Congo wetlands. However, its application can be limited if 
𝜕ℎ/𝜕𝑡  is spatially heterogeneous as in the Amazon 
wetlands.  
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Fig. 3 Schematic plot of wetlands geomorphology and 
water surfaces at t1 (a) and t2 (b) with location with 
maximum water depth (yellow triangles). Magneta 
area in (b) represents the region with water at t1 
without water at t2. From [14].  

 
4. FORESTED WETLAND TOPOGRAPHY 

 
The wetlands topography is one of the major factors to 
control 𝜕ℎ/𝜕𝑡 in the wetlands and a dominant factors in 
wetlands hydrodynamic modelling [15]. [16] developed a 
method combining InSAR and radar altimetry to map the 
bare earth topography of Congo’s forested wetlands with 
improved accuracy. The accuracy in terms of root-mean-
squared-error (RMSE) was estimated to be 2.6 m by 
comparison with using Ice, Cloud, and land Elevation 
Satellite (ICESat) altimetry data. The bare earth 
topography from InSAR and altimetry data showed higher 
accuracy than other two vegetation bias corrected DEMs – 
Multi-Error-Removed Improved-Terrain (MERIT) DEM 
(RMSE to be 4.95 m) [17] and Bare-Earth’ SRTM (BEST) 
DEM (RMSE to be 3.32 m) [18]. This method has shown 
advantage of capturing subtle elevation gradient within the 
wetlands. This method relies on both InSAR measurements 
and radar altimetry measurements. Therefore, the failure of 
either technique could result in data gaps in the obtained 
topography.  
 
 

5. INSAR FOR HYDRODYNAMIC MODELS 
 
Two-dimensional (2-D) flood inundation modeling has 
been widely calibrated using point-based in situ gauges and 
profile-based satellite radar altimetry measurements. The 
unique capability of InSAR in capturing wetland’s 2-D 
𝜕ℎ/𝜕𝑡 suggests a new type of measurements that can be 
used for flood inundation model calibration. 
[19] focused on the feasibility of using SAR interferometry 
to support 2D hydrodynamic model calibration in the 
Louisiana wetlands. The LISFLOOD-ACC hydrodynamic 
model [20] has been set up to the central Atchafalaya Basin 
Floodway System, Louisiana, during typical spring floods 
with high flows. [19] used two different calibration 
schemes for Manning’s roughness. First, the model was 
calibrated using water elevations at a single in situ gage, 
which represents a more traditional approach. Due to the 
gauge location in the channel, the calibration shows more 

sensitivity to channel roughness relative to wetland 
roughness. Second, the model was calibrated in terms of 
𝜕ℎ/𝜕𝑡  calculated from ALOS PALSAR interferogram 
generated from 04/16/ 2008 to 06/01/2008. This calibration 
shows more dependency to wetland roughness. The best-fit 
model showed mean 𝜕ℎ/𝜕𝑡 error of 5.7 cm/46 days (Figure 
10). Overall, the modelling results suggest that the 2D 
𝜕ℎ/𝜕𝑡  from InSAR in the Atchafalaya basin offers 
improved understanding and modeling of wetlands 
hydrodynamics. 
 

 
Fig. 4 (a) Modeled water elevation maps on 04/16/ 2008 
(upper) and 06/01/2008 (lower). (b) Modeled water 
elevation change map. (c) InSAR-based water elevation 
change map. (d) Difference between the (b) modeled 
and the (c) InSAR-based water elevation change (from 
[19]). 

 
6. FUTURE TREND 

 
6.1 Estimation of Offset using SAR backscattering 
 
The method of estimating the offset using in situ gauges or 
radar altimeter has the limitation of spatial coverage. In 
other words, in situ gauge measurement is a point-based 
measurements and radar altimeter is a profile-based 
measurements, which both have less spatial coverage than 
the image-based InSAR method. Thus, many wetland 
water bodies are not covered by either dataset. L-band SAR 
backscattering coefficients have been used to obtain this 
offset in the fish farm based on the fact that SAR 
backscattering coefficient changes with the water level 
changes [21]. L-band SAR backscattering coefficients have 
also been found correlated with the water level changes in 
wetlands, and can be used to estimate the water level 
changes [11], [22]. Therefore, it is possible to use this 
backscattering variation for estimating the offsets for 
InSAR processing in the wetlands [11], [23], [22]. 
However, the challenge lies in the complex relation 
between the backscattering variations and water level 
changes due to the spatial heterogeneous vegetation types 
and density in the wetlands. 
 
6.2 Filtering 

 
In order to filter speckle or random noises, many traditional 
InSAR noise filtering algorithms use the window-bus 
technique [24]. However, the resolution of the wetland area 
becomes compromised. Since the multi-baseline (MB) 
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InSAR processes the data on 3-D domain with the third 
domain as the observation with different baseline lengths, 
the mean in “baseline domain” can be used instead of the 
spatial mean, and therefore the non-local noise filtering 
methodology [25] can be applied. For example, [26] 
applies MB InSAR framework to denoise the 
interferometric phase gradient non-locally. Therefore, the 
application of the non-local noise filtering methodology on 
the wetland study area could be an interesting future 
research. 
 
6.3 New Satellite Missions 
 
The low temporal resolution and temporal decorrelation 
effects are expected to be solved at a great extent with 
current and future satellite missions. For example, C-band 
SAR system Sentinel-1 now has revisiting period of 6 days, 
which is much shorter than  the previous 35 days of Envisat 
ASAR and 24 days of Radarsat-1. Previous L-band SAR 
system JERS-1 and ALOS have revisiting period of 44 days 
and 46 days, respectively. The revisiting period of new L-
band SAR missions are also designed to be shortened.  For 
instance, currently operating ALOS-2 and Satélite 
Argentino de Observación Con Microondas (SAOCOM) 
have the revisiting cycles of 14 days and 16 days, 
respectively. The future NASA-ISRO SAR (NISAR, to be 
launched in 2021) will have the revisiting cycle of 12 days. 
These new SAR systems are thus expected to have less 
temporal decorrelation and better capability to capture the 
temporal dynamics of the wetland hydrology. 
The Surface Water and Ocean Topography (SWOT) 
mission to be launched in 2021 has a wide-swath altimetry 
using Ka-band Radar Interferometer (KaRIn) to 
simultaneously measure water surface elevation and 
extents [27]. It promises to improve the global surface 
water monitoring [28]. Currently, it is not clear how SWOT 
works in the vegetated wetlands. The wetlands monitoring 
can be benefited from two aspects. SWOT can be used to 
measure the water surface of the wetlands with submerged 
vegetation. This capability is complimentary to the 
tradition SAR system which does not work over the 
submerged vegetation. Furthermore, the wide swath of the 
SWOT can cover a much larger area, compared to the 
current profile-based radar altimetry missions. Thus, it can 
be used to provide offset estimates in the wetlands.  
 
6.4 Integration with Hydrological Models  
 
The role of riverine wetlands as water buffering in the 
fluvial system is not well represented in the global river 
routing model [29]. [29] developed the CaMa-Flood global 
river routing model by parameterizing the wetlands 
topography to represent the riverine wetlands in storing and 
releasing water in a flat Amazon River Basin, which has 
shown improved predictability of river discharge. Thus, the 
improved wetlands topography discussed in Section 
“Error! Reference source not found.” has the potential to 

contribute to improve modelling the role of wetlands in 
buffering water in the fluvial system. 
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1. INTRODUCTION

Although drylands make up around 40% of the Earth's land 
surface area, our knowledge of their ecological, geological 
and geomorphic systems is limited. As human populations 
increase, requirements for new land and water resources 
have focused on arid regions. Sustainable land 
development in these areas presents a challenge due to their 
susceptibility to land degradation processes, the presence 
of land surface hazards (e.g. flash floods and land 
subsidence) and the lack of extensive water resources.  
In this report we summarize our research results obtained 
from the processing of ALOS-2 data acquired through the 
ALOS user agreement (ALOS-2 RA6-3131).  
The first study seeks to evaluate water resources in a region 
with limited in-situ groundwater observations. The study 
area is located in an alluvial floodplain of the Nile Valley 
west of Qena in Egypt. The second study addresses land 
subsidence hazards of a coastal city in an arid environment. 
Alexandria City in Egypt is used as a test site for evaluating 
the accuracies of Sentinel-1 (C-band) and ALOS / 
PALSAR-2 (L-band) to estimate land subsidence along the 
coastal urban area. A third study deals with land subsidence 
and flooding events in coastal Semarang City of Central 
Java in Indonesia. This city exemplifies the problems 
coastal cities located in tectonically very active regions are 
facing and the severe impacts of land subsidence on the 
region’s population and economy. A summary of the three 
studies is given below. The studies are in various stages of 
development, with the first one (Qena, Egypt) published in 
the journal Remote Sensing [1], the second one 
(Alexandria, Egypt) submitted to the Special Issue (SI) on 
"ALOS-2/PALSAR-2 Calibration, Validation, Science and 
Applications" in MDPI Remote Sensing [2], and the third 
one (Semarang, Indonesia) under development [3]. 

2. MAPPING THE GROUNDWATER
POTENTIALITY OF WEST QENA

AREA, EGYPT 

This study uses a hydrogeological framework to integrate 
remote sensing data with hydro-geophysical field surveys 
to map the groundwater potentiality of desert lands. The 
approach consisted of combining different remote sensing 
data sets (SRTM DEM, Landsat-8, ALOS/PALSAR-1, 
Sentinel-1, and TRMM) as well as auxiliary maps 

(geological and soil maps) to identify and map factors 
controlling groundwater recharge in a desert alluvial 
floodplain of the Nile Valley, west of Qena in Egypt. The 
results show good correlation between the surface and 
subsurface faults as mapped by remote sensing and 
geophysical survey methods and indicate a high probability 
that they may serve as conduits for groundwater movement 
and recharge [1].  

3. ASSESSING LAND SUBSIDENCE ACCURACY
OF ALOS/PALSAR-2 AND SENTINEL-1 IN

ALEXANDRIA, EGYPT 

In this work, different SAR sensors (Sentinel-1 and 
ALOS/PALSAR-2) were used to assess their relative 
accuracy in estimating the land subsidence along the 
coastal city of Alexandria in Egypt which was selected as 
a test site. A total of 9 Sentinel-1 and 11 ALOS/PALSAR-
2 data covering the period from 2017 to 2020 were 
processed using the SBAS method approach. The results 
indicate that Sentinel-1 C-band data showed higher 
coherence and less residual topography than the 
ALOS/PALSAR-2 L-band. Thus, Sentinel-1 performed 
better than ALOS-2 in accurately representing the 
deformation of the urban area [2]. 

4. ESTIMATING LAND SUBSIDENCE IN
RELATION TO URBAN EXPANSION IN 

SEMARANG CITY, INDONESIA 

This work presents a methodology based on a combination 
of InSAR subsidence mapping and optical classification 
techniques to estimate the spatial distribution of subsidence 
rate and assess its impact on urbanization growth, land 
conversion and coastal flooding. Significant spatial 
relationships were found between urban zones (building 
density), geologic setting and subsidence rates. It was 
found that the overexploitation of aquifers and city zoning 
development contribute to accelerate subsidence rates [3].  
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1. INTRODUCTION

Soil moisture is a key life sustaining entity on Earth. It 
enables the growth of vegetation on the land surface and 
plays important roles in the global water and energy cycle. 
Reliable soil moisture plays a crucial role as input in 
meteorological models and agricultural. The-state-of-the-
art L-band SAR capabilities of ALOS-2 offer the potential 
to improve local weather forecast as well as precision 
farming by providing very high resolution surface moisture 
information. Apart from the surface roughness, a major 
impediment to operational quantitative soil moisture 
estimation from radar remote sensing is the presence of a 
vegetation cover which attenuates the backscatter from the 
soil with both factors modulating the radar sensitivity to 
soil permittivity. In this PI project, we consider further 
development of an easy-to-use operational retrieval model 
capable of monitoring small-scale (sub field-scale) soil 
moisture dynamics in natural and agricultural 
environments. To date there is still no such model 
available. While the focus is on the use of dual-polarization 
data we also explore the more advanced capabilities of the 
very high resolution fully polarimetric PALSAR-2 images. 
Due to the current limitations in downlink capacity and 
basic observation scenarios dual polarimetric modes will 
principally be the standard operation for coming L-band 
SAR mission and the availability of multitemporal quad-
pol data sets suitable for frequent repeat-pass PolInSAR 
applications will presumably be still scarce and mostly 
limited to a few super test sites. However, after 7 years in 
orbit some formidable quad-pol timeseries can be found in 
the ALOS-2 archive which allow exploring the potential 
for quantitative parameter inversion by means of 
PolInSAR[1] [2]. One such timeseries exists for the study 
area and was used in this study. For operational use, we aim 
to use an updated version of a semi-empirical soil moisture 
model for dual-polarized L-band SAR data originally 
developed using Fine Beam Dual polarization mode (FBD) 
of ALOS-1 with single horizontal transmit polarization and 
dual coherent reception of horizontal and vertical 
polarizations [3]. The development was mainly based on 
correlation analysis between PALSAR observables and in 
situ data taken at the Selhausen super test site in Germany 
[4] [5] [6]. The further development and calibration of the
model were carried out in the same super test site shown in
Figure 1.

Fig. 1 Overview of the Selhausen 
Agriculture/Hydrology Super Test Site in Germany 

2. MATERIALS AND METHODS

In addition to the large number of ALOS-2 dual-pol fine 
beam data obtained through the RA6 quota, we also use 
fine beam quad-pol PALSAR-2 data. We simulate the 
coherent-on-receive dual polarization mode by using only 
the HH and HV channels of the HBQ full polarimetric data. 
The main time-series used is comprised of a extremely 
dense HBQ data set acquired over the area between January 
2018 and July 2019. Combining both ascending and 
descending orbits a very impressive total of 42 scenes have 
been acquired during the 18-month period covering two 
vegetation periods. The overview of the quad-pol data 
timeseries is shown in Table 1. 33 scenes were acquired in 
descending orbits and 9 scenes in ascending orbits.   
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TAB. 2 OVERVIEW OF THE QUAD-POL TIMESERIES DATA 
OVER THE STUDY AREA  

Acquisition 
Time Mode Path Frame Orbit Off-

nadir Polar. Beam 

2018/01/06 SM2 199 1010 Asc. 32.7 Quad FP6-6 
2018/01/14 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2018/01/28 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2018/02/03 SM2 199 1010 Asc. 32.7 Quad FP6-6 
2018/02/11 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2018/02/25 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2018/03/03 SM2 199 1010 Asc. 32.7 Quad FP6-6 
2018/03/11 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2018/03/25 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2018/03/31 SM2 199 1010 Asc. 32.7 Quad FP6-6 
2018/04/08 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2018/04/22 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2018/05/06 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2018/05/20 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2018/06/03 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2018/06/17 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2018/07/01 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2018/07/15 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2018/07/29 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2018/08/12 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2018/08/18 SM2 199 1010 Asc. 32.7 Quad FP6-6 
2018/08/26 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2018/09/09 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2018/09/15 SM2 199 1010 Asc. 32.7 Quad FP6-6 
2018/09/23 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2018/10/21 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2018/12/08 SM2 199 1010 Asc. 32.7 Quad FP6-6 
2018/12/30 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2019/01/13 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2019/01/27 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2019/02/02 SM2 199 1010 Asc. 32.7 Quad FP6-6 
2019/02/10 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2019/02/24 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2019/03/10 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2019/03/30 SM2 199 1010 Asc. 32.7 Quad FP6-6 
2019/04/07 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2019/04/21 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2019/05/05 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2019/05/19 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2019/06/02 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2019/06/16 SM2 97 2590 Desc. 30.4 Quad FP6-5 
2019/07/14 SM2 97 2590 Desc. 30.4 Quad FP6-5 

 
Between January 6 and September 23, 2018, a SM2 HBQ 
quad-pol scene with 6 m resolution was acquired during 
every cycle resulting in a 20 scenes series with 14-days 
intervals. The additional ascending scenes reduce the 
minimum time difference between 2 scenes even further to 
only 6 days. This makes this data set one of the best 
PolSAR agriculture timeseries in the ALOS-2 archive 
worldwide.   
bit data. 
By applying the H2α decomposition [7], we compute the 
dual-pol target parameters entropy and alpha angle using 
the eigenvectors constructed from (2x2) complex 
covariance [C2] matrix:  
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2.1. In-situ measurements of soil moisture, surface 
roughness and plant parameters  
 
A few in-situ measurement campaigns were conducted in 
the area. Figure 2 exemplarily shows distributed soil 
moisture and plant parameter measurements in the test site 
in June 2019. More information about this measurement 
campaign which was conducted in the frame of the  

 
Fig. 2 Distributed soil moisture and plant sampling 

strategy in the Selhausen test site 

 
AgriSense experiment are provided in [8]. In addition to 
the ground-truth obtained during intensive field campaigns 
numerous long-term soil moisture measurement stations 
are continuously providing in-situ data. The permanently 
installed SoilNet sensors are located on the field F10 and 
F11 and are measuring the soil water content (SWC), 
temperature and heat flux in near real-time using a ECH20 
EC-5 soil moisture sensor (METER Group, Pullman, WA).  
In situ moisture values were taken by handheld time 
domain reflectometry (TDR) probes (IMKO Trime Pico 
64) and 500 MHz ground penetrating radar (GPR) 
antennas (Måla RAMAC) in common mid-point (CMP) 
configuration [9]. The TDR sensor provides an average 
soil moisture value for the upper 15 cm. TDR samples 
with 10 cm spacing and GPR profiles were acquired along 
2 m transects in N-S and E-W direction. For the CMP 
estimates only the reflection layer closest to the surface 
was considered which had an average depth of 10 cm to 
20 cm. The in situ measured soil moisture values range 
from 6.5 to 36.1 Vol.-%. Fig. 3 shows an example of a) a 
lateral surface soil moisture profile measured by TDR and 
b) a vertical soil moisture profile estimated by advanced 
CMP processing, respectively. A needle-profiler 1 m in 
length with 5 mm increment was used to measure surface 
roughness. At each location 6 roughness profiles were 
taken in North-South and East-West direction. An 
exemplary roughness profile is shown in Fig. 3c. The 
sampling locations were located on intermediate smooth 
to very smooth surface conditions with ks values ranging 
between 0.25 and 0.52.  
Soil moisture under vegetation was measured by TDR on 
dry paddy fields, i.e. under rice crop canopy on fields 
where the water had been drained. The growth height of 
the canopy varied between 70 cm and 90 cm. The plant 
water content showed a significant variation between the 
August and September acquisitions typical for the late 
phenological development stages of cereals. Note that in 
this study no detailed plant parameters, e.g. water content 
(wet/dry weight) are accounted for.  
Figure 3 shows four scatterplots comparing the PALSAR-
2 dual-polarized backscatter against measured soil 
moisture values under sugar beet, potato, wheat and barley, 
respectively. Apart from the sugar beet, where most of the 
plant biomass is below ground, the trend of increasing 
backscatter with increasing soil moisture can be observed 
confirming the sensitivity of ALOS-2 L-band signals to 
soil permittivity under crop canopy.  
The comparison between backscatter and plant parameters 
is shown in Figure 4. Consistent with our prior experiments 
[5] the L-band signal shows higher sensitivity to vegetation 
water content as compared to plant hight. 
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Fig. 3 Soil moisture vs. co- and cross-polarized 

PALSAR-2 backscatter 

 

 
Fig. 4 Vegetation water content and plant height vs. 

co- and cross-polarized PALSAR-2 backscatter 

 
2.2. Soil Moisture Estimation 
 
The empirical soil moisture retrieval model introduced in 
[4] [6] was used to calculate soil moisture contents from 
the Pi-SAR-L2 dual-polarization data. The approach 
applies surface roughness corrections only on bare soil 
while considering roughness under vegetation as a function 
of the land use (crop type). For the biomass correction the 
updated version of the winter wheat model discussed in [6] 
was used to account for the attenuation effect induced by 
the rice canopy. After the water is drained from the paddy 
fields both cereals are considered to have similar scattering 
properties in their mature phenological stages. The biomass 
attenuation factor Mω is calculated as 
 

H
M hvhh

00 σσ
ω

×
=  (2) 

where 0
hhσ  and 0

hvσ  are the co- and cross-polarized 
linear backscattering coefficient, respectively, and H is the 
dual-polarization scattering entropy. 

The fresh-weight above ground biomass (AGB) of the 
rice canopy is then estimated with the logarithmic function 
as 

 96.24)ln(88.4 +×= ωMAGB  (3) 

Note that the biomass correction procedure was 
parameterized for cereal crop type winter wheat and no 
further adjustments were carried out for the dry rice 
paddies vegetation as measured in this study. After 
computing the biomass estimation, the co-polarized 
backscattering coefficient, used to invert the soil 
permittivity, is subsequently corrected for the canopy 
attenuation with 
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3. RESULTS AND DISCUSSION 

 
Figure 6 shows the comparison between in situ measured 
soil moisture and the PALSAR-2 dual-polarization 
estimates. As can be seen the results are fairly well aligned 
along the zero-error line. The overall accuracy is 5.9 
Vol.-% RMSE. The coefficient of correlation (R2) is 0.78 
and the slope of the linear regression (a) is 0.95. This 
indicates that the soil moisture estimates can well cover the 
spatial heterogeneity of the spatial soil moisture 
distribution. The comparison between GPR/CMP 
estimated soil moisture and PALSAR-2 derived values also 
show a good agreement indicating that advanced CMP 
processing allows acquiring in situ soil moisture data for 
low frequency SAR studies. This in fact offers new 
opportunities for studies about the relationship between 
SAR derived surface soil moisture and vertical soil 
moisture distribution.  
The estimation result of the canopy biomass using (3) for 
the attenuation correction has not been validated yet. 
However, the soil moisture estimates under the vegetation 
cover, after applying the biomass corrections using (4), 
yield an accuracy of 6.8 Vol.-% RMSE with a significant 
coefficient of correlation of 0.63.  
 

 
Fig. 6 Comparison between in situ measured soil 

moisture and ALOS-2 estimates
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Fig. 7 ALOS-2 PolSAR timeseries with 14-days intervals over agricultural site in Germany 
 
Due to the fact that it is very difficult, if not impossible, to 
directly measure meaningful surface roughness under 
cereal crop canopies, the given approach considers the 
roughness as function of land use, i.e. crop type. A possible 
solution to better assessment of surface roughness under 
the vegetation canopy lies in the use of polarimetric 
decomposition techniques with qua-pol data. Preliminary 
results show that besides the established H/A/alpha 
decomposition the highest potential for improvements are 
provided by applying the 4-component Yamaguchi 
decomposition with matrix rotation and extended volume 
module (S4R) [10]. The S4R color RGB images of the 
ALOS-2 quad-pol timeseries is shown in Figure 7. Thanks 
to the tremendous temporal resolution the ALOS-2 
PolSAR sensitivity towards even subtle changes in 
vegetation and soil conditions can easily be seen. 
PolInSAR analyses of the data is still ongoing.  
 
 

4. SUMMARY AND CONCLUSIONS 
 
Due to the down link and other limitations the standard 
operation of the future L-band SARs including ALOS-4 is 
the dual-polarization mode and availability of full-
polarization acquisitions will be rather limited. Thus, 
development of an empirical biomass corrected soil 
moisture retrieval model for state-of-the-art high-
resolution dual-polarization L-band SAR was considered. 
Using the empirical bare soil model, soil moisture contents 
were estimated with an RMSE of 5.9 Vol.-% from dual-
polarization PALSAR-2 data with a highly significant 
coefficient of correlation of 0.78 and a slope of the linear 
regression of 0.95. That is the high-resolution L-band 
estimates can well represent the small-scale spatial soil 
moisture variations within the sampling fields. The 

estimation of biomass for the attenuation correction could 
not be validated sufficiently due to the limited observation 
space and lacking information of the exact amount of in 
situ biomass. However, the soil moisture estimates under 
the vegetation yield an accuracy of 6.8 Vol.-% RMSE with 
a significant coefficient of correlation of 0.63 after 
applying the biomass corrections. It should be noted that 
the empirical formulations for attenuation corrections were 
parametrized in test site in Germany, yet the results 
obtained for fields in Japan are satisfactory. Moreover, the 
biomass correction developed for winter wheat also seems 
to work with other cereal types with similar scattering 
behavior. This gives a promising outlook for application of 
the proposed attenuation corrections to ALOS-2 data 
acquired over different geographical areas. 
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1. INTRODUCTION

The Central Valley (CV) in California, a vast structural 
trough of ~400 miles long and ~20-70 miles wide, is 
partially filled with marine deposits overlaying 
continental sediments. Being one of the most productive 
agriculture regions in the world, the CV accounts for 
about one sixth of the United States’ irrigated land and 
about one fifth of the nation’s groundwater usage [1]. The 
CV is adjacent to central San Andreas fault (CSAF), a 
major plate boundary fault in central California. The 
CSAF displays a spectrum of complex fault slip behaviors 
with creeping in its central segment which decreases 
towards its northwest and southeast ends where the fault 
transitions to being locked.  
Thanks to water intensive crops and arid climate, water 
use in the region heavily depends on the groundwater, 
which accounts for more than 50% of the annual water 
needs. Groundwater levels in the central Valley undergo 
seasonal fluctuations due to water withdrawal and 
recharge and longer-term change affected by the drier 

climate. The farming, urbanization usage and reduced 
surface water supplies during drought years all contribute 
to the increased pumping of the CV aquifer. In southern 
Central Valley (San Joaquin Valley (SJV)), there is a 
long-term decline in water levels that are related to 
groundwater over-exploitation.  The vast amount of 
groundwater usage in the CV region has been suggested 
to perturb the crustal stress and loading to nearby CSAF 
fault systems and affect earthquake activities [2, 3]. With 
more frequent and longer droughts due to climate change, 
it is expected that there is increasing demand for the 
groundwater over longer term. Thus characterization of 
space-time state of the groundwater and monitoring the 
depletion of this valuable resource become essential for 
effective water management. 
Remote sensing surface deformation from space proves to 
be a cost effective way to map ground subsidence, 
especially regarding the spatial and volumetric extent of 
groundwater loss.  Satellite synthetic aperture radar 
(SAR) differential interferometry (InSAR) measures the 
relative displacements along the radar line of sight (LOS) 
between SAR acquisitions at spatial sampling of a few 
tens of meters and centimeter to millimeter accuracy over 
hundreds of kilometers swath widths [e.g., 4]. The InSAR 
technique has been widely used for measuring ground 
subsidence at various geographic settings. However, the 
application of InSAR to heavily farming regions such as 
central Valley is still challenging because of decorrelation 
due to vegetation and surface changes associated with 
farming activity.  
Using wide-swath L-band SAR data for ground 
subsidence applications are still very limited largely 
because of non-trivial processing issues and proper 
accounting for various error/noise sources. Liang et al. 
[5,6] developed full-aperture and burst-by-burst 
interferometry processing flows for ALOS-2 ScanSAR 
data. Liang et al. [7] presented the first InSAR time series 
results using ALOS-2 ScanSAR data to image the 
interseismic deformation across the southern San Andreas 
fault system. Despite the progress, it is still less clear how 
well the ALOS-2 ScanSAR works in the central Valley 
region, especially considering its limited range bandwidth 
and the heavy farming activity. In this study, we present 
the first ALOS-2 ScanSAR interferometry and InSAR 
time-series results in the CV-SJV region. We show that 

Fig. 1 Central Valley (CV) and south Joaquin 
Valley (SJV) region where overexploiting 

groundwater due to farming activity causes 
subsidence. The white box indicates the region of 
the interest. The CV-SJV is adjacent to a major 
transform plate boundary fault system – central 

San Andreas fault system (CSAF).  
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the ionosphere noise remains a dominant noise source in 
the ScanSAR application and should be properly 
corrected for accurate subsidence measurements. We 
present ALOS-2 ScanSAR interferometry and time series 
results over the CA CV-SJV region. We cross-validate the 
derived mean velocity and time series using in-situ GPS 
measurements. Based on the updated groundwater 
subsidence, we then compare the spatiotemporal 
subsidence pattern with earlier ALOS-1 results and 
discuss the implication towards current and future 
groundwater usage and management in the central Valley 
region. A manuscript is in preparation. 

2. DATA ANALYSIS

The L-band ALOS-1 satellite mostly acquired data in 
stripmap mode that has small spatial coverage (~100km 
swath). The ALOS-2 satellite, launched since 2014/05/24 
by JAXA as a follow-on mission of ALOS-1, operates 
dominantly in the ScanSAR mode for global coverage. The 
ScanSAR mode has a wide swath of a 350km consisting of 
5 subswaths. A wide-swath SAR can image a larger area 
thus reduce the repeat time. The combination of the L-band 
and wide swath make it easier to image both tectonic and/or 
anthropogenic deformation processes while maintaining 
reasonable spatial resolution. Since its launch in May 2014, 
ALOS-2 PALSAR sensor has acquired more than 6 years 
of ScanSAR data over the California CV region. These data 
are in complex image that focused either through  burst-by-
burst or full-aperture algorithm [8]. There has been burst 
alignment issue for ALOS-2 ScanSAR acquisitions prior to 
2015/02/08 due to incorrect parameters for estimating the 
along-track position of the satellite, affecting the 
interferometry formation [9, 10]. The ScanSAR acquisition 
has a nominal repeat interval of 14 days. But actual 
acquisition interval over the central California ranges from 
14 days to close to one year. In this study, we use ALOS-2 
ScanSAR data in 2015-2020 from descending track 167 
and 168 to image groundwater subsidence. 

3. METHOD

We use a full-aperture processing workflow to process the 
ALOS-2 ScanSAR data [6]. This workflow is provided as 
an add-on module of JPL/Caltech ISCE software. 
Technical details about the approach can refer to [6]. Here 
we briefly summarize the essential steps involved: 1) 
estimate the parameters (e.g., burst length, burst cycle 
length, raw burst start times etc.) remove non-overlap 
spectra between master and slave images; 2) perform 
range multiband bandpass filtering (MBF) to extract 
common range spectrum; 3) resample the slave image if 
needed; 4) calculate burst overlap between master and 
slave images; 5) perform azimuth MBF to remove non-
overlap spectra caused by Doppler centroid frequency 
difference and burst misalignment; 6) co-register the 
master/slave pair through cross-correlation; 7) form and 
mosaic subswath interferograms to generate single frame 
interferogram; 8) mosaic interferograms of adjacent 
multiple frames from the same track to get the final 

interferogram. In step 7 and 8 mosaicking process, the 
cross-correlation derived high precision phase offsets 
between subswaths and frames are used. We estimate 
topography and orbit geometry phase using SRTM 3 
arcsec digital elevation model (DEM) and precise orbits 
from JAXA and remove them from the interferogram. We 
further multi-look the interferograms in range and 
azimuth by 5 and 28 pixels, respectively. We use adaptive 
power spectrum filter to suppress phase noise and 
improve phase coherence [11]. Each interferogram is then 
unwrapped using the statistical-cost, network-flow 
algorithm for phase unwrapping (SNAPHU) and 
minimum-cost flow (MCF) algorithm and minimum-cost 
flow (MCF) algorithm [12] and geocoded to the longitude 
and latitude grid. For the phase unwrapping, we find MCF 
is more efficient and less subject to unwrapping error than 
classic SNAPHU. After unwrapping we carefully examine 
each interferogram for large unwrapping error and correct 
them if needed using connected component from 
SNAPHU. 
One main noise source in L-band SAR interferometry is 
ionosphere phase delay due to the propagation of the radar 
wave through the ionosphere. Such phase delays are 
caused by the dispersive effect of the ionosphere’s 
frequency-dependent refractive index and proportional to 
the total electron content (TEC) and inversely 
proportional to the radar frequency. The interferometric 
phase artifact associated with ionosphere phase can 
manifest itself in different forms such as small-scale 
phase distortions and broad-scale phase variation similar 
to orbital error. The spatiotemporal variability of TEC due 
to solar activity causes heterogeneous effects of the 
propagation delay on a SAR image and result in 
considerable spatiotemporal Interferometric phase 
variation.  

Figure 2. Selected original interferograms from track 
167 showing considerable variability in ionospheric 

phase across the image.  
For ALOS-2 ScanSAR interferometry, we find that there 
is significant influence of ionosphere phase artifacts 
(Figure 2). The ionosphere phase delays show diverse and 
complex forms that cannot be fully approximated by high-
order polynomials [e.g.,13]. Some variations are roughly 
linear while others appear to be less regular and difficult 
to separate from troposphere noise. The amplitude of 
ionosphere delays across the image are significant ranging 
from ~24cm to ~156cm as shown in Figure 2. The wide 
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swath and slant viewing geometry tend to make 
ionospheric delay variation more apparent, as compared 
to narrow swath width (~70km) in stripmap mode.  

Figure 3. The same set of interferograms in Figure 2 
after correcting ionosphere phase. Correction help 

reveal groundwater subsidence signals in CV region. 

We apply a range split-spectrum method that exploits the 
dispersive nature of the ionosphere thus different 
frequency behaviors [14] to correct the ionosphere noise.  
Application of the approach to the selected interferograms 
in Figure 2,3 shows the ionospheric phase delay are 
mostly removed. The remaining noise are predominantly 
due to the tropospheric phase delays that are further 
reduced in the time series step. The choice of filtering and 
multi-looking parameters seems working well as attested 
by our recent application of the approach to southern San 
Andreas fault system [7]. In the subsequent section of 
results/discussions, we show resulting time series agree 
well with in-situ GPS time series. The successes of our 
approach in mapping the slow interseismic tectonic 
deformation signals and rapid groundwater subsidence 
suggest that the approach is robust and no additional 
biases are introduced during the ionospheric phase 
correction.  
For InSAR time series analysis, we use a variant of the 
Small Baseline Subset (SBAS) InSAR time series 
inversion approach to solve for ALOS-2 ScanSAR line-
of-sight (LOS) displacement time series and mean 
velocity assuming a linear deformation model 
[e.g.,15,16]. The approach is based on least squares and 
incorporates residual DEM error correction and 
earthquake offset estimate (if needed) and use 
spatiotemporal filtering to remove high frequency 
turbulent troposphere noise [17,18]. For ALOS-2 satellite 
the variation in perpendicular baseline (𝐵!"#!) ranges 
from ~-420m to 100m (Figure 4). Our visual inspection of 
all interferograms after ionospheric phase correction does 
not reveal any apparent orbital ramp error. Therefore in 
the time series analysis we don’t explicitly take into 
account the orbital error. For descending track 167 ~201 
interferograms were formed for time series analysis 
(Figure 4). To ensure that only highly coherent pixels are 
used, we limit time series analysis only to the pixels that 
had coherence (>0.5) in at least 60% of the corrected 
interferograms.  

Because of burst alignment issue, in our analysis we only 
use the SAR acquisitions after Feb. 8, 2015. We calculate 
the burst overlap using the approach proposed by Liang et 
al. [2017a]. The calculated burst overlaps for the pairs 

used in the time series analysis suggest that the burst 
overlap is excellent for most pairs used in the analysis 
(Figure 4). 

4. RESULTS AND CONCLUSIONS

Without use of in-situ GPS as ground control points, our 
correction of ionosphere noise successfully removes the 
majority of ionospheric noise in the ScanSAR 
interferometry and resolves both tectonic and 
anthropogenic processes in central California accurately 
(Figure 5). The new ALOS-2 data reveals renewed large-
scale ground subsidence in the San Joaquin Valley (SJV) 
due to over-exploitation of groundwater. The groundwater 
related deformation is spatially and temporally variable 
(Figure 5, 6). Our results show remote sensing derived 
subsidence is in good agreement with sparse point based 
in-situ GPS observations. The continuing subsidence in 
SJV since 2015 is composed of both recoverable elastic 
and non-recoverable inelastic components. 

Figure 5. (Left) Average mean line-of-sight (LOS) 
velocity for track 167 for the period prior to 

2019/07/04 Ridgecrest earthquake. (right) The 
comparison between ALOS-2 ScanSAR LOS velocity 

and projected GPS LOS velocity (red dots with 
uncertainties). 

Figure 4. (Left) Perpendicular baseline plot for all 
interferometric pairs (~201) used in the analysis; 

(Right) Histogram of burst synchronization for all 
interferograms. 

919



Figure 6. (Left) Mapview of ALOS-2 line-of-sight 
(LOS) velocities for track 168. The velocity is wrapped 

at 20cm/yr. (Right) Comparison of ALOS-2 
displacement time series (red dots) with projected GPS 

LOS time series (blue circles) at the selected GPS 
locations. 

We find the subsidence history as imaged by ALOS-1 
over the period of 2007-2011 (Figure 7) when severe 
drought occurred in California is very different from what 
are observed by ALOS-2 over the period of 2015-2021. 
There is more apparent seasonable variation in 2017-
2021, following the end of the 2012-2016 drought period. 
The subsidence pattern and temporal variability reflects 
the direct response of the CV aquifer to surface water 
availability and groundwater usage. Besides seasonal 
variation, our results show the continuation of long-term 
inelastic subsidence trend that tends to be irreversible, 
prompting the need for continuous groundwater 
monitoring with InSAR for water resource management. 

Figure 7. (Left) Mapview of ALOS-1 velocities over 
the period of 2007-2011. (Right) (top) ALOS-1 InSAR 

time series at the subsidence bowl. (Bottom) A-B 
profile plot of subsidence across the subsidence bowl.  
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1. INTRODUCTION

La Plata basin (Fig. 1), covering 3.2 million km2 with 
territory of 5 countries (Argentina, Brazil, Uruguay, 
Paraguay and Bolivia) has a significant social and 
economic importance because it is densely populated and 
has important agricultural activities (this area, includes the 
Argentinean ‘‘Pampas Region’’ and is one of the richest 
agricultural regions in South America).  

Fig. 1: La Plata Basin wetlands 

Flooding is of major concern in the Plata Basin. Most rivers 
have long and wide floodplains, which have been settled 
and cultivated. Losses for floods in Argentina during the 
1983, 1992, and 1998 episodes exceeded US$1 billion 
each. Providing information on the current state of the 
basin hydrologic system on a systematic basis is critical to 
the regional economies and society.  
The wetlands of this basin’s floodplains perform 
irreplaceable ecological and hydrological functions, such 
as flood and drought mitigation, groundwater recharge, 
fisheries support, nutrient and contaminants filtering, and 
high quality fresh water provision [1].  
The structure and functioning of these wetlands, which are 
located close to some of the larger cities and the most 

productive and modified lands of Argentina, are threatened 
by the continual anthropic modification of basin 
hydrology. The modification of these wetlands’ functional 
integrity may cause a large impact on the productive 
system that supports the region economy, and on the lives 
of the millions of people living on cities located on rivers 
margins.  
The above mentioned makes of extreme importance the 
monitoring of basin wetlands flood-drought cycles. Due to 
the fact that these ecosystems extend along the Paraná-
Paraguay axis and are highly dynamic with annual and 
interannual variations, sensors with different spectral, 
spatial and temporal characteristics are required. 

Active microwave systems have proven to be suitable for 
detection or assessment of flooding, especially on wetlands 
[2], [3], [4], [5]. On one hand, microwaves of frequency < 
10 GHz (X Band) can go through clouds without being 
affected. Besides, on some types of land cover, microwaves 
can penetrate the vegetation canopy and interact with the 
soil or water beneath it. In consequence, the measured 
backscattering coefficient depends on both vegetation 
structure and soil condition. Thus, the presence or absence 
of a water layer (with a much higher dielectric constant that 
the underlying soil) significantly changes the detected 
signal of a wetland [4], [5], [6].  
On the other hand, given its large revisit time, SAR systems 
cannot be used for continual monitoring of wetland 
flooding condition. Going from events assessment to 
almost daily monitoring of flooding condition, a satellite 
system that besides representing the flooding condition has 
a short revisit time is needed. 
Passive microwave systems, with large swaths and short 
revisit time, have shown their utility for flooded fraction 
monitoring of floodplains [7], [8]. These systems can 
detect flooding patterns not only under heavy clouds but 
also with dense vegetation cover (according to system 
operation frequency). A recent study conducted over La 
Plata Basin [9] has shown that it is possible to monitor for 
several weeks the location of a flood wave using temporal 
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series of AMSR-E polarization index (PI), showing passive 
microwave sensors contribution and importance on the 
monitoring of flooding events at regional scale. However, 
given their low spatial resolution, they present a big 
difficulty for method calibration and results validation. 
According to the above, a mixed active/passive microwave 
approach shows a high synergy, taking advantage from the 
large geographic cover and low revisit time of passive 
systems, and seizing the high spatial resolution of active 
systems for cal/val purposes. 
 
The general aim of this Project was to study the flooding 
patterns of the Parana-Paraguay axis wetlands using active 
and passive microwave satellite data. The knowledge of 
these patterns would allow the improvement of 
hydrological forecast models, so needed on wetlands 
exploited for agriculture and cattle, as well as the study of 
the functions and services that these ecosystems provide to 
society. It would also improve weather forecast, early 
response to extreme events, and anthropic impact models 
of the basin.  
 
The specific objectives of this project were: 
- To develop a methodology to regularly generate 

flooded area maps using active and passive 
microwave satellite data. This methodology will be 
based on algorithm development [8], [10], interaction 
models [11], optical and auxiliary data. 

- To study the relationship between the flooded area 
fraction of each ecohydrological unit of Parana-
Paraguay axis and the corresponding river water level 
(measured directly or by remote sensing)  

- To construct a schematic of effective topography 
based in the results of the previous objective for each 
analyzed ecohydrological unit.   

 
These objectives were approached through the 
development of several congress papers, masters and 
doctoral thesis (one finished, others in progress) and an 
unpublished work. Their particular methods and main 
advances and results are described in the following 
sections. 
 

2. METHODOLOGY 
 
2.1. Flooded area estimation using microwave satellite 
data. 
Given their very low resolution, almost by definition 
passive microwave systems’ pixels contain more than one 
type of land cover. These are called heterogeneous pixels. 
Generally, observed brightness temperature of a given 
pixel can be modeled as the sum of the Tb of the different 
pixel components, weighted by the area they occupy on the 
pixel. For a floodplain, it is possible to postulate 3 terrain 
components (water bodies, non-flooded plain and flooded 
plain), that combined are responsible of the observed 
values of every pixel of the floodplain [8]. Thus, the 
observed polarization index (PI) of a given pixel can be 
modeled as,  

𝑃𝐼 = 𝑓 𝑃𝐼 + 𝑓 𝑃𝐼 + 𝑓 𝑃𝐼      (1) 
 
where PIw, PInf and PIf correspond to water bodies, non-
flooded plain and flooded plain PI respectively, and fw, fnf 
and ff correspond to the fraction of the pixel occupied by 
each one of these terrain components. By definition,  
 
1 = 𝑓 + 𝑓 + 𝑓      (2) 
 
since the sum of all the pixel components must be equal to 
the pixel area. Now, combining (1) and (2) it is possible to 
estimate flooded area  
 

𝑓 =      (3) 

 
This scheme was originally developed by [8] to estimate 
flooded area on large floodplains using the Scanning 
Multichannel Microwave Radiometer (SMMR) [12]. This 
system has a single frequency (36 GHz) and two 
polarizations (H and V) and requires to be able to estimate 
independently the following parameters of each pixel: 
a. fw (water bodies fraction). This parameter is estimated in 
[7] with optical images, through a classification including 
infrared bands, in [8] is estimated using their lower 
backscattering coefficient in X band SAR images. We 
proposed to estimate this parameter with a combination of 
MODIS and PALSAR ScanSAR images. 
b. PIw (water bodies PI). This value can be estimated 
theoretically for a pure and calm water body for an 
incidence angle and its value is around 60K for X band. It 
is also possible to estimate of homogeneous pixels values 
(totally flooded). It is also possible to estimate it from 
homogeneous pixels (totally covered by water) or using the 
methodology developed by [8], similar to (5) but applicable 
to pixels with only 2 possible land covers. Finally, it is 
possible to derive it theoretically using electromagnetic 
interaction models, like the one described in [13]. 
c. PInf (PI of non-flooded plain). This parameter can be 
empirically determined from non-flooded areas [8] or it can 
be simulated using interaction models. This last option 
allows to understand the behaviour of PInf to the detail, but 
requires an important knowledge of the terrain, since the 
interaction model requires as input the geometric and 
dielectric characteristics of the terrain (soil and vegetation) 
d. PIf (PI of flooded plain). This parameter is critical for 
obtaining accurate results from this method. According to 
[7] and [8], this parameter can be determined empirically 
from a fully flooded pixel. However, the floodplains 
studied by those authors were mostly forested, and so, a 
flooded area has a static PIf as long as the water does not 
cover the canopy of trees (main emissive components of 
the vegetation). For herbaceous floodplains, PIf has been 
shown to have a dynamic behaviour according to water 
level inside the floodplain [14], since main emissive 
components of the pixel are being covered by water. In this 
proposal, according to the characteristics of the specific 
portion of the floodplain analyzed we will estimate PIf from 
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a fully flooded pixel (forested floodplain) or we will 
estimate it for specific dates using a combination of active 
(SAR) and passive data 
 
2.2. Use of Synthetic Aperture RADAR (SAR), passive 
microwave data and electromagnetic models for 
estimation of PIf and floodplain WL. 
In order to estimate PIf for herbaceous floodplains, flooded 
area maps are obtained by change detection of SAR images 
(Cosmo SkyMed, ALOS PALSAR2) of higher spatial 
resolution and lower temporal resolution. 
The change detection procedure consists in obtaining of a 
change image from an image in nonflooded conditions and 
one in flooded conditions, using the following formula, 

                  Δσ0
db = σ0

i – σ0
n    (4) 

where σ0
i is the backscattering coefficient of the flooded 

conditions and σ0
n is the backscattering coefficient of the 

non-flooded conditions. 
Then, change values are segmented to change intervals 
taking into account the radiometric accuracy of the used 
images. These change intervals are analyzed according to 
the land cover on which they occur. Finally, change 
intervals are recoded into flooded/non flooded categories, 
and flooded fraction ff is calculated. 
Once we have obtained ff, and since we have estimated the 
remaining parameters of eq (1) as explained in previous 
section, we can estimate PIf for that particular date as: 
 

𝑃𝐼 =  
( )

    (5) 

In order to obtain water level (WL) inside the floodplain 
we use the Tor Vergata radiative transfer model, developed 
by [13]. With this model we estimate, according to 
vegetation parameters and for each frequency available in 
passive microwave data, the PIf for every WL up to 
vegetation being covered by water. Then we invert this 
model and select as the floodplain water level the WL that 
has the closest estimation of PIf for all the frequencies 
simulated. 
 
2.3. Analysis of the relation between flooded area 
fraction and hydrometric height from adjacent rivers. 
River WL has been considered as the best proxy for 
temporal variations in flooded area on large floodplains of 
South America [7], [8]. This assumes there is a monotonic 
relation between those variables and implies the relation on 
the WL increase phase is the same as the one in the WL 
decrease phase. That would be the case in floodplains that 
do not retain water for long periods (only while WL is 
high), since the flooding rate is the same as the drying rate 
(there is no hysteresis).   
However, this is not always the case. There are many 
floodplains that retain water for long periods after river WL 
has receded, especially floodplains that are surrounded by 
a perimeter levee. In that case, water that enters the 
floodplain by river overflow gets “trapped” inside the 
floodplain, and leaves it through much slower mechanisms 

like infiltration, evapotranspiration or runoff through the 
inside of the plain. Here, the phases of WL increase and 
decrease show completely different behaviors, and any 
analysis of the flooded area and river water level 
relationship must be carried out separately for those phases.  
 
For instance, in the theoretical case shown in fig. 2, when 
both river and wetland water level are below levee level (A 
in Fig. 2), river water level changes has little effect on 
flooded fraction. When water level reaches levee level (1 
in Fig. 2), a small increase in river water level produces a 
large increase in flooded area fraction. This situation is 
sketched in Fig. 2 as (B). Then, when river water level 
reduces to normal values, flooded area fraction remains 
high, due to poorer drainage conditions (C in Fig. 2). This 
would implicate that the floodplain is working as a water 
reservoir, since the water stays inside the floodplain when 
river water level has descended. This kind of effect is the 
explanation of the known buffer effect of wetlands. The 
magnitude of this buffer effect will depend on how much 
time wetlands can hold the water, and how gradually the 
discharge is done, being to the same river or to the 
groundwater. When wetland water is finally drained, the 
initial condition is reached (A in Fig. 2). 
 

 

Fig. 2: Schematic of the expected results for the relation 
flooded area fraction/ hydrometric water level. Left: 
flooded area fraction vs hydrometric water level 
expected graph. Right: Equivalent topography 
schematic resulting from the graph on the left.   

The presence of a simple and sound relation between 
flooded area fraction and river stage would mean the latter 
could be used as a proxy for the former.  For instance, [7], 
[8] performed polynomial regressions between flooded 
area and river WL in order to find a predictive equation to 
extend the flooded record beyond the timing of passive 
microwave acquisition using river stage values. Thus, to 
study whether it is possible to use Parana River WL in 
Rosario as a proxy for ff, we evaluated the relationship 
between these 2 variables using 3 different regression 
equations: 2nd degree polynomial, 3rd degree polynomial 
and exponential.  
Visual inspection of the data showed that during river WL 
increase phase the relation between these 2 variables was 
different than during river WL decrease phase. Thus, the 
regressions were carried out separately for the two phases. 
The increase phase was defined from the first estimation of 
ff up to the date when maximum WL was reached in 
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Rosario station. The decrease phase was defined from that 
date until the last ff estimation. 
We studied the events of 2007, 2009-2010 and 2013 
separately, and the combination of the 3 events. Each 
microwave band and pass direction was studied separately. 
Fig. 3 shows flowcharts for the methodology used in this 
project. 
 

 
 

 
 

Fig. 3: Flowchart of new methodology implemented. 
Upper: flowchart of the methodology applied for 
flooded area fraction monitoring; lower: flowchart 
applied for the analysis of the flooded area fraction – 
floodplain water level relationship 

 
2.4. Relationship between accumulated river flow and 
floodplain stored water volume. 
We evaluated the relationship between changes of 
floodplain stored water volume (ΔVol) and Parana River 
accumulated flow measured in Timbues station, located 
closely up waters of our study area, as a way to analyze if 
the volume of water stored in the floodplain relates to the 
volume of water that goes through the Parana River during 
flooding events.  
If our retrievals are correct, we expect to find a good 
relationship between the studied variables in the increase 
phase of the event, since at least part of the accumulated 
river flow should be the source of the water that enters the 
floodplain and gets stored there. As explained in the 
previous section, since our study area is surrounded by a 
perimeter levee, we expect the decrease phase will show a 

poor relationship between changes in floodplain ΔVol and 
accumulated river flow. 
This was a 4 step procedure: 
1) We calculated the volume of water at the floodplain at 
each date for which we have ff and WL estimations (dates 
with coincident acquisition of SAR and passive microwave 
data). 
2) We calculated ΔVol between successive volume 
estimations 
3) We calculated, for the same periods of step 2, the 
accumulated Parana River flow for Timbues station. 
4) We performed regressions using 3 different equations: 
lineal, 2nd degree and 3rd degree polynomial. The 
regressions were carried out separating the increase and the 
decrease phase of the events, band and pass direction.  
The increase phase was defined from the first estimation of 
ff up to the date when, after the maximum river level was 
reached, WL decreased below 4 meters (level at which 
water stops entering the floodplain). The decrease phase 
was defined from the end of the increase phase up to the 
last estimation of water volume available. We studied the 
events of 2007 and 2009-2010 separately, and the 
combination of both events. Each band and pass direction 
was studied separately. 2013 event was not included 
because we had only 4 estimations of ΔVol. 

 
3. RESULTS 

3.1. Results over Paraná floodplain near Santa Fe City 
(Master’s thesis for CONAE-UNC Masters in 
Applications of Spatial Information). 
The study of this area was carried on through a Master’s 
thesis [15]. In this work we reproduced the methodology 
described in section 2.1, and shown on the upper subplot of 
fig. 3, for the flooding events of 2007, 2009-2010 and 
2014, in order to analyze its applicability to this study area 
for floods monitoring.  
Some of the obtained results are shown in figs. 4 to 8, and 
briefly explained. 

 

Fig. 4. ALOS PALSAR based flooded area maps for the 
flooding events of 2007 and 2009 (examples). Red shows 
flooded area, gray shows non-flooded area and blue 
shows water bodies. 

In fig. 5 we can observe that this area shows a larger lag 
between hydrometric water level and flooded fraction 
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estimated through SAR images (approx. 90 days) than the 
one that was observed for the Paraná River Delta (less than 
30 days). However, although AMSRE PIobs seems to have 
less sensitivity to river water level, does not show such a 
lag.  

 

Fig. 5: SAR derived flooded fraction and measured 
water level and PI (PIobs) as a function of time for 
AMSRE passive microwave sensor 

For this area, two different interpolation approaches for PIf 
were analyzed (Fig. 6): the linear interpolation, used for the 
Paraná River Delta in previous sections, and a “constant” 
approach, where the PIf calculated for a date with 
coincident acquisitions of active and passive microwave 
data is kept as a constant value until the following 
coincident acquisition when PIf is recalculated. Even 
though it is dubious that, given the progression of the 
flooding event, PIf remains constant for the period of time 
between two SAR acquisitions, this would be the only 
approach possible for an operative application, when 
information needs to be delivered quickly, and you do not 
have any available information on the progression of PIf 
values until the following SAR acquisition.  
 

 

Fig. 6: PIf value through time according with the 
interpolation method used. AMSRE C band case is 
shown as an example. Upper: linear interpolation; 
Lower: “constant” interpolation approach. 
 
Figs. 7 and 8 show the results of the estimation of ff at 
nearly daily basis from passive microwave AMSRE sensor 
using the methodological scheme shown in the upper 
subplot of fig. 3, and the PIf values shown in fig. 5, upper 
and lower, respectively.   

In both cases we can see that ff estimations are very noisy, 
with a larger noise in shorter frequencies, which could be 
expected given the noisy trend of PIobs shown in fig. 5. 
Nonetheless, some analysis can be done over the 
differences found with the two interpolation methods. 
We can see that the initial part of the time series have the 
same results for both methods. This is because in both cases 
the PIf used is the same, i.e. the one obtained from the first 
SAR ff estimation. The same can be said about ff 
estimations after the last SAR acquisition.  

 

 
Fig. 7: Estimated fraction of flooded area (ff) for 
AMSRE, for the 2007-2008 event, using the linear 
interpolation approach for PIf. SAR based ff and 
Paraná River water level are shown for comparison. 
Upper: C and X bands; Lower: Ka and Ku bands. 
 

 

 
Fig. 8: Estimated fraction of flooded area (ff) for 
AMSRE, for the 2007-2008 event, using the “constant” 
interpolation approach for PIf. SAR based ff and 
Paraná River water level are shown for comparison. 
Upper: C and X bands; Lower: Ka and Ku bands. 
 
In between SAR acquisitions we can observe differences in 
the performance of the PIf interpolation methods. For the 
linear interpolation approach we can see a more gradual 
increase of ff between the first and the second SAR based 
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estimation, which seems logical since in that case, PIf 
increases gradually, as opposed with the constant assumed 
value of PIf of the “constant” approach.  However, between 
the second and third SAR based ff estimation, the linear 
interpolation approach results in a much noisier ff 
estimation from passive microwave data. This is also 
observed, with a higher magnitude of noise, between the 
third and fourth SAR based ff estimation, leading in this 
case even to not valid flooded fractions of less than 0 and 
over 1. It is worth mentioning that in this case, the flooded 
areas were much lower than the ones observed for the 
Paraná River Delta for the same event in those dates. This 
led us to the hypothesis that the implemented algorithm 
loses sensibility at low flooded area fractions, since the PIf 
derived in those cases is low and close to the PInf, which 
leads to an unstable behavior, since any increase or 
decrease of PIobs, even the ones due to sensor noise, will 
lead to an extremely large change in ff as the only free 
variable.  
 
3.2. Analysis of Lower Parana River floodplain 
hydrological behavior: Can river water level help us 
predict flooded area?  
The objective of this work was to study flood dynamics in 
the Lower Paraná River floodplain. To this end, we first 
use passive and active microwave data series to estimate 
flooded area fraction and water level inside the floodplain. 
After that we evaluate the relationship between floodplain 
fraction of flooded area and Parana River water level to 
analyse how reliable river stage is as a proxy for flood the 
condition of the wetland. 
Fig. 9 shows the trends of available and estimated data. The 
first thing we can notice is that the trends of the different 
variables are correlated. For instance, ff estimated using 
SAR images follows the trend of river WL for the increase 
phase, however, it shows persistency after river WL has 
started to descend (ff remains over 0.4 for 2-3 months after 
river WL has descended from the point where water stops 
entering the floodplain). Flooded fraction estimated by the 
algorithm is much noisier than SAR ff, but it shows the 
same trends. We can see that both PIobs and estimated 
floodplain WL also follow the general trend of river WL 
during the increase phase, but not so much for the decrease 
phase of flooding events. 

 
Fig. 9. Available data and results from ff and WL 
estimations for the 2007, 2009-2010 and 2013 events. 

Figure 10 shows plots of the relation between ff estimated 
by the algorithm shown in the upper subplot of Fig. 3, and 
the Parana River WL in Rosario. We can notice that the 
increase and decrease phases follow different paths, and ff 
remains high after river WL has descended. This effect is 
called hysteresis and is responsible for the buffer effect of 
wetlands. This means that the water that enters the 
floodplain during the river increase phase is retained inside 
the wetland after river WL has descended, storing it and 
diminishing the flooding effect in cities at the opposite 
shore of Parana River, and cities down waters of the 
wetland. It can also be observed that even though PIobs data 
has been smoothed, these relationships have some noise, 
especially from ff. This is mostly due to the PInf and PIf 
retrieval scheme. 
 

 

 
Fig. 10. Estimated ff vs river WL (Rosario station). Left: 
increase phase. Right: decrease phase. Top: C band. 
Bottom: X band.  
 
In order to evaluate how good could Parana River WL be 
as a proxy for flooded area inside the wetland, fig. 11 upper 
left and upper right show the best regression results for the 
combination of the 3 events studied in the WL increase and 
decrease phase respectively. Parameters of the regression 
equation are detailed in Table 1. In both cases, the best fit 
was a 3rd degree polynomial equation. However, the 
results show that for the combined data of the 3 events, WL 
does only explain 59% and 41% of ff variability in the 
increasing and decreasing phase respectively. This means 
that WL is not a good proxy for ff inside the floodplain, or 
at least that there is no general equation that relates these 2 
variables for all flooding events. 
 
To see if poor regressions are an effect of the inter event 
variability, we studied each event separately. If so, we 
expect each event to show a good fit for the regression 
between ff and WL, though with a different equation for 
each one of them. Second, third and fourth row of figure 11 
show the results of these regressions.  
Table 1 show that WL explains nearly 82% of ff variability 
of the increasing phase of 2007 flooding event. This could 
be a good result, since it is higher than the one obtained by 
[10] for the Amazon floodplain and was used to extend the 
flooded area record from the 9 measured years to almost a 
century. However, figure 11 (second row left) shows that 
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this relationship is not univocal, since after a WL of 5 
meters approximately, WL increases and ff decreases. We 
must have in mind that these plots do not have 
consideration for the temporal dimension, and there are 
some short term (daily) variation in river WL that could be 
disconnected from ff variation, whose changes occur at 
slower temporal rates.   
For the decreasing phase of 2007 event we can see that WL 
explains almost 69% of ff variability. In this case, the 
equation that explains the relationship between these 2 
variables is simpler that the one observed in previous cases 
(2nd degree polynomial). It can be observed (Figure 11, 
second row left) that most of the error in this regression 
occurs at low values of WL, presumably at the end of the 
event, where ff retrieval algorithm is known to be less 
accurate [7],[10].  
Figure 11 (third row) shows that the relationship between 
ff and WL for the 2009-2010 event is similar to the one 
found for the 3 events combined. Table 1 shows that WL 
only explains 60% and 54% of ff variability in the 
increasing and decreasing phases of the event respectively. 
Although this values are larger than the ones found for the 
3 events combined, they are still not good enough to 
establish a relationship between the two variables. 
The best results for ff vs WL regressions (95% and 92% for 
the increasing and decreasing phase) is found for the 2013 
event (table 1, figure 11 fourth row). However, we must 
have in mind that this was the softest of the 3 events 
studied, as can be seen in the fact that river WL does not 
reach 5 meters, and that the timeframe of the event is 
shorter (smaller amount of points analysed).   
All the above indicates that there is no relationship between 
ff and river WL that can be used to reliably forecast the 
flooded area inside the floodplain using only river water 
level. This is due both to algorithm parameters error (as 
discussed previously) and floodplain complexity. 
 
Table 1. Best fit regression coefficients for ff vs river 
WL relationships. The regression equations between ff 
(Y) and river WL (X) take the form Y= 
p1X3+p2X2+p3X+p4. R2 is the coefficient of 
determination of the regression and RMSE stands for 
Root Mean Square Error 
 

 
 

  

 

  

  
Fig. 11. Best fit of ff vs WL regressions. Left column: 
WL increasing phase. Right column: WL decreasing 
phase. From top to bottom: combined data of 3 flooding 
events (2007, 2009-2010 and 2013), 2007 event, 2009-
2010 event, 2013 event. 
 
Our next step was to analyse the relationship between the 
changes in stored water volume inside the floodplain 
(∆Vol) and the accumulated river flow that goes through 
the river during the events. This was carried out for the 
events of 2007 and 2009-2010 separately and combined. 
In order to analyse the changes in volume from both 
sources of data we can consider 3 different situations:  
1) Accumulated river flow is much larger than changes in 
floodplain ∆Vol: this is the most likely scenario. It would 
mean that only a fraction of the water passing through 
Parana River enters the floodplain and is responsible for 
the flooding event, and gets stored inside the floodplain. 
2) Accumulated river flow is of the same order of changes 
in ∆Vol: this would mean that almost all the water going 
through the river is entering the floodplain and being stored 
there. 
3) Accumulated river flow is much smaller than ∆Vol: this 
would mean that there is another source of flooding for the 
study area. Since all the water passing through the river 
cannot explain the amount of water stored in the floodplain, 
this water must come from another source. This additional 
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source can be another river (here, the Gualeguay river), the 
same Parana River in a point located up waters from 
Timbues station (so the river flow entering the wetland is 
not measured), or a large rainfall event. 
 
At the same time, since we are comparing the changes in 
volume inside the floodplain, we can both have positive or 
negative changes, corresponding to an increase or a 
decrease of volume respectively, while accumulated river 
flow is by definition always positive. What we do expect is 
that negative changes of floodplain ∆Vol (decrease of 
water volume), are related with low values of accumulated 
river flow. This would mean that the volume of water 
entering the floodplain is less than the volume leaving the 
floodplain by infiltration, evapotranspiration or by runoff 
to another area of the floodplain located in down waters 
direction.   
 
Figure 12 shows that in every case, accumulated river flow 
is at least an order of magnitude higher than changes in 
water volume inside the floodplain. This means, as 
expected, that Parana River is the main source of flooding 
of the study area, and that only a part of the water that 
passes through this river enters the floodplain.  
Figure 12 and table 2 show that for the relation between 
changes in stored water volume and accumulated river 
flow, the combination of different events gives reasonable 
results (WL explains 69 and 62% of ff variability for 
increasing and decreasing phase respectively). Moreover, 
when both events are considered separately the 
accumulated river flow explains most of the variability in 
floodplain ∆Vol, especially in the increasing phase of the 
event (75% and 88% in the 2007 and 2009-2010 event 
respectively). This means that our retrieval scheme, though 
it may give noisy results for ff, is able to represent the 
changes of water volume inside the floodplain.  
The floodplain stored water volume is calculated by 
multiplying the SAR based ff and the floodplain WL 
retrieved using passive and active microwave and the 
emission model. Given the fact that floodplain WL 
estimation is based on the PIf parameter, the good results 
shown in figure 12 and table 2 indicate that the retrieval 
scheme and the values obtained for this parameter are 
reliable.  
However, ff estimations of the complete series of passive 
microwave data have shown not to be as reliable (as 
previously discussed). Given the fact that [7] found the 
algorithm to be most sensitive to errors in the satellite 
observations (in this case PIwet), and that PIf estimation 
for each ff retrieval date is critical for our study area 
because it changes with WL inside the floodplain, this two 
parameters are the ones that most likely produce the 
greatest errors in retrieval. The fact that the PIf retrieved at 
regular basis are sound, means that errors in ff retrieval are 
most likely associated with PIwet errors discussed 
previously, and with the interpolation scheme used to 
obtain daily values of PIf from the reliable PIf obtained at 
regular basis.   

If we look at the curves in figure 12 (left column, first and 
third row), we can see that for the 2009-2010 event, the 
relation between the 2 variables is monotonically 
increasing, that is to say, to more accumulated river flow, 
there is more volume of water that gets stored inside the 
floodplain. The same can be seen in the relation of these 
variables for the combination of the events, since the 2009-
2010 event contributes with more points to the increasing 
phase of the combination. 
 

  
 

  
 

  
Fig. 12. Best fit for ∆VOL (floodplain) vs ∆VOL (river) 
regressions. Left column: WL increasing phase. Right 
column: WL decreasing phase. Top row: 2007 and 
2009-2010 events combined. Central row: 2007 event. 
Bottom row: 2009-2010 event. 
 
Table 2. Best fit regression coefficients for ∆VOL 
(floodplain) vs ∆VOL (river). 

 
 
In the decreasing phase of the events, given the way it was 
defined, we did not expect to find a relation between the 
change of stored water volume in the floodplain and the 
accumulated river flow, since the river water level is below 
the floodplain levee level. However, at least for the 2007 
event we find a good relation between these two variables. 
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This could be due to the fact that when the Paraná river 
increases its flow, water does not only enter the plain as a 
laminar flux over the levees, but through smaller rivers and 
streams that go inside the floodplain and whose water flow 
depends directly of Parana River water flow. In this 
scenario, it is possible that a higher water flux in the Parana 
river leads to a higher flux in the smaller rivers and streams, 
making it slower for the floodplain to release the stored 
water, and when Parana River water flow decreases, the 
water level of the small tributaries decreases as well, 
making it easier for water to leave the floodplain through 
the reversion of the direction of the smaller streams, that 
instead of bringing water into the floodplain start leading it 
back to the Parana River. Of course, this is a much more 
complex dynamics, since as was stated previously, the 
water leaves the floodplain through several mechanisms 
(infiltration, evapotranspiration, runoff), that usually occur 
altogether, but with different temporal responses. 
 

4. CONCLUSIONS (SO FAR) 
 
Flooding dynamics is a complex topic in fluvial wetlands. 
The expected result in case of a robust algorithm would be 
a consistent estimation of flooded area fraction among all 
sensors and frequencies available.  
In this work we have analyzed the relation between flooded 
area fraction and river water level, and between floodplain 
stored water volume and accumulated river water flux. In 
the first case we found there is no general equation that can 
be used to forecast flooded area using river water level. We 
did find acceptable relations for the events taken 
separately, especially for the increase phase of the event. In 
the decreasing phase, there is much more dispersion of ff 
values, which diminishes the power of the found 
relationships. This was attributed to both floodplain inter-
event dynamics complexity, and to sensitivity of ff retrieval 
algorithm to inaccuracies of its parameters, especially the 
polarization difference index of flooded area (PIf). 
In the second case we found that changes in algorithm 
derived stored water volume inside the floodplain does 
reflect changes in accumulated river flow. This supports 
the idea that the main issue with the algorithm is PIf 
estimation, since when PIf can be accurately estimated, 
stored water volumes reflect the exchange of water 
between river and floodplain, especially in the increase 
phase of flooding event. 
 

5. ONGOING WORK 
 
As it was stated in the introduction, there are three Ph.D 
thesis in progress that are benefiting from the use of 
PALSAR and PALSAR 2 images. However, due to delays 
related to the pandemic, they don’t have preliminary results 
yet. We briefly describe them below. 
 
 
 
 

5.1. Remote sensing for studying the role of 
geomorphology as a conditioning factor of the hydric 
dynamics of the Lower Paraná system. 
This is the ongoing thesis project of Geologist Verónica 
Kwaterka, in order to complete her Ph. D. in 
Environmental Sciences for the San Martín National 
University (Universidad Nacional de San Martín, 
UNSAM). 
Its general objective is to contribute to the evaluation and 
prediction of water dynamics of the fluvial-coastal system 
of the Lower Paraná in different scenarios, and the effect 
that human activities have on it, through the development 
and implementation of quantitative models that take into 
account the geomorphology of wetlands.  
Furthermore, its specific objectives are: 
- To analyze the effect of geomorphological patterns, 

in terms of roughness and spatiality, in the flooding 
and hydrological dynamics of the region. 

- To create tools for the analysis of temporal series of 
satellite products which allow for the monitoring and 
understanding of the hydrological dynamics of the 
Parana River Delta. 

- To evaluate and compare the contribution of products 
derived from optical, passive microwave and SAR 
sensors for flood monitoring in the region and the 
early warning of extreme events. 

 
To complete its objectives, the thesis will implement the 
methodologies previously described in this document 
(amongst other) to a more detailed spatial scale, defined by 
the region’s geomorphological units instead of taking the 
region as a single unit. We expect this finer spatial 
resolution can provide better results for the relation 
between flooded area and hydrometric water level. 
Moreover, the thesis expected results are: 
- A comparative evaluation of the quality of the 

products obtained using optical, passive microwave 
and SAR sensors for the monitoring of floods and its 
early warning. 

- A set of methodologies to obtain maps of flooding 
risk and frequency, derived from the study of extreme 
events, based on different kind of satellite systems  

- The formalization of the link between flooded area 
fraction in different geomorphological units and the 
corresponding hydrometric levels. 

- A set of Manning roughness coefficients for the 
different geomorphological units that take into 
account the topography and land cover patterns.  

 
5.2. Design and implementation of machine learning 
algorithms for the study of wetlands 
This is the ongoing thesis project of Mathematician 
Mariela Rajngewerc, in order to complete her Ph. D. in 
Applied Sciences and Engineering, San Martín National 
University (Universidad Nacional de San Martin, 
UNSAM), in Buenos Aires, Argentina. 
The thesis chapter related to SAR data aims to determine 
spatial and temporal relationships between multi-source 
satellite observations (Sentinel-1, RADARSAT-2, ALOS-
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2, and SAOCOM) and biophysical features (aboveground 
biomass, water content, soil moisture) of emergent 
macrophytes and flood condition in fluvial wetlands. These 
relationships will be used to discriminate, map, and 
monitor different land cover types related to pasture and 
flood conditions, as required within the framework of 
national wetlands inventory. The link between ecological 
and remote sensing data will be accounted for both by 
existing classification and analysis algorithms (Random 
Forest [16], Support Vector Machine [17]) and by novel 
analysis techniques based on statistical and machine 
learning approaches (XGBoost [18],[19], AutoML [20]).In 
particular, our specific objectives to be accounted on the 
Paraná River floodplain are: 
  
- To compare the discriminatory power of C-Band 

(RADARSAT-2, Sentinel-1) observations with L-
Band (ALOS/PALSAR-2; SAOCOM) observations 
to distinguish different vegetation covers and flood 
conditions in a large river floodplain where volume 
scattering is the predominant mechanism. 

- To develop and implement methods for herbaceous 
wetland type discrimination and flood condition 
classifications using SAR images and data fusion 
techniques. 

- To improve the products' overall accuracy by using 
combined data sets (multifrequency SAR data, optical 
data, ancillary geographic data). 

- Develop open scripts based on novel algorithms and 
available software for the following steps: feature 
extraction (which polarizations, bands, indexes or 
components are to be used to improve target 
discrimination), classification and accuracy 
assessments. 

 
5.3. Spatial Identification of the Bank Line and Hydric 
Risk Zones using Remote Sensing 
This is the ongoing thesis project of Surveyor Alicia 
Blanco, in order to complete her Ph. D. in Legal Surveying 
and Remote Sensing, for Catamarca National University 
(Universidad Nacional de Catamarca, UNCa) in Argentina. 
  
The bank line (BL) can be defined as the territorial limit 
between the public water domain and the riverside 
properties that belong to the private domain. The 
determination of the BL is essential not only to separate the 
riverside properties that correspond to the private domain 
from the public water domain, but also to plan for territorial 
flood prevention policies and to analyze water irrigation 
areas in which different degrees of restrictions to land use 
should be established. Thus, the BL problem involves two 
main aspects that must be considered: the legal framework 
and the hydraulic-geometric delimitation of the channel. 
 
In this line, the thesis aims to develop a procedure based on 
satellite images, to identify and map the limits between 
river channels and riverside parcels when the bank line 
dimension has not been determined by the administrative 
authority, also establishing possible water risk areas. 

Furthermore, the specific objectives are: 
- To analyze the regulations regarding the 

determination of the BL of non-navigable rivers that 
are currently valid in Latin American countries. 

- To identify the competent administrative authority, in 
the different Argentine provinces, for the 
determination of the BL and analyze its regulations 
on the applicable methodology for such 
determination in the case of non-navigable rivers. 

- To analyze the guidelines defined by the ICAA 
(Institute of Water and Environment from Corrientes) 
to delimit non-navigable riverbeds in the measure 
plans for plots adjacent to watercourses lacking of BL 
determination. 

- To apply different remote sensing techniques and 
methodologies to optical and SAR systems for the 
identification of riverbeds and for the zoning of 
hydric risk in a pilot area within the Santa Lucia 
basin, in Corrientes Province. 

- To evaluate and verify, in the pilot area, the results 
derived from remote sensing techniques.  

- To develop a procedure guide of applicable 
techniques and methods for the identification of 
riverbed limits and for the zoning of hydric risk. 

- To generate genuine knowledge applicable to the 
delimitation of riverbeds and areas of hydric risk, 
which support the complex task of demarcation of 
riverside parcels boundaries and the definition of 
possible restrictions on land use as a preventive 
system against natural disasters. 
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1. INTRODUCTION

SMC (Soil Moisture Content) is the physical parameter that 

indicates the amount of water contained in shallow soil. 

SMC is a good indicator for the infiltration rate following 

meteoric events therefore is related to flooding, biological 

soil process and evapotranspiration. Information about 

spatial and temporal distribution of SMC is important in 

hydrology to forecast flooding caused by extreme meteoric 

events, management of water storage and stress vegetation 

monitoring. Dielectric constant in strictly related to SMC 

and it is proved that microwaves are highly sensitive to 

SMC [1]. Synthetic Aperture Radar remote sensing, also 

known as SAR remote sensing, is the most suitable system 

to obtain SMC maps. SAR multifrequency approach has 

been proved to be effective in soil moisture content 

estimation, this mainly thanks to their capability to 

disentangle different contributions on SAR signal [2].  

Different frequencies, different polarizations and different 

incidence angle have different sensitivity to soil physical 

properties. The opportunity to combine these signals leads 

to an accuracy improvement in physical parameter   

retrieval in particular, low frequency penetrates more than 

high frequency, furthermore high frequency is more 

influenced by vegetation. SAR backscattering depends 

both on soil and vegetation contribution.  

In this framework, the main objective of the project was to 

test multifrequency data (X, L and C band) to retrieve soil 

moisture in agricultural areas.  

2. MAIN ACHIEVEMENTS

The main achievements of the project can be summarized 

as follows: 

1) development of algorithms for the estimation of

soil moisture in different areas under variable

environmental conditions.

2) test of multifrequency approaches.

3) quantification of the uncertainties when a virtual

constellation of different satellites is used to

estimate soil moisture.

Moreover, it is worthwhile to underline the following 

aspects: 

• The integration of optical and SAR data by the mean of

machine learning techniques lead to an accurate

retrieval of soil moisture (RMSE = 4%). Combination

of contemporary acquisition of L and C band can

specifically be useful in case of densely vegetated

fields.

• In mountain areas, it is important to provide additional

information about topography and SAR Satellite local

incidence angle to obtain accurate results.

• The use of theoretical models can be used to support the

retrieval of soil moisture in vegetated areas.

• When combining data at different bands with a time lag,

in case of no abrupt changes, the performances differ

from 5% to 10% with respect to the ideal cases with

simultaneously acquisitions.

• In the analysed case studies, C, X and L band imagery

offer variable performances depending on soil

conditions (mainly NDVI levels). For high level of

vegetation, differences in performances can reach up to

50%, especially in the case of single pol. data.

• It is advisable to have at least two polarizations, even

though the addition of optical information determines

an improvement in the performances.

3. ATTACHMENTS

The following documents are attached to the cover letter: 

- Presentation held at ESA Living Planet 2019

(Milan, Italy, May 13-17, 2019) [3]

- IGARSS Proceeding for the paper: “Virtual

Constellation of X-C and L band SAR images to

assess soil and vegetation water content in

agricultural areas” [4].
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1. INTRODUCTION

The  use  of  SAR  interferometry  and  offset-tracking
between  repeat-pass  space-borne  Synthetic  Aperture
Radar (SAR) images is well established in research and
operational projects for the estimation of glacier motion.
Knowledge on ice surface velocity of glaciers and ice cap
contributes to a better understanding of a wide range of
processes related to glacier dynamics, for example glacier
mass flux, flow modes and flow instabilities (e.g. surges),
subglacial  processes  (e.g.  erosion),  supra-  and  intra-
glacial  mass  transport,  and  the  development  of  glacier
lakes and associated hazards In addition, the comparison
of the spatio-temporal variations of glacier velocities will
improve understanding of climate change impacts.

Within  the  ESA  Glacier_CCI  project  (http://www.esa-
glaciers-cci.org)  SAR interferometry  and  offset-tracking
of satellite SAR images are applied for the monitoring of
the  ice  surface  displacement  of  Arctic  glaciers  and  ice
caps. For many sites historical maps of the 1990's (ERS-
1/2) and 2000's (ALOS-1) were computed, but data gaps
existed  because  appropriate  satellite  data  were  not
acquired (ERS-1/2) or are not available at the European
Node in ESRIN (ALOS-1).  The first  goal of our project
was the monitoring of glaciers and ice caps dynamics on
selected Arctic sites using SAR offset-tracking procedures
of  JERS-1  and  ALOS-1  SAR data.  In  addition,  fringe
patterns  from  wrapped  differential  SAR  interferograms
were  proposed  to  manually  correct  the  outlines  of  the
drainage  basins derived from semiautomatic algorithms,
especially in terrain with low slope angles like the interior
of ice caps.

Starting from 2015 velocity fields of glaciers and ice caps
are  routinely  computed  within  the  ESA  Glacier_CCI
project  from  Sentinel-1.  The  systematic  acquisition
strategy of Sentinel-1 enables regular mapping every 12
or  24  days,  but  there  exists  periods  or  areas  without
valuable information because of lack of images or poor
quality  of  the results  at  C-band.  Upon consolidation of
suitable InSAR and offset-tracking processing strategies,
in  a  second  part  of  our project  we derived  ice  surface
displacement of Arctic glaciers and ice caps using ALOS-
2 to complement results based on Sentinel-1.

2. METHODS

2.1 SAR Interferometry

The  use  of  differential   SAR  interferometry   to  map
displacements at centimeter resolution  is well established
in research and operational projects (Luckman et al, 2002;
Dowdeswell  et  al.,  2008;  McMillan  et  al.,  2014).  The
interferometric  phase  is  sensitive  to  both  surface
topography  and  coherent  displacement  along  the  look
vector  occurring  between  the  acquisitions  of  the
interferometric image pair. The differential use of a high
resolution DEM allows the removal of the topographic-
related  phase  from  the  interferogram  to  derive  a
displacement map. Not to expect any major topographic
signal  left  on  the  differential  interferograms,  the
acquisition date of the DEM has to match that of the SAR
dataset  close  enough.  In  addition,  short  perpendicular
baselines  of  the  SAR image  pairs  are  required  so  that
phase  signals  can  be  interpreted  as  ice  surface
displacement  in  the  satellite  line-of-sight  direction  with
possible atmospheric disturbances.

2.2 SAR offset-tracking

Offset-tracking  procedures  of  SAR  images  are  an
alternative  to  differential  SAR  interferometry  for  the
estimation  of  glacier  motion  when  differential  SAR
interferometry is limited by loss of coherence, i.e. in the
case of rapid and incoherent flow and of large acquisition
time intervals  between the two SAR images (Strozzi  et
al., 2002; Paul et al, 2015). Whilst speckle based tracking
may be used to derive high resolution velocity fields from
pairs  of  SAR  images  possessing  speckle,  tracking  of
detectable features in SAR backscatter intensity images,
such  as  crevasses,  may  also  yield  useful  surface  flow
measurements.  This technique is more limited in spatial
resolution  and  coverage  with  respect  to  SAR
interferometry but allows pairs of images separated by a
multiple of a full satellite orbital cycle to be used where
such surface features exist.
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(a) (b) (c)

 ±8 m

Fig. 1 (a) Azimuth offset fields for the ALOS-2 PALSAR-2 image pair acquired between the 11th and 25th of February
2019 with an acquisition time interval of 14 days. (b) Estimated ionospheric induced azimuth shifts after filtering and

integration. (c) Residual shifts containing only ground motion.

2.3 Mitigation of ionospheric-induced azimuth shifts

In polar regions, the measurement of the azimuth offset-
field  is  often  corrupted  by  spurious  shifts  induced  by
ionospheric  variations,  in  particular  at  L-band  (e.g.
Strozzi  et  al.,  2008).  In  the  example  of  Figure  1a,
referring  to  a  14-day  ALOS-2  PALSAR-2  image  pair
around Kronebreen (Svalbard), errors of about +/-2 m in
14 days are visible in the azimuth offset-field as alongated
shifts in nearly the range (horizontal) direction. In order to
correct for the azimuth shifts, De Zan and Gomba (2019)
proposed to  exploit  the difference  between the azimuth
shifts calculated for a lower and an upper sub-band of the
azimuth bandwidth (i.e  the  differential  shifts).  The two
shifts are identical for a physical shift on the ground and
will cancel  out in the difference,  but they will differ in
case  of  ionospheric  oscillations.  In  particular,  the  shift
difference corresponds to the second azimuth derivative
of  the  ionospheric  phase  screen.  Considering  that  the
azimuth  shifts  reflect  the  first  derivative  of  the  phase
screen, the correct operator to retrieve the azimuth shifts
from  the  differential  shifts  is  an  integrator  in  azimuth
direction. The differential  shifts are rather noisy and an
averaging step is needed. Figures 1b shows the estimated
azimuth shifts for the 14-day ALOS-2 image pair around
Kronebreen. The residual shifts of Figure 1c should then
contain  only  ground  motion  plus  components  of  the
ionospheric  disturbances  that  the  filter  was  not  able  to
estimate correctly.

3. SELECTED RESULTS

3.1 Changes in the flow of glaciers over Novaya Zemlya

Ice  surface  velocity  maps  over  Novaya  Zemlya  were
computed  with offset-tracking  of  JERS-1 data in  1998,
ALOS-1  PALSAR-1  data  from  2008  to  2010  and
Sentinel-1 data from 2019 to 2020 (Figure 2). In general,
we observe a steady increase of frontal  velocities along
with a retreat of frontal positions. The estimated error of
the JERS-1 data separated by a repeat-cycle of 44 days is
on  the  order  of  ±20  m/year,  that  of  the  ALOS-1
PALSAR-1 data separated by a repeat-cycle of 46 days is
about  ±10  m/year,  and  that  of  the  Sentinel-1  data
separated by a repeat-cycle of 12 days is between ± 20
and ± 30 m/year.

3.2 Speed-up of the Vaviloc Ice Cap (Severnaya Zemlya)

Over  the  Vavilov  Ice  Cap  (Severnaya  Zemlya)  we
observed  since  2015  a  strong  increase  in  ice  surface
velocity  along  with  a  very  strong  advance  in  frontal
extension (Strozzi et al., 2017). We captured the changes
in  velocities   from  ALOS-1  PALSAR-1,  ALOS-2
PALSAR-2  ScanSAR,  Sentinel-1  and  Radarsat-2  Wide
Ultra Fine (WUF) data (Figure 3). The surge started at the
glacier  front  and  migrated  up-glacier  afterwards.  The
increase in velocity is very strong, up to the summer of
2016 values of almost 7000 m/year (i.e., almost 20 m/day)
were  observed.  During  autumn  and  winter  2016/2017
there  is  a  decrease  of  velocities.  The  satellite  optical
images  of  summer  of  2010  and  2016  nicely  show the
advance of the glacier into the sea in recent years.
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Fig. 2 Ice velocity for Novaya Zemlya from (a) JERS-1 from 19980121 to 19980325, (b) ALOS-1 PALSAR-1 from
20081211 to 20100429 and (c) Sentinel-1 from 20190519 to 20200410. (d) Difference between JERS-1 and Sentinel-1.

Fig. 3  Vavilov Ice Cap (Severnaya Zemlya): satellite optical images from Landsat-7 on 07-09-2010 (a) and Landsat-8
on 15-07-2016 (b), ice surface velocity maps from ALOS-1 PALSAR-1 in 2010 (c), ALOS-2 PALSAR-2 in January

2015 (d), ALOS-2 PALSAR-2 in August 2015 (e) and ALOS-2 PALSAR-2 in August 2016 (f), and time-series of
surface displacements on a profile along the centre flow-line of the glacier from ALOS-1 PALSAR-1 (P1), ALOS-2

PALSAR-2 (P2), Sentinel-1 (S1) and Radarsat-2 (R2) data (g) (Reference Strozzi et al., 2017).

3.3 3D Surface flow over Franz-Josef Land

Offset-tracking is more limited in spatial resolution and
accuracy with respect to SAR interferometry and the flow
fields of slow-moving glaciers are not well captured. On
the  other  hand,  the  use  of  SAR interferometry  for  ice
velocity  mapping  over  glaciers  is  limited  by  temporal
decorrelation and requires  short  time intervals.  With its
14-day observation scenario ALOS-2 ScanSAR data are
increasingly  available  in  Arctic  regions. We  tested
processing lines for the computation of ice velocity using
InSAR  along  with  offset-tracking  and  investigated  the
applicability for the mapping of the flow fields of slow-

moving  glaciers.  As  an  example,  the  3D  ice  surface
velocity over Moscow Ice Cap (Hall Island, Franz-Josef
Land) computed from offset-tracking of Sentinel-1 data
and from the SAR interferometric analyses of two ALOS-
2 image pairs of the ascending and descending orbits are
shown in Figure 4. The flow fields of the slow-moving
glaciers  over  the interior  of  the  ice  cap  with velocities
below 30 m/year  are  much better  depicted  with InSAR
than with offset-tracking.  On the other  hand,  InSAR is
limited by decorrelation for velocities larger than about 50
m/years  and  there  is  from  offset-tracking  valid
information only over the outlet glaciers.
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(a) (b)

  30 m/a

Fig. 4 Ice velocity over Moscow Ice Cap (Hall Island,
Franz-Josef Land) from (a) Sentinel-1 offset-tracking

between 20200206 and 20200218 and (b) ALOS-2
PALSAR-2 InSAR with image pairs from ascending
(20180206 / 20180220) and descending (20200201 /

20200215) passes.

3.3 Drainage divides from interferometry

In  order  to  split  contiguous  ice  masses  into  individual
glacier  entities,  digital  drainage  divides  are  required.
Manual glacier separation by visual inspection of ice flow
patterns is time-consuming and difficult. Semi-automatic
algorithms that use a digital elevation model, outlines of
glacier  complexes and hydro-logical  modeling tools are
often  considered.  A  closer  visual  comparison  of  the
derived  extents  of  individual  glaciers  with  the  flow-
velocities  derived  from  SAR  data  often  revealed
important inconsistencies (Figure 5). Fringe patterns from
wrapped  differential  SAR  interferograms  were  thus
proposed by Rastner et al. (2017) to manually correct the
outlines  of  the  drainage  basins  derived  from
semiautomatic algorithms, especially in terrain with low
slope like the interior of ice caps. With the increasingly
availability  of  coherent  winter  6/12-day  Sentinel-1  and
14-day  ALOS-2  PALSAR-2  interferograms,  the  use  of
fringe  images  to  update  drainage  divides  can  be  now
applied to all major Arctic ice caps, with consistency tests
across scene pairs.
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1. INTRODUCTION

Changes in soil surface elevation can be caused by 
various exogenous and endogenous geological processes. 
D-INSAR methods based on phase shift analysis of echo-
signals of multi-temporal images allow estimating soil
surface changes with centimeter-level accuracy over large
areas, not inferior to geodetic methods [1, 2].
Contemporary studies attracting D-INSAR are related to
the analysis of surface level changes under the influence
of both natural and technogenic factors: underground
workings [3], oil extraction [4, 5], development of
urbanized territories [6].
In the cryolithozone, one of the main causes of changes in
the soil surface elevation is seasonal freezing-thawing
cycles in soils with different content of ground ice [7]. In
this connection, in recent years, researchers have become
increasingly interested in monitoring natural deformations
of the cryolithozone soil surface as indicators of
permafrost conditions restructuring at the local or regional
levels. The balance of multidirectional seasonal
sedimentation and frost heave processes serves as one of
the indicators of permafrost changes (permafrost) and
development of thermokarst processes. The intensity of
winter frost heave and summer precipitation of the soil
surface is closely related to weather and climatic
conditions [8, 9]. Meteorological observations in northern
Russia demonstrate the presence of a steady warming
trend in 1976-2012, observed by an increase in surface air
temperature (SAT) [10]. As a result, the degradation of
the permafrost increases and the biological productivity of
tundra communities increases, but the response of various
components of the natural environment to climate change
in the Arctic is ambiguous [11]. High informativity of D-
INSAR has been noted in studies of ecosystems in Alaska
[12], the Canadian Arctic Archipelago [13, 14], Central
Siberia [15, 16], the mountain plateaus of Tibet [17], etc.
The increased frequency of surveys (for Sentinel-1A/B up
to 6-12 days) has made the method indispensable for
observation of seasonal changes in the mosaic landscapes
of the cryolithic zone. However, the data series generated
for meteorologically different years are not yet as long
and require verification by ground-based observations.
The main limitation for the use of D-INSAR in
monitoring of northern territories is the lack of available
and correct instrumental field data to verify the results
obtained. This is primarily due to the phasing out of many
long-term measurement programmes at complex

geocryological and biocenotic stations. The establishment 
and expansion of the circumpolar active layer monitoring 
(CALM) instrumental system network has facilitated the 
resumption and harmonization of the collection of 
multiyear data series on seasonally thickness of the active 
layer and seasonal soil surface deformations in the 
permafrost zone [18]. 
The objective of this work is to compare seasonal and 
interannual variations in soil surface elevation of the 
permafrost zone within the foothill plain of the Polar 
Urals obtained from interferometric pairs of ALOS 
PALSAR images and field topographic survey data for 
meteorologically contrasting years. 

2. RESEARCH REGION

The study area is located in the extreme northeast of 
European Russia on the border with the Polar Urals in the 
southern hypoarctic tundra subzone (19) (Fig. 1).  

Fig. 1. The region location and main ALLOS. Borders 
of scenes («a» and «b») are presented). 

The permafrost table has a complex configuration, with 
through taliks cutting through it on watershed massifs and 
under riverbeds. The depth of seasonal thawing of soils is 
highly differentiated depending on the nature of 
vegetation cover and snow thickness. Shallow (up to 1 m) 
occurence of the permafrost is typical of moss-bush 
tundras, while under coarse-bush communities the 
permafrost is usually found at a depth of 1-2 m and more 
[20]. Based on the analysis of the vegetation cover map 
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constructed by supervised classification methods using 
Landsat 7 ETM+ images (Survey 13, 7.7.2000) (Fig. 2), 7 
dominant classes of vegetation cover are identified in the 
study area. Complexes of zonal communities of shrubby 
(20.7% of the image area) (№№3 see Fig. 2), small-herb 
(15.6%) (№2) and brush-lichen (4.7%) tundra (№1) are 
presented. Azonal groups include willow groves (42.2%) 
(№4), marsh complexes (5.6%) (№5) and areas of grass 
communities (0.6%) (№6). Areas without vegetation 
cover (№7) were found in 10.3% of the area. 
 

 
Fig. 2. Vegetation cover of region 

 
The study area and satellite images were selected based 
on the location of the CALM R2 monitoring site (67°35.4' 
N; 64°9.9' E), which is situated 13 km northeast of 
Vorkuta and has a long-term series of measurements of 
thickness of the active layer thickness, surface elevation 
and soil temperature. The 81 x 88 m CALM R2 site is 
located on the southwestern slope of the riverside 
escarpment and contains a network of 99 permanent 
observation pickets with cell size of 9 x 8 m (Fig. 3).  
 
The slope of the site surface averages 3° and the height 
difference does not exceed 4 m. The main orographic 
elements of the area, where the site is located, are hilly-
ridgy uplands with flat and slightly convex peaks, a 
slightly wavy surface and long gentle slopes. The 
vegetation cover of the site is mosaic, dominated by 
communities of fine-herb-moss tundra on the tops of 
watershed ridges, shrub communities on the slopes of 
ridges and bog complexes in depressions and on flat tops 

of ridges. The site is dominated by gley soils on silty 
loams, with underlying permafrost varying from 40 to 
50% [8]. The average thickness of the active layer during 
the study period ranged from 86 to 89 cm. 

 
Fig. 3. The localization of the site (A) and observation 
points within the CALM R2 monitoring site and 
relative to the calculated 25 m grid of ALOS PALSAR 
satellite imagery (B) (blue color indicates the pixels 
assigned to the class "lower parts of the ridges" 
during the analysis, red – "upper parts of the ridges").  
 

3. FIELD MESURMENTS 
 

Monitoring surveys at the key site. To determine 
frost/soil surface subsidence at all grid nodes of the site, 
absolute elevations of the permafrost table and soil 
surface were determined annually after snow melt (late 
May) and at the end of the warm season (late September). 
The measurements were carried out with a Geobox N8-32 
level giving an error of 1.5 mm per 1 km of return travel. 
A state geodetic benchmark located 100 m from the site 
was used as a stationary reference point to determine 
absolute heights.  
 

 
Fig. 4. View of test site 

 
4. ALOS PALSAR DATA PROCESSING 

 
Satellite imagery processing. Satellite images were 
processed in ENVI SARscape module. Phase unwrapping 
was calculated in automated algorithm "Minimum cost 
flow". During phase unwrapping procedure parameters of 
ground control points (GCP, ground control points), 
localized within sections of the runway of Vorkuta airport, 
were taken into account. ALOS PALSAR images of 
2007-2011 (Fine Beam Dual scanning mode, L-band, 23.5 
cm wavelength, 34.3º viewing angle for all scenes) were 
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used for building two sets of overlapping interferometric 
pairs. In the L-band radar survey, the height of vegetation 
is not taken into account and the signal is reflected 
predominantly from the soil surface. 
Relative changes of the soil surface are determined by 
comparing images with "master" images (15.08.07 and 
18.09.07). Their choice is determined by the smallest 
visual transformation of the resulting interferograms, 
related to the atmospheric phase delay. For most of the 
compared images the perpendicular base component (Bn) 
had acceptable values (from 298 to 2128 m). The 
ArcticDEM digital elevation model [21] was used as a 
source of elevation data for the differential interferogram 
calculations.  
 
Near 12 scenes of ALOS PALSAR satellite (L range, 
FBD) of period 2007-2011 year were used. Because 
interval between shooting 45 days We used to packets of 
images (527/1350 17:35 UTC and 529/1350 17:42 UTC) 
with the combination.  
 
The displacement image was calculated for a satellite 
image grid with a pixel size of 25 m and noise 
suppression was performed using adaptive filtering prior 
to phase sweep. Information on the time of the survey 
(17:30 UTC) allowed us to establish the nature of the 
weather conditions. The presence of precipitation and 
cloud cover had no effect on the acquired characteristics 
of most images. Areas with signal distortions caused by 
external causes were excluded from the analysis.  
 
Analysis of temporal changes in the soil surface. Two 
approaches were used to characterize seasonal changes in 
the surface of the key area. In the first approach, pairs of 
PALSAR images of the same group were involved in the 
analysis, the maximum difference in the period of the 
images during a season (for summer rainfall 30.06 - 
30.09.2007 and 08.07 - 23.08.2010; for winter frost 
30.09.2007 - 02.07.2008). Available image pairs often did 
not reflect maximum values of seasonal precipitation and 
heaving, but comparison of satellite measurements with 
instrumental field observations made on adjacent dates 
allows comparison of the methods used. The second 
approach focuses on the course of seasonal surface 
changes using a complete set of scenes. The minimum 
survey interval ALOS PALSAR provides interferometric 
measurements every 46 days. This allows for no more 
than 3-4 images per year during the snow-free period. The 
calculated interferograms included two spatially 
overlapping groups (the contours of their boundaries are 
marked in Fig. 1A as "a" and "b"). Change of soil surface 
level was calculated for all images in the baseline 
("master") scenes on 18.09.2007 (for group "a") and 
15.08.2007 ("b"). Master images are not mutually 
calibrated by soil surface height and were obtained for 
different dates, therefore recalculation of indicators of 

different groups was performed using scenes of different 
sets, but obtained for adjacent dates of survey of the end 
of vegetation period of 2007. (images of 18.09.2007 for 
group "a" and 30.09.2007 for group "b"). Soil surface 
level at the same sites for these scenes is taken as equal 
values, the whole set of indicators for the groups, thus, is 
reduced to one base scene (15.08.2007). 
 
Analysis of spatial referencing of ALOS PALSAR 
imagery showed "sub-pixel geopositioning accuracy". 
The CALM R2 monitoring site is completely covered by 
19 pixels of the satellite image matrix (Fig. 3). In order to 
perform a comparative analysis of discrepancies between 
ALOS PALSAR data and instrumental measurements, the 
values from field observations are averaged according to 
their localization in satellite image pixels. The number of 
field measurements per pixel varied from 1 to 10. The 
results of satellite and field instrumental measurements 
were used to compare summer precipitation between the 
contrasting meteorological years 2007 and 2010. Winter 
frost values were calculated for the hydrological year 
2007-2008. 
 

5. RESEARCH RESULTS 
 

Comparison of the convergence of soil surface 
elevation changes from satellite imagery and 
instrumental field measurements. When comparing the 
results of D-INSAR survey processing and field 
measurement data, the sample of 2007 soil surface 
elevation changes is divided into two conditional groups 
according to their position in the relief (Fig. 5A): drained, 
mostly upper parts of the hill ("top", 7 pixels) and lower, 
more moistened ("bottom", 12 pixels) areas. This division 
between compared data from different methods shows 
significant correlations (rank correlation coefficient (r) 
0.83, probability (p) < 0.05 for the group "top" and "foot": 
r=0.86, n=12, p<0.01). For the pixels at the bottom of the 
hill, the values had the smallest differences. Satellite 
measurements showed relatively low values and 
amplitude of variation compared to point field data. The 
upper drained parts of the escarpment were characterized 
by smaller seasonal changes in surface elevation (from 
1.1 cm elevation to 1.7 cm settlement) according to D-
INSAR. Instrumental site measurements were 
characterized by greater magnitude and amplitude of 
variation (from 2.6 to 9.0 cm of settlement). On the lower 
areas of the escarpment, the data from the compared 
methods showed only a small variation in the soil surface: 
for the first method, from 0.8 to 4.4 cm, and for the 
second, from 1.4 to 7.0 cm. The more pronounced soil 
surface subsidence in the lower part of the site is 
associated with melting of active layer in the area with 
close occurrence of bedrock cliff material (1 m and 
deeper). The reason for the difference in the results of 
field and satellite methods is related to the different areas 

943



of the measured areas: the instrumental measurements are 
point, pixels of ALOS PALSAR images characterize 
surfaces of 25x25 m. Deviations between results of 
different methods decreased with increasing number of 
measurement points per pixel (r2=0.58, n=12 and p<0.01 
and r2=0.59, n=7 and p<0.05) and were minimal (to 1.0 
cm) for lower parts of the upland at (n=7-8) (Fig. 5G). 
 

 
 
Fig. 5. Seasonal changes in ground surface elevation 
according to satellite imagery and field measurements: 
mean values with standard deviations for the periods 
30.06 - 30.09.2007 (A), 08.07 - 23.08.2010 (B), 
30.09.2007 - 02.07. 2008 (C), where negative values 
correspond to the precipitation; differences in the 
values obtained using these methods depending on the 
frequency of field measurement points in the ALOS 
PALSAR grid pixel for the periods 30.06 - 30.09.2007 
(D), 08.07 - 23.08.2010 (E), 30.09.2007 - 02.07.2008 (F). 
Groups of pixels: 1 - bottom of upland, 2 - top of 
upland. 
 
The largest deviations (up to 7.3 cm) were obtained for 
sections of the uplands with single instrumental 
measurements per pixel. On average, the discrepancies 
decreased from 0.2 ("foot") to 0.3 cm ("top") per 
additional point. The high convergence of the results 
obtained by different methods in 2007 was also due to the 
maximum correspondence between survey and field dates. 
For the 2010 growing season, the survey capability was 
limited by the shorter D-INSAR observation period (46 
days). Weak to medium amplitude soil surface elevations 
(08.07 - 23.08.2010) observed from satellite (0.3-3.2 cm) 
and instrumental measurements (0-5 cm) were recorded 
for the key area. Deposition up to 3.5 cm was recorded for 
several pixels (Figure 5B). The subdivision of pixels into 
groups according to their position in the relief was not 

consistent with 2007. The instrumental measurements 
were characterized by high variability. Increasing the 
number of measurements per pixel did not increase the 
comparability between satellite and field measurements 
(Fig. 5D), due to less overlap between the observation 
intervals of the different methods. The relatively low 
values of surface precipitation are due to the lower 
summer air temperatures and the high (44% above the 
annual average) amount of precipitation during the 
vegetation season of 2010. The change in soil surface 
elevation in the warmer and less humid 2007, 
demonstrates the response of permafrost soils to higher air 
temperatures depending on the position in the topography. 
During the 2007-2008 winter period, frost heave at the 
monitoring site was recorded in the range of 1.7-6.2 cm 
by satellite and 0-6.0 cm by instrumental data. The 
greatest displacements on the satellite D-INSAR were 
shown by the areas assigned to the "foothill" group (Fig. 
5B). Increasing the pixel repetitions of measurements did 
not increase the convergence. 
 
Peculiarities of soil surface dynamics for vegetation 
periods of different years were established based on 
comparison of precipitation amplitudes in pixels of 
satellite images covering the monitoring site. Similar to 
the results of instrumental studies, the maximum soil 
surface precipitation during the observation period 
prevailed in 2007 (Fig. 6). In 2007, the average change in 
soil surface elevation in the upper part of the escarpment 
was characterized by lower values (0 to 1 cm 
precipitation) relative to the lower part (2 to 4 cm 
precipitation). Inconsistent seasonal variations in values 
on the 2010 scenes. - decrease (from 26.06.10 to 
08.07.2010) and subsequent increase by 11.08.2010, is a 
consequence of using different sets of scenes (527/1350 
and 529/1350). 
 

 
Fig. 6. Seasonal and interannual surface displacement 
for individual pixels of CALM R2 site. The group of 
Palsar 527/1350, 529/1350 are presented.  
 
In terms of precipitation values the weather conditions of 
summer season 2009 is closer to 2010 and 2007 to 2008, 
which is confirmed by the values of soil temperatures and 
meteorological parameters of the periods in question. In 
years with relatively cold summers (2009 and especially 
2010), seasonal frost heave was weakly compensated by 
summer precipitation. 
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Seasonal and inter-annual changes in soil surface at 
the regional level. The possibility of covering large areas 
by satellite imagery (the ALOS PALSAR scene covers an 
area of 69x87 km) makes it possible to identify changes in 
soil surface elevation of vast areas. The maximum 
indicators of rise and fall of the soil surface in the region 
are confined to areas of fresh backfill and excavation in 
the area of industrial sites. Significant in amplitude 
(greater than 16 cm) but small in area (0.7 - 1.0 km in 
diameter) summer subsidence of the soil surface in 
undisturbed ecosystems is evident locally at scenes of 
different years (Fig. 7).  
 

 
 
Fig.7. The samples of Earth displacement of ALOS/ 
PALSAR at 2007 and 2010 years 
 
Such sites are confined to the mining allotments of the 
Vorkutaugol branch of JSC and are associated with the 
influence of coal mining. The localization of dip sites did 
not coincide in different years (Fig. 8), their field studies 
in 2012 did not reveal visible changes in the surface, 
structure and composition of plant communities. 
The monitoring of vertical displacements by radar data 
must be actively add and combine with systems of 
ecological, geological and cryological observations of 
industrial objects.  
 
The natural tundra ecosystems are characterized by the 
absence of significant seasonal changes in the soil surface 
(Fig. 9). The largest areas demonstrating summer 
lowering of the soil surface (up to 3.0 cm) are confined to 
large runoff troughs and depressions within the block 
relief on moraine sediments. In marsh ecosystems and 
shrub tundra sites in the summer of 2007 and 2010, slight 
(1.5 - 3 cm) and moderate (3 - 4.5 cm) surface 

depressions (30 - 40% of the area) were observed in their 
amplitude. Low surface elevation of soils was observed in 
23% of the area of shrub-lichen tundra. Ermine and 
meadow communities showed no significant changes. 
 

 
Fig. 8. Earth displacement with ALOS/ PALSAR 
(2007-2010) around Vorkuta coal field (Background 
image Sentinel 2 25.07.2019 [22] 
 
Soil surface dynamics in the region are significantly 
influenced by the distribution of Quaternary rocks. In the 
flat part of the study area, maximum soil surface 
subsidence (1.5-4.5 cm) was observed in 2010, expressed 
more weakly in 2007. (Fig. 9).  
 

 
А. 
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Fig. 9. Changes in soil surface elevation of the western 
slopes of the Polar Urals for the periods 15.8.2007-
30.9.2007. (A) and 8.7.2010-23.8.2010. (B). Negative 
values correspond to soil surface precipitation. Color 
highlights changes in soil surface: 1 - more than -4.5 
cm; 2 - from -4.5 to -3.0 cm; 3 - from -3.0 to -1.5 cm; 4 
- from 1.5 to 3.0 cm; 5 - from 3.0 to 4.5 cm, 6 - more 
than 4.5 cm. Minor changes (-1.5-1.5 cm) are not 
marked in colour. A digital elevation model (SRTM 
90) is presented in the background. The inset shows 
areas around Vorkuta (areas of development and 
vegetation disturbance are marked in pink).  
 
Rather large in extent areas with summer soil surface 
uplift (up to 1.5-4.5 cm) are observed in the foothill areas 
of the Polar Urals (watersheds of the Bolshaya and 
Malaya Usa Rivers). These areas are confined to the 
youngest moraines of the Hanmei Late Pleistocene 
glaciation glacial complexes [23, 24]. The surface 
elevation of soils is most clearly recorded in the 2010 
images. 
 

6. DISCUSSION 
 
The values of seasonal changes in soil surface elevation 
obtained from satellite images at the CALM R2 site and 
the adjacent study area had similar amplitudes to those 
recorded in other Arctic sectors. According to TerraSAR-
X data, up to 2.0 cm of rainfall was recorded in 40% of 
the Lena River delta tundra ecosystems in 2013 -2014 
[16]. The mean values of the index varied depending on 
the features of the compared years from 1.7 ± 1.5 cm in 
relatively cold 2013 to 4.8 ± 2.0 cm in warm 2014. The 
amplitude of soil surface changes from North Slope 

County (Alaska) ERS 1/2 SAR images during the 1992-
2000 summer periods ranged from 1-4 cm [24]. 
Results from RADARSAT-2 scenes of the Canadian 
Archipelago (Baffin Land) [25] showed that the 
magnitudes of summer soil surface changes were 
determined by sediment composition, differences in ice 
content, and sedimentary cover thickness. The smallest 
changes (±1 cm) were noted for bedrock outcrops and 
boulder clays [14]. In warm years, despite maximum 
thawing, sedimentation is less pronounced in such areas. 
Measurements made in 1962-2015 in northern Alaska 
showed the presence of low-amplitude seasonal and 
interannual shifts of the soil surface in different directions. 
In the flat part of the study area, pronounced subsidence 
of the soil surface is probably associated with the 
activation of subsidence during thawing of the permafrost. 
Even in relatively cold years (2010), high values of 
surface subsidence were observed against the background 
of higher precipitation. 
The summer surface uplift of soils recorded in the western 
foothills of the Polar Urals is probably related to an 
increase in summer precipitation [24] in an area of 
widespread loamy gleyey soils. The main causes of 
surface uplift in piedmont landscapes are slope processes 
and ice segregation during seasonal soil freezing [14]. 
Satellite D-INSAR data showed summer soil surface 
uplift (up to 3.0-4.0 cm) in 10-13% of the southern 
Melville Island (Canada) mountain tundra area in 2013 
and 2015. 
The high mosaic nature of the tundra land cover makes it 
difficult to compare satellite and instrumental 
measurements, preventing high convergence between the 
results [26]. However, for the datasets being compared, 
the verification of satellite estimates is a matter of 
statistical analysis correctness. For the monitoring site, an 
increase in the number of instrumental measurements led 
to an increase in convergence. The maximum agreement 
of the measurements was observed in 2007 in the lower 
part of the escarpment with a frequency of 7-8 
measurements/pixel. 
 

7. CONCLUSION 
 

The high convergence of the results of seasonal and 
interannual soil surface changes obtained by instrumental 
observation and D-INSAR methods confirms the 
efficiency of combining ground-based and satellite 
observations in studies of cryolithozone ecosystems. An 
increase in the sample size of instrumental measurements 
and the use of the same observation time intervals result 
in a decrease in the discrepancy between the methods. To 
improve the accuracy of analysis of soil surface elevation 
changes based on satellite D-INSAR data, an array of 
images of the entire vegetation season should be involved.  
D-INSAR methods made it possible to spatially divide the 
CALM R2 seasonally thawed layer thickness monitoring 
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site into two sectors (lower and upper parts of the 
escarpment slope) with differentiated changes in soil 
surface elevation. Minimum discrepancies between 
satellite and instrumental measurements were observed in 
the lower part of the escarpment slope.  
In the study region, the multidirectional changes in soil 
surface elevation during the summer period identified by 
D-INSAR are related to landscape differences. In the flat 
part of the territory with a wide distribution of loamy 
permafrost, summer soil surface elevation (up to 1.5-4.5 
cm) was recorded. In the foothill areas of the Polar Urals 
weak changes and uplift of soil surface (up to 2-3 cm) 
were recorded, connected both with overmoistening of 
loamy gley soils in conditions of increased summer 
precipitation and with redistribution of slope deposits. 
Changes in soil surface in individual years are determined 
by specific weather conditions. In relatively warm and dry 
years, lower sinking values are noted in the region than in 
cold and wet years. 
 
The wide territorial coverage of satellite imagery allows 
analysis of soil surface changes at the regional level, 
while increased temporal repeatability reveals their 
seasonal changes and minimizes errors. The possibility of 
compiling a time series of soil surface changes, taking 
into account the influence of meteorological and 
landscape factors, imaging remote and hard-to-reach areas 
for field studies, determine the indicative capabilities of 
the D-INSAR method for large-scale dynamic mapping of 
cryolithozone ecosystems. 
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アラスカ/ユーコン地域におけるサージ型氷河の時空間変動の検出
PI 3021 

古屋正人 1，阿部隆博 2, 武藤奈月 1 

1北海道大学理学研究院地球惑星科学部門
2三重大学生物資源学部 

1.はじめに：背景と目的

近年の地球温暖化による氷河・氷床の後退と氷厚の

減少, それが及ぼす海水面上昇が懸念されている. 例
えば, Radić and Hock (2011)は, 全地球の氷河・氷帽 
(氷床は除く)のうち, 南極, アラスカ (ユーコンを含む), 
北極圏カナダからの寄与が最も大きいことを示した. 
氷河・氷床の氷消失は, 氷が溶けて水として流出す
る融解と, 氷河流動速度自体の変化による氷体の消
失(氷山として分離: カービング)の 2種類が存在する. 
しかし, 海水面上昇量の予測研究は, 主にモデル化が
容易な融解による質量収支のみを考慮しており, 後
者の流動の効果は含まれていない. ところが, 実際に
グリーンランドの氷消失における流動による効果は, 

およそ 3分の 1から半分程度である (van den Broeke 
et al., 2009; Enderlin et al., 2014). つまり, 実際の氷河質
量減の50%近くは, カービング氷河やサージ型氷河の
ような「ダイナミック」な氷河である. そのため, 氷
河流動の時空間変化の研究は, 氷河の質量収支や海
水準変動への寄与を見積もる上で極めて重要である. 
アラスカとカナダ・ユーコンとの国境付近には, 他
の地域よりも非常に多くのサージ型氷河が存在する.
氷河サージとは, その速度が平時に比べて数倍から
数百倍にも上昇する突発的な現象で, 時に末端の前
進を伴い, 世界の特定の地域で報告されてきた. しか
し, 数十年〜数百年に 1 度の周期で発生することと,
現場観測の難しさもあって, サージに伴う観測デー
タが乏しく, その発生機構は未解決である. ユーコン

図 1: (a)ALOS/PALSARと(b)ALOS-2/PALSAR-2による流動速度マップ (阿部•古屋, 2016) 
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地域では, サージはよく冬に始まることが経験的に
知られているが, なぜ冬に始まるかはわかっていな
い (e.g., Raymond, 1987). 
  氷河サージの実態としては, 氷の変形/流動ではなく, 
氷体そのものが基盤の上を滑る「底面滑り」が一定

期間活発化することである. このことから, 冬期に氷
河底面環境が変化し, 氷体が基盤上で滑りやすくな
ることで, サージが発生すると考えられる. しかしな
がら, 冬期に氷河底面でどのような変化が発生し, そ
れがどのように流動速度へ影響するのかはわかって

いない. さらに, ユーコン地域では現場観測できる氷
河はほとんどなく, 平時の流動速度の時空間変化さ
え未知だった. 
  申請者は, ALOS/PALSARが 2006-2011年に取得した

SAR データを解析し, アラスカとカナダ/ユーコンと
の国境周辺における山岳氷河の流動速度とその時空

間変化を調べた：図 1 に一例を示した. その結果,こ
の地域に存在する複数のサージ型氷河において,サー
ジが発生していない静穏期にも関わらず, 毎年秋か

ら冬にかけて加速していることを発見した (Abe and 
Furuya, 2015). 従来, 氷河サージが冬に開始すること

が知られていたが, この結果は, そのミニチュア版が

毎年のように起きていることを示している. 我々は

この冬期加速のメカニズムとして, 夏の融解水が氷
河内に貯蓄され, 冬期のクリープによって排水経路

が縮小し, 底面水圧が上昇することで, 底面滑りが活
発化すると推論した(Abe and Furuya, 2015). 
 本研究の目的は, アラスカ/ユーコン地域のサージ
型氷河の時空間変動を明らかにし, 氷河サージの発
生メカニズムを解明することである. ユーコン地域
における氷河サージの現象自体は 1900年代から知ら

れてきたが, 現在でもそのメカニズムは理解されて

いるとはいい難い. その大きな要因は, サージに関す

る時空間変動データの欠如である. 近年の宇宙測地

技術の発展により, 衛星画像を用いることで, サージ
型氷河の変動を現場に赴くことなく観測できるよう

になったとはいえ,氷河サージの観測例はまだまだ少

ない. ALOS-2/PALSAR-2は ALOS/PALSARに比べ回

帰日数が短くなり, より高時間分解能で流動速度変

化を捉えることが期待された. しかしながら，常に

14 日おきに撮像されたわけではなく，またモードも

多岐に渡ったため，図 1(b)に示すように必ずしも

ALOS/PALSAR よりも高品質な速度データが得られ

ないことが多かった．それでも図 1(a)と(b)を比較す

ると明らかなように，Klutlan氷河や Fisher氷河にお
いてはサージが発生していた．本研究では，

ALOS2/PALSAR-2 以外に Landsat-7/8 の光学画像や

Sentinel-1 の SAR 画像を用いてサージの時間発展を

追跡した． 
 

2. データと処理方法 
 
ALOS-2/PALSAR-2のストリップマップモード(SM-
3, HH 偏波)で取得された SARデータを用いて, アラ
スカ/ユーコン地域の氷河流動速度を求める：撮像範

囲を図 2に示す. 
 解析ソフトウェアは Gamma Remote Sensing 社が

構築した GAMMA (Wegmüller and Werner, 1997)を用

いる. 解析手法は, 主としてオフセットトラッキング

を用いる (Strozzi et al., 2002). オフセットトラッキン

グは, 位置合わせ済みの 2 枚の画像の相互相関をと

ることで, 局所的なズレを衛星視線方向と衛星進行

方向の 2 成分の変動として検出できるアルゴリズム

である. この手法は, 干渉 SARでは得ることができな

い震源直上の局所的な大変動を捉えられるため, 内
陸地震における詳細な地殻変動マップの作成や, 断
層モデリングの際に大いに活用されている (e.g., 
Furuya et al., 2010, Furuya and Yasuda, 2011; Abe et al., 
2013). また, 衛星画像による氷河・氷床の流動速度の

検出には欠かせない手法として幅広く用いられてい

る.  
 

3. データ処理結果と考察 
 

3.1 撮像時期による違い 
図 3 に示すのは流動速度分布の概要だが，得られた

時期や季節によって測定誤差は大きく変動すること

を示す． 図 3(a)は 2014-2016 年に得られたデータを

処理して得られたもので，図 3(b)は 2015-2018 年の
データによる．直ちに明らかなように同じ処理方法

を用いても，図 3(b)の方が(赤枠を除いて)質が良い．

これは図 3(b)が冬季に得られた 14 日回帰のデータペ

アから得られたもので，冬季のデータの方で画像相

関がより高いことを示す．図 3(b)の赤枠の中だけ欠

測になっているのは，このパスだけは 5-6 月のデー

タである．これは ALOS/PALSAR の頃から経験的に

知られていたことであるが，冬季は表面が融解しな

図 2: ALOS-2/PALSAR-2の撮像範囲. SM3-HHモ
ードで 11 月から 4 月の冬季に得られた最長 56 日

離れたデータを用いた．図は Descending 軌道． 
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いため，マイクロ波の反射面の特性が時間変化しな

いためと考えられる．  

 
3.2 Steele氷河におけるサージ 

 
 
 
図 4が示すように Steele氷河は全長 40km程度の氷河
でこの地域では比較的短い氷河である．氷河の末端

から上流にかけて中央部に流線を設定し，それに沿

った 2007年以降の流速を図 5に示した．2007年から
2011 年は ALOS/PALSAR データと Landsat-7 データ
を用い，2013年以降はLandsat-8データだけに基づい

ている． 
 図 5に示すように 2011年までは静穏期で，上流部

の傾斜の高い地域でのみ 20-30 cm/day の速度で中流

から下流は非常に遅い．2012-2013 年が欠測のため

いつサージが開始したかは不明瞭であるが，2013 年
には明らかに速くなっていて，そこから 4 年ほどか
けて「サージフロント」が前進していくことが明瞭

に見て取れる．ただしフロントが最速というわけで

はなく，フロント付近の流速は時期によらず(2015
年においても)1 m/day ほどであり，最も速い領域は

フロントから 5 kmほど上流側にある． 

 図 6  は図 5の黒枠で挟まれた領域の平均の時間変化

を示したもので，2015 年の夏季に速度のピークを迎

えている． 
 

4. Klutlan氷河：Sentinel-1Bによる予備的解析 
 
Sentinel-1は ESAによって 2016年に打ち上げられた

12 日毎の回帰周期をもつ C-bandの SAR 衛星で，1
号機の Aと 2 号機の Bがあり，最短で 6 日周期の撮

像が可能である．Interferometric Wide-swath(IW)モー
ドと呼ばれるおよそ 200kmの幅広い観測幅と高頻度

の観測が特長である．ただし空間分解能は 5 m x 20 
mと ALOS-2に比べると粗いため，小規模な氷河の

流動速度の測定には向かないが， Sentinel-1のレン

ジ方向に平行に流れるようなアラスカ/ユーコン域の
氷河には有益である．以下に Klutran氷河の 2018-

(a) 2014-2016 2015-2018 

図 3: 流動速度分布の概要. (a)2014-2016年のデータ 
(b) 2015-2018年のデータ.赤枠は夏季のデータ. 

図 4: アラスカ/ユーコン地域の氷河の分布 
 

図 5:  Steele氷河の流動速度の時空間変化 
 

2007 年-2011 年 (静穏期) 

2013 年-2015 年 
(Build-up)  

図 6: 図 5の黒枠内の平均速度の時間変化 
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2019年のレンジオフセットデータを予備的結果とし

て示す：データは 36 日毎になっている． 
 1 節で述べたように Klutlan氷河は ALOS/PALSAR
の時代には静穏期だったが，ALOS-2/PALSAR-2の
運用が始まった頃にはサージの活動期に入っていた

（図 1，図 3）．図 7に示した最近の様子だけを見

ると，サージの「活動期」と呼ぶほどには速く流れ

ているわけではなく，5-6 月が最速で 7-8 月にかけて

遅くなっている様子は従来からよく知られた温暖な

山岳氷河の季節変化を示しているようにも見える．  
 

5. まとめと今後の課題 
 
SAR 衛星によって山岳氷河も従来考えられていた以

上にダイナミックに時空間変動していることが分か

ってきた．最近見えてきたダイナミックな氷河の流

動速度変化が近年の温暖化によってもたらされたの

かどうかは現時点では不明であるが，最近数 10年
から近未来はさらに温暖化が進行するとの見方が強

い．その時に山岳氷河がどう応答するのかはグロー

バル海水準変動や氷河を水源とする住民にとって切

実な問題である．サージ型氷河におけるサージサイ

クルメカニズム解明は「氷河ダイナミクス」の中心

的課題でもあるため，今後も昼夜天候に左右されな

い SARデータの収集蓄積が重要である． 
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図 7: Klutlan氷河における Sentinel-1Bによる 2018-
2019年のレンジオフセットデータ. 
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Juha Karvonen 1, Eero Rinne1 , Heidi Sallila1 , Marko Mäkynen 1
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1. INTRODUCTION

The  major  results  of  JAXA  ALOS-2  RA-6  project
“Improved  Sea  Ice  Parameter  Estimation  with  L-Band
SAR (ISIPELS)”,  PI  number  3029,  PI  Juha  Karvonen,
have been documented int the paper [1], which is an open
access  article.  The aim of the project  was to  study the
suitability  of  L-band  SAR  imagery  and  possible
improvements  provided  by  L-band  SAR  for  remote
sensing of sea ice compared to the conventional C-band
SAR  (e.g.  Radarsat-2,  Radarsat  Constellation  Mission,
Sentinel-1). This work has also partially been supported
in the form the personnel salaries by the European Space
Agency  (ESA)  L-BAND  SAR  Applications  and
Requirements  Consolidation  Study  under  Contract
4000121573/17/NL/CT.

Figure1:  Study  area  and  image  locations  color-coded
based on the acquisition month.

2. MAJOR RESULTS

This  study  was  performed  in  an  Arctic  test  area  with
approximately  150  dual-polarized  ALOS-2/PALSAR-2
(HH/HV)  ScanSAR  images  acquired  in  2017,  and
provided by the RA-6 project, over the study area.  The
study area was located in the Kara and Barents Seas.
Estimation of important parameters for sea ice navigation
and  other  applicable  purposes  from  L-band  SAR were
studied in this project. Additionally, the potential of the

L-band SAR based for sea ice classification was explored.
The studied sea ice parameters were:
1) Sea ice concentration (SIC)
2) Sea ice thickness (SIT)
3) Sea ice volume (SIV)
4) Sea ice drift (SID)
The  estimation  results  were  compared  to  the  results
achieved  using  C-band  SAR data  where  applicable.  In
general, the parameter estimation results were some better
using  L-band  data  than  for  C-band  data.  This  can  be
explained  by  the  deeper  penetration  of  L-band  ito  the
snow (on ice) and ice cover and thus its capability to give
more information on the  ice volume.  This  is  beneficial
e.g. for distinguishing between level ice and deformed ice
or for SID estimation requiring some structural features of
the  ice  fields  for  matching  multitemporal  SAR data  to
extract  the  displacement  of  the  feature  between  SAR
image  pairs.  Also  the  ice  classification  results  looked
better  than  using  C-band  SAR  data.  According  to  the
histograms of different sea ice classes, here defined by ice
charts, L-band SAR data seem to have a better capability
to distinguish between different  sea ice classes  than C-
band data.
We also compared the statistics of the C-band Sentinel-1
data  and  the  L-band  ALOS-2/PALSAR-2 sea  ice  SAR
images over their overlapping areas acquired during the
same day. The statistical  measures  indicate that  L-band
data have higher contrast  indicating better  capability  to
distinguish details  of  the  ice  surface  than  C-band data.
This was also confirmed by visual inspection.
The  general  conclusion  was  that  L-band  data  is  well
suitable  for  (operational)  sea  ice  remote  sensing
outperforming C-band SAR. However, the best results in
sea ice monitoring can be achieved by using C- and L-
band data jointly.

APPENDIX

[1] J. Karvonen, E. Rinne. H. Sallila, M. Mäkynen, On
Suitability of ALOS-2/PALSAR-2Dual-Polarized SAR
Data for ArcticSea Ice Parameter Estimation, IEEE
Transactions on Geosicence and Remote Sensing, v. 58,
n. 11, pp, 7969- 7981,
https://ieeexplore.ieee.org/document/9078879, open
access, 2020.
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SARデータで追跡するパタゴニア氷原の流動と構造の時間発展 
PI 3050 

古屋正人 1, 波多俊太郎 2, 杉山慎 2, 伊藤悠哉 1

1北海道大学理学研究院地球惑星科学部門
2北海道大学低温科学研究所

1. はじめに

パタゴニア氷原は南極を除くと南半球で最大の氷

河群である．南パタゴニア氷原だけでも南緯 48.5 度

から 51.5 度に及んで 13000km2を占めており，48 箇

所の溢流氷河があり，その殆どが末端部で海水面あ

るいは湖に達するカービング(Calving)氷河である

（図１）．チリ側の氷河はフィヨルドを介して海水

に到達し，東のアルゼンチン側では湖に到達してい

る．これら氷河群の末端位置の後退や氷厚の減少は

20 世紀後半から良く知られている（e.g., Aniya et al. 
1997; Rignot et al. 2003）．また，2002 年に打ち上が

った重力観測衛星 GRACE（Gravity Recovery And 
Climate Experiment）のデータ からは 21 世紀に入っ

てからはさらに顕著な質量減少が進んでいることが

報告されている（Chen et al. 2007; Ivins et al. 2011; 
Jakobs et al. 2012）．GRACE の観測結果は，ASTER

に基づく Digital Elevation Model の時系列から得られ

た氷厚変化とも整合的である (Willis et al. 2012)． 
氷河の後退縮小は北極圏のグリーンランドや南極

でも知られている．しかし，氷河質量の減少は地球

温暖化に伴う気温上昇による氷河の融解とそれによ

る氷厚の減少だけによるわけではない．近年とくに

注目されているのは氷河の流動ダイナミクス自体の

変化であり，これまでにグリーンランドや南極にお

いて海水に流れ込むCalving氷河の流動速度が加速し

ている観測事実がある(e.g., Rignot and Kanagaratnam,
2006; van den Broeke et al.,  2009; Pritchard et al.,
2009)．氷河質量の減少は単に融解によって氷厚や面

積が減少しているだけではなく，海に流れ出す速度

が加速しながら薄くなるDynamic thinningによって，

氷河質量自体が加速度的に減少する可能性である．

しかしその発生メカニズムは未解決であり，氷体の

質量が今後どのように減少していくかについての見

通しはついていない．

Dynamic thinning による氷河の縮小は，グリーン

ランドや南極での氷河流動速度の観測から知られて

きた（e.g., Rignot and Kanagaratnam, 2006; van den
Broeke et al., 2009; Pritchard et al., 2009）．一方パ

タゴニア氷原での流動速度の測定データは地上観測

の可能な一部の氷河に限られていた（e.g. Naruse et 
al.,1992, 1995; Stuffer et al., 2007; Sugiyama et al., 2011; 
Rivera et al., 2012）．光学センサーを用いた衛星リモ

ートセンシングによるパタゴニア氷原の観測は従来

から行われてきたが（Aniya et al., 1996），厳しい気

象環境では雲の問題が常につきまとった．ALOS1 号

機のデータを利用した Muto and Furuya (2013)や
Mouginot and Rignot (2015)によって，衛星 SAR デー

タに基づく流動速度データの広範囲にわたる空間分

布や，それらの時間変化の詳細が明らかにされつつ

あり，その継続が当初の目的であった．

一方で，前述の氷原全体の傾向に反して，Pio XI
氷河は質量の増加を続けている．Pio XI 氷河は南パ

タゴニア氷原の西側に位置し，氷原で最大の流域面

積を持つ．消耗域の末端は二股に分岐して，北側で

は湖に，南側はフィヨルドに流入している（図２）．

1945 年から前進を続け，近年も表面標高の上昇が報

告されている（Warren and Rivera, 1994）．また，パ

タゴニアの他の氷河では示さないサージと類似した図 1：パタゴニア氷原 
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流動変化の報告もある（Wilson et al., 2016）．このよ

うな Pio XI 氷河の特殊な変動と流動変化を詳しく調

査するために，2014 年以降の回帰周期の短いSARデ

ータを用いて 2014–2017 年の期間の流動速度の変化

を高時間分解能で調べた． 
 
 

2.観測手法 
 
流動速度の測定にはオフセットラッキング法を用い

た（Strozzi et al., 2002）．オフセットトラッキング法

とは，取得時期の異なる 2 枚の画像のずれを変位と

して検出する手法である．この手法は SAR画像の位

相データを利用する InSAR手法と異なり，強度画像

に基づいて画像相関のズレを変位量とする．そのた

めセンチメートル(cm)オーダーの微小変位の検出は

不可能であるが，メートル(m)オーダの変動量の大

きいところでも変動を検出できるメリットがある．

InSAR で不可欠な位相アンラッピング処理も不要で

ある．一方で，画像相関に基づくため，気候条件や

流動変化により融解やクレバスの増加など氷河表面

の状態が変化したとき変動を検出できない場合があ

る．本研究で用いたデータは 2014年に打ち上げられ

た ALOS-2 と Sentinl-1 によって取得され，それぞれ

の最短回帰周期は 14，12 日である．2014 年から

2017 年までの画像を用いた． 
 

3.結果と考察 
 
例として 2015 年 8月 25日と 9月 8日のデータから

得られた氷河流動速度分布を図 2に， 2016年 7月 11
日から 8 月 4 日のデータからを得られた速度分布を

図 3 に示す．北側末端（図 3a）と分岐点（図 3b）の

領域において流動速度が特に顕著に変化を示した． 
 

 
図 4，5に北側末端と分岐点それぞれの地点におけ

る速度の変化を示す．まず，北側末端では 2015–
2017 年の間の年平均速度が 2.0，2.6，1.9 m d−1 であ

り，1.0 m d−1から 4.7 m d−1の範囲で変動を示した．

2015–2017 年の各年における変動幅はそれぞれ 3.6，
3.5，2.1 m d−1 であった．分岐点では年平均速度は

3.7–3.9 m d−1であり，2.5 m d−1から 5.6 m d−1の範囲で

変動を示した．また各年の変動幅は 2.0，1.7，3.1 m 
d−1であった．分岐点での平均流動速度は北側末端に

おける平均流動速度と比べ 1.63 m d−1ほど大きい．し

かし，変動幅は北側末端のほうが大きく，より顕著

な加速と減速が確認された． 
 

本研究によって，Pio XI 氷河末端付近における流動

変化の詳細が明らかになった．北側末端と分岐点で

4–9 月にかけて加速し，10–3 月に減速するという年

周期変動が確認された．これは観測期間を通して確 

図 3. 2016 年 7 月 11 日から８月 4 日までの流動速度分布 

図 4. 北側末端(図 2a)の流動速度変化. 図中の数字は各年の最

小・最大速度（m d−1）と年平均速度からの偏差（%）を示す 

 

図 2. 2015 年 8 月 25 日から 9 月 8 日までの流動速度分布

2¥ 
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認できる年周期変動であるため，季節変動であると

考えられる．また，2015 年，2016 年の 7–9月には北

側末端と分岐点で顕著な加速が認められ，2015 年の

8–9月には年平均の 2.3倍の流動速度が観測された． 
明らかになった季節的な流動変化は，南半球の冬

に当たる 7–9 月に加速を示した点で興味深い．氷河

の流動加速は，氷河底面における融解水が重要な役

割を果たすと考えられている．アラスカの氷河で冬

季流動加速を見出した Abe and Furuya (2015)は，夏季

に生じた融解水が氷河底面で水路を発達させた後，

冬季に水路が閉塞して水圧が上がり，その結果とし

て流動速度が上昇するという説を提唱した．しかし

ながら流動速度の観測のみでは Pio XI 氷河の加速現

象の原因について結論を出すことはできない． 
2015 年，2016 年には季節的な流動変化を示したが，

2017 年には異なる挙動が認められた．4–5 月に加速

した後 6–7 月で減速し，その後 8 月以降は加速傾向

を示し，最終的に 12月に年最大速度に達した．この

ような年間を通して継続した流動加速は 2017年での

み観測された． 
 

4. まとめと今後の課題 
 
短回帰周期の SAR データを解析した結果，南パタゴ

ニア氷原 Pio XI 氷河の季節的な流動変化が明らかに

なった．氷河は 4–9月に加速し，10–3月に減速する，

すなわち冬季に大きな流動速度を示す．また北側末

端では 2015 年，2016 年の冬季（8,9月）に年平均よ

りも 2倍程度速い顕著な加速が観測された． 
   最近，伊藤悠哉(2021)は Sentinel-1 データを用いて

2020 年 1 年間に限られるが，同じパタゴニア氷原の

PioXI氷河以外の Viedma氷河，O’Higgins氷河，Asia
氷河においても「冬季加速」シグナルが見られるこ

とを指摘している．ただし，それぞれの氷河で「冬

季加速」シグナルが見られる場所は決まっているよ

うだが，氷河毎に比べると空間的にはあまり系統性

が無いようにも見られる．底面水圧データなどの現

地観測データの取得が，冬季加速のメカニズムの理

解とその氷河変動へ果たす役割の解明に必要である． 
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1. INTRODUCTION

Permafrost occurs over large areas on the Qinghai-Tibet 

Plateau (QTP) in China. Under climatic and human-

induced disturbance, plateau permafrost has been 

undergoing strong warming and degradation. Thawing of 

ice-rich permafrost causes thermokarst landforms to 

develop at the ground surface. Temporal dynamics and 

spatial variability of thermokarst landforms have a strong 

impact on hydrologic conditions, ecosystems, ground-air 

carbon exchange, and human infrastructures. However, 

thermokarst landforms on the QTP, especially non-lake 

ones, are seldom studied and poorly understood. 

This study aims to quantify spatial-temporal variability in 

surface deformation at typical thermokarst landforms on 

the QTP by conducting Interferometric Synthetic Aperture 

Radar (InSAR) analysis using PALSAR-1 and PALSAR-2 

data. L-band SAR images from these two data sets promise 

high enough coherence for InSAR mapping of localized 

thermokarst processes, which are usually characterized by 

strong surface disturbance and accumulation of water.  

2. METHODOLOGY

The study area is located on the Eboling Mountain in 

northeast QTP, underlain by ice-rich permafrost (Figure 1). 

Thermal erosion gullies, formed when channelized surface 

water flow has thickened the active layer and thawed ice-

rich permafrost, are well developed in this area. The size of 

these gullies ranges from 20 to 420 m long, 1 to 50 m wide, 

and up to 2 m deep. 

Repeat-pass InSAR has been successfully used to capture 

the spatial patterns of permafrost-related ground elevation 

changes [e.g., 1, 2]. Most of the previous multitemporal 

InSAR studies on permafrost used the small baseline subset 

method. In this work, we utilized the persistent scatterer 

InSAR (PSI) because it provides the full spatial resolution 

and is less affected by temporal or geometric decorrelation. 

In the PSI analysis, we incorporate a piecewise elevation 

change model that includes periodic subsidence/uplift 

because of its seasonally varying components as well as its 

linear subsidence trends. Specifically, we used the square 

root of the accumulated degree days of thaw/freeze 

(ADDT/F) to account for the seasonal thaw subsidence and 

freeze uplift. ADDT and ADDF are derived based on the 

Stefan equation, which is widely used to estimate the depth 

of the freeze and thaw front. The heave is followed by a 

stable stage when the active layer is completely frozen. 

This simple model well captures capture the dynamic 

processes of the active layer and the underlying permafrost. 

Full details can be found in [3]. 

We applied this permafrost-designated PSI algorithm to 

17-L band ALOS-1 PALSAR images taken between 2006

and 2011. Two key estimated variables are the long-term

subsidence trend and amplitude of seasonal subsidence and

uplift at persistent scatterers in the study area.

3. RESULTS

Our PSI-estimated subsidence rate between 2006 and 2011 

and amplitude of seasonal deformation are shown in Figure 

1. The linear subsidence trends were up to 4 cm/year inside

the study area, whereas the mean value was about 0.5

cm/year (Fig. 1a). The larger subsidence trends were found

both inside and around the thermal erosional gullies.

Assuming the long-term ground subsidence was purely

caused by melting of ground ice in permafrost, our results

suggest an equivalent ice volume loss rate of 1.48×104

m3/year over the entire study area. The mean seasonal

subsidence was about 1.5 cm with a maximum value of 6

cm (Fig. 1b).

Our results revealed that 28% of the study area experiences 

permafrost thaw processes, which is about 40 times larger 

than the visible gullies. The spatial pattern of gradual 

subsidence trends showed correlations between the gullies 

and their surroundings, suggesting that the permafrost 

thaws and degrades in a wider region than the gullies.  

This work demonstrated the potentials of using persistent 

scatterer interferometry to study permafrost thaw processes 

and to assess its impacts over vast areas, especially with 

low vegetation and shallow snow cover. 
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Fig. 1 (a) PSI Map of subsidence trend 

from 2006 to 2011. Negative values mean subsidence. 

(b) Map of maximum seasonal subsidence. Negative 

values mean subsidence. 
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1. INTRODUCTION

Three major factors cause vertical displacements of the 
glacier surface: natural flow down the sloping glacier bed, 
changes in ice thickness, and surface subsidence or uplift 
because of englacial structural changes (Hu et al., 2014). 
Hence, measurement of 3D glacier motion fields should be 
the most effective way to study changes in glacier motion 
and associated parameters. In theory, a time series of 3D 
glacier motion can be acquired by an in situ survey (e.g., 
GPS measurement) or by remote sensing displacement 
detection approaches (e.g. optical offset-tracking and SAR 
offset-tracking). Because most glaciers are in remote and 
inhospitable locations, in situ measurements are often 
temporally and spatially limited. Optical offset-tracking 
provides a pair of images to produce a 2D glacier motion 
field; multiple image pairs in the spatial and temporal 
dimensions are then needed to determine a 3D glacier 
motion field. However, cloud cover reduces the quality of 
these optical images. Because the weather in glacial 
regions is highly variable, it is nearly impossible to acquire 
sufficient cloudless optical image pairs from different 
angles. By contrast, SAR images are unaffected by cloud 
cover when used for offset-tracking applications. SAR 
sensors currently have a wide range of revisit time intervals. 
Thus, it is possible to choose appropriate types of SAR 
images, which maintain the balance between temporal 
resolution and velocity variations, when constructing a 
meaningful time series of glacier motion. Neelmeijeri et al. 
derived a time series of 3D motion of a large glacial system 
in 2014. However, they did not perform temporal 
dimensional adjustment when multi-period observations 
were available. Small baseline subset (SBAS) is a 
technique designed for temporal dimensional adjustment of 
SAR observations (Berardino et al., 2002; Lanari et al., 
2004; Casu et al., 2006). In the study of the time series of 
2D glacier motion fields, the effects of SBAS on improving 
the result precision has been verified by Euillades et al. 
(2016). With the support of this project, we developed a 
method of deriving the time series of 3D glacier motion 
field based on SAR offset-tracking technique and pixel 
offset SBAS technique, and implemented it in the 
investigation of interaction between glacier and 
proglacial lake.  

With the solution of 3D glacier motion field, we can 
separate the local glacier thickness change from the 
retrieved vertical glacier surface displacement based on the 
local terrain slope. Relative to the geodetic method, the 
advantage of this method is that we can derive the precise 

glacier thickness change in short time (say one month). The 
geodetic measurement needs to cover a long time (say five 
years or longer), so the changes in glacier thickness are 
more prominent than the errors in DEMs. However, this 
method requires image pairs of different tracks acquired at 
close time. Moreover, the coverage of result cannot be 
ensured, because the SAR offset-tracking usually fails in 
the areas with sharp surface feature changes. For this 
method, no results of 3D glacier displacement mean no 
results of local glacier thickness change.   

In this report, we will introduce the method of deriving 
the time series of 3D glacier motion field and separating 
the local glacier thickness change from 3D glacier 
displacements in detail. The results of implementing this 
method in a specific case are also displayed. Note that the 
introduced case study was based on other SAR data 
sources. It does not mean this study is irrelevant to 
ALOS-2 RA-6 project. We developed the prototype of 
techniques based on ALOS-2 images as well as other 
satellite images. 

2. DERIVING 3D GLACIER MOTION FIELDS
FROM SAR IMAGES OF MULTIPLE TRACKS

For this method, there are 3 general steps: SAR offset-
tracking, pixel offset-SBAS (PO-SBAS) processing, and 
resolution of 3D velocities (Fig. 1). Before offset-tracking, 
the first acquired image of each track was chosen as the 
master image and the other 9 images were co-registered 
with it. Because we used offset-tracking with removal of 
topographic effects, the spatial baseline of the SAR image 
pairs has little influence on precision (Sansosti et al, 2006; 
Li et al., 2014). The selection of image pairs for offset-
tracking was mainly based on the threshold of the temporal 
baseline. The size of the image-matching window was 
carefully selected, because it can directly influence the 
results (Strozzi et al., 2002). When the matching window 
size decreases within a certain rage, the accuracy of 
calculated offsets improves as the amount of noise 
increases. If offset-tracking precision is the main focus, the 
area with effective observations would be very small; in 
this case, use of multi-level windows for each track is 
preferred. Generally, a high offset-tracking cross-
correlation coefficient (CRC) threshold should be set to 
guarantee result accuracy. For each image pair, the final 
offsets are then determined by CRC-weighted averages of 
the offsets tracked by different matching windows, and the 
average displacement velocities by dividing the offset by 
the image pair interval.  
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Offset-tracking was used to compute the initial offsets in 4 
directions (ascending azimuth (AZ), ascending line of sight 
(LOS), descending AZ, and descending LOS). The window 
sizes and steps of the ascending track were kept in 
accordance with that of the descending track (in terms of 
field distance).  

 
Figure 1. Procedure of synthetic aperture radar pixel 
offset-small baseline subset technique. 

 Let t  be the time vector of +1N SAR images that 
cover the same area: 

  [ ]TNttt ,...,0=    (1) 
Consideration of temporal and spatial baseline thresholds 
allows grouping of images into M  pairs: 
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If the time of the first image 0t  is the reference time, the 
relative offset ( )id t  at time ( 1,..., )it i N=  is the parameter 
to be solved:  

( ) ( )1 ,...
T

Nd d t d t=      (3) 

The offsets jdδ ( 1,..., )j M=  , derived from pixel-by-

pixel matching of M  image pairs, are the observations:  
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T
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For M   image pairs, the acquisition order of master and 
slave images is jm  and js ( 1,..., )j M= , respectively. 
If the master and slave images are aligned in sequence, then 

j jm s> ( 1,..., )j M=  and  

( ) ( )
j jj m sd d t d tδ = −  ( 1,..., )j M=  (5) 

Equation 5 includes M  equations with N   unknown 
parameters, and can be simplified to: 

d Adδ =   (6) 
Each matrix row [ ]A M N×  corresponds to an image pair. 

Hence, [ , ] 1jj m = , [ , ] 1jj s = − , and all other elements 
are zeros: 
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If L  is the number of the small baseline subset, the 
rank of matrix A  is - +1N L . Notably, when L  is greater 
than 1, matrix A  is rank-defect. In this case, singular value 
decomposition is used to assure that equation d Adδ =
provides the minimum-norm least squares solution: 
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where U   is an orthogonal matrix, with dimension 
[ ]M M×  and consisting of the eigenvector of TAA ; Q  is 
an orthogonal matrix with dimension [ ]N N×   and 

consisting of the eigenvector of TA A  ; 1

e

−∑   is 

1(1/ ,...,1/ )ediag σ σ ; and iσ  is the singular of matrix A . 
To derive a meaningful glacier velocity time series, the 
relative offsets d   were replaced with average 
displacement velocities v :  
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Equation 5 can be converted to: 
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Equation 10 can be simplified to: 

1B v dδ=           (11) 

where 1B   is a matrix with a dimension of [ ]M N× . The 

element 1[ , ]B j i ( )1 , 1,...j js i m j M+ ≤ ≤ ∀ =   is 1i it t −−  

and all other elements are zeros. Singular value 
decomposition of matrix 1B   provides average 
displacement velocity over each period v . 

The 3D velocities (east, north, and vertical) were 
computed from the velocity observations in four directions 
(ascending slant range and azimuth directions and 
descending slant range and azimuth directions) using a 
least squares procedure. For slant range (LOS) 
displacement measured via offset-tracking, the direction 
away from the radar is positive, opposite to that of D-
InSAR. In terms of the ascending track, the projection of 
LOS velocity ( A

LOSv ) onto the ground, i.e. ground range 

(GR) velocity ( A
GRv ), can be regarded as the combination 

of east velocity ( A
Ev ) and north velocity ( A

Nv ), and A
LOSv  

as the combination of vertical velocity ( A
Uv ) and A

GRv  (Fig. 
4): 

sin( 3 2)+ cos( 3 2)
- cos sin

A A A
GR E N
A A A
LOS U GR

v v v
v v v

α π α π

θ θ

= − −

= +
  (12) 

where Aα   is the radar azimuth and Aθ   is the incidence 
angle. We obtain the relationship between A

LOSv   and 3D 
velocities by substituting the first subequation of Equation 
12 into the second one (Fialko et al., 2001): 
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cos sin sin( 3 2)
          + sin cos( 3 2)

A A A A
LOS U E

A A
N

v v v
v

θ θ α π

θ α π

= − ⋅ + ⋅ ⋅ −

⋅ ⋅ −
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Thus, in terms of ascending track, the azimuth (AZ) 
velocity ( A

AZv ) can be considered a combination of A
Ev  

and A
Nv  (Fialko et al., 2001) (Fig. 2b): 

cos( 3 2) sin( 3 2)A A A
AZ E Nv v vα π α π= − − + −  (14) 
Equations 14 and 15 illustrate the relationships of 

A
LOSv  , A

AZv  , A
Ev  , A

Nv  , and A
Uv  . Similarly, in terms of 

descending track, we obtain: 
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where the superscript ‘D’ indicates ‘descending track’. 
Equations 13–15 can be simplified to: 
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Because measurement errors in offset-tracking are 
inevitable, Equation 16 should be written as: 

2B X V L+ =                          (17) 
where V  is the vector of measurement errors. Assuming 
that offset-tracking errors are randomly distributed, we can 
acquire the optimal estimation of 3D velocities ( X̂ ) using 
a least squares procedure ( minTV PV = ): 
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where 2
X̂σ  is the variance of X̂  and P  is the matrix of the 

weight. Assuming that the velocity observations of the four 
directions are independent yields the following: 
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where A
LOSσ  , A

AZσ  , D
LOSσ  , and D

AZσ   are the standard 

deviations of A
LOSv  , A

AZv  , D
LOSv  , and D

AZv  , respectively. If 
the velocity observations within a regular window centered 
at point ( , )x y  obey a Gaussian distribution, the standard 
deviation ( )σ   of the velocity observation at that point 
( , )x y  can be calculated as (Jung et al., 2011): 

2( ( , ) ( , ))
1

n
v I J v I J

n
σ

−
=

−
∑             (20) 

where ( , )v I J   are the observations, ( , )v I J   are the 
averages of observations within the window, and n  is the 
number of observations in the window. In addition to the 
standard deviations of observations, the CRC of offset-
tracking can be used to determine P . The calculation of X̂  
is iterative, and the estimation of V  can be used to 
optimize P until improvement of X̂ is below a threshold. 

After the PO-SBAS estimation, the 3D velocity was 

independently resolved for each period. Before this 
procedure, the descending and ascending velocity fields 
were overlapped and transformed from the SAR coordinate 
system to the geographical system. To minimize the effects 
of temporal differences between descending and ascending 
glacier velocities, the ascending observations were 
interpolated to the time of the corresponding descending 
observations using a shape-preserving piecewise cubic 
interpolation. The construction of matrix 2B   and P  
(Equation 18) is needed to resolve 3D velocity. The 
standard deviation of the velocity observation (σ  ) was 
used to determine the initial weight matrix ( P ). During the 
iteration, the elements of P   were adjusted based on the 
corresponding elements of V using robust estimation. The 
iteration proceeds until improvement of X̂ is less than 0.1 
cm/day. 

 
Fig. 2. Stereo (a), vertical (b), and horizontal (c) angles 
of the ascending image geometry. Aθ : incidence angle, 

Aα  : azimuth angle, thick colored arrows: positive 
directions of displacements. 

We investigated the interactions of Lake Merzbacher 
with the Southern Inylchek Glacier (Central Tien Shan) 
using the Synthetic Aperture Radar (SAR) Pixel Offset-
Small Baseline Subset (PO-SBAS) to derive a time series 
of three-dimensional (3D) glacier motion. The 
measurements of 3D glacier velocity were ~17% more 
precise than a previous study that did not use the SBAS 
estimation. The Northern Inylchek and Southern Inylchek 
glaciers are on the western slope of the Tuomuer-Khan 
Tengri mountain ranges in Central Tien Shan (Fig. 3). 
These glaciers were once connected, but probably 
separated due to the intensive decline of the Northern 
Inylchek Glacier during the Little Ice Age (Mayer et al., 
2008). The Southern Inylchek Glacier is the largest and 
fastest flowing glacier of the Tien Shan (Li et al., 2014). 
During summer, glacier meltwater and rain flow enters the 
lower valley bottom, into which the Northern Inylchek 
Glacier previously extended. The Southern Inylchek 
Glacier blocks this water, forming Lake Merzbacher. 
Because glacier ice has plastic behavior and can only bear 
limited stress, a lake outburst occurs almost every year, and 
has even occurred twice in warm years. According to data 
from the Xiehela Hydrological Station (over the Kumalik 
River), there were 51 outbursts from Lake Merzbacher 
between 1956 and 2010. During a lake outburst, a large 
volume of water passes through the tongue of the Southern 
Inylchek Glacier (Mayer et al., 2008). Drainage at the 
glacier outlet can exceed 1000 m3/s (Mayer et al., 2008) 
and cause destructive floods in the Sary-Jaz/Kumalik River 
(Mayer et al., 2008; Kingslake and Ng, 2013). The rising 
temperatures since the 1980s have led to a much lower ice 
dam and an accelerated collection of lake water. These 
glacial floods can threaten nearly 20,000 hectares of 
farmlands, highlighting the urgent need for studies of 
outbursts from Lake Merzbacher. Figure 4 shows Lake 
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Merzbacher before and after an outburst that occurred on 6 
August 2002 (Kingslake and Ng, 2013). The lake water 
level typically rises quickly during summer because of 
significant snow/ice ablation. Hence, from 1 July to 17 July 
2002, the lake area increased by 25%, and floating ice 
bodies (mini-icebergs) accounted for a larger proportion of 
the lake surface (Figs. 4a, b). However, the lake water 
drained almost completely after the outburst, and these ice 
bodies remained in the lake bottom. By 18 August 2002, 
the lake had already shrunk to a small pool.  

 

Fig. 3. Study area (Inylchek Valley). Red curves: 
outlines of glaciers, yellow curves: outline of Lake 
Merzbacher, yellow arrows: approximate directions of 
horizontal glacier flow, dashed rectangle A in inset: 
frame of ascending TerraSAR-X images, dashed 
rectangle D in inset: frame of descending TerraSAR-X 
images, yellow rectangle in inset: location of the study 
area, yellow rectangle in main panel: area shown in Fig. 
4.  

 

Fig. 4. Landsat images of Lake Merzbacher before and 
after the outburst of 6 August 2002. A: 1 July, B: 17 
July, C: 18 August 2002. Black curves: lake perimeter 
(WGS 84 UTM, Zone 44N, Unit: m). 

20 strip mode TerraSAR-X images (consecutive 
archive PALSAR-2 images in this area are not 
available) acquired during 2009 were used to determine 
glacier flow velocity. The land coverage of the 10 
ascending images are indicated by dashed rectangle A in 
Fig. 3, and the 10 descending images by dashed rectangle 
B in Fig. 3. Most images were acquired using the shortest 
available interval of TerraSAR-X (11 days), and the 
longest interval between consecutive images was 22 days. 
Track direction changed in only 3 days, a major advantage 
for determining the 3D glacier flow velocity time series. 

The azimuth pixel size of the standard strip mode 
TerraSAR-X image is ~2.00 m, and the ground range pixel 
size varies according to the incidence angle (1.29–2.66 m 
for incidence angles of 45°–20°). Accordingly, the frame 
length is constant (~50 km), but the frame width varies with 
the incidence angle (25.7–33.1 km). In this study, the 
incidence angle was 21.945° for the ascending images and 
35.320° for the descending images; the ground range pixel 
size was 2.43 m (ascending images) and 1.57 m 
(descending images). The C-band SRTM DEM from 
CGIAR-CSI (http://srtm.csi.cgiar.org/) was used for 
calculations of glacier motion, and Landsat images from 
the USGS (http://earthexplorer.usgs.gov/) were used for 
interpretation of results.  

Based on in situ observations by the Gottfried 
Merzbacher Global Change Observatory, the 2009 outburst 
of Lake Merzbacher occurred on August 6 (Neelmeijeri et 
al., 2014). Thus, given the objectives of this study, we only 
show glacier velocities during periods close to this event 
To highlight the features of glacier motion changes, the 
ranges of the color bars were unified (−50 cm/day to +50 
cm/day). Figure 2 shows the positive directions of the 
velocity components. We extracted the velocities along six 
profiles (Fig. 5V8) and within seven regions (Fig. 5V6) for 
quantitative comparisons (Fig. 6 and Table 1). The front of 
the ice dam had a substantial change before and after the 
lake outburst (period 6), so offset-tracking of some image 
pairs failed there. Our 3D velocity measurements did not 
fully cover the ice dam.  

The spatial variations of the glacier velocities were 
continuous, consistent with the basic features of glacier 
motion. The peak of glacier movement occurred during 
period 6 (during which the lake outburst occurred). 
Prominent north and east velocities were observed at the 
distributary and trunk of the Southern Inylchek Glacier, 
respectively. During periods 1-5, and 7-9, the glacier body 
decelerated remarkably after passing the ice dam because a 
large part of the mass was diverted into the lake. The 
highest east velocity (up to 58 cm/day) and north velocity 
(up to 70 cm/day) were observed at the front of the ice dam 
during periods 5 and 6, respectively. Most east velocities 
ranged from -50 to -25 cm/day in the trunk on the eastern 
side of the ice dam (upstream), but ranged from -15 to 0 
cm/day on the western side (downstream). During periods 
1-5 and 7-9, the highest north velocities were observed at 
the fork, rather than the front of the ice dam. Most of the 
north velocities at the distributary ranged from +20 to +35 
cm/day. Prominent vertical velocities could be observed at 
the distributary and trunk. The vertical velocities were the 
greatest at the front of the ice dam (+60 cm/day during 
period 5, -113 cm/day during period 6). Except for the ice 
dam, most parts of the distributary had vertical velocities 
from -10 cm/day to -4 cm/day during periods 5-7. The 
largest vertical velocity of the trunk (more than -12 cm/day) 
was on the west side of the ice dam during period 6 (region 
A5). Our records of the 3D velocities of the Northern 
Inylchek Glacier indicate much slower movement; the east, 
north, and vertical velocities all had small differences, 
mostly within -5 cm/day to +5 cm/day.  
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Fig. 5. Time series of east glacier flow velocities. (E1)–
(E9): periods1 (24 May–04 Jun 2009), 2 (04 Jun–26 Jun 
2009), 3 (26 Jun–07 Jul 2009), 4 (07 Jul–18 Jul 2009), 5 
(18 Jul–29 Jul 2009), 6 (29 Jul–09 Aug 2009), 7 (09 Aug–
31 Aug 2009), 8 (31 Aug–22 Sep 2009), 9 (22 Sep–03 Oct 
2009). Background: shaded DEM, black curves: glacier 
outlines. The inset in each subfigure is a magnification 
of the dashed black rectangle. Velocities toward the east 
are positive numbers. 

 
Fig. 6. Time series of north glacier flow velocities. (N1)–
(N9): periods1 (24 May–04 Jun 2009), 2 (04 Jun–26 Jun 
2009), 3 (26 Jun–07 Jul 2009), 4 (07 Jul–18 Jul 2009), 5 
(18 Jul–29 Jul 2009), 6 (29 Jul–09 Aug 2009), 7 (09 Aug–
31 Aug 2009), 8 (31 Aug–22 Sep 2009), 9 (22 Sep–03 Oct 
2009). Background: shaded DEM, black curves: glacier 
outlines. The inset in each subfigure is a magnification 
of the dashed black rectangle. Velocities toward the 
north are positive numbers. 

 
Fig.7. Time series of vertical glacier flow velocities. 
(V1)–(V9): periods1 (24 May–04 Jun 2009), 2 (04 Jun–
26 Jun 2009), 3 (26 Jun–07 Jul 2009), 4 (07 Jul–18 Jul 
2009), 5 (18 Jul–29 Jul 2009), 6 (29 Jul–09 Aug 2009), 7 
(09 Aug–31 Aug 2009), 8 (31 Aug–22 Sep 2009), 9 (22 
Sep–03 Oct 2009). Background: shaded DEM, black 
curves: glacier outlines. The inset in each subfigure is a 
magnification of the dashed black rectangle. Velocities 
toward the upward are positive numbers. 

We used the 2000 SRTM DEM as an external DEM, 
and found that elevation errors caused by changes in glacier 
thickness had limited influence on offset-tracking. 
According to Li et al. (2014), if glacier thinning during 
2000-2009 is up to 80 m, the corresponding LOS velocity 
errors of the ascending and descending tracks in this study 
will be 1.6 cm/day and 1.2 cm/day, respectively, and the 
AZ velocity errors can be neglected (below 0.1 cm/day). 
The SAR co-registration precision in the glacial region is 
~1/10 pixel (Li et al., 2014), corresponding to an AZ 
velocity error of 1.8 cm/day and an LOS velocity error of 
1.4–2.2 cm/day. The glacier velocity results are a time 
series, and the spatial coverage of the final velocity fields 
is the intersection of 18 period offsets. However, by 
integrating the offset fields estimated from multiple 
window sizes, either in glacial or nonglacial area, our 
spatial coverages of observations are much larger than that 
of Neelmeijeri et al. (2014). In the present study, we used 
velocities in the nonglacial area to scale glacier velocity 
errors, based on the assumption that the nonglacial area is 
stable. Neelmeijeri et al. (2014) estimated offsets using a 
single match window and SBAS estimation was not 
performed; for the same image pairs, our method indicated 
a ~17% smaller 3D velocity in the nonglacial area. For the 
9 periods of 2009 (period 1: 24 May–04 Jun; period 2: 04 
Jun–26 Jun; period 3: 26 Jun–07 Jul; period 4: 07 Jul–18 
Jul; period 5: 18 Jul–29 Jul; period 6: 29 Jul–09 Aug; 
period 7: 09 Aug–31 Aug; period 8: 31 Aug–22 Sep; period 
9: 22 Sep–03 Oct), the errors ranged from 1.1 to 2.2 cm/day 
for east velocity, from 0.7 to 1.5 cm/day for north velocity, 
and from 0.6 to 1.2 cm/day for vertical velocity.  

3. RETEIEVING LOCAL GLACIER THICKNESS 
CHANGE FROM 3D GLACIER MOTION FIELDS 
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The vertical glacier displacement derived from the 
PO-SBAS technique ( Ud ) is contributed by the local 
glacier thickness change ( T∆ ) and the vertical component 
of glacier downslope displacement ( sd ). Hence, we can 
retrieve the local glacier thickness change by separating the 
component of glacier downslope displacement from 
derived vertical glacier displacement. sd  can be 
calculated through following formula: 

( ) ( )/ /
U s

s E N

T d d
d d hgt x d hgt y

∆ = −
 = ⋅ ∆ ∆ + ∆ ∆

          (21) 

where Ed and Nd are the derived east and north glacier 
displacement, respectively; /hgt x∆ ∆  and /hgt y∆ ∆  are 
the terrain slope in east and north directions, respectively. 
The terrain slope can be computed from the DEM. For the 
pixel ( ),  i j , the east and north slope can be computed in a 
square window. Provided the window is 3 pixels ×3 pixels, 
the calculation formula is as follows: 

( , 1) ( , 1)
2

( 1, ) ( 1, )
2

x

y

hgt hgt i j hgt i j
x R

hgt hgt i j hgt i j
y R

∆ + − − = ∆
∆ + − − =
 ∆

          (22) 

where hgt is the elevation of the pixel; xR and yR  are 
the pixel size in east and north directions, respectively. 

4. CONCLUSIONS 

With the support of ALOS-2 RA-6 project, we have 
developed the technique of deriving precise 3D glacier 
motion field and local glacier thickness change. The new 
method of deriving 3D glacier motion field has been 
successfully implemented in the Southern Inylchek glacier, 
the largest glacier in Central Tien Shan. However, the 
retrieval of precise local glacier thickness change requires 
a precise DEM that is obtained at the time close to that of 
SAR images. In this project, due to the paucity of new 
DEM, we have not derived the local glacier thickness 
change. 
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1. INTRODUCTION

During the winter season snow covers approximately 40 km2 

of the land area in the Northern Hemisphere. Snow underlies 

a spatial and temporal variability and its accumulation and 

depletion is very dynamic. Snow covered area, snow layer, 

and snow water equivalent are essential measurements for 

glacier mass balance, hydrological models, and freshwater 

storage [1, 2, 3]. Ground Penetrating Radar (GPR) 

measurements provides relevant information about the 

stratigraphy inside the snow pack, but only along tracks and 

their measurements are very elaborative. Synthetic Aperture 

Radar (SAR) data provides continuous information about 

snow coverage with a high temporal resolution with a repeat 

orbit of 11 days with TerraSAR-X up to 6 days with Sentinel-

1 A and B and spatial resolution of 2.5 m with TerraSAR-X 

and 10 m with Sentinel-1. Depending on radar frequency, 

dielectricity and characteristic of the snow pack, the SAR 

signal can penetrate several meters into snow and ice of the 

snow pack [4-6], whereas the smaller the frequencies the 

larger the penetration depth. Hence, the usage of multi-

frequency SAR data can provide information of snow and ice 

layers in different snow depths, i.e. X-band (9.6 GHz) 

provides information about the top layer, C-band (5.4 GHz) 

of the mid layer and L-band (1.2 GHz) of the lower layer 

(Figure 1). 

Our idea is to combine GPR tracks measured in spring 2016 

and 2017 on the Vernagtferner, Austria, with SAR backscatter 

of TerraSAR-X (X-band), Sentinel-1 (C-band) and ALOS-

PALSAR-2 (L-band) acquired in the same time frame (Fig.  

1) in order to analyse:

(1) How the GPR backscatter of reflectors in different snow

depths correlate with SAR backscatter of X-, C- and L-band

(2) How the information based on the correlation can be

extrapolated to the whole glacier

(3) How the layering in the snow pack changed during the

time span of two years.

2. TEST SITE AND DATA

2.1 TEST SITE 

As test site the Vernagtferner located in the Hinteres Oetztal, 

Austria, (46°51’ N 10°47’E) is chosen (Figure 2). 

Vernagtferner is one of the largest glaciers in the Eastern Alps 

and is situated on an altitude between 2800 m and 3700 m. 

The glacier has a long-term mass balance study using the 

single stack measurements and hydrological method with its 

beginning in 1964 [7]. 

2.2 GPR DATA 

Water increase the scattering of GPR signals, hence many 

GPR studies are conducted in the early spring or fall to avoid 

melting water in the ice [8]. On the Vernagtferner, the GPR 

measurements in P-Band (1MHz – 3 GHz) are conducted end 

of April 2016 in the accumulation area near Petersenspitze 

(see Figure 2 blue line) and end of April 2017 across the 

whole glacier between Petersenspitze and glacier front and 

covers accumulation and ablation zone (see Figure 2 orange 

line). The location of the GPR track is measured with a 

mounted GPS. 

2.3. SAR DATA 

The space-borne SAR data are acquired to the same time 

period as the GPR measurement in order to minimize the 

influence of meteorological conditions. Due to different 

penetration depth of the SAR frequencies, the SAR data of 

X-, C- and L-band is evaluated: for the X-band TerraSAR-X 

Fig. 1 Concept of the combination of GPR (grey) and 

multi-frequency space-borne SAR (black) whereas X-

band provides information about the top layer, C-band of 

the mid layer and L-band of the lower layer. 
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StripMap (SM) images of 27.04.2016 and 25.04.2017 are 

used, for the C-band Sentinel-1A Interferometric Wide Swath 

(IW) images acquired on 21.04.2016 and 28.04.2017 and for 

the L-band data ALOS-PALSAR-2 Fine Mode (FM) images 

acquired on 04.06.2016 and 25.03.2017. The acquisition 

times of ALOS-PALSAR-2 differ by ±1 month, whereas 

TerraSAR-X and Sentinel-1 data are acquired in a time span 

of few days. All data are acquired in the dual-cross-

polarisation (VV/VH) in order to support similar backscatter 

mechanism of all three SAR sensors. 

 
3. METHOD 

 

3.1 GPR DATA PROCESSING 

Each measuring point along the GPR track is represented 

with its GPS position, its runtime of every signal between 

emission and reception and its measured energy. The 

backscatter value which is needed for the comparison with 

the SAR backscatter is calculated using the ratio between the 

energy on the reflector (snow layer) and the maximum 

emitted energy on the antenna. For simplification only a 

spatial subset of each GPR track is used, whereas each spatial 

subset is again the average of several representing points, e.g. 

in 2016, four representing points are used which are 

displayed with the green lines in Figure 3.  

For each spatial subset the backscatter value at three different 

reflectors in the snow pack is picked manually. Mostly, the 

three different reflectors are clearly visible in the radargram 

and can be found in a depth of 1 - 3 m, 5 - 10 m and 15 m 

which correspond approximately with the penetration depth 

of the frequencies of X-, C- and L-band of the SAR sensors. 

In the radargram measured in 2016 only two different 

reflectors in a depth of 3 m and 5-8 m are recognizable. A 

reflector in 10 m depth was not existent in this year. 

 

 3.2 SAR DATA PROCESSING 
The SAR data are processed with the Multi-SAR System [2]. 

As input of the processor all available SAR data can be used. 

The output images are delivered in the same file format; 

hence their content is comparable. The processing of the data 

contains seven steps: (1) the conversion of the SAR data to 

radar brightness in order to obtain the original physical 

backscatter value, (2) the polarimetric decomposition based 

on the Kennaugh Decomposition for the description of the 

polarimetric information, (3) the multi-looking for the 

reduction of speckle and production of square pixels in the 

output image, (4) geocoding to correct the distortions of the 

side-looking radar, (5) the fine calibration of the radar 

brightness to gamma naught, (6) the image enhancement to 

reduce the influence of the multiplicative noise contribution 

and (7) the normalization of the backscatter values in the 

output image [9,10]. The output of the Multi-SAR System are 

two images for each SAR sensor, whereas the first image 

contains the Kennaugh Element K0 with the total intensity 

(VV+VH) and the second image contains K1 with the 

difference between co and cross-polarization. The second 

layer provides additional information about surface scattering 

for the detection of wet snow and volume scattering for the 

detection of dry snow.  

 

3.3 PEARSON CORRELATION 

The linear relation between two measurements is expressed 

with the correlation coefficient based on the Pearson 

correlation which is calculated with following formula: 

 

𝑟𝑃𝑒𝑎𝑟𝑠𝑜𝑛 =
∑ (𝑥𝑖 − �̅�)(𝑦𝑖 − �̅�)𝑛
𝑖=1

√∑ (𝑥𝑖 − �̅�)2𝑛
𝑖=1 √∑ (𝑦𝑖 − �̅�)2𝑛

𝑖=1

 

 
whereas 𝑥𝑖 and 𝑦𝑖  stands for the single measurement and �̅� 

and �̅�  for the mean measurement. All measurements are 

given in dB due to the normal distribution of the 

logarithmized intensity values. The result of the Pearson 

correlation ranges between -1 and +1, whereas +1 stands for 

a positive correlation, -1 for a negative correlation, and 0 for 

no correlation. 

 

4. RESULTS 

 

Figure 4 and 5 displays the Pearson correlation between the 

GPR backscatter of the top layer (3 m) and the mid layer 

(8 m), the Kennaugh Elements K0 and K1 calculated of 

TerraSAR-X, Sentinel-1A, and ALOS-PALSAR-2, and 

additionally the altitude and exposition of the glacier for both 

GPR tracks. The SAR data are all acquired in different orbits 

and with different incidence angles. Hence, the two features 

altitude and exposition of the glacier are additionally used in  

 Fig. 2 Sentinel-2 data set acquired on 27.08.2016 of the 

Vernagtferner, Austria, with the GPR tracks of 2016 

(blue) and 2017 (orange). 

 

 
Fig. 3 Radargram of the GRP track measured in 2016 

with four representative points (green lines) and two 

different reflectors in a depth of 3 m (upper red line) 

and 5-8 m (lower red lines). 
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Fig. 4 Pearson Correlation of GPR backscatter of the top layer (3m) and the mid layer (8m), 

Kennaugh Elements K0 and K1 of X-, C- and L-band, altitude and exposition of GPR resp. SAR 

backscatter for spring 2016 

 

 
Fig. 5 Pearson Correlation of GPR backscatter of the top layer (3m) and the mid layer (8m), 

Kennaugh Elements K0 and K1 of X-, C- and L-band, altitude and exposition of GPR resp. SAR 

backscatter for spring 2017 

 

969



order to analyse their influence to the SAR backscatter. 

Positive Pearson correlation is displayed in red, negative 

correlation in blue and no correlation in white. 

In 2016 (Figure 4), the top snow layer has a high positive 

correlation of 0.8 to K0 of the X-band, as well as a high 

positive correlation of 0.9 to the K1 of the X-band, a lower 

correlation to the K0 (0.3) and K1 (0.4) of the C-band and a 

negative correlation to K0 (-0.4) and K1 (-0.7) of the L-band. 

The mid snow layer has a low positive correlation to K0 (0.3) 

and K1 (0.5) of the X-band and a negative correlation of -0.4 

and -0.7 to K0 and K1 of C- and L-band. 

In 2017, the top snow layer has no correlation to K0 and K1 

of the X-band and a negative correlation between -0.5 and -

0.8 for K0 and K1 of the C- and L-band. The mid snow layer 

(Figure 5) has no correlation to the K1 of the C-band and a 

negative correlation between -0.3 and -0.6 to remaining SAR 

backscatter. In the GPR measurements of 2016 as well as in 

2017 the lower snow layer with a depth of 15 m was not 

identifiable.  

 

5. DISCUSSION 

 

The idea is to analyse the correlation between GPR 

backscatter of reflectors in different snow depths and the 

SAR backscatter of different frequencies and hence to 

extrapolate the inner snow pack structure on the whole glacier 

with the help of the space-borne SAR data. Only the GPR 

backscatter of the top layer and the K0 and K1 of the X-band 

of the year 2016 correlate quite good. As the GPR track of 

2016 is only measured in the accumulation area, the averaged 

representative GPR points originate all from the similar snow 

cover. It was a first try to combine GPR and SAR data, though 

there are a lot of aspects which has to take into account: 

(1) GPR is a nadir-looking radar and SAR a side-looking-

radar, hence their backscatter underlies different 

acquisition geometries and backscatter mechanism 

(1) GPR measures in P-band, whereas the SAR data are 

acquired in X-, C- and L-band. Every frequency has a 

different backscatter mechanism and offer different 

information of the snow pack. 

(2) For simplification, only a subset of few averaged GPR 

backscatter is used and averaged to one representative 

GPR backscatter. An automatically selection of the GPR 

backscatter and hence use of all GPR backscatter along 

the track would simplify and enhance the evaluation of 

the GPR data. 

(3) The GPR backscatter of the identifiable reflectors in the 

radargram is only picked approximately in a depth of 3 m 

and 5-8 m. If the depth of the snow layers corresponds 

with the penetration depth of the SAR data is not assured. 

Therefore, the penetration depth of the space-borne SAR 

depending of different snow covers has to be better 

understood. 

Furthermore, in 2017 the GPR measurements are not 

repeated along the GPR track of 2016. Hence, both 

measurements differ in location and extent which hamper an 

analysis how the snow structure changed during the one year. 

6. CONCLUSION 

 

The GPR measurement provides relevant information about 

the stratification in the snow pack. Their measurements are 

very elaborative and only conducted along tracks. SAR data 

are often used to derive two-dimensional information of the 

presence and the type of snow. As SAR signals of different 

frequencies have different penetration depths in snow, the 

combination of different SAR frequencies can be used to 

derive information of the stratification in the snow pack. Our 

idea is to correlate and analyse SAR and GPR data in order 

to understand how the stratification of the snow pack could 

be derived of the SAR data. In our study, only the GPR 

backscatter of the top layer and the SAR backscatter of the 

X-Band of 2016 show a positive correlation. For further 

analyses a lot of aspects like different backscatter 

mechanism, different frequencies, and different acquisition 

geometries of GPR and SAR have to be equally considered. 

Nevertheless, a multi-sensor approach for the derivation of 

snow information like stratigraphy, water equivalent, or snow 

cover extent is indispensable.  
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1. はじめに 

南極氷床は主に氷河を介して氷を海へ排出するが、 
棚氷の存在が直接的な流出を抑制し、氷床の安定性

に大きな役割を果たしている。南極大陸の海岸線の

44％は棚氷で占められており [1]、海水位の上昇や棚

氷の座礁が解消されるといった現象が生じて棚氷が

流出すると、接地線（GL）の後退を促進させること

になるというモデル計算結果が報告されている [2]。
現在、氷河末端周辺である棚氷や浮氷舌は氷床の流

動の控え壁（buttress）として存在し、棚氷の後退や

氷厚が薄くなることが、氷河の流動速度を増加させ

ることになり、氷の海洋への排出が加速することに

つながることが示されている（e.g. [3]）。

近年、西南極においては、棚氷の底面融解により

氷河の流動速度は急速に速くなっており、氷床にお

ける積雪による涵養と海洋へ流出する消耗の和であ

る質量収支は、消耗量が涵養量を上回る状況にある 

[4]。一方、東南極における氷床の質量収支はほぼ均

衡していると考えられてきた [5]  [6]が、東南極で最

も速い流れをもつ白瀬氷河を排出口とする氷床の質

量収支が–1.9 Gt a–1 と求められ [7]、白瀬氷河周辺地

域においては消耗傾向にあると考えられる。また、

西南極と同じように、沖合からの暖かい海水の流入

により白瀬氷河の浮氷舌において底面融解が報告さ

れていることから [8]、東南極においても消耗傾向の

可能性が考えられる。 
白瀬氷河はその末端部がリュツォ・ホルム湾 

（LH）に浮かぶ浮氷舌として海に張り出し浮いてい

る。浮氷舌の周囲は LH における定着氷に囲まれて

おり、直接的な流失は抑制されていると考えられる 

[9]。浮氷舌の周辺を取り囲む定着氷の崩壊が LH の
最南部にまで及ぶと、それまで北方に伸びていた浮

氷舌は崩れて氷山となり流失する。浮氷舌の動態は

LH の定着氷の安定および不安定に関連しているこ

とが示されている [10]。白瀬氷河は 1980 年 3 月 [9]、
1988 年 1 月 [11]、1998 年 5 月 [12]に定着氷の大規模

な崩壊と流出が見られ、これに伴い氷河の浮氷舌の

多くも崩壊して流出した [13]。1998 年における浮氷

舌の流出は 198.8 km2 に及び、これに伴い浮氷舌の流

Fig. 1 Map of Lützow-Holm Bay, East Antarctica. The 
dashed rectangle defines the area of Shirase Glacier 
analyzed in the present study. 

出直後は流動速度が約 0.4 km a–1 の加速傾向が見られ

た [11]。
白瀬氷河末端の崩壊は 10 年周期であるとされて

きたが [14]、1998 年以降は 10 年を超えて白瀬氷河の

末端は前進を続けており、その崩壊は準周期的であ

ることが報告されている [10]。2015 年 3 月〜6 月に

かけて LH 湾における沖側定着氷の崩壊が見られ、

これに伴い白瀬氷河の GL における流動速度に約 0.1 
km a–1 の加速傾向が見られた [15]。2016 年 4 月には

白瀬氷河末端に及ぶ定着氷の崩壊と流出が見られ 

[16]、浮氷舌の一部が氷山となって流出したことが

光学センサによる取得画像から確認できた [17]。
西南極のみならず東南極においても、氷河末端部

が崩壊して氷山群となって突然流失することが注目

されている [18]。白瀬氷河においては浮氷舌だけで

なく、それを取り囲む LH の定着氷により、氷河の

直接的な流動を抑制されていると考えられることか

ら、氷河、浮氷舌および定着氷の流動速度を調べる

ことにより、これら流動速度の相互作用を明らかに 

することを目的とする。PALSAR-2 により取得され

るストリップマップ（高分解能）モードデータを用 
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Table 1 PALSAR-2 acquisition date in this study with 
landfast sea ice conditions 

range 

n pixel for range 
Pr47ary 47a31  S1/980ary 47a31  C980t4t498 92 6a802ast 4/1  

(i0, j0) 
• 

m pixel for azimuth 2 16/ 4/14  
2 16/1 /13  
2 17/ 3/3  
2 17/ 9/14  
2 17/1 /26  
2 18/ 3/29  
2 18/ 9/27  

2 16/ 4/28  
2 16/1 /27  
2 17/ 4/13  
2 17/ 9/28  
2 17/11/ 9  
2 18/ 4/12  
2 18/1 /11  

Br9k18 away  
D1v169p10 

Br9k18 away 
D1v169p10 
D1v169p10 

Br9k18 away 
D1v169p10  

As
Rs feature window 

azimuth 

• 
P (up, vp) 

Table 2 PALSAR-2 observation parameters used in this 
study 

Master image: X 

Slave image: Y 

46HelliHe 6lHiHude  )28 kA  
1.2 -.N  
(L-76nd  

6pproL. 2(.0 8A 
r6nge 1, 

6NiAuHh 2  
8 A  

(reG6Apled 
6pproL. 70.0 kA  

31.)O 
(7e6A no.1 

..  

Fig. 2 Schematic diagram of image correlation between 
the master image (white scene behind) and the slave 
image (shadowed scene above). A feature window of n 
pixels for range and m pixels for azimuth is moved to 
maximize the correlation coefficient. 

36d6r frequen8y  

36d6r w6velengHh  

0uA7er of lookG  

2iLel reGoluHion 6fHer
ground r6nge 8onverGion 

4w6Hh WidHh  
す。白瀬氷河と氷河末端における定着氷の変動を調 

べることができた画像ペアは 7 ペアであった。Table 
1 に PALSAR-2 データの取得日とその取得日におけ

る定着氷の有無を示し、Table 2 には PALSAR-2 の解

析時の設定をまとめる。 

1ffn6dir ,ngle  

2ol6riN6Hion 

3. 解析方法 いて、氷河、浮氷舌および定着氷の流動速度の相互 

関係を調べた結果を記述する。 
位置合わせを行った画像ペアについて、画像相関 

法を適用することによりレーダ座標系（レンジ−ア
ジマス座標系）での流動オフセット量を求めた。画 

像相関法とは、画像ペアにおける同一地点の検出を 

両画像から取り出した小領域の一致を調べることに 

より行う方法である。Fig. 2 に画像相関法の概念図を示

す。ここで、参照画像をプライマリ画像、探索画 像

をセカンダリ画像と呼ぶことにする。小領域とし て

は𝑚𝑚 × 𝑛𝑛の相関窓が用いられ、小領域の一致は画像間

の相関係数𝑅𝑅が最大になる位置として検出する。

𝑅𝑅は式（1）によって求められる。

2. データ取得 

白瀬氷河と氷河末端における定着氷の流動速度を 

調べるため、ALOS-2 衛星に搭載された PALSAR-2 
データを使用した。ALOS-2 は宇宙航空研究開発機

構（Japan Aerospace Exploration Agency: JAXA）が H- 
II A ロケット 24 号機により、2014 年 5 月 24 日に打

ち上げた衛星である。ALOS-2 衛星は回帰日数が 14 
日であり、L バンドSAR（1.2 GHz）であるPALSAR- 
2  を搭載しており、白瀬氷河の同一場所の変動を最
短で 14 日間隔で調べることが可能である。ALOS-2 
の運用に係る基本観測シナリオ（EORC-JAXA）に
おいて、南極地域は原則として ScanSAR モードによ
る観測が設定されているが、ScanSAR  モードでは広域
を一度に観測できる（観測幅 350〜490  km）利点があ
る一方、ストリップマップモード（観測幅 50〜70  
km）と比較して地表分解能が一桁良くない。したが
って、南極氷河の流動速度の推定には、可能な 限り
ストリップマップモードによる観測が望ましい。

本報告では、PALSAR-2 の 2016 年 4 月から 2018 年
10 月までの同一観測パス（パス番号53 の降交軌道、

右観測）のストリップマップモードにより取得され
た、画像中心の入射角が 31.6º の HH 偏波データを使

用した。Fig. 1 に PALSAR-2 データの取得範囲を示

∑8 ∑7[-(.,/)0-1 ][3(.45,/46)031] 𝑅𝑅(𝑢𝑢, 𝑣𝑣) = （1） 
9∑8 ∑7[-(.,/)0-1 ]:9∑8 ∑7[3(.45,/46)031 ]:

ここで、𝑋𝑋(𝑖𝑖, 𝑗𝑗)はプライマリ画像𝑋𝑋の座標がレンジ＝

𝑖𝑖、アジマス＝𝑗𝑗における画素値、𝑌𝑌(𝑖𝑖 + 𝑢𝑢, 𝑗𝑗 + 𝑣𝑣) は
(𝑖𝑖, 𝑗𝑗)から(𝑢𝑢, 𝑣𝑣)だけ移動したセカンダリ画像𝑌𝑌におけ

る画素値、𝑋𝑋1および𝑌𝑌1はそれぞれプライマリおよびセ

カンダリ画像のアジマス𝑚𝑚、レンジ𝑛𝑛の画素を包含

する小領域画像における平均画素値を示す。

流動オフセット量を求めるに当たり、相関窓の設

定は氷山になる段階の浮氷舌片の大きさ（およそ 1 
km2）を参考にして、128×128  ピクセルとした．式

（1）から𝑅𝑅が最大を達成するそれぞれのシフト量
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速度は近似値としては実用上問題ないと考えられる。 

なお，V の計測時間差は 14 日である。
流動速度の絶対値の推定誤差を±1 ピクセルとみなし

た場合は、±0.28 km a–1 求められる。氷河では、画像相
関法を適用する小領域は連続体とみなせること、位置

合わせを 0.1  ピクセル以内の誤差に収めている こと

を考慮すると、流動速度の相対精度は絶対精度 より
１桁は良いと考えられ、±0.03 km a–1 とみなせる。

4. 解析方法 

4.1 白瀬氷河の流動速度

白瀬氷河の中央流線における流動速度を求めた結
果を Fig. 3 に示す。この図の横軸は GL を基準とした
距離を表しており、0 から左方向は下流側へ GL から
距離が離れていくことを示し、縦軸は年間流動速度
に換算した結果を示している。Fig. 3 から、GL から
10 km 下流における白瀬氷河の7 ペアの平均流動速度
は、ほぼ GL における氷河の流動速度 [15]と同様の
2.31±0.03 km a–1 であり、標準偏差 0.04 km a–1 であっ
た。この流動速度が GL から下流 10 km までほぼ一
定で推移する傾向は、1996 年より求められた流動速
度の分布 [15]と同様であり 20 年以上継続していると
考えられる。したがって、GL 周辺の流動速度につ
いては、白瀬氷河末端周辺における定着氷の安定／ 
不安定との関連性は低いと見られる。一方、GL よ
り下流 40 km 地点から下流域においては、浮氷舌末
端にかけて流動速度が速くなる傾向にあるが、LH 
内の定着氷の存在の有無や浮氷舌の長さにより、浮
氷舌末端にかけて流動速度が速くなる傾向が異なる
ことが分かった。 

2016 年における定着氷の崩壊は、白瀬氷河末端に

到達し、その後に再凍結したことから、2016 年 4 月
14 日〜4 月 28 日の画像ペアと比較して 2016 年 10 月 

13 日〜10 月 27 日の画像ペアにおける白瀬氷河の流

動速度に差は見られなかった。 
2017 年における定着氷の流出に伴い白瀬氷河の浮

氷舌が流出し、浮氷舌末端が約 15 km の後退が見ら
れた。これに伴い、2016 年 10 月 13 日〜10 月 27 日
の画像ペアと比較して 2017 年 3 月 30 日〜4 月 13 日
の画像ペアでは、GL より下流 40 km 地点から浮氷舌
末端へと平均で 0.05 km a–1 流動速度が速くなる傾向
が見られた。その後、LH は再凍結したが、2017 年 9 
月 14 日〜9 月 28 日および 2017 年 10 月 26 日〜11 月
9 日の画像ペアにおいては、GL より下流 40 km 地点

から浮氷舌末端へと平均で 0.17 km a–1 流動速度が速

くなる傾向が見られた。 

2018 年における定着氷の崩壊は、白瀬氷河末端に

は到達しなかったが大きく流出していることが見ら

れた。これに伴い、2017 年 10 月 26 日〜11 月 9 日の

画像ペアと比較して 2018 年 3 月 29 日〜4 月 12 日の

画像ペアでは、GL より下流 40〜60 km 地点において

Fig. 3 Profile of ice flow velocity in central stream of 
Shirase Glacier. Dashed line (solid line) indicates fast 
ice under stable condition (unstable condition). 

(𝑢𝑢, 𝑣𝑣)が分かれば、アジマスおよびレンジ方向の 1 ピ 

クセル当たりの地表分解能𝐴𝐴  、𝑅𝑅  を用いて、レーダA A 

座標系における各方向の流動オフセット量である𝐴𝐴B、

𝑅𝑅Cは、式（2）により簡単に計算できる。

𝐴𝐴B = 𝐴𝐴A × 𝑣𝑣 
𝑅𝑅C  = 𝑅𝑅A × 𝑢𝑢 

（2） 

ここで、𝐴𝐴Bおよび𝑅𝑅Cと地表面系における東西、南北、鉛
直方向の流動オフセット成分𝑈𝑈E、𝑈𝑈F、𝑈𝑈Bとの間には以下
の関係がある（e.g. [19]）。

𝑅𝑅C  = cos 𝜙𝜙 sin 𝜃𝜃 𝑈𝑈E − sin 𝜙𝜙 sin 𝜃𝜃 𝑈𝑈F − cos 𝜃𝜃 𝑈𝑈B
𝐴𝐴B = sin 𝜃𝜃 𝑈𝑈E  + cos 𝜃𝜃 𝑈𝑈F

ここで、𝜙𝜙は衛星の飛行方向（北から時計回りに

正）、𝜃𝜃はマイクロ波の入射角である。本研究では、

鉛直方向の速度成分を𝑈𝑈B ~ 0と近似することにより、

式（3）はより簡単な式（4）へと変換できる。

（3） 

𝑈𝑈F  = cos 𝜙𝜙 𝐴𝐴B − (sin 𝜙𝜙 / sin 𝜃𝜃)𝑅𝑅C
𝑈𝑈E = sin 𝜙𝜙 𝐴𝐴B + (cos 𝜙𝜙 / sin 𝜃𝜃)𝑅𝑅C

（4） 

以上から、流動速度 V は式（5）により求められる。

𝑉𝑉T = 𝑈𝑈T + 𝑈𝑈T = 𝐴𝐴T + (𝑅𝑅  / sin 𝜃𝜃)T （5） F E U C 

つまり、地表面系での流動オフセット量の絶対値𝑉𝑉T 

はレーダ座標系での流動オフセット量を地表面投影 

した量の絶対値と等価であることが分かる。しかし、

鉛直方向の速度成分を 0 と近似していることから、流

動速度の厳密解を求めていることにはならないが、本

流域で想定される鉛直速度の水平速度に対する割 合

から、式（5）により求められる白瀬氷河の流動
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km a–1 速くなった。2017 年 10 月 26 日〜11 月 9 日の
画像ペアにおいては、浮氷舌末端付近から GL より
下流 85 km 地点（距離にして 20 km）へと流動速度
が 0.35 km a–1 遅くなり、GL より下流 85〜110 km 地
点においては流動速度に差が見られず 0.17 km a–1 で
あった。GL より下流 120 km 地点へと再び流動速度
が遅くなり、GL より下流 125 km 地点まで流動速度
が 0 km a–1 となったが、GL より下流 125〜160 km 地
点へと流動速度が 0.56 km a–1 速くなった。

2018 年 9 月 27 日〜10 月 11 日の画像ペアにおいて

は、浮氷舌末端付近から GL より下流 85 km 地点（距

離にして 15 km）へと流動速度が 2.12 km a–1 遅くな

った。GL より下流 85〜110km 地点においては、先

の減速傾向よりも緩やかとなり流動速度が 0.27 km 
a–1 遅くなった。GL より下流 130 km 地点までは流動

速度が 0 km a–1 となったが、GL より下流 130〜160 
km 地点へと流動速度が 0.34 km a–1 速くなった。  

5. 考察

白瀬氷河末端部を取り囲む定着氷は、2016 年 4 月
以前が多年氷であり定着氷の状態としては安定して
いた。しかし、2016 年 4 月には白瀬氷河末端に及ぶ

定着氷の崩壊と流出が見られて以降、本論文の解析
期間である 2018 年 10 月 11 日まで氷河末端を取り囲

む定着氷は一年氷であった。この定着氷の不安定化
に伴う流動速度の変化は、2016 年 4 月 14 日〜4 月 28 
日の画像ペアを基準として、GL より 40 km 下流から

氷河末端部における平均流動速度を比較する結果、 

0.11 km a–1 の加速が見られた。

2017 年における定着氷の流出に伴い、白瀬氷河

の浮氷舌末端が約 15 km の後退が見られた。これに

伴い、GL より 40 km 下流から氷河末端部における流
動速度は 2016 年と比較して 2017 年は速くなり、

2017 年 9 月 14 日〜9 月 28 日および 2017 年 9 月 14 日
の画像ペアから 2018 年 3 月 29 日〜4 月 12 日の画像

ペアに至るまで流動速度は顕著に速いことが Fig.  3 
から分かり、定着氷の存在する 2016 年 10 月 13 日〜
10 月 27 日の画像ペアと比較して、0.20〜0.38 km a–1 

の加速が見られた。 

白瀬氷河末端部を取り囲む定着氷は秋季に流出し 

[16]、とくに、2018 年 3 月 29 日〜4 月 12 日の画像ペ

アの浮氷舌末端においては、本報告の解析期間にお

いて最も速い流動速度の 2.93 km a–1 であった。近年

において白瀬氷河末端が最も後退したのは 1998 年 4 
月であり、この時の浮氷舌末端における流動速度は 
3.32 km a–1 であったことから [11]、2018 年 3 月 29 日 

〜4 月 12 日の画像ペアにおける浮氷舌末端における

流動速度と同程度であることが分かった。したがっ

て、2018 年における LH の定着氷および白瀬氷河の

浮氷舌の流出規模は、1998 年における流出規模に類

似すると考えられた。この理由に、氷河下層への暖 

Fig. 4 Profile of landfast ice displacement in Lützow- 
Holm Bay along flow line of Shirase Glacier. Gray pairs 
are not shown because there is no landfast ice. 

は流動速度に差は見られないが、GL より下流 60 km 
地点から浮氷舌末端へと白瀬氷河の流動速度が速く
なっており、浮氷舌末端においては流動速度が 0.17 
km a–1 速いことが分かった。その後、LH は再凍結し
た結果、2018 年 9 月 27 日〜10 月 11 日の画像ペアで
は、GL より下流 45 km 地点から浮氷舌末端へと流動
速度が遅くなる傾向が見られた。とくに、GL より
下流 55 km 地点から浮氷舌末端へ大きく減速し、浮
氷舌末端における流動速度は、2016 年 10 月 13 日〜

10 月27 日の画像ペアにおける浮氷舌末端の流動速度

とほぼ同じになった。

4.2 氷河末端の定着氷の流動速度

Fig. 3  と同様に、白瀬氷河流線の延長上にある定着
氷における流動速度を求めた結果を Fig. 4 に示す。こ

の図から、白瀬氷河末端に接している地点から沖 側

へと距離が離れると共に定着氷の流動速度は遅く な
り、GL から下流 125 km 地点を境にして沖側へと流動

速度が速くなる傾向が見られた。具体的には、 

2016 年 10 月 13 日〜10 月 27 日の画像ペアにおいて

は、白瀬氷河の浮氷舌末端付近から GL より下流 90 
km 地点（距離にして15 km）へと流動速度が1.88 km 
a–1 遅くなった。GL より下流 90〜125 km 地点におい

ては流動速度にほとんど差が見られず平均で 0.44 km 
a–1 であったが、GL より下流 125〜160 km 地点へと

流動速度が 0.62 km a–1 速くなった。

2017 年 9 月 14 日〜9 月 28 日の画像ペアにおいて

は、浮氷舌末端付近から GL より下流 80 km 地点（距離

にして 15 km）へと流動速度が 0.17 km a–1 遅くなり、

GL より下流 80〜110 km 地点においては流動速度に差

が見られず 0.17 km a–1 であった。GL より下流120 km 
地点へと再び流動速度が遅くなり、GL より下流 140 
km 地点まで流動速度が 0 km a–1 となったが、

GL より下流 140〜160 km 地点へと流動速度が 0.21 
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水流入と関係している可能性があるが [8]、本報告に

おいてはその詳細を理解するには至らなかった。 

Fig.  4 から、白瀬氷河を取り囲む定着氷が氷河末
端部から 15〜55 km 程度動いていることが見られ、
氷河が定着氷を押していることが明らかとなった。
この定着氷の流動パターンは、（1）2016 年 4 月 14 
日〜4 月 28 日および 2018 年 9 月 27 日〜10 月 11 日の
画像ペアと、（2）2017 年 9 月 14 日〜9 月 28 日およ
び 2017 年 10 月 26 日〜11 月 9 日の画像ペアの大きく

2 つに分けられる。

（1）のパターンでは、氷河末端から氷河末端に

接する定着氷への流動速度の伝播が 92%である一方

で、（2）のパターンでは、氷河末端から氷河末端 に

接する定着氷への流動速度の伝播が 16%であった。

（1）のパターンでは、氷河末端における流動速度

が定着氷へ十分に伝播される結果、（2）のパター

ンと比較して氷河の流動速度を抑制していると考え

られる。

（2）のパターンでは、氷河末端における流動速

度が定着氷へ伝播される割合が小さく、氷河の流動

の抑制効果が弱いと考えられた。なお、これらのパ

ターンの氷河末端における流動速度の差は 0.20 km a– 
1 であった。

以上から、いずれのパターンにおいても白瀬氷河

末端部を取り囲む定着氷の存在は、氷河の直接的な

流出に対して控え壁の役割であることが分かった。 
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1. INTRODUCTION

Ice sheets are acknowledged by WMO and UNFCCC as 
an Essential Climate Variable (ECV) needed to make 
significant progress in the generation of global climate 
models. Information requirements include ice velocity 
(IV), grounding line position (GP), Ice front position 
(IP), all of which can be derived using spaceborne SAR 
data [1,2]. 
We are funded through a NASA MEaSUREs project to 
generate high-quality Earth Science Data Records 
(ESDR) in Antarctica. To do so, we utilize multi-
mission spaceborne SAR data and, more recently, 
optical data. Our primary information products are ice 
velocity and grounding line position, but we also 
provide ice front position as well as basin boundaries. 
Our maps are provided continent-wide, though coverage 
is limited by the data availability for the corresponding 
observation period. A list of available products is 
provided in section 5. 
The primary objective of this report is to evaluate the 
utility of ALOS-PALSAR and ALOS-2 PALSAR-2 
data for ice sheet monitoring, particularly when used in 
combination with other available data sources. We 
show the utility of L-band data for both ice velocity and 
grounding line measurements and highlight some 
limitations of the mission. 
The initial focus of the project was continent-wide for 
ALOS PALSAR because of the availability of dedicated 
large-area interferometry SAR (InSAR) coverage. Data 
were acquired campaign style between 2006 and 2010. 
For ALOS-2 PALSAR-2, a more regional approach was 
envisioned, mainly due to limited access to stripmap 
InSAR data from the mission. The original area of 
interest was the Antarctic Peninsula, but we have been 
working with JAXA to define a number of key 
geographic areas to maximize the scientific impact of 
the data acquisitions.  

2. DATA

Between 2006 and 2010 annual large scale ALOS 
PALSAR acquisition campaigns were undertaken in 
Antarctica. Specifically, the entire visible area using 
right looking mode was covered with 46-day repeat 
InSAR acquisitions, thus providing a unique L-band 
data set for the region. The data were acquired in series 
of two to three consecutive passes. Despite the 46-day 
repeat, L-band PALSAR data displays higher 
correlation than the 12-, 24- or 35-day repeat C-band 
data such as RADARSAT-2, ENVISAT/ASAR or 
Sentinel-1, and proves instrumental particularly in 

coastal areas. On the other hand, PALSAR data are 
affected by ionospheric noise, especially near the 
magnetic South Pole in East Antarctica. 
ALOS-2 PALSAR-2 has a 14-day repeat orbit, which is 
advantageous over ALOS PALSAR as data correlation 
is even higher, particularly for fast glaciers. The shorter 
repeat will reduce the signal to noise ratio for 
ionospheric noise, so ionospheric perturbations have a 
greater impact, especially in slow moving areas. No 
Antarctica-wide interferometric acquisition strategy is 
in place, and access to stripmap data is restricted due to 
a limitation on data quotas. Throughout the project, we 
worked with JAXA to identify regions of interest (i.e. 
fast glaciers) where a smaller number of acquisitions 
has a high scientific impact given the sensor properties. 
These areas include the Antarctic Peninsula, the 
Amundsen Sea Embayment, and the Getz Coast in West 
Antarctica, as well as Totten and Denman Glaciers in 
East Antarctica.  

3. METHODOLOGY

The primary method to measure ice sheet velocity from 
spaceborne SAR data is speckle tracking [1]. Clear 
advantages of the method include its robustness and the 
availability of 2-D measurements from a single data 
pair. Using the method, we have published the first 
continent-wide ice velocity map for Antarctica [2] and 
an ice sheet wide ice velocity map of Greenland [3]. 
Our processing infrastructure is built on well-
established methods [2,5,8], more than 20 years of 
expertise in the field, and long term funding to produce 
and provide Earth Science Data Records for Antarctica. 
We also integrate optical data processed with feature 
tracking [8] into our ESDR production. For this, we 
synergistically process SAR and optical data, 
automatically calibrate the resulting velocity maps and 
merge them to seamless, ice sheet wide products. This 
approach allows us to provide annual mosaics of ice 
motion in Antarctica (and Greenland) with all available 
data acquired in a particular year [8]. 
A detailed description of our technical approach is 
provided in [5,8]. We use single look complex images 
in stripmap mode (CEOS format at the processing level 
1.1). To process ice velocity, we derive displacement-
offset maps from successive PALSAR or PALSAR-2 
pairs. The offset map is calculated using ampcor from 
JPL’s ROI_PAC package. For speckle tracking results, 
ionospheric artifacts in the L-band were mitigated by 
averaging multiple measurements or, for large streaks, 
identifying and masking the streaks before averaging. 
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A second, more accurate method to measure ice 
velocity from spaceborne SAR is to utilize the 
sensitivity of the interferometric phase to displacement 
in rage direction [9]. This approach has a more stringent 
data requirement, as it requires data to be collected in 
both ascending and descending direction. No single 
mission to date provides such coverage, we achieve it 
by mixing data from different sensors acquired over 
multiple years. The resulting ice velocity product is 
vastly more accurate, particularly in areas of slow ice 
flow. For fast flowing areas, the method cannot be used, 
so we generate a high-precision Antarctica-wide 
reference map by combining phase-based velocity 
measurements with tracking based maps. A detailed 
description of the method and the product is provided in 
[11]. Ionospheric perturbations do affect the L-and 
interferometric phase, however, the impact can be 
greatly reduced using a split band method [10]. Figure 1 
shows a comparison of six interferograms of a single 
track with a reference data set before and after 
ionosphere correction. We subsequently employed the 
correction algorithm on the entire available ALOS-
PALSAR data set.  
 

 
Fig. 1: Antarctic time series slant range ice 

velocity measurement without (top) and with 
(bottom) ionospheric correction. Shown in gray is 
the tracking-based reference ice velocity from 
MEaSUREs. [10] 
 
The grounding line of a glacier is the boundary where 
the ice starts to float in ocean waters. The floating 
section moves up and down with rising and falling tide. 
The resulting vertical displacement can be measured 
using a spaceborne SAR using double difference 
interferometry [3,6,7]. The method requires the 
availability of two interferometric pairs (generated 
either with three consecutive acquisitions, or two times 
two consecutive acquisitions). We have already shown 
grounding line measurements with ALOS PALSAR 
data [3], however, the shorter revisit time of ALOS-2 
PALSAR-2 is highly advantageous for this application. 
 

4. ALOS-2 PALSAR-2 OFFSET SHIFTS 
 
We found for early ALOS-2 PALSAR-2 data that the 
range displacement component is affected by strong 
shift in range direction, which was related to the single 
look complex data provided by JAXA (see Fig. 2). Due 
to these shifts, we were not able to integrate the offset 
maps based on the data in our tracking-based ice 
velocity products. This issue has also been identified by 
JAXA and was subsequently resolved.  
 

 

Fig. 2: Example range component of a 
displacement field shown on left and corresponding 
phase interferogram shown on right. Horizontal 
streaks are clearly visible on the offset map. This 
issue has since been resolved by JAXA. 

 
5. MEASURES EARTH SCIENCE DATA 

RECORDS 
 
Our efforts resulted in a number of ESDR’s that are 
freely available for use: 
http://nsidc.org/data/measures/data_summaries 
 

• MEaSUREs Phase-Based Antarctica Ice 
Velocity Map, V1 
http://nsidc.org/data/NSIDC-0754  

• MEaSUREs Annual Antarctic Ice Velocity 
Maps 2000-2020, V1 
http://nsidc.org/data/NSIDC-0720  

• MEaSUREs Antarctic Boundaries for IPY 
2007-2009 from Satellite Radar, V2 
http://nsidc.org/data/NSIDC-0709  

• MEaSUREs InSAR-Based Antarctica Ice 
Velocity Map, V2 
http://nsidc.org/data/NSIDC-0484  

• MEaSUREs Antarctic Grounding Line from 
Differential Satellite Radar Interferometry, V2 
http://nsidc.org/data/NSIDC-0498  

• MEaSUREs InSAR-Based Ice Velocity of the 
Amundsen Sea Embayment, Antarctica, V1 
http://nsidc.org/data/NSIDC-0545  

• MEaSUREs InSAR-Based Ice Velocity Maps 
of Central Antarctica: 1997 and 2009, V1 
http://nsidc.org/data/NSIDC-0525  

 
Our original continent-wide Antarctica ice velocity map 
is based on speckle tracking of data collected using 
ALOS/PALSAR along with ENVISAT/ASAR, 
RADARSAT-1&-2, Sentinel-1a/b, ERS-1/2, TerraSAR-
X and Landsat-8. Based on our expertise, we also 
produced annual time series of surface ice velocity of 
the Antarctic Ice Sheet between 2000 and 2020, as 
shown in Figure 3 [5]. Both data sets were processed 
using speckle or feature tracking and are published at 
the National Snow and Ice Data Center (NSIDC). The 
latest generation Landsat satellite (Landsat-8) proved to 
be a useful addition to the suite of SAR satellites 
providing data for our products. We process SAR and 
optical data in a synergistic fashion, automatically 
calibrate, mosaic, and integrate these data sets together 
into seamless, ice-sheet-wide products.  
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Fig. 3: MEaSUREs Annual Antarctic Ice 

Velocity Maps 2000-2020, V1 [8]. 
http://nsidc.org/data/NSIDC-0720 
 
The aforementioned products are solely based on 
tracking methods (speckle tracking for SAR, feature 
tracking for optical), which limits the accuracy on the 
ice motion to about 10 m/yr, which impacts the 
determination of flow direction in slow moving areas. 
These limitations impact our ability to accurately define 
drainage basins of glaciers in the region or to model and 
understand the ice flow in slow moving areas. 
The utilization of the InSAR phase allows to measure 
ice velocity much more accurately, particularly in slow 
areas in the interior of the ice sheet. This advantage 
comes at the cost of more stringent data requirements. 
While speckle tracking provides 2d flow results from a 
single pair, InSAR phase analysis requires data acquired 
in ascending and descending orbits to combine two 
range-only velocity vectors to form a 2d flow map [9] 
[11]. We solved this issue by combining ascending and 
descending InSAR phases from Envisat/ASAR (or 
ERS) with ALOS/PALSAR, ALOS-2/PALSAR-2, 
COSMO-SkyMed, RADARSAT-1/&-2 or 
TandDEM/TerraSAR-X and achieve phase-based IV 
coverage for more than 71% of the area [11]. In areas of 
fast flow on the coast, InSAR phase analysis is no 
longer possible due to phase decorrelation. Due to the 
high signal, tracking-based results have an excellent 
SNR for these regions and combining tracking with 
phase-based results leads to the most precise ice 
velocity reference map of Antarctica to date (see Figure 
4). 
 

 
Fig. 4: MEaSUREs Phase-Based Antarctica 

Ice Velocity Map, V1 [11]. 
http://nsidc.org/data/NSIDC-0754 
Contributions of the various missions are shown in 
the top row. 
 
Figure 5 shows the published grounding line product 
[3,6,7] divided by sensor as well as by year of data 
acquisition. All grounding lines were measured using 
double difference interferograms by utilizing the 
sensitivity of the interferometric phase to vertical 
displacement due to tide lift of the floating portion of 
the ice. Grounding mapping efforts are ongoing, 
particularly using Sentinel-1, RADARSAT-2, and 
Cosmo SkyMED.  
 

6. ALOS-2 PALSAR-2 EXAMPLE RESULTS 
 
In an effort to evaluate ALOS-2 PALSAR-2 data for ice 
sheet monitoring, JAXA kindly agreed to acquire, on a 
best effort basis, repeat pass interferometric data in a 
few key areas, where acquisitions with limited 
geographic coverage still have significant scientific 
impact. Figure 6 shows a sample ice velocity map for 
Denman Glacier in East Antarctica, Figure 7 shows a 
double difference interferogram of two adjacent frames 
in the region. Data correlation is excellent and the 
differential tide leads to a vertical displacement of the 
floating portion of the ice resulting in a dense fringe 
pattern that allows the delineation of the grounding line 
position. Grounding line measurements were not 
possible for all areas where data is available, due to 
phase decorrelation on fast flowing areas. Tracking 
results show generally good correlation. The sensitivity 
of L-band data to vertical displacement is smaller 
compared to C- or X-band data resulting in fewer 
fringes for the same differential tide.  
 

 
Fig. 5: MEaSUREs Antarctic Grounding 

Line from Differential Satellite Radar 
Interferometry, V2 [3,6,7]. 
http://nsidc.org/data/NSIDC-0498 
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Fig. 6: Denman Glacier, East Antarctica. 

ALOS-2/PALSAR-2 based ice velocity map example. 
The color scale is the same as shown in Figures 3 
and 4. 
 

7. SUMMARY 
 
We evaluate interferometric L-band SAR data from 
ALOS PALSAR and ALOS-2 PALSAR-2 for their 
utility for ice sheet monitoring. The higher correlation 
of L-band data compared to data with shorter 
wavelength makes PALSAR and PALSAR-2 excellent 
instruments to land ice. The large area ALOS PALSAR 
acquisition campaigns conducted between 2006 and 
2010 provided a significant contribution to the first 
speckle tracking based ice velocity map of Antarctica. 
The data also proved instrumental to the newer InSAR 
phase based reference ice velocity map, which has a 
reduced error (smaller by an order of magnitude), 
particularly in areas of slow flow. To achieve the result, 
ionosphere correction had to be applied to the L-band 
InSAR results. The shorter revisit time of ALOS-2 
PALSAR-2 leads to even higher correlation and allows 
better grounding line measurements where a differential 
tide signal is present. 
The developed acquisition plan (best effort InSAR 
acquisitions in targeted high-impact areas), together 
with the examples shown, illustrates how ALOS-2 
PALSAR-2 can be used for ice sheet monitoring with 
high scientific impact, while not affecting the BOS. 
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1. INTRODUCTION

The mechanism of arctic ice sheet migration is not yet 
fully   identified. Glacial    movement,    specifically    that 
involving supra/under glacial hydrological channel 
activities, may hold the key for understanding the 
acceleration of Artic/Greenland’s ice sheet change and 
needs to be investigated in depth and established as an 
integrated   model.  Therefore,   we tried to identify firstly 
the interconnected processes between sub glacier melt 
water flow and glacial migration employing mainly ALOS 
data sets from RA-6, and also the model establishments of 
the involved processes. The test area on which above 
studies were conducted, w a s  e s t a b l i s h e d  in the 
Russell glacier in western Greenland. A large number of 
Interferometric Synthetic Aperture Radar (InSAR) and 
optical satellite image analyses has been processed in the 
contexts of ice sheet migration and supra/under glacial 
hydrological channel activities. In parallel, intensive 
hydrodynamic modellings based on the parameters and 
satellite data sets of this study were performed on the high 
speed processors. The results from these  remote  sensing  
and/or  modelling  are  being compared  and  validated  
against  published  bedrock heights and ice thicknesses.  
We are expecting that the output of this study and the 
proposed method will be  extended  to  a  comprehensive  
scheme  to  tackle  the issues  of  ice  sheet  change 
occurring  in  the  Greenland costal   area.   Thus,   hereby   
we   reported   the progresses of this study and discussed 
the importance of outcomes together with future 
perspective 

2. BACKGROUDS

The changes of ice sheet in Greenland have been traced 
through various remote sensing observations. However, it 
was realized that the uncertainties in the observed change 
of ice sheet were not fully addressed. Therefore, we 
devised and tested a scheme employing multiple sensor 
satellite data and the data fusion to spatially and temporally 
monitor the migration of glacier with high accuracy. Firstly, 
InSAR campaigns using ALOS Phased Array type L-band 
Synthetic Aperture Radar (PALSAR) and Sentinel-1 pairs 
were applied to monitor the glacial change. In terms of data 
fusion aspect, we then employed pixel tracing method by 
co-registration of ALOS Panchromatic Remote-sensing 
Instrument for Stereo Mapping (PRISM)  optical images 

over target area to compensate for any line-of-sight glacial 
movement resulted by the InSAR analysis. To securely 
trace individual pixel, high accuracy sub-pixel co-
registration algorithm was developed. Meanwhile, 
SAR/InSAR pairs were also applied to test the amplitude 
tracking method in the same manner. To address the 
temporal difference between the acquisition of SAR and 
optical images, the velocity vectors considering seasonal 
mean migration were interpolated. At last, the outputs from 
analyses were incorporated to build an effective 3D 
movement tracing over Russell glacier. Furthermore, in 
order to investigate the glacial migration process, the 
hydrodynamic simulations employing Digital Elevation 
Model (DEM) of optical stereo pairs over meltwater 
outflow channels, such as Akuliarusiarsuup Kuua and 
Qinnguata Kuussua from Russell glacier, were conducted 
simultaneously with the tracking of the geometric 
movement of glacier. The overall results were anticipated 
to be incorporated for the understanding of long term 
change of Russell glacier. The characteristics of test areas 
and employed data sets were summarized as follows. 

2.1. Target area 

The test site was established in Russell Glacier which is 
an outlet glacier in West Greenland (approximately 67.02 
N; 50.15 W). This place gained a significant scientific 
interests by the potential association with the episodic 
drainage of supra glacial lake (Shepherd et al., 2009 [1]; 
Fitzpatrick et al., 2014 [2]). The glacial change in 
Russell glacier has been obvious for the last century and 
significant fluvial flows occur in meltwater outflow 
channels. The proposed monitoring strategy was applied 
for observations of ablation zone of Russell glacier (Figure 
1), which is one of the most scientifically interesting 
areas over the entire Greenland ice sheet. In addition to 
the scientific value of this area, since all of these glaciers 
are land-terminating glaciers which are independent of 
the tidal and calving effect, and are being at the edge of 
the Greenland ice sheet, where the most significant 
indicators of changes in the Greenland ice sheet are 
located. Hence, the relatively simple glacier dynamics 
ensures the application and validation of our monitoring 
approach. 

Final Report on the 6th ALOS-2 Research Announcement
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Figure 1. The location of Russell glacier and the instance 
o f  glacial migration captured in LANDSAT-8 and   ALOS   
PRISM  (acquired   on 2010/10/12). The outlet channel of 
Russell glacier was presented also (photo provided by 
ASIAQ). 
 
2.2 Data sets 
 
The strategy proposed in this study required a large 
amount of the latest optical and SAR images. Extensive 
offset  tracking  and  InSAR  were  applied  over  L  band 
ALOS PALSAR 1 and 2 time series observations. C band 
Sentinel-1 and ALOS PRISM optical imagery were 
employed   together  with  c o m p l e m e n t a r y    data  
sets. In addition, LANDSAT/Sentinel-2 optical image and 
auxiliary data sets from aerial/ground observation were 
fused with the data sets from space borne assets. 
 
2.2.1 ALOS PALSAR and Sentinel-1 SAR data 
sets 
 
For all those purposes, time series satellite data need to be 
accumulated  for  long-term  period  and  extensive  spatial 
area.   Although   various   public   domain   satellite   data 
together with a large stock of popular EO imagery such as 
LANDSAT,  Sentinel-2  and MODIS  are available,  SAR 
imagery, specially L ALOS PALSAR 1 and 2 images, 
is the most useful considering frequent cloud over in  artic 

area. Although L ALOS PALSAR 1 and 2 is effective for 
the  purpose   of   this   study   due   to  their   high   phase 
coherences, calibration procedure to suppress error 
component is essential as the highly obvious ionospheric 
errors  are  frequently  populated  especially  with  L  band 
SAR image and artic environments. Therefore advanced 
processing techniques by external/internal error maps is 
essential with ALOS PALSAR 1 and 2. Since the 
developments for the L band SAR error addressing are 
actively undergoing, we only employed limited number of 
ALOS PALSAR 1 and 2 images. To compensate 
insufficient number of PALSAR 1 and 2, the latest ESA 
C-band Sentinel-1 images were used in this study. We 
selected images in the interferometric wide swath (IW) 
mode, which corresponds to the terrain observation with 
progressive scans in azimuth (TOPS). This setting ensures 
the along-track and cross-track uncertainties are within 50 
m and 10 m at the 1σ level. The high spatial resolution (4 
m  ×  14  m)  of  Sentinel-1  guarantees  that  the  glacier 
surface  can  be  detected  in  detail.  The  intensity 
information  stored  in  the  level  1  single  look  complex 
(SLC)  product  was  exploited,  and  the  HH  polarization 
was chosen for its high SNR and better quality of ground 
feature. 
 
2.2.2 Optical images and auxiliary data 
 
We obtained NASA’s Landsat-8 data, and its band 8 
(panchromatic) channel with the resolution of 15 m was 
chosen for offset tracking processing. To acquire ortho- 
rectified   images,   the   L1T   (precision   ortho-corrected 
product with GCPs and DEMs) product was used, which 
ensures that the uncertainty of geodetic pixels is under 12 
m and the band-to-band co-registration is under 4.5 m, 
at the 90% level of confidence. The uses of LANDSAT or 
Sentinel-2 as complementary data sets is for 1) the base 
imagery   for   pixel   tracking   once   after   the   geodetic 
accuracy  of them were confirmed;  2) the determination 
of the water levels of the channel connected to glacier. 
ALOS PRISM images were highly useful because of their 
relatively high resolution (2.5m in nadir) and the easy and 
robust sensor data which are essential for stereo analyses, 
consequently for 3D reconstruction of glacier. It was 
appeared  that  stereo  data  source  from  mainly  ALOS 
PRISM  was  highly  useful  to  construct  the  topography 
over Russell with the far better resolution and quality than 
public domain digital topography such as Greenland 
Mapping Project (GIMP) and Advanced Spaceborne 
Thermal Emission and Reflection Radiometer (ASTER) 
DEM. To compare with the resultant surface glacier 
velocity, we used the ice velocity data provided by 
ESA’s Greenland Ice   Sheet   CCI   project.  
The  outcome  is  the 500-m-resolution  gridded  velocity  
and  a  1  year  static average, from October 2015 to 
October 2016, which is much coarser compared with our 
results; however, the overall patterns and magnitudes 
should be comparable. Furthermore,  because  subglacial  
topography  is regarded as  an   indispensable   factor   of   
glacier   dynamics   and meltwater  storage,  the  bedrock  
topography  and  the  ice thickness data derived from 
NASA’s Operation IceBridge mission  as well as the 
surface temperature  provided  by which included in   the 
Sea-level Response to Ice Sheet Evolution (SeaRISE) 
project   were used in parallel. The IceBridge   ice  
thickness   was  extracted   using  a  radar sounding    
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technique,    and    bedrock    topography    was obtained 
by subtracting the ice thickness from the surface DEM 
further deduced. 
 

3. METHODS 
 
All tasks in the study were conducted in three stages: 1) 
collecting 3D migration vectors combining L and C band 
InSAR analysis, together  with  the  in-house  pixel  
tracking  method employing optical flow and sub-pixel 
refinement; 2) a 2D hydrodynamic  simulation  based  on  
the  channel bathymetry,  which  was  driven  from  
calibrated LANDSAT   images   together   with   along-
track   ALOS PRISM stereo DTM; and 3) the model 
inversion to extract the bedrock height and the physical 
processes under the glaciers. The details are described as 
follows. 
 
3.1 Glacier tracking methods 
 
Remote   sensing   algorithms   to   observe   the   glacial 
movement in this study includes  
a) InSAR & pixel tracking with ALOS PALSAR, 

PALSAR-2,   Sentinnel-1.   Pros   are   relatively high 
spatial resolution and full independency of observation 
on climate condition. However bad coherence/co-
registration over snow/ice cover together with 
ionospheric errors frequently misleads the interpretation. 
Also it is necessary to recognize the detection capability 
of velocity vector of InSAR is limited only in Line of 
Sight (LOS) direction. Because the movement vectors 
derived  using  different  techniques  are  in different 
directions, which are decided by the sensing  incidence  
angle  and  satellite  heading angle , it is difficult to 
compare them directly. 

b) Stereo  analysis  with  ALOS  PRISM  or  other stereo 
image sources. Most of stereo matching algorithm 
usually doesn't work over ice fields. In addition, cloud 
coverage makes problem in acquisition  time.  However, 
high spatial resolution   upto   5-10m   with   ALOS   
PRISM enable to process high quality DEM in this case. 
Although there is a possible correlation between the 
water flow in connecting channel and glacial migration 
speed, the constant in-suit measurement of water flows 
over test area is not feasible. Instead, the correlation 
between simulated hydrodynamic flow and glacial 
migration can be investigated for such purposes. 

 
3.2. Basal condition estimation by numerical ice sheet model 
 
Based  on  our  remotely  sensing  observations,  we could 
identify the spatial pattern of glacial surface motion; 
however,  it  is  not  sufficient  to  understand  the  friction 
condition  of  ice/bedrock   interface  which  is  a  strong 
predictor of glacial dynamics. Thus, we employed the ice 
sheet   model   (ISM)   and   further   explored   the   basal 
conditions in the line with our remote sensing observation. 
The   basal   condition   is   extracted   through   the   ISM 
inversion process, including four steps: (1) importing the 
surface velocity, (2) setting up the ice flow equations, (3) 
analyzing the boundary conditions, and (4) inverting the 
basal  friction.  First, to  analyze  and  compare  seasonal 
differences,  we considered  the ISM within  summertime 
and wintertime velocities, separately. Then, a 3D higher- 
order   model   [3,4]   was   employed,   which   takes   into 

account  the  vertical  shear  together  with  the  membrane 
stress of each layer, but ignores the bridging effect of the 
ice sheet. Because the Russel glacier is a land-terminating 
glacier, which neither overlaps with the sea nor features 
floating  ice, and because  the atmospheric  pressure  over 
the  ice  sheet  surface  can  be  ignored,  the  ice/bedrock 
boundary  is the only interface  that should  be analyzed. 
The  drag  friction  condition  of  grounded  ice  can  be 
captured using the following linear relationship [5,6]:  
 

τ 𝛼 𝑣  (1) 
where τ is   the   horizontal   velocity   tangential   to  the 
ice/bedrock interface,  𝛼 is the friction coefficient, and 𝑣  is 
the  shear  stress  or  basal  traction.  Then, the variation 
inversion   is   employed   to   iteratively   solve   the   cost 
function for minimization of the discrepancy between the 
input observed velocity  and  output  modeled  velocity. The 
basal friction can be obtained given the observed surface 
velocity. To   estimate   the   basal   friction   condition,   we 
processed the ISM with the ice sheet system model (ISSM) 
[7,8],  which  is  a  powerful  and  well-maintained  open- 
source modelling platform. The input raster, including the 
surface   velocities   for   summertime    and   wintertime, 
respectively,  the  bedrock  height  and  the  ice  thickness 
derived from the NASA OIB and the air temperature data of  
SeaRISE,  were  all  interpolated  into  the  anisotropic mesh  
with  the resolution  of 1 km, and extruded  to ten layers to 
form an initial glacier mesh (Figure 2). 

 
Figure  2.  Input and modelled outputs of ISSM over the 
Russell glacier. 
 
3.3 Hydrodynamic modelling 
 
LISFLOOD-FP  [9] is  a  robust  hydrodynamic  model 
operating  on  a  2D  regular  grid  structure.  It simulates 
water flow by solving the shallow water equations in 1D, 
without the advection terms from the momentum equation. 
The outlined algorithms of LISFLOOD-FP was shown in 
Figure 3 which was taken from Bates et al. (2010) [10].  
Figure 4 demonstrated a  successful hydrodynamic  model 
using stereo topography  as shown in Kim et al., (2011) 
[11]. To define the flow discharge and flow along outlet 
channels, we conducted LANDSAT-8 time series analyses 
as shown in Figure 5.  
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Figure  3.  A simple inertial formulation  of  the  shallow 
water equations for an efficient two-dimensional flood 
inundation model, so called LISFLOOD-FP which was taken 
from Bates et al. (2010) [10]. 
 

 
 
Figure  4.  A  case  of  hydrodynamic   simulation   using 
LISFLOOD-FP and stereo DEM (Kim et al., 2011 [11]) 
 
 

 
 

 
Figure 5. Flow estimation of channels and inflow 
discharge definition from LANDSAT-8 time series and 
bathymetry. 
 
Temporal variation of input discharge in each seasons by 
the interpretation of LANDSAT image and flow velocity 
as  

u=(R2/3 S1/2 )/n  (2) 
 
where u is the mean water flow speed 
Then two more parameters need to be extracted by following 
relationships, 
 

R = (wd)/(w+2d) (3) 
 
where R is the hydraulic radius of the channel, d is the 
water depth and w is width 
 

S=sin α  (4) 
 
where   α   is   the   bed   roughness   and   n   is   Manning 
coefficient. Finally the volume flux F can be extracted as 
bellows 
 

F=wdu  (5) 
 
The  values  from  those  relations  were  employed  as  the 
input parameters of hydrodynamic modelling. The 
LANDSAT data analyses together with (2)-(5) were employed 
to calculate input discharge of LISFLOOD-FP. 
 

4. RESULTS 
 
All technical processing stages and processed outputs can be 
described as below. It should be noted that to finalize aims 
in  this  study,  further  data  processing  and development are 
still undergoing. 
 
4.1 Stereo analysis and DTM extractions 
 
7.5 m resolution stereo DTM was extracted from ALOS 
PRISM stereo pair (Figure 6) employing Kim and Muller 
(2009) [12] ’s hierarchical approaches. It can be used for 
the base DEM for hydrodynamic simulation together with 
the constructed bathymetry using attenuation parameters 
estimation from radiometrically calibrated LANDSAT-8 
image alongside melt water channel (see 4.2). 
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Figure  6.  ALOS  PRISM  or tho image and stereo  
DEMs  constructed  by Kim and Muller (2009)’s 
algorithms  
 
4.2 The reconstruction of hydro channel 
Bathymetry 
 
The reconstruction of channel bathymetry is essential for the 
hydrodynamic simulation, consequently for the aims of this   
study.   We   addressed   such   challenge   using   the revealed 
dried channels as shown in Figure 7 and the relationship 
between channel bathymetry and reflectance value of optical 
imagery as follows. 
 

Z ∑ ln 𝑅𝑖 / 2𝑘𝑖𝑁 (6) 
 
where Z is estimated depth in meter, N is number of band, 
ki is water attenuation value and Ri is reflectance value in 
each band  (Bierwirth et al., 1993) [13] 
The reconstructed  channel bathymetry in Russell glacier 
is presented in Figure 8. 
 

 
Figure 7. ALOS PRISM stereo DEMs which is showing a 
part of dried channels 
 

 
Figure   8.  Constructed   bathymetry on the  channels of the 
Russell glacier 
 
4.3  InSAR  and  pixel  tracking  for  the  monitoring  of 
glacier migration 
 
The conditions of ALOS PALSAR 1 and 2 images for 
glacier speed monitoring  are harsh over the target area, 
i.e., 0.4-1 km a-1  speed glacier and big temporal baseline 
(>2 months). However, we addressed those problems by 
introducing  the manual  co-registration  over glacial  area 
and finer resolution GIMP base DEM. Pixel tracking 
method using SAR amplitude tracking (offset tracking) 
is giving a way to retrieve two dimensional displacement. 
Thus pixel tracking using ALOS PALSAR, PALSAR-2 
images were attempted. The classification results from 
LANSAT-8  were used for discriminating  glacial  region 
for pixel tracking. As the result, it appeared that the pixel 
tracking with PALSAR is not very effective to precisely 
measure the displacements due to insufficient image 
resolution. ALOS PALSAR-2 (ultra fine mode, 3m spatial 
resolution)  produced  higher  density  pixel  offsets. 
Combing  two  times  PALSAR-2  DInSAR  & pixel 
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tracking observations during 2014/11-2015/11, 
vertical/horizontal glacial migration components were 
disintegrated  (Figure  9).  The obviously  different 
migration speeds in the melt water channels should be 
noted. Although further processing is still undergoing, we 
have difficulty to find enough number of PALSAR 1 and 
2 images which are free from ionospheric contamination 
and bad temporal baseline. 
 

 

 
Figure   9.  An example of pixel tracking result (upper) and 
the   reconstructed   horizontal   and   vertical velocity 
components using ALSO PALSAR 
 
4.4 Bedrock estimation 
 
Employing inversion techniques together with glacier 
migration by InSAR and optical image analyses, we 
extracted the bedrock height around the channels (Figure 
10). Then it was compared  to the Ice depth by Airborne 
radar by Lindbäck et al (2001)[14]. Table 1, showed that 

extracted Bedrock height from geophysical inversions 
together with InSAR deformation is comparable to ice 
depth information by ICEBridge. 
 

 
(a) 

 
(b) 
Figure 10. Inverted bedrock height in S1 and S3 
channels (a) ALOS    PALSR-2    observation    and    
modelled migration in S1 channel, (b) ALOS    
PALSR-2    observation    and    modelled migration 
in S3 channel 
 
Model  Width(m) length(m) Depth(m) Observation
1 39798.5 22869.4 823 700-1100m
2 40085.8 11804.8 1379 
 

Model width(m) length(m) Depth(m) Observation
1 5053.5 8960.8 459 400-450m 
2 8733.7 3297.2 630 
 
Table 1. Model and observed  bedrock  heights  in S1 
and S3 channels. 
 
4.5 Hydrodynamic simulation 
 
LISFLOOD-FP based on the parameters and DEMs from 
the  previous  stages  extracted  the  water  flow  velocity, 
depth and outflow discharge in any required time (Figure 
11). It gave highly important information to infer the 
melting water conditions. For instance, any S3 inflow 
discharges  considering  seasonal  weight  results  into 
temporal ponding and catastrophic flow. Thus it was 
concluded that S3 channel was formed by episodic/ 
catastrophic flood. On the contrary, S1 enter easily steady 
state and reach the water level observed in LANDSAT 
image. Currently, full outflow  discharge  simulation  
during InSAR period will take 1-2 years CPU times 
without parallel processing. It will be future technical 
challenge to be addressed. 
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S1 channel 

 
S3 channel 
Figure  11.  Inverted  glacier water flow in  S1  and  S3 channels 
 
4.6 Glacial dynamic simulation 
 
To  test  the  reliability  of  our  processing   results,  we 
examined the similarity between input (observed) and 
output (modelled) velocities. ISSM was employed for this 
purpose. The results show a comparable match for the 
velocity in Easting and Northing directions,  in terms of 
both the pattern and magnitude, as shown in Figure 12, 
indicating the model’s convergence and hence guarantee 
the reliability of the modelled ice friction coefficient. In 
addition,   the   magnitude   and   the   main   moving   area 
between two seasons were noted. First, the speed during 
summertime is about three times higher than the speed 
during  wintertime.  Those o u t c o m e s  b y   numerical  
ice sheet model compared to the remote sensing 
observation provided highly important clues between 
bedrock morphology and surface velocity. 
 

 
Figure 12. Results of the numerical ice sheet model of 
summertime (a) and wintertime (b). 
 
 

5. DISCUSSION AND FUTURE WORKS 
 
In terms  of the glacial  migration  involving  basal 
hydrology,  we  have  conducted  a  case  study  over  the 
Russell  glacier  in  western  Greenland.  Remote  sensed 
image analyses combined with a numerical model in its 
melt  water  outflow  channels,  and  ice sheet  simulations 
were performed. Employed technical approaches are 
summarized as follows: 1) Collecting migration vectors 
combining InSAR analysis, together with the in-house 
pixel tracking method employing optical flow and sub-
pixel refinement with L band ALOS PALSAR-1/2 images; 
2) a 2D hydrodynamic  simulation  based on the channel 
bathymetry,  which  was  driven  from  calibrated 
LANDSAT images together with along-track stereo DTM, 
and 3) a model to extract the bedrock and basal 
characteristics of the glaciers. 
Various  approaches  to  extract  glacier  migration  from 
space borne observation were tested over Russell glacier 
and the methods produced reasonable migration velocity 
maps. The deference between ALOS PALSAR-1, 
PALSAR-2 migration speed analyses may represent the 
effect by seasonal melts in the corresponding channels. 
Hydrodynamic simulations combining RS outcomes 
revealed correlation between melt water channel activity 
and glacial migration speed. It appeared that geophysical 
inversion is somewhat useful to estimate glacial ice 
thickness   (Figure  10  and  Table  1)  compared   to  
true bedrock  topography.  However,  more  sophisticated 
modeling approaches are necessary. 
The  results   revealed   the  importance   of  hydrological 
channel morphology as a governing factor over migration 
speeds of glaciers. Specifically, the sub glacial processes 
and underlying morphology traced by remote sensing 
observation and the numerical model were correlated with 
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the observed local migration speeds in terminus of the 
Russell glacier. 
In future, improved algorithms for image registration will 
be implemented and integrated with pixel tracking 
approach. Comprehensive 3D velocity vector 
decomposition  combining InSAR and pixel tracking is 
our first priority.  
At the moment, current long revisiting time of PALSAR-
2 InSAR pairs over the target area caused significant 
problems in both pixel tracking and InSAR analyses. 
Therefore, we employed Sentinel-1 InSAR pairs for the 
measurements of glacial migrations as shown in Figure 13. 
The glacial migrations observed with  Sentinel-1 InSAR 
together with ISSM model and visual analyses identified 
potential  supraglacial features (Figure 14). The 
involvements with hydrological simulations are being 
investigated. For details of such studies, refer Tsai et al. 
(2019) [15]. 
 

 
Figure 13. (a) LOS InSAR migrations employing 
Sentinel-1pairs and (b) the ESA CCI annually average 
product projected into LOS direction of our InSAR 
observations (Tsai et al., 2019) [15].  
 

 
Figure 14. Vertical surface lowering regions and the 
corresponding supraglacial features over summer time 
InSAR deformation (a) and vertical subsidence regions (b) 
observed by Sentinel-2 image. The snow-covered 
crevasses/moulins features are clearly represented in all 6 
vertical subsidence regions (Tsai et al., 2019) [15].  
 
Applications of radargrammetry which is showing better 
performance than any other elevation data extraction 
method (see Figure 15) will be tried for a variety of 
purposes such as a base DEM of InSAR and 
hydrodynamics If the resource is manageable, the 
interpretations of new sensors with better spatial and 
temporal  resolutions  (TerraSAR  –X,  COSMO-Skymed) 
will be tested.  

 
Figure  15. 3D model (30m spatial resolution)  extracted 
from ALOS PALSAR-2 radargrammetry 
 

6. CONCLUSIONS 
 
An in-depth investigation of glacial movement involving 
supra/under glacial hydrological channel activities is key 
to understanding the acceleration of Greenland’s ice sheet 
changes and needs to be established as an integrated model. 
In terms of the glacial migration involving basal hydrology, 
we have conducted a study over the Russell glacier in 
western Greenland. Remote sensed image analyses 
employing InSAR/optical image analyses combined with a 
numerical model in its melt water outflow channels, and 
ice sheet simulations were performed. 
Employed/developed technical approaches can be 
summarized as follows: 1) Collecting migration vectors 
combining InSAR, together with the in-house pixel 
tracking method employing optical flow and sub-pixel 
refinement with C band Sentinel-1 and L 
band ALOS PALSAR-1/2 images; 2) a 2D hydrodynamic 
simulation based on the channel bathymetry, which was 
driven from calibrated LANDSAT images together with 
along-track stereo DTM, and 3) a model to extract the 
bedrock and basal characteristics of the glaciers. The 
results revealed the importance of hydrological channel 
morphology as a governing factor over migration speeds of 
glaciers. It appeared that the sub glacial processes and 
underlying morphology traced by remote sensing 
observation and the numerical model were correlated with 
the observed local migration speeds in terminus of the 
Russell glacier. 
Overall, the study revealed highly important clues about 
glacial  migration.  First  of  all,  the  importance  of 
hydrological  channel  morphology  as a governing  factor 
over glaciers’ outflowed total melt water was identified. 
Also, it became clear that the reconstruction of sub glacial 
processes and morphology are feasible by employing 
remote sensing observations and model inversions. Those 
experiences will naturally lead to a more comprehensive 
understanding of the processes on the terminus of glacier.  
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1. INTRODUCTION

Permafrost is degrading across the Arctic, as evidenced 
by widespread observations of ground warming, deepening 
seasonal thaw depths, and enhancing thermokarst 
processes (e.g., Biskaborn et al., 2019). Thermokarst 
development in ice-rich permafrost regions is a natural 
hazard and causes irreversible geomorphological changes 
(Haeberli and Burn, 2002). Thermokarst is the process by 
which characteristic landforms result from the thawing of 
ice-rich permafrost or the melting of massive ice (Czudek 
and Demeck, 1970). The ground surface subsidence 
produced by thermokarst processes results in surface 
inundation, landscape changes, and causes damages to 
infrastructure. The Sakha Republic, Russia in Eastern 
Siberia, is one of the regions where ice-rich permafrost is 
broadly distributed, and thermokarst has been advancing 
quickly. The majority of northeastern Siberia is situated in 
the area categories of moderate to high risk of geohazard 
(instability of infrastructure), as shown in Fig. 1 
(Shiklomanov et al., 2017; Hjort et al., 2018).  

There are a limited number of quantitative observations 
to examine where and how the surface deforms associated 
with permafrost changes. Recent remote sensing studies 
using Interferometric Synthetic Aperture Radar (InSAR) to 
detect spatiotemporal variations in surface displacement in 
permafrost regions (Liu et al., 2010; Iwahana et al., 2016; 
Antonova et al., 2018) demonstrated the capability of 
monitoring thermokarst subsidence and seasonal surface 
displacement related to ground freezing and thawing. A 
careful interpretation of InSAR results can provide 
essential information to understand geomorphological 
processes in ice-rich permafrost regions, to efficiently 
manage land use, and to mediate the destruction of 
infrastructure due to thermokarst. 
  Our project aims are 1) to conduct DInSAR analysis to 
quantify thermokarst deformation of the ground in three 
selected regions in the Sakha Republic, Russia, and the 
Daisetsu Mountains, Japan, 2) to conduct case studies of 
field validation for the DInSAR analyses for selected areas, 
3) to summarize potential permafrost monitoring system
using L-band SAR. In this paper, we report three case
studies of InSAR analysis and field surveys conducted for
Mayya and Batagai in the Sakha Republic and the summit
area of the Daisetsu Mountain in Japan.

2. MAYYA, CENTRAL YAKUTIA

2.1 L-band SAR analysis  
Mayya (Fig. 1) is located on the right bank of the Lena 
River and 40 km southeast of Yakutsk. Mayya area consists 
of forest, deforested areas for farming, mainly in the 1970s, 
and alasses. An alas is the final geomorphological stage of 
old thermokarst development. Mayya is representative of 
residential areas where thermokarst development has been 
reported in Central Yakutia. 
We used ALOS/PALSAR (2007-2010) and 
ALOS2/PALSAR2 (2015-2018) data to investigate ground 
subsidence caused by thermokarst development. GAMMA 
software (Wegmüller and Werner, 1997) was used to 
generate interferograms and apply stacking treatment 
weighted on the length of the summer period between two 
SAR data acquisitions. Assuming surface displacement 
consisted only of vertical components, the line of sight 
(LOS) change was converted to vertical displacement.  
We detected ground subsidence with a rate of 1-4 cm/yr in 
both PALSAR and PALSAR-2 results (Fig. 2). The most 

Fig. 1 Locations of candidate target areas in 
Eastern Siberia. The background map is a 
distribution of geohazard indices based on risk 
assessment of thermokarst subsidence (Hjort et 
al., 2018; Karjalainen et al., 2018).  
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subsidence signals are found in numerous open areas 
(deforested areas), and the PALSAR-2 results clearly show 
the spatial distribution of the subsidence corresponding to 
the visible observation of thermokarst development in 
high-resolution optical images. The subsidence rate varied 
with time and locations.  

2.2 Field observation 
To validate our InSAR results, we performed leveling 
surveys within five 30 x 30 m areas, in which about 35 
permanent survey stakes were installed and their heights 
were measured in September 2017 and 2018 (Fig. 3). Areas 
A, C, and E showed clear subsidence trend with a rate of 3-
5 cm/yr, and we confirmed occurrence of polygonal ground 
deformation that suggests thermokarst development of ice-
wedge polygons. On the other hand, other two areas (B and 
F) showed negligible surface displacement from 2017 to 
2018. While the overall tendency of the subsidence 
measured in situ is in harmony with the InSAR result (Fig. 
2) quantitatively, the significant subsidence signals at areas 
A and E were not measured by our InSAR. We revisited 
and repeated the same field survey in September 2019, and 
found significant inter-annual surface subsidence at all 
surveyed areas ranging from 3-10 cm/yr. InSAR analysis 
including 2019 SAR acquisitions is underway, and the 
ground truth will be compared with the InSAR in the next 
step. 
We also visited other sites with significant subsidence 
signals in the interferograms at the end of September 2018. 
The two large subsidence signals were found in alasses. 
The subsidence signals could be caused by ground 
consolidation settlement associated with surface soil 
desiccation under recent dry climate conditions. However, 
judging from occurrence of the polygonal ground 
depression at the central areas of alasses, it is possible that 
thermokarst subsidence is still in progress. 

3. WILDFIRES NEAR BATAGAI, NE SAKHA 
REPUBLIC 

 
3.1 L-band and C-band SAR analyses  
Batagai is located in the midstream of the Yana River, 

NE of Sakha Republic (Fig. 1). The area is underlain by up 
to 50-80 m thick ice-rich permafrost as its interior structure 
being revealed on the headwalls of a massive thaw slump 
(Batagaika Megaslump; Murton et al., 2017). Recent 
wildfires burned an extensive area near Batagai, which 
triggered prominent thermokarst activities due to the 
surface disturbance by the fires. The occurrence of large 
wildfires and following thermokarst gathered attention 
from residents, especially land managers and the forestry 
industry. 

The wildfire occurred in July 2014 over a 36 km2 area 
to the northwest of Batagai. We conducted InSAR analysis 
to generate ground deformation maps over the post-
wildfire area. For this area, we used L-band HH-polarized 
SAR images of ALOS2/PALSAR2 (2015-2019) and C-
band VV-polarized SAR images by Sentinel-1 (2017-
2018). Focusing on the seasonal ground deformation in 
2017-2018, we stacked Sentinel-1 interferograms to set the 
temporal coverages nearly identical with ALOS2 
interferograms and compared them to each other. On the 
other hand, to estimate the cumulative satellite LOS 
displacement in the post-wildfire area, we used Small 
Baseline Subset (SBAS)-type time-series analysis, using 
50 quality ALOS2 InSAR images taken in 2015-2019. 

We detected seasonal deformation from 2017 to 2018, 
whose magnitude and spatial patterns of subsidence 
tendencies (Fig. 4a) and uplift (Fig. 4b) were consistent in 
both InSAR results using different satellite data regardless 
of the season. In particular, Sentinel-1 short-term InSAR 
images revealed detailed seasonal surface displacement 
(thaw settlement and frost heave) from the beginning of 

Fig. 2 Surface deformation map in Mayya 
derived from ALOS2/PALSAR2 data acquired 
from 2015 to 2018. The positive and negative 
values mean uplift and subsidence, respectively. 
The cross marks the reference point of InSAR. 
The star indicates the area of ground 
observation shown in Fig. 3. 

Fig. 3 (left) Locations of field surveys near 
Mayya; (right) Surface deformation by GPS and 
optical leveling in 2017 and 2018. The values 
show the mean and two standard errors (95 % 
confidence interval).  
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thawing to the end of freezing. L-band ALOS2 data 
detected long-term deformation. The results indicated that 
thaw settlement in the first year reached up to 15cm in the 
LOS direction and continued even three years after the fire. 
The inferred time-series indicated that cumulative 
subsidence has been greater than 30 cm since October 2015 
at the area of greatest deformation (Fig. 5), and the rate of 
subsidence decreased in the 2018 summer.  

3.2 Field observation 
We conducted a field survey (relative height, soil 

moisture, thaw depth, and soil sampling) at the 2014 fire 
scar in late September 2019. Thaw depth comparisons 
between burned and unburned areas of the 2014 fire at 
multiple sites showed distinct differences even five years 
after the fire (45 and 123 cm on average at unburned and 
burned areas, respectively). Our soil pit survey at the 2014 
burned site confirmed a shift of carbon accumulation in the 
soil profile, indicating recent active layer thickening at 
burned sites. The volumetric soil water content profile at 
the burned sites was about 10-20 % higher than that at 
unburned. 
We also visited the 2019 fire scar near Batagai, where 
surface vegetation (mainly larch forest) was combusted 
during Aug 3-8, 2019, and conducted the same survey set 
for the 2014 fire scar. Average thaw depths at the unburned 
and burned areas were 43 and 103 cm, respectively. 
Volumetric soil water content was 5-15 % higher in the 
burned area than unburned. This remarkable difference in 
near-surface physical condition can be attributed to the 
wildfire that occurred only about one and a half months 
before our visit. Our leveling survey will be repeated in the 
following years to compare with InSAR results to 
understand permafrost land responses to the wildfires.   

4. DAISETSU MOUNTAINS 

Occurrence of mountain permafrost has been reported at 
the summit areas of mountains in the Daisetsuzan National 
Park, Japan (e.g., Fukuda & Sone, 1992; Sone, 1992). 
While some field investigations on freeze-thaw-related 
phenomena have been conducted in this mountain area 
(e.g., Matsumoto et al., 2010; Nobuyuki Takahashi, 1992; 

T. Sone & N. Takahashi, 1993), wide-range investigation 
on ground-surface displacement, especially targeting inter-
annual changes, has never done. There is increased 
attention to the consequences of climate warming on the 
mountain environment due to the changes in frozen ground 
status.  
As a preliminary analysis, we used 13 ALOS2 images 
obtained from 2014 until 2019 for the target area, and 78 
interferograms were examined to further analyze ground-
surface displacement. The interferograms from the pair 
images, including snow cover, showed significant 
decorrelation. Five images obtained in the late summer 
(Aug–Sep) were selected because they only produced high 
coherence (> 0.5) interferograms in the majority of the 
target area and were used to extract areas with marked 
displacement areas within the targeted national park area.  
The five images were stacked to calculate the average line-
of-sight displacement during five years (2014-2019).  
Seven areas were identified as areas containing active slope 
movements or ground-surface displacement presumably 
related to permafrost changes, as shown in Fig. 6. 
Considering the ALOS2 observation direction and look 
angle, the measured displacement indicates down-slope 
movement of the ground. The displacement rates ranged 1-
4 cm/year depending on the location and the movement 
persisted during the observation period. Permafrost 
distribution in the Daisetuzan was only confirmed at wind-
swept sites on the summit areas of the mountains. However, 
the moving slopes we found were located at a height of a 
several hundred meters lower than the summit areas.  
Although these moving slopes are slow-moving landslides, 
the consistent displacement indicates occurrences of 
perennially frozen ground in the moving slopes, which may 
be interpreted as periglacial mass movement such as frozen 
debris lobes or rock glaciers. 

Fig. 4 ALOS2 interferograms during summer (a) 
and winter (b). 

Fig. 5 Estimated cumulative deformation using 
ALOS2 InSAR images 
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To validate the InSAR-measured ground-surface 
displacement, we started precise GNSS surveys at some 
selected sites aiming a long-term in-situ observation.  

4. SUMMARY 
 
Three case studies to assess surface displacement 
associated with ground freeze and thaw were conducted 
using the InSAR technique in ice-rich permafrost regions 
and a mountain permafrost area under the climate change 
and surface disturbances. Our InSAR results revealed 
spatio-temporal variations in ground-surface displacement 
in detail. Some open areas near Mayya showed consecutive 
subsidence, while most forested areas were stable. InSAR 
analyses using two different wavelengths consistently 
measured large subsidence (up to 15 cm/yr) in the first 
three years after a wildfire near Batagai. Although we have 
not achieved a complete validation of the InSAR measured 
displacement at this stage, our field surveys strongly 
suggested that degradation of the underlying permafrost 
caused the subsidence. In the Daisetsuzan National Park, 
we identified several areas, where contain ground-surface 
displacement, especially slope mass wasting presumably 
related to frozen ground dynamics. In the next step, we will 
continue the validation efforts for InSAR measurements 
and conduct spatial analysis using InSAR, field 
measurements, and geocryological information. 
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1. INTRODUCTION

In recent years, there are concerns about global sea 
level rise [1] due to increase in ice mass loss from the 
Antarctic ice sheet (AIS) [2]. One of the causes of the 
increase in ice mass loss is considered to be the bottom 
melting of the marine ice sheet [3]. The thinning of ice 
shelves is thought to affect the outflow velocity of the ice 
stream, leading to the increase of ice stream outflow from 
the ice sheet [4]. Therefore, continuous observation of 
fluctuations in the flow velocity is important for 
monitoring the mass balance of AIS.  

In this study, we estimated the flow velocity 
distribution over an ice sheet including the ice stream using 
Synthetic Aperture Radar (SAR) data. We have applied 
two flow velocity estimation methods suitable for slow-
flowing ice sheets and fast-flowing ice streams, 
respectively, and have created a time-series of flow 
velocity map covering a wide velocity range in the southern 
part of the Soya Coast. Furthermore, we found fluctuations 
in the flow velocity and direction of two glaciers in the area 
from the time series of the flow velocity map. 

2. STUDY AREA AND USED DATA

The study area is the southern part of the Soya Coast in 
East Antarctica located at about 80 km south of Syowa 
Station as shown in Figure 1. In this area, GNSS 
observations have been carried out at more than 10 
locations on the ice sheet and ice stream as a part of the 
Japanese Antarctic Research Expedition (JARE) 
observations. 

Using SAR image data (Path633, Frame5710-5720) 
acquired by the Phased Array type L-band Synthetic 
Aperture Radar (PALSAR) boarded on the Advanced Land 
Observing Satellite (ALOS) of Japan from 2007 to 2011, 9 
velocity maps with a minimum time interval of 46 days 
were created from 10 scene pairs. Table 1 shows the used 
PALSAR scene pairs with temporal baseline in days and 
perpendicular baseline length in meters. All scenes used 
were acquired in ascending orbit. In the analysis process of 
the interferometric SAR (InSAR) method [5], [6], PRISM- 
digital elevation model (DEM) with a ground resolution of 
10 m was applied. The PRISM-DEM is a newly created 
based on the optical image acquired by the ALOS PRISM 
sensor in the area [7].  

For the accuracy evaluation of the obtained flow 
velocity, we compared the flow velocity from the SAR data 

with the GNSS observation data acquired on the ice sheet 
and ice stream by the 56th and 57th JARE in the area in 
summer season.  

Fig. 1 Southern Soya Coast, East Antarctica. The red 
shaded area is the study area, and the rectangle 
indicates the location of the scene (Path633, 
Frame5710-5720). 

Table 1. Used ALOS/PALSAR scenes. 

*Orbit   A: Ascending
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3. METHOD TO CREATE FLOW VELOCITY MAP  
 

The InSAR method is applied to slow flowing areas 
such as ice sheet and upstream areas of the ice stream, and 
the offset tracking (OT) method [8], [9] is applied to fast 
flowing areas such as downstream of ice streams. By 
integrating the obtained flow velocity results, we created a 
flow velocity map covering a wide flow velocity range 
from low speed to high speed. We used the Gamma SAR 
processor software [10] for the InSAR and OT processing. 

In OT processing, range offset and azimuth offset are 
estimated simultaneously, and total displacement during 
the time interval of the pair is obtained by combining the 
offsets of the two direction. On the other hand, in the 
InSAR method, the displacements in the range direction are 
obtained by InSAR processing and those in the azimuth 
direction are obtained by the Split Beam Interferometry 
(SBI) analysis [11]. Normally, the total displacement 
during the time interval of the pair is obtained by 
synthesizing the estimated displacement in the two 
directions. However, we could not estimate the 
displacement in the azimuth direction well because only 
poor quality SBI images were obtained from most scene 
pairs. Therefore, by assuming that the ice sheet flows in the 
direction of the largest inclination, the range flow velocity 
is projected in the inclination direction obtained from the 
DEM to obtain the flow velocity.  

According to Tobita et al. (2006) [12], the InSAR 
method can detect displacement smaller than 2.5m for the 
case of ALOS/PALSAR data. Therefore, in order to 
combine the flow velocities obtained by the two methods, 
we adopted the flow velocity obtained by the InSAR 
method where the flow velocity was lower than 2.5 m / 46 
days and used the flow velocity obtained by the OT method 
where the flow velocity was higher than that. The 
resolution in a map also varies from place to place 
depending on the estimation method. Pixels whose flow 
velocity is estimated by the InSAR method have a 
resolution of 15 m, and pixels estimated by the OT method 
have a resolution of 100 m. 

The accuracies of the flow velocity and direction were 
obtained by comparing the estimated values by the two 
methods with the GNSS observed values. They are ± 0.012 
m / day and ± 12.9 ° for the InSAR method and ± 0.083 m 
/ day and ± 4.1 ° for the OT method, respectively.  
 

4. RESULTS AND DISCUSSION 
 

We made 9 flow velocity maps from 10 scene pairs for 
more than 3 years from November 23rd, 2007 to January 
16th, 2011, because no good InSAR image was obtained 
from the pair of 20090828 and 20091013 scenes. Figure 2 
shows the combined flow velocity map obtained from the 
first pair (20071123-20080108). The flow velocity is 
displayed on a logarithmic scale, showing a wide range of 
flow velocities from slow flow on the ice sheet to fast flow 
at the end of the ice stream. From this flow map, we can 
find slow-velocity tributaries that flow into the fast-
flowing main-stream of the Skallen Glacier. It is also 
possible to detect a watershed with almost no flow near a 
high-altitude ridge. Figure 3 shows the 9 flow velocity map 
time series from 2007 to 2011. 

We also investigated the temporal changes in the flow 
velocity and direction of the Skallen and Telen Glaciers 
from the 9 flow velocity maps. Figure 4 displays temporal 

change from 2007 to 2011 in flow velocity and direction at 
1 km from the terminus of the Skallen Glacier and at 0.5 
km from the terminus of the Telen Glacier. Flow velocity 
of the Skallen Glacier has slowed by about 7 % in three 
years, while that of the Telen Glacier has increased by 
about 21 %. The flow direction of the Skallen Glacier has 
changed about 15 degrees counterclockwise over three 
years, and that of the Telen Glacier has changed about 19 
degrees clockwise. The Skallen and Telen glaciers meet at 
the termini, and changes in the flow velocity or direction of 
one may affect the other. 

 

 
 
Fig. 2 Ice sheet flow velocity maps of southern part of 
Soya Coast, East Antarctica obtained from the scene 
pair 20071123-20080108. 
 
 

 
Fig. 3 Time series of the ice sheet flow velocity maps 
from 2007 to 2011.  
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Fig. 4 Temporal flow velocity and direction change 
for the Skallen Glacier (left) and Telen Glacier (right). 
 

5. CONCLUSION 
 

We created a time-series flow velocity map of the 
southern part of the Soya Coast, East Antarctica using 
ALOS/PALSAR data from November 2007 to January 
2011. We applied the InSAR method for ice sheets with 
slow flow velocities, and the offset tracking method for ice 
streams with fast flow velocities. By combining flow 
velocities from the two method, a map covering a wide 
range of flow velocities from low speed to high speed was 
created. 

From the three-year time series of the flow velocity map, 
we examined the temporal change of the flow velocity and 
direction in the terminal region of the Skallen Glacier and 
the Telen Glacier. As a result, the Skallen Glacier showed 
a decrease in flow velocity of about 7% per year, while the 
Telen Glacier showed an increase in speed of about 21% 
per year. In addition, the Skallen Glacier showed a change 
in the flow direction of about 15 degrees counterclockwise 
in the 3 years, and the Telen Glacier showed a change in 
the flow direction of about 19 degrees clockwise. 
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1. INTRODUCTION1
2

Since the Antarctic and Arctic play an important role in 3 
the Earth's climate system, the study of polar regions is 4 
of great importance. Due to the harsh natural 5 
environment in the polar regions, which is not conducive 6 
to field investigation and research, remote sensing 7 
technology has become an indispensable research 8 
method. As an important way to obtain information on 9 
the surface of the earth, synthetic aperture radar (SAR) 10 
technology has been using more and more widely, 11 
especially in the polar regions. In this report, we 12 
investigated the application of the L-band PALSAR-1/2 13 
data in ice velocity determination. Moreover, we 14 
expanded the application to more research fields, 15 
including ionospheric inversion, sea ice motion tracking, 16 
grounding line(GL) extraction, and crevasse detection. 17 
 18 

2. ICE VELOCITY IN ANTARCTICA 19 
 20 
Ice velocity is a crucial parameter in glacier dynamics 21 
and mass balance studies[1]. Using remote-sensing data, 22 
particularly SAR data to estimate ice velocity becomes 23 
popular in cryosphere studies[2,3,4,5]. In the past, one of 24 
the widely used sensors is the L-band PALSAR-1 aboard 25 
ALOS. PALSAR-1 contributed to generating the first 26 
circum-Antarctic ice velocity product with full 27 
coverage[5]. Recently, after launched in May 2014, 28 
ALOS-2/PALSAR-2 was also used for investigating the 29 
spatiotemporal pattern of circum-Arctic surface velocity 30 
changes[6]. With ALOS-2/PALSAR-2 data, we have 31 
conducted some studies about ice velocity changes of 32 
Grove Mountains and Shirase Glacier in East Antarctica, 33 
and Pine Island Glacier in West Antarctica. 34 
 35 
2.1. Extraction and analysis of ice velocity in Grove 36 
Mountains 37 
 38 
Combining D-InSAR with offset-tracking method, the 39 
high precision surface velocity of the PANDA (Prydz 40 
Bay-Amery Ice Shelf-Dome Argus) section was 41 
extracted. To address the problem of distortion in ice 42 
velocity extraction due to ionospheric interference in L-43 
band ALOS-2/PALSAR-2 data, we corrected the phase 44 
error caused by the ionospheric delay with the split-beam 45 
interferogram method (Fig. 1, Fig. 2), thereby effectively 46 
improving the accuracy of ice velocity. The results show 47 
that the maximum ionospheric correction is up to 5 m yr-48 
1 (Fig. 3). Moreover, we utilized the corrected velocity in 49 
May, August, and September 2018 to detect whether 50 
there are seasonal variations of ice velocity in the Grove 51 
Mountains area (Fig. 4). The results suggest that there are 52 
no obvious change in the velocity during austral autumn 53 
and winter.  54 

55 
Fig. 1 Correction of ionospheric phase by split 56 

spectrum method. (a) original differential 57 
interference phase; (b) ionospheric phase; (c) non-58 

dispersive phase. 59 
60 
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 61 
Fig. 2 Ice flow in range direction derived from 62 
PALSAR-2 data in the Grove Mountains area 63 

corrected by the split-beam interferogram method. 64 
 65 

 66 
Fig. 3 Comparison of ice velocity along AA ' in Fig. 2. 67 
 68 

 69 
Fig. 4 Ice velocity along BB’ in Grove Mountains. 70 

 71 
2.2. Monitoring of spatiotemporal variation of ice 72 
velocity at Shirase Glacier 73 
 74 
Time-series velocity changes enable us to investigate the 75 
reflection of ice dynamics on environmental change. We 76 
employed multi-year ALOS-2/PALSAR-2 data to 77 
investigate seasonal and interannual changes of ice-flow 78 
velocity at Shirase Glacier with the offset-tracking 79 
method. The results indicate that Shirase Glacier 80 
experienced a continuous interannual increase in the 81 
velocity from 2016 to 2018, and the variation increased 82 
gradually along the upstream toward the glacier front. In 83 
particular, the ice velocity in the grounded region 84 
increased about 0.1 km yr-1 (4.5%), while the interannual 85 
variation reached 0.5 km yr-1 (21%) at the glacier front 86 
(Fig. 5). 87 

 88 
Fig. 5 Ice velocity maps and profiles of Shirase 89 

Glacier. 90 
 91 
2.3. Monitoring of ice velocity at Pine Island Glacier 92 
 93 
For the offset-tracking results at Pine Island Glacier (Fig. 94 
6), it is noteworthy that stripe-shaped features in 95 
azimuthal direction (Fig. 6 (e)) are more obvious than 96 
others, which is related to the influence of ionospheric 97 
disturbance. As for other images (Fig. 6 (f) ~ (h)), the 98 
stripe-shaped features supposed to be related to the 99 
imaging process of the sensor. The results indicate that 100 
the velocity of Pine Island Glacier experienced a 101 
continuous interannual increasefrom 2015 to 2020 (Fig. 102 
7).  103 
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 104 
Fig. 6 Ice-flow velocity derived from PALSAR-2 data 105 
in the Pine Island Glacier. (a)~(d) are ice flow in the 106 
range direction; (e)~(h) are ice flow in the azimuth 107 

direction. 108 
 109 

 110 
Fig. 7 Ice velocity profiles for Pine Island Glacier 111 

from 2015 to 2020. 112 
 113 

3. IONOSPHERE INVERSION OVER 114 
ANTARCTICA BASED ON L-BAND SAR 115 

 116 
The ionosphere significantly affects the SAR signals, 117 
particularly in L-band and lower frequency SAR systems. 118 
Some scholars have attempted to mitigate the impacts of 119 
the ionosphere in SAR measurements, meanwhile, they 120 
discovered that SAR is capable to image the ionosphere 121 
as well. The spaceborne radar system allows capturing 122 
ionospheric structures in two dimensions with relatively 123 
high resolutions (sub-kilometer to a few kilometers), 124 
such as aurora-associated ionospheric enhancement and 125 
plasma bubbles. 126 
It has been demonstrated that faraday rotation (FR) can 127 
be derived from the polarimetric SAR data[7]. As shown 128 
in Fig. 8, the process flow of the ionosphere inversion 129 
approach is summarized. First, the calibration should be 130 
carefully performed for the qualitative use of SAR data, 131 
followed by a multi-looking procedure for noise 132 
reduction. Then, the FR value was computed according 133 
to the calibrated polarization scattering matrix.  134 

 135 
Fig. 8 Schematic representation of the workflow. 136 

 137 
The study area is located in Queen Maud Land, East 138 
Antarctica, with about 800 km long and 50 km wide (Fig. 139 
9). It is covered by 14 PALSAR-1 fully polarized images 140 
on December 5, 2010. The total electronic content (TEC) 141 
calculated from SAR images using the FR method is 142 
shown in Fig. 10. 143 

 144 
Fig. 9 The coverage of PALSAR-1 images. 145 
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 146 
Fig. 10 The derived SAR TEC result. 147 

 148 
4. SEA ICE MOTION TRACKING BASED ON L-149 

BAND SAR 150 
 151 
The feature tracking method is used to track sea ice 152 
motion[8], and the principles for selecting image pairs 153 
are as follows: (1) The two images overlap each other 154 
geographically; (2) The time interval between two 155 
images does not exceed 3 days. 156 
To test the effect of PALSAR-2 in sea ice motion tracking, 157 
PALSAR-2 ScanSAR data (level 1.5) collected in 158 
summer with 25 m resolution and 350 km width were  159 
selected.  160 
 161 
4.1. Comparison of sea ice motion tracking based on 162 
PALSAR-2 co-polarization and cross-polarization 163 
channel images 164 
 165 
Since sea ice characteristics are different in HH and HV 166 
polarization modes, different imaging features have 167 
different effects on sea ice motion tracking. The selection 168 
of appropriate data is crucial for effective sea ice motion 169 
tracking. 170 
Comparing the result of different polarization modes of 171 
PALSAR-2 on sea ice motion tracking (Fig. 11), the 172 
motion vectors obtained by feature tracking with SAR 173 
images in HV polarization are significantly more than 174 
those in HH polarization mode. 175 

 176 
Fig. 11 Sea ice motion using ALOS-2/PALSAR-2 177 

data in different polarization modes. (a) HV 178 
polarization; (b) HH polarization. 179 

 180 
4.2. Comparison of sea ice motion tracking based on 181 
ALOS-2/PALSAR-2 and Sentinel-1 images 182 
 183 
To verify the superiority of L-band SAR data in summer 184 

sea ice monitoring, we compared the sea ice motion 185 
tracking results of ALOS-2/PALSAR-2 with that of 186 
Sentinel-1(Fig. 12). 187 

 188 
Fig. 12 Comparison of sea ice motion obtained by 189 

SAR images in different bands. (a) L-band 190 
PALSAR-2 SAR data on July 7, 2019; (b) C-band 191 

Sentinel-1 SAR data on July 7, 2019. 192 
Comparing sea ice motion from ALOS-2/PALSAR-2 and 193 
Sentinel-1 SAR images in similar time and locations, 194 
more sea ice motion tracking results are observed from 195 
ALOS-2 than from Sentinel-1 in summer. 196 
 197 
4.3. Accuracy verification of sea ice motion tracking 198 
from ALOS-2 199 
 200 
The accuracy of sea ice motion automatically tracked by 201 
ALOS-2/PALSAR-2 was verified by using manual sea 202 
ice tracking. The results are shown in Table 1. 203 
Table 1 Accuracy verification of sea ice motion from 204 

ALOS-2 205 
Polarization 

Mode Mean (m) Standard 
deviation (m) 

HH  269.168 573.892 
HV 284.093 618.262 
 206 

5. GL EXTRACTION USING L-BAND SAR 207 
 208 
GL is the marginal zone between the ice sheet and ice 209 
shelf, and it is one of the key parameters for 210 
understanding ice mass balance. We used PALSAR-2 211 
data to extract the GL of the southern Ronne ice shelf 212 
with the three-pass InSAR analysis method. Fig. 13 213 
exhibits the GL extracted by PALSAR-2 data in red lines. 214 
PALSAR-2 data used in this study are shown in Table 2. 215 

 216 
Fig. 13 GL extraction with PALSAR-2 data. 217 

 218 
Table 2 PALSAR-2 data used for this study 219 

Sensor Mode Scene ID Path Frame 

PALSAR-2 SM3 ALOS2355635510-
201223 71 5510 
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ALOS2357705510-
210106 

ALOS2359775510-
210120 

 220 
The GL was extracted in most areas with the exception 221 
of some decoherent areas (Fig. 13). We compared the 222 
PALSAR-2 GL with MEaSUREs GL[9] and ESA CCI 223 
GL[10]. The PALSAR-2 GL is in good agreement with 224 
the MEaSUREs GL and the ESA CCI GL. This result 225 
demonstrates the effectiveness of GL extraction using 226 
PALSAR-2. 227 

 228 
6. CREVASSE DETECTION FOR FIELD WORK 229 
 230 
Crevasse is a crack of tension, one of the most dangerous 231 
factors for explorers during the field expedition. In the 232 
Antarctic ice sheet, the crevasse is mainly caused by the 233 
weight of the ice sheet and the movement of the glaciers. 234 
The crevasse detection is very important in polar 235 
scientific expedition. Meanwhile, it is meaningful for ice 236 
flow monitoring. Compared with the C-band Sentinel-1 237 
and optical images, L-band PALSAR-1/2 have a stronger 238 
penetrating ability and are capable to detect ice crevasse 239 
covered by snow (Fig. 14). We tried to detect the crevasse 240 
with PALSAR-1/2 data in the Grove Mountains area and 241 
along the PANDA section, East Antarctica (Fig. 15, Fig. 242 
16). 243 

 244 
Fig. 14 Comparison of crevasses observed by 245 

different sensors. 246 
 247 

 248 
Fig. 15 Crevasse detection in Grove Mountains using 249 
PALSAR-2. Red dots are the navigation points along 250 

the expedition route. 251 
 252 

 253 
Fig. 16 Crevasse detection in the PANDA section 254 

using PALSAR-1. 255 
 256 

7. SUMMARY 257 
 258 
We used PALSAR-1/2 to study ice velocity, ionospheric 259 
inversion, sea ice motion tracking, GL extraction and 260 
crevasse detection. In the Grove Mountains area, East 261 
Antarctica, PALSAR-2 data were used to evaluate the 262 
effect of the ionosphere on the calculation of ice velocity. 263 
Through time series analysis of ice velocity, the ice flow 264 
of Grove Mountains presents no obvious seasonal 265 
changes. In addition, time series analysis of Shirase 266 
Glacier and Pine Island Glacier has been conducted and 267 
reveals that the front of the Shirase Glacier changes 268 
rapidly, and the flow velocity of Pine Island Glacier is 269 
also increasing over time. We have made some attempts 270 
with PALSAR-1 and obtained effective ionospheric 271 
information. Through comparative experiments in sea ice 272 
motion tracking, it is found that the results of summer sea 273 
ice motion tracking using HH polarized images are better 274 
than HV polarized images, and more sea ice motion 275 
vectors can be extracted from L-band SAR image than 276 
C-band SAR image. With the PALSAR-2 data, we used 277 
the InSAR method to extract the GL, and the results were 278 
consistent with MEaSUREs GL and ESA CCI GL, 279 
proving the effectiveness of PALSAR-2 in the 280 
application of GL extraction. Due to the penetrability of 281 
the L-band, we detected crevasse in PANDA section, 282 
East Antarctica, which provides a safety guarantee for 283 
field expedition.  284 
In the future, we will study further on ice velocity 285 
changes, ionospheric inversion, sea ice motion, GL 286 
changes, and crevasse detection using PALSAR-1/2 SAR 287 
data and others. Papers on ice velocity of Shirase Glacier, 288 
sea ice motion tracking using SAR data in L and C bands, 289 
and crevasse detection with L band PALSAR-1/2 SAR 290 
data are in preparation. 291 
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1. INTRODUCTION

Recent changes in Arctic sea ice conditions are well 

documented. There is a new Arctic sea ice regime, 

characterized over the last 35 years by a rapidly declining 

summer ice extent and, since 2007, a shift from 

predominantly thicker multi-year sea ice (MYI) to 

thinner, seasonally decaying, first-year sea ice (FYI) [1]. 

When compared to paleo-environmental records, this 

shrinking and thinning of Arctic sea ice is unprecedented 

in the past several thousand years [2,3]. As sea ice 

normally acts as a barrier between the atmosphere and 

ocean, less ice is linked to increased radiative forcing, 

upper ocean warming, and longer melt seasons [4] and 

acts as an indication of climate change.  

The satellite earth observation (EO) measurements from 

which large-scale sea ice parameters are derived, are 

inadequate for reliably discriminating sea ice types and 

features or seasonal stages related to ice decay during 

spring and summer. There is a rich opportunity to utilize 

modern synthetic aperture radar (SAR) technology to 

develop algorithms for this purpose.   

This project aimed to advance the utility of L-band SAR 

for discriminating sea ice types during the spring/summer 

melt period. It also sought to further our understanding of 

the relationships between sea ice melt pond evolution, sea 

ice melting state, and polarimetric backscatter signals, so 

that SAR may be utilized for the regional scale study of 

sea ice and coupled ocean-sea ice-atmosphere processes 

during the dynamic spring/summer melt season. To 

accomplish these aims a comprehensive in situ, airborne, 

and satellite C- and L-band SAR data acquisition plan 

took place on sea ice in the Canadian Arctic Archipelago 

in 2016-2018. L-band SAR imagery, from ALOS-

2/PALSAR-2 (1.2 GHz), was expected to provide 

enhanced contrast between ice regimes during summer, as 

it is lower frequency compared than C-band and 

penetrates deeper into melting ice. Collection of 

polarimetric L-band SAR data was to enable the 

investigation of fundamental relationships between sea ice 

properties and L-band SAR backscatter mechanisms.  

Critical to the success of the project was the coupling of 

field measurements with satellite acquisitions from 

ALOS-2/PALSAR-2. In particular, sea ice information 

acquired from airborne surveys over PALSAR-2 swaths 

provided key information. Limited aircraft availability 

during summer season, as well as limited PALSAR-2 

acquisitions within the study area during summer (based 

on the background observation scenario) meant that 

several of the key results from this project pertain to 

winter period sea ice instead.    

2. STUDY AREA

The main area of interest was the sea ice within the 

Victoria Strait and M’Clintock Channel portions of the 

waterways located within the Canadian Arctic 

Archipelago (Fig. 1). The site was chosen due to the 

presence of a mixture of winter ice types, typically 

seasonally grown first-year sea ice (FYI), deformed FYI 

(DFYI), and multiyear-ice (MYI) that drifts into the 

region from further north and freezes in situ in the winter 

period [5]. Furthermore, there are some current and tide 

driven ice motion in Victoria Strait that causes the 

formation of leads which can re-freeze in cold conditions. 

The study area containing the mixture of ice types can be 

remotely monitored using spaceborne sensors, as well as 

airborne sensors originating out of the Cambridge Bay 

airport (YCB) or Resolute Bay airport (YRB). An 

additional benefit to studying ice conditions in this region 

is the ice is stationary (landfast) from winter until the ice 

breaks up in summer. Because the ice in this region is 

landfast, the backscattering characteristics of different 

regimes, including FYI of varying deformation states, and 

MYI, could be identified and evaluated according to 

season without the influence of ice dynamics and without 

the need to track ice movement. 

Fig. 1 Study area 
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3. DATA  

 

From 2016 to 2018 acquisitions made of the study area as 

part of the ALOS-2/PALSAR-2 observation scenario 

were acquired for the period of January, after sea ice 

consolidation, through July, before or near to sea ice 

break-up. In total 32 PALSAR-2 scenes were collected 

from the Japan Aerospace Exploration Agency/Earth 

Observation Center (JAXA/EOC), including 29 in Strip 

Map and ScanSAR modes, depending on the background 

JAXA observation scenario. These scenes provided L-

band backscatter data in Single HH or Dual HH+HV 

modes at ~6.0 by 4.3 m resolution (range by azimuth) to 

95.1 by 77.7 m resolution, across 55 to 350km swaths, 

and covering an overall incidence angle range of 28.6-

39.0. We also acquired 3 Full (Quad) Polarimetry format 

PALSAR-2 scenes, providing fully polarimetric L-band 

backscatter data at ~6m spatial resolution across 30km 

swaths, to support the project. As part of another project, 

105 RADARSAT-2 scenes in Fine Quad-Pol and Fine 

Quad-Pol Wide formats were collected, providing fully 

polarimetric C-band backscatter data at ~12m spatial 

resolution, across 25 and 50km swaths, and covering an 

overall incidence angle range of 19.4-47.4.  

 

Aerial surveys were conducted on 19 April and 21 June 

2016, and on 08 May 2018. The 19 April 2016 and 08 

May 2018 surveys were conducted during winter (pre-

melt) ice conditions. Ice thickness, using a tethered 

electromagnetic induction device, and 2D ice surface 

topography, using a laser scanner, were collected. Ice 

topography was measured using a Riegl LMS Q120 near-

infrared laser scanner mounted at the bottom of the 

fuselage of the aircraft. Every scan line was 

approximately 120 m wide across-track, at a scan rate was 

50 lines per second. Given an approximate air speed of 

120 knots, scan line spacing was ~1.2 m along track. 

Surface roughness was retrieved following [6]. Each scan 

line was fitted with a flat-earth hyperbolic function and 

surface roughness was calculated from each scan line as 

the standard deviation of the difference between measured 

and fitted flat-earth surfaces. The obtained roughness 

therefore corresponds to the root-mean-square roughness 

(rms), and it is a measurement of the snow surface 

roughness, not the ice surface roughness.  

 

The 21 June 2016 survey was done over the same track, 

this time with an optical survey camera to document the 

amount of melt water flooding, i.e. sea ice melt pond 

fraction, on the ice surface. A total of 1069 digital true-

color aerial photographs were acquired with image 

dimensions of 630 ± 40 m by 421 ± 27 m, and a pixel 

spacing of 0.12 ± 0.01 m (variations are due to changes in 

the aircraft altitude).  In 2016 an ice thermistor buoy was 

installed in the sea ice in early May to capture the 

evolving ice/air temperatures during the winter-summer 

transition period. Regular snow and sea ice measurements 

were also made as part of a field campaign based on FYI 

adjacent to Cambridge Bay, though these measurements 

were made approximately 150km west of the main SAR 

study site documented here.  

 

4. ANALYSIS  

 

The analysis focused on the data collected during 2016, 

especially the winter (pre-melt) period due to the spatial 

match between PALSAR-2 images during this period and 

the airborne geophysical survey conducted on 19 April. 

Spatially co-located scenes were investigated for the 

utility of PALSAR-2 to provide information on the 

surface roughness and hence deformation state of the ice. 

Sea ice surface roughness is important in several scientific 

and operational contexts, including the pre-conditioning 

of the sea ice surface melt pond fraction in the 

spring/summer period. The utility of PALSAR-2 to 

provide proxy sea ice thickness information, an important 

variable in several scientific and operational contexts, was 

also investigated. Together, our study of the PALSAR-2 

relationships with winter period sea ice roughness and 

thickness, despite being focused on the cold period, still 

provides potentially valuable information about the 

melting behavior of the ice once that period begins.  

 

PALSAR-2 images were calibrated to sigma-nought 

backscatter and map projected. We used an in-house 

image segmentation algorithm, applied to Sentinel-1 C-

band SAR imagery (HH-band) of the study area in winter 

condition, to provide a vector layer of discrete sea ice 

segments for aggregating spatially coincident PALSAR-2 

and airborne measured variables. The segments were 

trimmed to the estimated width of the airborne instrument 

coverage along the flight line. The segments were also 

manually labelled accordingly to ice type, based on the 

input Sentinel-1 SAR image and reference Canadian Ice 

Service Ice Charts for the regional sea ice stage of 

development. Despite being made for SAR data at another 

frequency, it was decided to use the Seninel-1 data as the 

basis for segmenting the region into ice type specific 

segments based on past success in separating the study 

region into internally coherent and externally unique 

segments (Fig. 2).  

 

 

Fig. 2 Subset of Sentinel-1 HH band scene used for 

segmentation (a), sample of segmentation (b), and 

segmentation clipped to extend of airborne survey 

instrumentation view (c).  

 

(a)

(b)

(c)
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5. RESULTS 

 

It is important to note that results pertaining to 

relationships between sea ice roughness and PALSAR-2 

backscatter, as well as RADARSAT-2 backscatter in C-

band frequency, are included in a journal publication [7] 

and therefore the same level of detail is not repeated here. 

Information about the images used are also detailed in the 

publication [7]. 

 

From [7], several key outcomes are here noted:  

1. Relationships between sea ice roughness and 

backscatter are only considered for FYI, not 

MYI due to the presence of volume scattering for 

the latter type. 

2. Like-polarization HH and VV backscatter from 

PALSAR-2 is correlated with sea ice surface 

roughness (r = 0.82). The backscatter data were 

acquired at approximately 39° incidence angle.  

3. Correlations between PALSAR-2 backscatter 

and surface roughness are stronger for like-

polarization than they are for cross-polarization 

channels (HV and VH).  

4. Correlation between PALSAR-2 co-polarization 

ratio (VV/HH) and surface roughness is also 

strong (r = -0.82).  

5. The HH band at C-band frequency from 

RADARSAT-2 acquired at a shallow incidence 

angle of approximately 45° shows the strongest 

relationship with surface roughness (r = 0.86).  

6. Estimation error of surface roughness retrieval 

from PALSAR-2 is 5mm.  

 

Subsequent to the published paper on surface roughness 

[7], ALOS-2/PALSAR-2 backscatter was investigated for 

relationship with sea ice thickness. A comparison was 

made using the above-described sea ice thickness data 

acquired by airborne platform on 19 April 2016 and an 

ALOS-2/PALSAR-2 scene in high-sensitive quad-pol 

(HQP) mode acquired on 16 March 2016 at 06:15UTC 

(Fig. 3). The incidence angle range of the scene is 37.7° to 

40.3°. Data were aggregated using the same segmentation 

as in the surface roughness analysis. The studied area was 

composed of 8% level FYI and 92% deformed FYI. The 

level FYI ranged between 1.53m and 2.21m. The 

deformed FYI ranged from 1.83m to 5.44m. No MYI was 

within the studied area.     

 

 

Fig. 3 Sea ice thickness survey and ALOS-2/PALSAR-

2 scene location 

 

Strong relationships between ALOS-2/PALSAR-2 

backscatter and sea ice thickness were found (Fig. 4). The 

strongest relationship was found for the HV channel 

backscatter. It is apparent that the relationship saturates at 

sea ice thickness values above approximately 4m though 

the overall relationship is quite strong and illustrates the 

potential for L-band backscatter based sea ice thickness 

mapping in the CAA region in wintertime.  

 

 

Fig. 4 Relationships between sea ice thickness and 

ALOS-2/PALSAR-2 backscatter in HH (top), HV 

(middle), and VV (bottom) polarizations.  

 
6. SUMMARY  

 

This project aimed to advance the utility of L-band SAR 

for discriminating sea ice types, and for monitoring 

critical stages in sea ice evolution during the 

spring/summer melt period. Some deviation from the 

initial scope was required in order to maximize the 

available data and project outcomes.  

 

On the basis of comparison between airborne derived 

geophysical sea ice data and spatially-coincident ALOS-

2/PALSAR-2 SAR acquisitions, broad consistency 
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between first-year sea ice thickness, roughness, and L-

band SAR backscatter for late winter period sea ice in the 

Canadian Arctic Archipelago was found. The surface 

roughness of FYI in the Canadian Arctic Archipelago in 

the late winter period can be estimated to a 5mm accuracy 

using ALOS-2/PALSAR-2 backscatter. The SAR 

segmentation procedure enabled the comparison between 

airborne and satellite datasets, and allowed for 

comparison of discrete areas corresponding to unique ice 

features.   

 

The findings documented in the project will provide the 

basis for more research on the utilization of L-band 

synthetic aperture radar from PALSAR-2 and the future 

PALSAR-3 for understanding the seasonal sea ice 

evolution cycle linked to winter period sea ice surface 

roughness and for mass balance studies linked to sea ice 

thickness in the Canadian Arctic, with potential for 

extension to other regions in the Arctic, and possibly 

Antarctica. Detailed in situ and airborne observations, 

difficult to acquire in polar regions, will continue to be 

necessary and will constrain analyses related to 

development of new sea ice geophysical retrieval methods 

such as documented here.   

 

For detailed studies of L-band frequency SAR backscatter 

for the discrimination of sea ice types and retrieval of 

information related to melt stages, it is recommended that 

inclusion of acquisitions during seasonal Polar region 

spring/summer periods in a SAR observation scenario 

would be ideal. Moreover, acquisitions made over a 

landfast sea ice environment that contains various ice 

types, like the Canadian Arctic Archipelago region 

detailed in this project, would be ideal for identifying the 

temporal variability in SAR backscatter related to 

seasonal melt cycles.   
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1. INTRODUCTION

The objective of the project was to utilize high resolution 

ALOS PALSAR and ALOS-2 PALSAR-2 imagery 

collocated with oceanographic in situ measurements and 

model results to reveal 3-d structure of sub- and mesoscale 

dynamic processes (internal waves, eddies and surface 

current fronts) in certain key regions of the seasonally ice-

free Arctic Ocean (AO). Utilization of high-resolution 

SAR imaging to study dynamic processes in the Arctic 

region is still rather limited and most up-to-date results 

largely rely on modelling and field measurements, or their 

combination. The project aimed at filling the observational 

gap and benefit from the potential of high-resolution 

PALSAR and PALSAR-2 imaging to observe surface 

imprints of various dynamic processes in the upper AO. 

2. DATA AND METHODS

Upper-ocean dynamic processes such as internal waves, 

eddies and current fronts effectively modulate short wind 

waves and wave breaking properties which enables to 

observe them in 2-d images of spaceborne synthetic 

aperture radars (SAR) under favorable low to moderate 

winds [1]. There are three main physical mechanisms 

responsible for surface signatures of these processes, 

namely wave-current interactions, damping of wind waves 

by surfactant films or drifting ice fields, and atmospheric 

boundary layer transformation over oceanic fronts that, 

though having different surface manifestations, enable the 

detection of ocean dynamics in the SAR images (e.g. [2]). 

During the 5-year project time in 2016-2021 83 ALOS 

PALSAR images and 224 ALOS-2 PALSAR-2 images 

were obtained from the Japan Aerospace Exploration 

Agency (JAXA) AUIG2 catalogue for selected regions of 

interest (ROI) in the AO, these were: 

- southern shelf of the Barents Sea and continental slope

north of Svalbard;

- north-eastern shelf of the Greenland Sea and Fram Strait;

- the Kara Gates Strait connecting the Barents and the Kara

Seas;

- shelf and continental slope regions of the Laptev Sea,

including the Vilkitsky Strait;

- shelf and continental slope regions of the Chukchi and

Beaufort Seas;

- the Bering Sea, including Bering Strait.

Analysis of PALSAR and PALSAR-2 data, and 

quantification of observed dynamic processes were done in 

Mathworks © MATLAB and ESA SNAP software 

(http://step.esa.int/main/toolboxes/snap/). Detection and 

analysis of surface manifestations of sub-to-mesoscale 

ocean dynamic processes in SAR images were done mainly 

for the ice-free periods during the extended summer 

seasons in 2007-2020, collocated with field oceanographic 

experiments in different parts of the AO. 

3. OBSERVATIONS OF EDDIES IN THE

WESTERN ARCTIC OCEAN 

3.1 Statistics of eddies in the Western Arctic 

The aim of this work was to analyze high-resolution 

spaceborne SAR measurements to provide the first detailed 

spatial picture of eddy properties in the Western Arctic 

Ocean, namely in the Chukchi and Beaufort Seas. For this 

purpose, we have used multi-mission spaceborne SAR 

observations of eddy signatures including data from two C-

band missions (Envisat ASAR and Sentinel-1A/B) and L-

band ALOS-2 PALSAR-2 data. PALSAR-2 data were 

acquired in Scan SAR nominal, Fine and Ultra-fine modes 

with a spatial resolution of 50 m, 12.5 m and 5 m, 

respectively. In total, 592 SAR images were used in the 

analysis. Detailed results of this study are presented in 

Kozlov et al. (2019), and here we briefly mention only 

some results. 

Upon the pre-processing step, every image was visually 

inspected at full resolution in search of eddy signatures. 

Fig. 1 shows examples of eddy manifestation in PALSAR-

2 images owing to three different imaging mechanisms 

mentioned above. Then by looking at eddy boundaries 

outlined due to accumulation of slicks, floating ice or 

enhanced wave breaking, their location, diameter, vorticity 

sign and manifestation type were defined manually. All 

detected eddies were then split into two major groups – 

eddies detected in the open-water regions (open-water 

(OW) eddies), and eddies manifested owing to spatial 

redistribution of drifting ice floes near the ice edge and in 

the marginal ice zone (MIZ eddies). Mean values of 

various eddy properties were then defined on a horizontal 

grid of 30×40 cells with an average cell size of 50×50 km. 

Altogether 7749 eddies were identified during three 

extended summer seasons from SAR observations acquired 

in 2007, 2011 and 2016 with 4078 eddies detected in open-

water regions and 3671 eddies in the marginal ice zone. 

Final Report on the 6th ALOS-2 Research Announcement
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Fig. 1 Manifestation of ocean eddies in ALOS-2 

PALSAR-2 images acquired in September 2016 owing 

to a) wave-current interactions, b) accumulation of 

surfactant films, c) floating ice fields in the MIZ. 

 

The most prominent feature of the obtained results was that 

cyclonic eddies strongly dominated over anticyclones 

which was true both for OW and MIZ eddies with about 

65-70% of cyclonic eddies versus 30-35% of anticyclones. 

Fig. 2 shows the locations of all identified OW and MIZ 

eddies. OW eddies were predominantly found in the 

southern and central parts of the study region with many of 

them detected over shallow shelfs, shelf breaks and 

continental slopes. 

  

 
 

 
 

Fig. 2 Locations of a) open-water and b) MIZ eddies in 

the Western Arctic Ocean from SAR observations 

acquired in summer 2007, 2011, 2016. Blue (red) 

circles mark cyclonic (anticyclonic) eddies with 

marker size proportional to eddy diameters. The white 

line denotes the boundary of a region where no ice-free 

SAR data were available. 

 

As seen in Fig. 2 (a), eddy locations nicely mark the main 

pathways of the Pacific water crossing the Chukchi Sea. A 

very dense eddy pattern is found along the Alaskan Coastal 

Current going toward the Barrow Canyon where it splits 

and continues northwest along the shelf break to the 

Chukchi Sea and eastward along the entire shelf break 

region in the southern Beaufort Sea. A large number of 

eddies is also found in the vicinity of Mackenzie River 

Delta, west of Banks Island and in the eastern part of the 

Amundsen Gulf. 

As seen in Fig. 2 (b), MIZ eddies were spread more 

homogeneously over the entire study domain as compared 

to OW eddies due to seasonal development and migration 

of the marginal ice zone. They extended from 68.9° N up 

to 84.4° N. Some locations with a higher number of MIZ 

eddies might be noted, e.g. the region over the continental 

slope at the boundary between the Chukchi and Beaufort 

Seas, in the eastern part of the Beaufort Gyre centered at 

75° N, 132° W, and in different locations between the 

Mendeleev Ridge and the Chukchi Plateau. One may also 

note that, in general, MIZ eddies were somewhat larger in 

size than OW eddies. 

b) 

a) 
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As further shown in [2], the normalized yearly-mean 

numbers showed maximum eddy activity in August and 

October, while giving nearly similar results for July and 

August. The maximum occurrence of MIZ eddies was 

recorded in September and October when the marginal ice 

zone was well developed. The number of eddy detections 

in the MIZ and along the ice edge was inversely 

proportional to the background sea ice concentration with 

more eddies detected over less ice-covered waters. 

The range of open-water eddy diameters spanned from 0.5 

km to 61 km. However, diameter values of about 94% of 

OW eddies didn’t exceed 10 km with a mean value of 4.7 

km. MIZ eddies were usually larger in size with a mean 

diameter of about 7 km and a wider range of diameters, 0.3-

106 km. As observed both for OW and MIZ eddies, the 

mean diameter of anticyclones was usually somewhat 

larger than that of cyclones. Interannual variability in the 

number of observed eddies was clearly present, with both 

open ocean and MIZ eddies appearing more frequently in 

2016, compared to 2007 and 2011. The observed 

interannual variability is in line with broad changes of 

FWC in the Beaufort Gyre during the last decade [3] where 

eddies are known to play an important role in buoyancy and 

freshwater budgets [4]. 

 

3.2 Warm-core eddy in the Canada Basin 

 

This part of the work aimed to analyze whether sub-surface 

Arctic eddies would be present in SAR images of the ocean 

surface. As an example, we have considered the case study 

of a warm-core Canada Basin eddy described in detail in 

[5]. The eddy itself was an intrahalocline anticyclone of 

about 11-12 km in diameter observed on the Chukchi slope 

on 16 September 2015 using towed CTD and 

microstructure sections (Fig. 3). According to [5], the 

warm eddy signature was present between 25 and 75 m 

depths with its core located at 30-50 m depth, while the 

anticyclonic rotation was present far beneath its warm core 

down to 250 m depth. 

 

 
 

Fig. 3 Observations of a warm-core anticyclonic eddy 

over the Chukchi slope in September 2015 from [5]. 

Copyright of the American Meteorological Society 

 

PALSAR-2 data were available only before the period of 

shipborne observations on 4-13 September 2015. Fig. 4 

shows several enlarged fragments of PALSAR-2 images 

acquired over the region of shipborne measurements with 

the approximate location of the eddy core marked by red 

asterisk.  

 

 

 

 
 

Fig. 4 PALSAR-2 images acquired on a) 08.09.2015, b) 

09.09.2015, c) 13.09.2015 in the region of the warm-

core subsurface eddy described in [5]. Red asterisk 

shows approximate location of the warm-core eddy on 

16.09.2015 

 

c) 

a) 

b) 

A1 

A1 
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First, one can see that during this period the approximate 

eddy location is surrounded by the floating low 

concentration ice fields. 

Fig. 4 (a) clearly shows a development of a system of 

dipole eddy structures (marked in yellow) seen on 8 

September 2015. The diameter values of these eddies range 

from 12 to 40 km, with the smallest anticyclone A1 having 

diameter of 12 km. On the next day, a distinct mushroom-

like feature is advected closer to the expected eddy location 

observed on 16 September 2015 (Fig. 4, b). Finally, the 

image of 13 September 2015 shows some features of 

alternating backscatter found in close vicinity to the warm-

core eddy location. Notably, the regions of enhanced radar 

backscatter (e.g. the one marked by the blue circle in Fig. 

4, c) have horizontal scale close to 10 km and potentially 

could be associated with a relatively warmer surface waters 

over the eddy core, enhancing the near-surface winds in the 

marine-atmosphere boundary layer [6]. 

 

4. INTERNAL WAVES 

 

In this section we present the results of internal solitary 

wave (ISW) observations over various regions of the AO. 

First, it starts from ISW observations made during an 

oceanographic experiment over the southern Barents Sea 

shelf in August 2016 (subsection 4.1), followed by 

observations made in August and October 2015 in the Kara 

Gates Strait (subsection 4.2). It continues then with the 

ISW observations over the Laptev Sea (subsection 4.3) and 

in the Western AO (subsection 4.4). 

 

4.1 Southern Barents Sea shelf 

 

This study is based on the results of in situ and satellite 

observations made on 9-22 August 2016 in the coastal zone 

of the southern Barents Sea. The results are presented in 

full in [7], while here we provide only a brief summary of 

main findings. 

The region of observations is located in the southern 

Barents Sea 50 km northeast from Kharlov Island (Fig. 5a) 

over depths of 150-200 m. According to a series of rapid 

CTD casts, 270 ISWs with an average period of about 15 

minutes and a height of 1 to 8 meters were registered in the 

study region.  

Fig. 5 (b) shows an example of vertical temperature 

profiles made on 23 August 2016 between 20:10 to 21:15 

MSK time (GMT-3 hours), where a clear manifestation of 

an ISW train with associated vertical displacements of 

isotherms around 5-8 m and time period of 15 min. Fig. 5 

(c) shows an example of multiple ISW trains seen over the 

ship location in PALSAR-2 image on the preceding day, 

i.e. on 22 August 2016 at 20:48 UTC. As seen, the ISW 

signatures are rather complex, have semi-circular shapes 

with multiple partly overlapping wave trains 

predominantly oriented to the northwest, west and 

southwest. 

It was shown that the intensification of internal waves 

occurred mainly at low tide when the pronounced ISW 

trains appeared against the background of a relatively calm 

pycnocline. Satellite images enabled to identify 82 packets 

of ISWs, with an average of 4 waves per packet. The mean 

crest length of the leading wave in the train was about 27 

km, and the mean wavelength about 700 m. 

 

 

   

 

Fig. 5 ISW observations in the southern Barents Sea in 

August 2016. a) map of the study site with locations of 

measurement site (red star) and ISWs’ signatures 

detected in Sentinel-1 and PALSAR-2 images, b) 

vertical oscillations of temperature during the passage 

of ISW train, c) ISW signatures in PALSAR-2 image 

acquired on 22 August 2016 (20:48 UTC) 

Analysis of the SAR data allowed to divide the observed 

ISWs into two groups. The first typically observed at 40–

100 km distance from the coast with waves propagating in 

the northwestern direction along isobaths. The second one 

moving northeastward off the coast across isobaths (see 

Fig. 5, a). A possible source of generation of these two 

groups of ISWs was an interaction of tidal currents with 

undulating bottom topography. The wavelengths and phase 

speeds derived from in situ and satellite observations 

agreed well. 

 

b) 

a) 

c) 
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4.2 Kara Gates Strait 
 

In this part we present the results of an oceanographic 

experiment onboard R/V Akademik Mstislav Keldysh in 

the Kara Gates Strait (KGS) on 28-29 August and 6-7 

October 2015, complemented by concurrent satellite 

observations and model calculations of internal tide 

generation and propagation in the strait. Full details of the 

study are given in [8]. Fig. 6 (a) shows the study site with 

a marked location of oceanographic transects made during 

the expedition. 
 

 

 

 

Fig. 6 Observations of internal waves in the Kara 

Gates Strait: a) measurement site with locations of 

oceanographic transects, b) vertical section of water 

temperature across the KGS on 28-29 August 2015, c) 

ALOS-2 PALSAR-2 image depicting generation of 

ISWs over the KGS on 1 October 2015 (19:25 UTC) 

To obtain background properties of vertical stratification, 

measurements with an SBE-19 CTD profiler were 

performed on both sites of the strait. To obtain a detailed 

vertical structure of temperature and salinity in the strait, 

towed Idronaut 320+ sounder measurements were used in 

the scanning mode by continuously varying the depth of 

the device. During the studies, several measurement legs 

were completed in different directions along the strait from 

the Barents to the Kara Sea and back, as well as a leg across 

the strait. 

From the scanning-mode sounding results, temperature, 

salinity, and density profiles along and across the strait 

were constructed. Temperature fluctuations caused by an 

internal tidal wave propagating into the Barents Sea were 

clearly observed on the profile made along the strait (Fig. 

6, b). On the Kara Sea side, a hydraulic jump was detected 

with associated deepening of isotherms up to 100 m. In 

terms of distances between the maximum deepening of the 

isotherms on the profile and the location of the underwater 

sill, the first wave had a wavelength around 12 km; the next 

one - 15 km; and the third - 18 km. Similar distances were 

inferred between sequential ISWs observed in PALSAR-2 

image taken over the strait on 1 October 2015 (Fig. 6, c). 

The ALOS-2 image clearly showed surface manifestations 

of ISW packets having a pronounced concentric shape and 

propagating to the west and southwest from the strait (Fig. 

6, c). Analysis of the image allowed to isolate four 

sequential short-period internal wave packets (denoted A, 

B, C, D), the distance between which increased with their 

propagation toward the Barents Sea. From the Kara Sea 

side at the distance of around 30 km east of the strait, 

characteristic narrow curved bands of local 

intensification/attenuation of short wind waves were seen, 

directed to the northeast. These features didn’t have a 

pronounced packet structure like in the Barents Sea and 

were apparently a surface manifestation of the internal tide. 

All in all, analysis of in situ, satellite and model data 

showed that intense internal waves exist in the area of the 

KGS. Owing to the presence of a constant mean current 

from the Barents Sea into the Kara Sea, the internal waves 

propagating into the Barents Sea were intensified. Due to 

the counter current, the wavelengths of IWs decreased and 

their amplitudes increased in the Barents Sea. In the strait, 

nonlinear wave transformation occurred and short-period 

ISWs were generated, which was clearly seen in satellite 

images. In the eastern part of the strait on the Kara Sea side, 

a hydraulic jump was detected with the deepening of the 

isotherms and isopycnals from 50-60 m down to 100 m. 

 

4.3 Laptev Sea 

 

The main aim of the ISW study in the Laptev Sea (LS) was 

to compare the results of recent years (2018-2020) with the 

results of earlier SAR observations performed in 2007 and 

2011 based on C-band Envisat ASAR data [9] in the 

context of intensification of near-surface currents and 

shear, and weakened stratification in the Eastern Arctic 

Ocean [10]. For this purpose, a set of 46 PALSAR-2 

images for summer periods of 2018-2020 were obtained 

from the AUIG2.  

A preliminary analysis of a small portion of PALSAR-2 

images for September 2018 allowed to identify 114 distinct 

ISW trains. These waves (only leading wave trains are 

depicted) are shown in Fig. 7 (a) in blue color versus ISWs 

observed in 2007 and 2011 shown in red.  

a) 

b) 

c) 

Temperature 
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Fig. 7 Internal wave observations in the Laptev Sea 

(LS). a) Map of the LS with locations (only for leading 

waves) of ISWs detected in Envisat ASAR images in 

2007-2011 (red color) and in PALSAR-2 images in 

2018, yellow star marks the location of mooring M1, b) 

a zoom of PALSAR-2 image acquired on 19.09.2018 

(13:26 UTC) showing multiple ISW trains over the LS 

north-eastern shelf, c) locations of ISWs observed on 

19.09.2018 superimposed on the PALSAR-2 image of 

that day. 

 

As seen, the ISWs observed in September 2018 were 

primarily located near the shelf break and over the 

continental slope, which was extremely rare in 2007-2011. 

In particular, the waves were also present around the 

location of mooring M1 deployed during NABOS program 

by University of Alaska Fairbanks (see more details e.g. in 

[10]). An example of well pronounced ISW trains observed 

in PALSAR-2 image taken on 19 September 2018 over the 

shelf-break region in the northeastern LS is shown in Fig. 

7 (b). In this example, one can clearly denote multiple ISW 

trains oriented to the south-east (shelfward). These waves, 

in fact, are only a part of the larger circular ISW patterns 

well seen in Fig. 7 (c) showing the ISW locations (only for 

leading wave trains) drawn on top of the PALSAR-2 image 

acquired on 19.09.2018. From Fig. 7 (c) one may denote 

that ISWs seem to emanate from a point-like source located 

over the continental slope, and then radially spread to all 

possible horizontal directions. Yet, the wave trains with 

shelfward direction clearly prevail in the observations. The 

analysis of the full SAR dataset is ongoing and will be 

finished in the near future. 

 

4.4 Western Arctic Ocean 

 

In this study we aimed to reveal the locations and 

properties of ISWs in the Chukchi and Beaufort Seas. 

Altogether 41 PALSAR-2 images for summer periods of 

2015 and 2016 were obtained from the AUIG2. Analysis 

of the data allowed to identify 54 signatures of ISW trains. 

An example of ISW signatures identified over the 

continental slope region to the northeast from Point Barrow 

in PALSAR-2 image acquired on 8 September 2015 is 

shown in Fig. 8 (a). Similarly as was observed over the 

Laptev Sea slope, the ISW patterns here have quasi-circular 

shape and concentrically spread into different directions 

with the most pronounced signatures oriented westward. 

Fig. 8 (b) shows a composite map with locations of ISW 

signatures detected in Envisat ASAR images in 2007-2011 

(red color) and those detected in PALSAR-2 images in 

2015-2016 (blue color). For information, the dataset for 

2007-2011 counted for 727 Envisat ASAR images with 

233 identified ISW signatures [11]. This means that the 

relative frequency of ISW detections in PALSAR-2 data 

during 2015-2016 was much higher than that of Envisat 

ASAR in 2007-2011. 

As seen in Fig. 8 (b), most of the waves were observed over 

shelf and shelf break regions (93%), while only 7% of them 

were found over depths exceeding 200 m. In the Chukchi 

Sea, the waves were frequently observed in the northern 

part of the sea centered at about 72.6° N, 168° W, in its 

southwestern part, around Herald Shoal, near the Barrow 

Canyon, and in the Bering Strait. 

In the Beaufort Sea, some ISW activity was observed along 

the shelf break, in particular north-east of Point Barrow 

(Fig. 8, a) and north of Cape Bathurst, while a major hot 

spot of ISW generation was found on the Mackenzie Shelf. 

Nevertheless, we should note that in general the number of 

ISW observations in the western AO is relatively small as 

compared e.g. to its Eurasian part. This is most probably 

related to the weak tidal currents and stronger near-surface 

winds in the western AO resulting in less efficient ISW 

generation and weak radar contrasts of their potential SAR 

signatures. 

 

b) 

c) 

a) 
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Fig. 8 Internal wave observations in the Western 

Arctic Ocean. a) An enlarged fragment of PALSAR-2 

image depicting generation and radial spreading of 

ISWs northeast from Point Barrow on 8 September 

2015 (22:56 UTC), b) a map showing locations of 

leading waves in ISW trains identified in Envisat 

ASAR data of 2007-2011 (red) and PALSAR-2 data of 

2015-2016 (blue). 
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1. INTRODUCTION

Vertical deformation of land due to natural or man-made 

factors is one of the major environmental threats and is a 

growing concern, especially in low lying environment. 

Local and regional factors such as natural compaction, 

groundwater withdrawal, tectonic activity (regions with 

volcanoes and active faults) and anthropogenic stresses are 

the driving factors of land subsidence and are variable with 

time. Higher subsidence rates were noticed in areas with 

over withdrawal and extraction of groundwater and gas and 

lower in regions with compaction of unconsolidated 

sediments [1]. Sea level rise and extreme events caused due 

to climate change can intensify land subsidence [2]. It has 

been reported that inundation risk maps were 

underestimated by 3.7-90.9% in San Francisco Bay 

without accounting for the contribution of land subsidence 

[3. Further, the rate of subsidence contributes to the 

improved understanding of the risk and vulnerability due 

to sea-level rise. 

Around 48 major coastal deltas of the world were assessed 

for the profile risk using empirical indices [4], in which 

Ganges-Brahmaputra, Krishna and Godavari deltas of 

India ranked high-risk component from the Anthropogenic 

Conditioning Index. Several types of research in terms of 

risk and vulnerability coupled with reduced aggradation 

rate, Sea Level Rise, shoreline retreat and inundation 

flooding, storm surges and cyclones and anthropogenic 

activities such as the construction of dams and barrages has 

been reported in the coast of Andhra Pradesh, India . 

Consequences of these phenomenon's cause a high risk of 

land sinking or subsidence. Understanding the threat of 

land subsidence in densely populated dynamic 

environments must be considered and is poorly studied in 

Indian deltas. 

The Godavari delta is a highly populous delta comprising 

of two major cities, Kakinada, an industrial hub and 

Rajahmundry, situated along the east coast of India. 

Godavari delta is part of two districts of the state of Andhra 

Pradesh (East and West Godavari), and both constitute 

9.09million people, according to the 2011 census report. 

Owing to its high economic importance and value in terms 

of agriculture, aquaculture, hydrocarbon potential, forests 

and wetlands, the Godavari delta is popularly known as the 

“Rice bowl of India”. This prograding and wave dominant 

delta is built by River Godavari and bordered by the Bay 

of Bengal. Holocene Godavari deltaic plain is characterised 

by fluvial plain features such as natural levees and 

abandoned river channels in the upper and beach ridge 

plain marked by mangroves, spits, mudflats and beach 

ridges in the lower region. This low lying delta with an 

elevation of 12m above mean sea level is mainly occupied 

by aquaculture, agriculture farms and urban cities and is 

highly prone to cyclones and storm surges. 

Recent advanced techniques such as Interferometric 

Synthetic Aperture Radar (InSAR), Global Positioning 

System (GPS) can be used to monitor and assess the 

vertical land deformation with the high spatial and 

temporal resolution, the capability of monitoring all 

weather and good spatial coverage [5]  

Various studies on delta subsidence through Synthetic 

Aperture Radar Interferometry (InSAR) has been carried 

out [6-7]. It raised the concern of the Godavari delta of 

India. Subsidence over these world’s major deltas was 

attributed to the natural and anthropogenic forcing such as 

aquaculture, petroleum extraction, overexploitation of 

groundwater, urban-induced loading, compaction and local 

stratigraphy. 

Subsidence in urban cities of the coastal area represents a 

catastrophic effect on the human population. Extensive 

researches on the subsidence of coastal cities across the 

world were investigated by means of SAR based 

Interferometry. Vertical rates of 5-30 cm/yr in various 

locations of Mexico using ALOS [8] were reported due to 

over-extraction of groundwater. Various parts of Western 

Indonesia revealed subsidence through ALOS-PALSAR, 

with rates up to 22cm/yr, caused by the exploitation of 

groundwater and gas [1]. These studies prove the complex 

pattern of subsidence and the efficiency of satellite driven 

techniques over the traditional methods for time series 

deformation studies for delta regions, with limited or no 

GPS stations. 

[9] has examined the rate of subsidence (2-4mm/yr) of

the Holocene sediments at the flood plain area of Godavari 

delta through borehole sediments. This subsidence was 
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attributed to soil erosion driven by deforestation and 

agriculture. However, deformation of the coastal regions or 

deltaic plains of India has not been examined through SAR 

Interferometry and remains unidentified. Lower coherence 

pixels in agricultural and wetland area, atmospheric delays 

[6] are the major limitations in monitoring deformation 

along the coastal zones.  

 

The main focus of this research is (1) the LOS (Line of 

Sight) vertical deformation of Godavari delta, using the 

time series InSAR analysis, (2) analysing the driving 

factors such as the land use land cover, hydrology and 

morphology contributing to the deformation of the delta. 

 

Detailed land subsidence studies to find out the vulnerable 

locations to flood risk and sea-level rise have not been 

carried out in Godavari delta. This research focused on the 

time period 2006-2011 and recent 2017-2020, employed 

ALOS and Sentinel-1A satellite data. Frame Number 520 

and 521 for ALOS and 535(F2 and F3) of Sentinel were 

considered to cover the entire delta (Figure 1). Frame 

Number 533 and 538 of Sentinel-1A were also included to 

get a continuous time series analysis. The image pairs were 

chosen based on the shorter geometrical and temporal 

baselines. The LOS vertical deformation rates were 

estimated through Small Baseline Subset (SBAS) 

algorithm. Furthermore, land use land cover pattern of 

2006, 2016 and 2020 were classified using Landsat images. 

Hydrological parameters such as groundwater, rainfall and 

Total Dissolved Solids were used from India-WRIS 

(https://indiawris.gov.in/wris/#/ ) to examine their role in 

the rate of deformation in the Godavari delta. 

 

 

 
Figure 1 Study area location, Godavari delta showing 

frames of Sentinel and ALOS in Google Earth Imagery 

 

2. MATERIALS AND METHODS 

 

Subsidence in the Godavari delta was carried out using 

Interferrometric Synthetic Aperture Radar (InSAR) 

analysis. ALOS-1(Advanced Land Observing Satellite) 

PALSAR(Phase Arrayed L Band Synthetic Aperture 

Radar) products for the period of 2006 to 2011 were 

acquired from JAXA through RA-6, PINo.3047.  A total of 

14 and 12 images falling in two frame numbers: (a) 320; 

ascending orbits (13269&23582) and path 

numbers520&521 and (b) 321; ascending orbit and path 

number (520)of ALOS L band were acquired between 

2006-2011. Sentinel-1A products were obtained from the 

Alaska Satellite Facility (https://asf.alaska.edu/), and 

Copernicus Data Hub (https://scihub.copernicus.eu/). 

Sentinel-1A, C band images of three frame numbers in 

Interferometric Wide (IW) beam mode: (a) 535; 

descending orbit (30541) and path number 19, (b) 533; 

descending orbit (26516) and path number 19 and (c) 538; 

descending orbit (27391) and path number 19 comprising 

of 92 images captured between 2017-2020 which covered 

the entire study area were used for the analyses (Figure 1). 

Specifications of these datasets were listed out in Table 1. 

Also, Shuttle Radar Topographic Mission (SRTM) Digital 

Elevation Model (DEM) ( https://topex.ucsd.edu/gmtsar) 

spanning the study area was used for the topographic phase 

corrections. 

 

Table 1  Satellite specifications of ALOS and Sentinel -1A 
Description ALOS Sentinel-1A 

Acquisition 

mode 

Fine beam mode Interferometric 

Wide Swath 

(IW) 

Polarization Dual (HH+HV or 

VV+VH) 

 

Swath 70 km 250 km 

Wavelength L band C band 

Orbital altitude 692 km 693 km 

Orbital direction Ascending Descending 

Revisit 46 days 12 days 

Temporal 

Coverage 

2006-2011 2016-2020 

Spatial 

resolution 

10/20 m 20m 

 

InSAR measures the phase difference between radar 

images of different orbits and times; thereby commonly 

used for ground displacement and is performed using 

Generic Mapping Tools Synthetic Aperture Radar 

(GMTSAR) software. Precise orbital data were used for 

geometric registration of Sentinel image, which removes 

phase mismatching 

(https://qc.sentinel1.eo.esa.int/aux_poeorb/). In this study, 

focussing and image alignment of the SAR images were 

executed to create Single Look Complex (SLC) images 

using the Digital Elevation Model grid and the extracted 

orbital and velocity information. All the images were 

aligned to the master image. Terrain Observation by 

Progressive Scans (TOPS) mode processing is employed 

for Sentinel-1A to achieve sub swaths coverage and more 

even amplitude SAR image and , there should be an overlap 

of minimum 20% between the Doppler centroids of master 

and slave images to achieve phase coherence of the 

interferogram [10-11. 

 

A total of 40(520), 36(521)and 333 interferogram pairs 

were constructed from ALOS-1 and Sentinel-1 images 

respectively using the geometrical and temporal baseline 

information generated during the pre-processing. The 

baseline versus time plot is presented in Figure 2. Most of 

the delta is covered with agriculture, aquaculture and 

wetlands. Ninety days and 700 m for ALOS&50 days and 

100m for Sentinel baseline pairs were considered. The 

Gaussian filter of 200m was applied to estimate the 

Interferometric products like phase, amplitude, coherence, 

phase gradient, line-of-sight displacement and unwrap of 

each pair generated in both geographic and radar 

coordinates. Statistical-cost, network-flow phase-

unwrapping algorithm (SNAPHU) was applied for 

unwrapping phase. The sub swaths (F2 and F3) of Sentinel 

were stitched after interferogram generation. SBAS 

(Small-Baseline Subset) approach was performed with 1019



unwrapped and coherence images to create time-series of 

interferograms. This approach was carried out through the 

python-based Generic InSAR Analysis Toolbox (GIAnT). 

 

 
Figure 2 Baseline vs time plot with the connected 

interferogram pairs for SBAS analysis (a) ALOS 520 (b) 

ALOS 521 and (c) Sentinel 1A images. 

 

To understand the level of permeability of Godavari delta,  

Land Use Land Cover classification for the year 2020 was 

prepared from multispectral optical satellite (Landsat) data. 

Landsat 8 OLI with spatial resolution 30m (Pan sharpened 

15m) from USGS Earth Explorer were downloaded and 

pre-processed for classification. Hybrid classification 

(Supervised and unsupervised) approach was followed to 

classify the images into seven classes, namely urban area, 

vegetation, mangroves, sand, fallow/bare land and cloud 

cover, respectively. These classified maps were grouped 

into three as highly permeable, moderately and least 

permeable based on the level of permeability. Further, 

Groundwater, rainfall and Total Dissolved Solids (TDS) 

data collected by Central Ground Water Board (India 

WRIS) were extracted and represented spatially to 

investigate the linkages with Godavari delta deformation. 

 

3. RESULTS AND DISCUSSION 

 

3.1 Overall rate of deformation of delta 

InSAR derived LOS deformation rate was retrieved from 

ALOS during the period 2006 to 2011 (Figure 3). The two 

different paths of ALOS (520 & 521) covered the entire 

Godavari delta. The maximum rate of deformation ranged 

from 0 to ±25 mm/yr. The frequency distributions of the 

average deformation rate from 2006 to 2011 were plotted 

in Figure 4. Areas with a subsidence rate range of 0 to -

5mm/yr were dominant in path 520 and upliftment rate of 

0 to +5mm/yr in path 521. But, a high subsidence rate, 

range of -5 to -10 mm/yr was found in the region of path 

521. During 2006-2011, the average deformation rate was 

found to be -0.5 to --5 mm/yr at location (a) and 0 to +15 

mm/yr at location (b) along the coastline. Over the 

mainland, deformation rate of -0.6 to -13 mm/yr (c), +2 to 

-4 mm/yr (d), +2 to -6mm/yr (e) and +2 to -7mm/yr (f) were 

estimated. High upliftment range of 8 to 16 mm/yr were 

noted at location g.  Kakinada spit was computed with an 

average deformation rate of -2 to 6mm/yr. 

 
Figure 3 SBAS velocity map of Godavari delta from 2006 

to 2011. The red to green indicates the rate of deformation 

from subsidence to upliftment. Groundwater locations 

(white circles) are numbered from 0 to 5, and the detailed 

discussed regions were marked from a to g. 

 

 
Figure 4 Histogram of average deformation rate (a) 521 and 

(b) 520 

 

The LOS average deformation rate obtained from Sentinel-

1A derived interferometric analyses were shown in Figure 

5. The maximum deformation rate was in the range of ±30 

mm/yr. This suggested a high range value of deformation 

rate during 2017-2020 compared to 2006 to 2011. 

Histogram distribution of deformation rate were dominated 

with the region ranging from 0 to +5mm/yr followed by 0 

to -5mm/yr rate of deformation. Each interval from ±5 to 

±30 mm/yr was overtaken by subsidence values (Figure 6). 

The decorrelation in the interferometric pairs resulted in 

null data at many locations, especially in the southern 

portion of the delta. Along the coastline, upliftment rates of 

+5 to +20 mm/yr, +9 to +20 mm/yr and subsidence rate of 

–0.6 to -13 mm/yr were found at location (a), (b) and (c) 

respectively. At the mainland, high subsided regions were 

noted at the southern portion of the delta. Subsidence rates 

ranging from +2 to -14 mm/yr (d), +3 to -16 mm/yr (e), +4 

to -8mm/yr (f), -6mm/yr to -10 mm/yr (g), -2 mm/yr to -10 

mm/yr (h), +2 to -6 mm/yr (i) were identified. On the 

contrary, upliftment rates of +4 to +12 mm/yr(j) and +5 to 

+12 mm/yr (k) were also estimated. An upliftment rate, +2 

to +8mm/yr were found at the centre and the subsidence 

rate, 0 to -4 mm/yr at the boundary of the Kakinada spit. 
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Figure 5 SBAS velocity map of Godavari delta from 2017 

to 2020. The rate of subsidence to upliftment was marked 

in red and blue encircled with major cities. Groundwater 

locations were marked in white circles. The regions 

discussed were marked in square boxes (a to k) 

 

 
Figure 6 Histogram of the average deformation rate 

between 2017 to 2020 

 

3.2 Deformation along the coastline 

Low lying coast built by unconsolidated soft sediments is 

vulnerable to the impacts of anthropogenic activities, high 

wave actions, cyclones and sea-level rise (Woodruff et al., 

2013). According to IPCC special report on global 

warming, the global mean sea level rise is projected to be 

close to 10 cm by 2100, likely to change based on the future 

global warming emissions(Hoegh-Guldberg et al., 2018). 

Satellite altimetry measurements during 1993-2012 

showed a mean sea level of 5mm/yr along the coasts of the 

Bay of Bengal, compared to the global value (3.2 mm/yr). 

 

The coastline of Godavari delta is characterised by 

numerous landforms near the river mouth distributaries.  

The coastal area at the location (b) and (c) has remained in 

the trend of upliftment and subsidence during both time 

periods (Figure4&5). Location (b) was uplifted by 0 to +15 

mm/yr during 2006 to 2011 to the rate of +9 to +20 mm/yr 

during 2017 to 2020. Location (c) was estimated with a 

subsidence rate of -1 to -11 mm/yr during 2006 to 2011 and 

–0.6 to -13 mm/yr during 2017 to 2020. Depositional 

landforms (Nageswara Rao et al., 2005) and mangrove 

restoration activities were found common along the regions 

near river mouths. Kakinada spit was computed with an 

average deformation rate of -2 to 6mm/yr from 2006 to 

2011. An upliftment rate, +2 to +8mm/yr were found at the 

centre and subsidence rate, 0 to -4 mm/yr at the outer 

margin of the Kakinada spit in recent times.  

 

3.2 Effect of Rainfall and Groundwater 

Significant land subsidence caused by the excessive 

withdrawal of groundwater has been reported across many 

cities and deltas of the world(Chaussard et al. 2013; 

Higgins et al. 2013; Chen et al. 2020). The relation with the 

effect of rainfall and the groundwater level and quality in 

the various locations of Godavari delta gave a glint for the 

undergoing deformation. Groundwater level ranges from a 

depth of 10m to 20m in the upland to 0-2m in the coastal 

plain in the Godavari delta. This conveys that the majority 

of the delta plain lies in the shallow aquifer region.  

 

Comparison of groundwater levels during 2011 and 2019 

at four different depths were investigated to understand its 

role in land deformation. A strong relationship between the 

change in level and deformation was noted.  The depth to 

the groundwater level was high during 2011 than in 2020. 

This change in groundwater level is reflected in the 

variation in rate of deformation. The rates of deformation 

values at these locations were found to be in a stable to 

minor subsidence (-0.8mm/yr to -1.9mm/yr) during 2011 

and stable to upliftment during 2020 (9mm/yr to 

14.5mm/yr). The details of the groundwater locations were 

tabulated in Table 2. 

 

Table 2 Groundwater level during 2011 and 2019 with the 

respective rate of deformations at four different locations 

 

Groundwater 

Level (m) 

Rate of 

deformation 

(mm/yr) 

Sl 

No Location 2011(m) 

2020 

(m) 

2006-

2011 

2016-

2020 

0 Amalapuram 1.54 0.41 -1.8 12 

1 Peddapuram -PZ1 26.74 17.79 -0.16 9 

2 Vakalpudi 1.45 0.06 -1.9 10.5 

3 Vegayammapeta 2.36 0.56 -0.8 14.5 

 

 
Figure 7 Rainfall and the depth to groundwater level 

locations. Blue circle represents the upliftment, and red 

circle represents the subsidence. 
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Figure 8 LOS subsidence rate locations with corresponding 

rainfall from 2017-2019 and ground water level from 2017-

2019 

 

The LOS rate at 13 different locations (Figure 7) of the 

Godavari delta were considered to understand the effect of 

rainfall and groundwater level to the change in 

deformations. Figure 8  represents the rainfall and the depth 

to groundwater level from 2017 to 2019 and the 

corresponding LOS rate of subsidence at 6 different 

locations. A correlation with R2 value of 0.5082 and 

0.3426 were obtained for depth to groundwater level and 

rainfall, respectively. Higher subsidence at the rate of -

14mm/yr , -9mm/yr and -5mm/yr  was observed at 

location1, 2 and 4 respectively. AWS station at these 

locations have reported a continuous drop down in annual 

rainfall between 2017 and 2019. Annual precipitation has 

reduced from 832mm to 252.5mm at location 1, 876.15mm 

to 277mm at location 2, and 866mm to 647m at location 4, 

respectively. At these locations, a very slight increase in 

the depth to groundwater level ( 1.96m to 2.08m, 7.56m to 

8.05m& 2.17m to 2.32m) was noted.  

 

On the other hand, the amount of rainfall was found scarce 

during 2018 compared to 2017 at locations 3&5. During 

2019, the amount has regained closer to the value of the 

year 2017.  At the same time, a high increase in the depth 

to groundwater level was observed at location 3 &5 

between the period 2017 to 2019. At location 3, the depth 

was 8.4m below groundwater level during 2017. This has 

increased to 9.73m in 2018 and 10.24m in 2019. Also, at 

location 5, the depth to the groundwater level was 1.11m 

during 2017. The depth has increased to 3.42m and 7.63m 

during 2018 and 2019. The LOS rate found at location 3 

and 5was -7.19mm/yr and -4.10 mm/yr. At location 6, the 

amount of rainfall has increased from 516.2mm (2017) to 

984mm (2019), and the depth to the groundwater level has 

reduced from 2.62m (2017) to 1.92m(2019). The LOS rate 

of deformation was found in a minor subsidence of -

1.2mm/yr. This clearly conveyed that the rate of 

deformation is in relation with the amount of rainfall 

received and the groundwater level of the respective 

locations. 

 

Figure 9 represents the rainfall and depth to ground water 

level during the period from 2017 to 2019 and the 

corresponding LOS rate of upliftment for seven different 

locations in the Godavari delta. A good correlation with R2 

value of 0.8176 was found for groundwater level and an R2 

value of 0.0929 was obtained for rainfall. 

 

High rainfall of 937.5mm, 1039.5mm and 1302.25mm was 

received at locations 1, 4 and 5 respectively, compared to 

the previous years. The depth to groundwater level showed 

a minimal increase from 2017 to 2019. The depth has 

increased from 8.4m to 10.24m at location 1, 3.72m to 

3.39m at location 4 and 2.44m to 2.83m at location 5, 

respectively.  This indicated that high rainfall contributes 

to the recharge of groundwater irrespective of the pumping. 

This recharge through rainfall led to the land's uplifmtment 

to the rate of 4.7mm/yr, 11.7mm/yr and 16.7mm/yr, 

respectively.  

 

Locations 2, 3 and 6 received a good amount of rainfall 

(1006mm, 859mm and 1125mm) during the year 2018, 

compared to 2017 and 2019. At the same time, depth to 

groundwater level has reduced from 2.5m (2017) to 

2.13m(2019) at location 2. Whereas, the depth has reduced 

from 4.09m(2017) to 1.05m(2019) at location 3. Also, at 

location 6, the depth has remained the same in 2019 and 

2019. This condition has implied that the high recharge in 

the groundwater level is correlating to the upliftment of 

these locations to the rate of 5mm/yr, 6.5mm/yr and 

17.4mm/yr, respectively. On the contrary, LOS rate of 

18mm/yr was found at location 7. This location was found 

with reduced rainfall in 2019 compared to other years 

without a change in the depth to groundwater level, which 

has to be explored with other parameters. Overall,  analyses 

at 13 different locations suggested that the amount of 

rainfall and groundwater are one of the important 

parameters that significantly contribute to the LOS rate of 

deformation.  

 

 
Figure 9 LOS upliftment rate locations with corresponding 

rainfall from 2017-2019 and ground water level from 2017-

2019 

 

Alongwith, the groundwater quality was also evaluated 

from the Total Dissolved Solids (TDS) of  East and West 

Godavari districts from 2015 to 2019 using the Central 

Ground Water Board (CGWB) database (Table 3). In 2015 

and 2016, The TDS concentration in groundwater ranged 

from 65-8103 mg/l & 35-8511 mg/l; estimated from 44 

&90 samples in Andhra Pradesh. Whereas, during 2017, 

2018 and 2019, TDS concentration in groundwater ranged 

very high (33-12323 mg/l ,25-12592 mg/l, 30-15287 mg/l) 

in the state from 68, 79 and 76 samples.  The annual 

fluctuation of TDS from 2015-2019 of East and West 

Godavari districts was also nearly doubled. 

 

An increase in the TDS concentration in groundwater was 

analysed during the study period. Increased TDS in coastal 

regions are reflecting the over withdrawal of groundwater 

and the starting of intrusion of saltwater, subsequently 

leading to vertical deformation of the regional and local 
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areas. This study has brought out the local area deformation 

rates also in the Godavari delta. The prolonging 

deformation in this rate may trigger the collapse or damage 

to the structures. 

 

Table 3 Minimum and Maximum TDS concentration in 

groundwater in East and West Godavari districts obtained 

from CGWB database. (2018 values are not considered due 

to incomplete information) 

District 

Values 

(mg/l) 2015(May) 

2016 

(May) 2017(May) 2019(May) 

EAST 

GODAVARI 

Min 190 89 260 135 

Max 2700 4472 2824 6612 

WEST 

GODAVARI 

Min 234 80 161 70 

Max 3444 7234 12323 6118 

 

    

Implications and Limitations 

This is a pioneer study in understanding the coastal 

deformation rates through remote sensing and one of the 

studies with respect to the response of delta for the vertical 

changes. The role of land use/land cover pattern, 

groundwater, rainfall, water quality and urban expansion 

over the period of two decades were significant and this 

study evaluates the changes in deformation rate from 2006 

to 2011 (ALOS) and 2017 to 2020 (Sentinel). The 

deformation rates along the coast found to be moderate, 

but, considering the rising sea levels at more than 3mm/yr, 

this region gives an alarming vulnerable situation in the 

near future.  Lack of  GPS stations in this region is a 

limitation and if available in future, even local area 

deformation rate can be estimated which will provide the 

stability of this region. Linking with InSAR would 

facilitate the whole region’s deformation. 
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1. INTRODUCTION

Mapping the underwater bottom feature and ocean 

bathymetry is essential to support activities such as ship 

navigation, boating, fishing, dredging, pipeline, and cable 

layouts. Apart from these operational activities, the 

bathymetry forms the primary information for any 

numerical models simulating ocean currents and waves. 

Moreover, the updated bathymetry is critical, especially for 

the coastal models used to predict the coastal hazards[1,2]. 

The conventional method to obtain the bathymetric charts 

is through ship/boat borne observations. The dedicated ship 

uses a sonar-based echo sounder that maps the sea bottom 

by sending a swath of sound beams and recording its travel 

time [3]. These ship-based hydrographic surveys are 

expensive and time consuming. Limited spatial and 

temporal capabilities are other drawbacks of such 

measurements. Long-term depth observations are required 

to decipher the future behaviour of coast in order to defend 

the land against flooding under a climate change scenario. 

Depth along the depositional areas such as shoals, sand 

waves, sand ridge, tidal ridge, tidal channels are highly 

dynamic due to the presence of strong current and the 

associated sediment transport. These areas require regular 

mapping and monitoring that are arduous using 

conventional bathymetric observations. The difficulty in 

ship/boat-borne bathymetric observations in the coastal 

areas is enhanced due to the depositional features that 

prohibit a smooth survey along the region. 

Alternatively, remote sensing (RS) techniques are effective 

in specific information acquisition for large spatial 

coverage and non-intrusive measurement from the earth 

surface. RS technique can improve the efficiency of 

bathymetric surveys due to its repeated and instantaneous 

overview of a large area at a relatively low cost. Using the 

optical part of the EM spectrum, various RS based depth-

mapping methods are available. Laser bathymetry [4] is the 

most accurate and conceptualizes simple technique to 

measure bathymetry through space. The passive optical 

bathymetry, [5, 6] relies on the amount of the sunlight 

reflected from the bottom surface in the upwelling 

radiation. Nevertheless, these methods are applicable only 

over shallow and clear water conditions and the clear sky 

condition is another constrain. Microwave remote sensing 

has the advantage to see through the cloud cover.  

The microwave radiations penetrate only a few centimetres 

at the water surface and therefore, cannot image the 

bathymetry directly. The microwave RS detects 

underwater features indirectly by sensing sea surface 

modulations caused by variation in current. These 

variations in current are generated as they flow over the 

submarine feature such as shoals & sand waves. The first 

observation of such a feature was in 1969 by DeLoor and 

his team on real aperture radar image [7, 8]. Moreover, in 

1978 similar observations were made with the SEASAT L-

band SAR image [9] but no theoretical model was available 

to explain the phenomena. Alpers and Henning (1984) [10] 

proposed the first full theoretical model for the SAR 

imaging mechanism of underwater features.  

The flow model, the current-wave modulation by the wave 

model, describes the bottom-current interaction and the 

radar backscatter model explains the interaction of sea 

surface-SAR signal. These models were proposed and 

formulated by various authors [11,12,13,14, 15, 16,17, 18, 

19,20].  Detailed formulation and model equation of these 

processes are given in the methodology section. Other 

wave-current interaction such as internal waves [21] and 

fronts [22] also explains the imaging mechanism for the 

spatial distribution of Bragg waves. Several studies have 

been carried out to estimate the depth from SAR images 

based on the principle of bottom-current interaction and 

associated modulation of backscatter. De Valk et al. (2002) 

[23] and Fillipano et al. (2012) [24]  have estimated depth

based on the above-mentioned imaging mechanism. In

their studies, coarse spaced in-situ depth information is a

necessary condition to produce a depth map.

In the present study, we estimated bathymetry based on the 

linear backscatter model proposed by Alper and Hanning 

(1984). The bathymetry is estimated for the depositional 

features and tidal channels at the Gulf of Khambhat along 

the west coast of India and the results are validated with 

available in situ observation. We also have used temporal 

SAR images to study the dynamics of the bathymetric 

features due to the prevailing strong tidal current in the 

study region. 

2. STUDY REGION

We estimated the depth values for selected bathymetric 

features within the Gulf of Khambhat (GoK). The GoK is 

an inverted funnel-shaped north-south oriented macro-tidal 

region that opens into the Arabian Sea. The gulf lengths 

exceed 200 km measured from the tip of Mahi River to 

edge of the continental shelf and attain its width of 80 km 

at the mouth, which funnels down to 25 km over a 

longitudinal reach of 140 km [25, 26]. The climate of GoK 

ranges from semi-arid through the tropical plain in the 

north (hot dry with moderate rainfall) to tropical rainy in 

the south (consistently hot with pronounced summer 

monsoon and large fluctuations in river discharge), with 

average rainfall exceeding 100 cm per year in the coastal 

area [26, 27].  
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Large tidal flat embedded with numerous tidal creeks 

fringes along the shoreline of the gulf. Tides in the inner 

gulf are semi-diurnal with a spring tide range of up to 10 m 

[28] making the gulf a macro-tidal estuarine environment 

[29]. High tides result in strong flood and ebb tidal currents 

[30] that cause the water to remain turbid with suspended 

sediment loads. The seabed in most parts of the gulf 

remains in quasi steady state and it moves as sandbars with 

the dominant tidal direction [31]. The present study region 

has a major influence from Narmada and Tapti River, 

which alone discharges almost 6x107 tons of sediment 

annually into GoK [25]. Saha et al. (2015) [32] has 

provided a detailed study about the geomorphology of the 

tidal ridges and flats within the GoK. Various bathymetric 

features such as tidal sand bars, tidal sand ridges, and 

sandbanks with distinct characteristics are present in the 

inner and the outer gulf. Figure 1(a) shows the Landsat-8 

FCC image of the study region where the tidal features are 

visible. The inset box named as S1, S2, S3, and S4 are the 

region where bathymetric features are observed in varied 

SAR images. 

 

Fig 1. Landsat-8 image of Gulf of Khambhat, inset area 

representing coverage of ALOS-1/2 PALSAR image. 

The area within S1 (subset1), S2 and S3, S4 are the first, 

second, third and fourth region, where bottom 

topographic features are observed over the SAR 

images. 

 

3. MATERIALS AND METHODS 

 

3.1 Data 

3.1.1. SAR Data 

 

Table-1 shows the list of ALOS-PALSAR data used to 

estimate the depth values at the GoK. The ALOS 

PALSAR-1/2 imageries were acquired from JAXA under 

RA-6 “Applications of ALOS PALSAR in understanding 

coastal erosion processes through studying nearshore 

dynamics and coastal subsidence.” The 2018 data is used 

to validate the performance of the model and to update the 

depth values of selected bathymetric features. Using the 

SAR data during 2008, 2010, and 2014 years, we identified 

common features and analysed the changes happened 

during the observational period. 

 

3.1.2. In situ Observation 

 

In situ depth measurement was obtained from ship-based 

side scan sonar acquired by Adani port authority during 

peak spring period (mid-April 2017) in a grid format. The 

grid spacing is kept uniformly at 50 m. Each survey was 

supported with DGPS for the position and with Automatic 

Tide Gauge (ATG), installed at Hazira port, for tide 

measurement. Tide measured by ATG was used to reduce 

the sounding data to (LLW) chart datum, which is provided 

along with position (lat/lon) information. The gridded data 

were then converted with respect to MSL for validating the 

SAR estimated depth values.  

 

3.1.3. Wind 

 

We used the global atmospheric re-analysis wind available 

on a 0.125°×0.125°grid from ERA-Interim product 

provided by the European Centre for Medium-Range 

Weather Forecasts (ECMWF). Re-analysis data of 

meridional and zonal component of wind at 10 m height at 

3-hour interval is downloaded corresponding to the SAR 

pass to observe the wind condition at the study region. 

 

3.2 SAR data analysis 

 

The SAR images utilized for the depth estimation shows 

bright or dark quasi-linear features aligned in parallel 

direction to tidal channel. Detailed analysis of each 

observed features are mentioned in result section. The 

reason behind the SAR images reflect bottom topographic 

features are the three step imaging mechanism: (1) 

Interaction of the current with the underwater topographic 

features (2) Modulation of the sea surface roughness by the 

surface current (hydrodynamic modulation) (3) The 

interaction of electromagnetic (radar) wave with the sea 

surface. Alpers and Henning proposed the first theoretical 

1-model in 1984 [10]. The first step is described by a flow 

model, followed by a wave model solving the action 

balance equation, and the last step involves a radar 

backscatter model. The model calculates the changes in the 

backscattered coefficients as a function of slope, change of 

depth, current velocity, and satellite parameters. We used 

the 1-D radar backscatter model given as:  

 
𝛿𝐼

𝐼𝑜𝑆𝐴𝑅
=  

𝛿𝐼

𝐼𝑜ℎ𝑦𝑑𝑟
+

𝛿𝐼

𝐼𝑜𝑉.𝐵.
-------(1) 

 
𝛿𝜎

𝜎𝑜𝑆𝐴𝑅
=  

4+𝛾

𝜇
 |𝑈𝑜|𝑑𝑜 cos 𝜑2 𝑑′

𝑑2 +

 
𝑅

𝑉
 sin (Θ) |𝑈𝑜|𝑑𝑜 cosφ sin 𝜑

𝑑′

𝑑2--------(2) 

 

Equation (1) represents that the total relative SAR intensity 

modulation is the sum of hydrodynamics (Ihydr) and 

velocity bunching (IV.B.) modulations. A detailed 

formulation of equation (1) is given in equation (2), where 1025



both Ihydr and IV.B. are proportional to d’ (slope of depth 

profile in the flow direction) and d2 is the product of 

adjacent depth along the profile. Other terms are constant 

for a given feature and for a given timeframe. These terms 

includes, |Uo| the undisturbed current velocity, do, the 

water depth outside the bottom topographic feature and, φ 

the angle between the flight direction and direction of the 

feature. The term µ is parameter with the inverse of 

relaxation time (ζ) and is called relaxation rate. The 

relaxation time is the time taken by a wave system to 

resume to its equilibrium state after perturbation. The 

larger the relaxation time, the longer the wave can keep its 

imbalance caused by variable current and thus stronger is 

the modulation of the wave amplitude. No measurements 

of relaxation time in the open ocean exist and from theory, 

its value is expected within the order of 10-100 wave-

periods [10]. The 𝛾 term is a function of acceleration due 

to gravity, surface tension, and density of water, and its 

value for gravity waves is 0.5 and capillary waves 1.5 [10]. 

In the velocity bunching term of equation (2), R represents 

the range of the target, V is the platform/satellite velocity, 

Θ is the radar incidence angle. Figure 2 shows the flow 

diagram describing the implementation of the above-

mentioned model.  

 

 

Fig 2. Flow chart of the backscatter model applied on 

SAR images to derive bathymetry. 

 

The modulated radar backscatter coefficient δσ/σ°  is 

calculated from the slope of the bottom surface, current 

velocity and satellite parameters using the radar-

backscatter model (equation (2)). Tidal current is simulated 

using MIKE-21 HD model and the slope of bathymetric 

feature is obtained from the hydrographic chart (guess 

bathymetry). The error is estimated between the modelled 

radar backscatter and the observed backscatter from the 

SAR image. If the error is more than 10% then the slope is 

changed by adjusting the  depth by ± 0.05 m  and a new 

radar gradient in the backscatter coefficient ( δσ/σ° ) is 

estimated. The process is iterated to converge the (δσ/σ°) 

two-backscatter modulations and the depth corresponding 

to the changed slope is considered as the best estimate for 

the real depth. 

 

3.3 Hydrodynamic (HD) model simulation for current 

fields  

 

MIKE-21 HD model has been used to simulate the 

hydrodynamics of the region. The model simulates the flow 

by solving governing equations in two-dimensions using a 

cell centered finite element method. The governing 

equations are depth-integrated equations of conservations 

of volume and momentum in Cartesian co-ordinate. The 

detailed formulation is given in [33]. The domain is 

selected to include the entire Gulf of Khambhat and the 

model is forced with predicted tides along the open 

boundary at the mouth. We have used MIKE 21 toolbox to 

predict the tidal height. MIKE-21 predicted tide is reported 

to perform with the best accuracy in the GoK [34]. The 

strength of wind has a significant influence on the 

hydrodynamics of GoK [31], and the ECMWF re-analysis 

winds are used. Simulated current speed and direction 

along the selected bathymetric features during the satellite 

pass is shown in Table 1.  

Table1: List of ALOS PALSAR-1 and PALSAR-2 

along with environmental conditions at bathymetric 

feature 
PLATF

ORM 

DA

TE 

TID

E 

(EB

B, 

FLO

OD) 

WI

ND 

SP

EE

D 

(M

S-1) 

WIND 

DIREC

TION 

(DEGR

EE) 
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T 
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CIT

Y 

(MS
-1) 

CURRENT 

DIRECTIO

N 

  

ALOS 

PALSA

R 

01-

06-

200

8 

EBB 3.3 59° 

(NE) 

0.8 S TO SW 

ALOS 

PALSA

R 

01-

06-

201

0 

FLO

OD 

3.9 46° 1.2 N TO NE 

ALOS-2 

PALSA

R 

02-

06-

201

4 

EBB 8.9 78° 0.8 S TO SW 

ALOS-2 

PALSA

R 

02-

02-

201

8 

EBB 3 66° 1.25 S TO SW 

  

 

 

4. RESULTS 

 

We updated the hydrographic chart for selected 

bathymetric features using SAR images and studied the 

temporal changes. The bathymetric feature observed 

represents the tidal bars, ridges, and flats, forming complex 

and transient network of tidal channels. 

To assess the accuracy of SAR estimated bathymetry, in 

situ observations from ship-borne bathymetric survey near 

the Hazira port to the southern GoK have been used. The 

gridded in situ measurement is interpolated to produce a 

smooth depth map shown in figure 3(b). The depth is 

estimated as discussed in section 3, along profiles were 

drawn perpendicular to the bathymetric features (area 

overlaying with the in situ observations) observed from the 

ALOS-2 PALSAR image of 2018. We applied the 

backscatter model along 100 such profiles to estimate the 1026



variation in depth through iteration and are linearly 

interpolated on a grid of 25 m (Fig. 3c). The in situ and 

updated bathymetry ranges between -26.8 m to -1.03 m and 

shows a similar spatial pattern. 

 

Fig 3. : (a) S1 region of ALOS-2 PALSAR image (of 

2018 period) available for validation study (b) In situ 

bathymetry (c) Estimated bathymetry, overlaid on SAR 

image near Hazira port. 
 

The error calculated between the hydrographic bathymetric 

data (initial guess) and the in situ observations resulted in 

RMS error of 3.2 m. The SAR estimated bathymetry 

showed significant improvement, where the RMS error 

reduced to 1.5 m with in situ data. Figure 4 depicts the 

histogram of the difference between the estimated depth 

and in situ observation. More than 80 percent of the data 

points showed the RMS error to be less than 2 m. 

 

 
Fig 4. Histogram plot of the error between estimated 

and in situ bathymetry at Hazira port. 
 

We analysed a series of ALOS PALSAR images from 2008 

to 2014 to estimate the bathymetry and the changes in the 

morphology of the bathymetric features were studied. The 

method is applied to estimate the depth over N-S oriented 

tidal channel shown in Figure 5(a) using ALOS PALSAR-

1 images of 2008 and 2010. The 2008 SAR observation 

was during ebb flow with a speed of 0.8 ms-1, while during 

2010, the satellite pass was during high tide where the 

currents were strong at 1.2 ms-1. The hydro-

meteorological conditions during both the satellite image 

satisfy the optimum range to observe the bathymetric 

features (Table 1) [3]. The feature appears as bright-

elongated streaks, visible in both the satellite images with 

an approximate length of 24 km. As the depth decreased 

rapidly along the outer edge of the tidal channels, the steep 

gradient has caused the variations in the backscatter 

observed from the SAR images.  

 

 
Fig 5. ALOS-1 PALSAR image (2010) of S2 region 

representing the selected bathymetric feature along 

Narmada estuary, estimated depth for (b) 2008 and (c) 

2010 period overlaid on SAR image. 

 

 

Total 200 linear profiles were drawn with 120 m spacing 

across the feature and for each profile d’/d2 and δσ/σ° is 

calculated. The SAR estimated depth values are then 

interpolated using inverse distance technique to produce 

smooth bathymetry maps as shown in figure 5(b) and 5(c) 

for 2008 and 2010, respectively. The depth varied between 

-19.25 m to -0.61 m in 2008 and -18.24 m to -0.61 m in 

2010. The northern region have steeper slopes and deeper 

offshore compared to the southern parts. Figure 6(I) shows 

the difference in depth between 2008 and 2010 and figure 

6(a, b and c) shows a comparison of depth profiles selected 

across the feature at three different regions. The difference 

in depth varies between -2.2 m to 2.0 m, where the 

prominent variations are in the northern part of the 

bathymetric feature. Overall, the comparison shows 

positive changes in the offshore region. 

 

 
Fig 6. (I) Difference between estimated depth of 2010 

and 2008. (a, b, c) Comparison of the depth profile 

across the bathymetric feature. 

 

Figure 7 shows the bathymetric feature on ALOS-1 and 

ALOS-2 PALSAR image acquired over the eastern part of 

GoK on 02-10-2010 & 02-06-2014, respectively. 

Simulated tidal current at the time of satellite pass shows a 

velocity of 1 ms-1 during 2010 and 0.8 ms-1 during 2014. 

We selected two bathymetric features visible from both the 

images to estimate the depth. The tidal bar with an average 

length of 2.8 km and the mudflat fringing parallel to the 

coast with an average length of 8.4 km are the visible 
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bathymetric features selected. The features appear as dark 

and white streaks on the SAR images due to the sudden 

depth change. Figure 7 (b and c) shows the estimated 

bathymetry for 2010 and 2014. The depth from 2010 SAR 

image varies from -8.84 m to -0.70 m and for 2014 the 

depth ranges between -6.65 m to -0.70 m. The change in 

depth ranges from -1.5 to 3 m (Fig 8I). The tidal bar 

oriented in the NW-SE direction shows positive 

bathymetric changes to the leeward direction of the flood 

flow. The offshore region at the southern part also shows a 

positive change in the bathymetry. 

 

 
Fig 7. ALOS-1 PALSAR image (2010) of S3 region 

showing the selected bathymetric feature along 

Narmada estuary, estimated depth for (b) 2010 and (c) 

2014 overlaid on SAR image. 

 

 
Fig 8. (I) Difference between estimated depth of 2014 

and 2010. (a,b,c,d) Comparison of the depth profile 

across the bathymetric feature. 

 

We then analysed the 2018 ALOS-2 PALSAR images and 

identified bathymetric features to estimate the depth and 

provide an updated bathymetric map. Bright, irregular, and 

linear streaks observed in figure 9(I) are the manifestations 

of the undulating bottom bathymetric features that form 

tidal bars, tidal ridges, and mudflats. Depth is calculated 

for identified bathymetric features marked within box over 

SAR image. At the time of the satellite pass, the current 

flow was towards N-NE with a speed ranging from 0.5 to 

2 ms-1.  

 

 
Fig 9. (I) ALOS-2 PALSAR image of 2018 with inset 

box highlighting the visible bathymetric feature. (a,b,c) 

SAR estimated depth. 

  

Figure 9 (a, b, and c) shows the updated bathymetry for the 

feature present in the corresponding inset boxes. The 

feature within the inset box ‘a’, is a tidal ridge along the 

central tidal channel with a depth ranging from -1.23 m to 

-20 m. The ridge forms an elongated deposition tapering to 

the ebb flow direction. The feature ‘b’ is located towards 

the coast, showing the traverse of a tidal channel between 

two shoals. The channel has a maximum depth of -38 m in 

the central part and the shoals are oriented to the left side 

of the channel at the north and right side at the southern 

parts. The shoals have a maximum elevation of about -10 

m to -12 m. The subset ‘c’ is a tidal channel that slopes 

gently towards south deepening to around -36 m. The 

channel ridges slopes on either side and reaches an 

elevation of about -20 to -22 m. Figure 10 shows the 

difference between the updated bathymetry using the SAR 

images and the NHO bathymetry. The updated bathymetry 

have a depth change in the range of -5 m to 4 m. 

 

 
Fig 10. (a,b,c) Difference between estimated 

bathymetry (2018) and NHO bathymetry 

corresponding to bathymetric feature 9(a,b,c). 

 

         5. DISCUSSION 
 

We estimated the depth of selected bathymetric features 

using ALOS 1 and 2 PALSAR images along the Gulf of 

Khambhat coast. The validation study shows significant 

improvement in the accuracy of bathymetry updated using 

the ALOS-PALSAR image over the hydrographic charts. 

The RMS error improved more than half for the SAR 

bathymetry. The percentage-wise distribution of error 

calculated is plotted (Fig 4) as a histogram that found 80 

percent of depth to have an error within the limit of 2 m. A 

small position error may enhance the error in the depth for 
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regions like GoK with a complex network of tidal channels 

and tidal bars. The error is high along regions located to the 

south-west and central parts of the in situ observations 

(Fig.3). The method relies on the modulation of backscatter 

by the bathymetric features that are visible in the SAR 

images. The region with high error is devoid of any 

backscatter features that contribute to the inaccuracy in the 

depth estimation. 

As reported by [8], the region with sudden changes in the 

depth is observed in SAR images due to the bathymetry 

induced spatial variation in the backscatter values. The 

tidal channel and its periphery are clearly demarcated with 

variation in the backscatter observed from the SAR image 

shown in figure 5(a). The estimated bathymetry (Fig. 5b & 

5c) shows steep slopes to the northern part that gradually 

flattens near the mouth of the Narmada river mouth. The 

flattening of the slope is due to the presence of mudflat that 

extends offshore from the northern bank of the river mouth. 

The slope gradually steepens towards the south. The 

bathymetric change is prominent to the northern part of the 

region, where deposition is presumed to happen along the 

offshore region (Fig. 6) that ranges between 1-2m. The 

periphery of the tidal channel is eroded with a depth change 

of -1 to -2.5 m. Bhatti et al. (2018) [30] have reported the 

meandering of tidal channels within the GoK that leads to 

erosion of the outer bank. The changes along the region 

support the erosion of the outer banks of the meandering 

channel where the eroded materials are deposited in the 

channel, leading to a decrease in the depth. 

The region to the south of Narmada estuary shows 

modulation of backscatter due to the presence of mudflat 

fringing to the coast and tidal bar forming an island. The 

tidal bar is aligned in the NW-SE direction (Fig. 7a). The 

mudflat is gently sloped and parallel to the coast forming a 

landward extension of the inner shelf. The model has 

captured the cuspate shaped bathymetric feature parallel to 

the mudflat. The tidal bar is determined as a linear feature 

with an increased elevation that deepens to its leeward 

direction to the flood flow. The change in bathymetry has 

shown a lateral migration of the tidal bar (Fig. 8) that have 

shifted towards the coast. The tidal bar transverse to the 

prevailing current [35] and the migration observed 

indicates the strong NS directed tidal currents [31]. The 

large depth variation at the tidal bar observed in figure 8 

can be considered due to this lateral migration of the bar. 

The region also shows deposition to the leeward side of 

flood flow, where the change in depth ranges between 1-3 

meters. The possibility of sediment deposition by the 

fluvial and ebb flow is considerably large as the region is 

located near the mouth of the Narmada River. The mudflat 

shows deposition to the offshore region where the depth 

has increased between 2-3 meters. 

With the certainty achieved from the validation results, we 

have updated the depth values along selected bathymetric 

features visible from the 2018 SAR images. The 

bathymetric features include tidal ridge, ridge, channels, 

and bars that have sudden bathymetric changes and are 

visible in the SAR images through the variation in the 

backscatter. The tidal ridge (Fig.9a) located to the offshore 

have an elongated ebb spit aligned in the flow direction. 

The slopes are gentle and trappers towards the ebb flow. 

The updated bathymetry showed a change in depth 

(Fig.10a) ranging from -2 to 3 meters range, where the 

positive changes to the south indicate the growth of ebb spit. 

The tidal channel observed as the second bathymetric 

feature (Fig 9b) traverse across the tidal shoals forming a 

pool with increased depth in the central region. The 

updated bathymetry shows a change in depth (Fig.10b) 

ranging between -3 to 3 meters, where the positive changes 

are along the periphery of the tidal channels. The third 

bathymetric feature comprises of a tidal channel sloping 

southwards, where the change is between -4m to 3 meters 

(Fig.10c). The improvement in the validation with in situ 

measurements, observation of new bathymetric features, 

and estimation of its changes shows the importance of 

satellite-based techniques to update the transient 

bathymetry of the coastal region.  
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1. INTRODUCTION

This research project aims at exploiting the polarimetric 

imaging capabilities of the PalSAR sensor on-board of 

Alos-1 and Alos-2 satellite missions for the observation of 

oceans and coastal areas. The core of the project is to 

develop scattering-based approaches to get full benefits of 

polarimetric information in order to produce added-value 

products for a broad range of maritime applications 

including iceberg detection, coastal area classification, 

atoll observation and sea surface geophysical parameter 

retrieval. The outcomes of this project consist of new 

algorithms and improved added-value products that can 

significantly support end-users and stakeholders in the 

frame of ocean and coastal areas monitoring. 

Nowadays, standard single-polarization SAR products 
are widely used to routinely monitor the oceans and coastal 

areas at local scale. However, polarimetric information is 

still underexplored and undervalued, especially at L-band. 

Nonetheless, to transform polarimetric SAR measurements 

into added-value products needs electromagnetic models to 

extract reliable and useful information on the geophysical 

parameters of interest. As a result, new tasks can be 

enabled and improved performance, i. e., in terms of 

accuracy and robustness, can be achieved for standard 

tasks.  

Within this context, the high-quality, i. e., very low 

noise floor (noise equivalent sigma zero, NESZ), and 

advanced polarimetric imaging modes, are key factors that 

promoted an operational use of polarimetric Alos PalSAR 

imagery. To summarize the outcomes of the project, 

different applications are showcased: 

• Analysis of polarimetric scattering from sea surface.

• Marine targets observation.

• Classification of coastal areas, including mangroves.

When dealing with the study of polarimetric scattering 

from sea surface, fine-resolution (9.4 m × 3.6 m, range × 

azimuth) Alos PalSAR-1 single-look complex (SLC) 

products with a NESZ of -29 dB (at near range) are 

considered that were collected in full-polarimetric mode 

under low incidence angle (20° - 25°).  

When dealing with the detection of icebergs and atolls, 

dual-polarimetric Alos PalSAR-2 SLC fine-resolution 

products are used that were collected under the 

transmission of horizontally polarized electromagnetic 

waves.   

When dealing with the coastal area classification, high-

quality fine-resolution (6 m × 3 m, range × azimuth) full-

polarimetric Alos PalSAR-2 SLC images collected at low 

incidence angle (27° - 31°) are considered.   

For all the showcases, when available, ground 

information (e. g., global positioning system (GPS) 

samples, images from field surveys) and external data (e. 

g., wind field from scatterometer, satellite optical imagery) 

are considered. 

2. SEA SURFACE POLARIMETRIC SCATTERING

In this piece of research, which is detailed in [1], [2], full-

polarimetric Alos PalSAR data are exploited to analyze 

polarimetric backscattering of sea surface. In particular, it 

is investigated how SAR imaging parameters as incidence 

angle and sea state affect the standard deviation of the co-

polarized phase difference, which is one of the most 

important scattering-based parameters widely used to 

detect ships and oil spills over sea surface. Results on 

actual SAR data are interpreted according to the X-Bragg 

scattering model, which describes the polarimetric 

covariance matrix associated to sea surface tilted-Bragg 

scattering mechanism. Different incidence angles and 

roughness conditions were considered. 

Experiments demonstrated that the standard deviation of 

the co-polarized phase difference is mainly affected by 

SAR imaging parameters, i. e., incidence angle, while the 

effect of met-ocean conditions, under low-to-moderate 

wind speed, is almost negligible, see Fig. 1. In addition, the 

standard deviation of the co-polarized phase difference is 

expected to increase with the incidence angle under the 

whole range of sea surface Bragg scattering incidence 

angles (20° - 60°). 

Further details can be found in [1], [2], where a larger SAR 

dataset including multi-platform and multi-frequency 

observations were considered for the analysis. 

3. MARINE TARGET OBSERVATION

In this piece of research, which is detailed in [3], [4], dual-

polarimetric Alos PalSAR imagery is used to detect sea 

target. Two showcases are here considered, i. e., the 

detection of the A-68 Larsen-C iceberg (Eastern Weddell 

Sea), which is about 6000 km2 large, and the observation 
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of the Goidhoo Atoll (Baa Atoll archipelago, Republic of 

Maldives). 

 

 

Fig. 1 Behavior of the standard deviation of the co-

polarized phase difference over sea surface under 

different frequencies (by rows) and incidence angles (by 

columns) [1] 

 

When dealing with the A-68 Larsen-C iceberg, two 

segmentation approaches were applied: one is based on the 

Markov Random Fields, while the other one relies on the 

Rice factor, i. e., the coherent versus incoherent 

backscattering power ratio. Results demonstrated that they 

are both able to effectively extract the edges of such large 

iceberg, see the detection mask obtained from the Rice 

factor of Fig. 2. Further details can be found in [3], where 

multi-frequency SAR observations were processed to 

detect the iceberg’s edges according to both approaches. 

 

 

Fig. 2 The A-68 Larsen-C iceberg as detected by Rice 

factor method applied on HH (a) and HV (b) 

backscattering channels [3] 

When dealing with the Goidhoo Atoll, scattering-based 

approaches were developed to extract the coastline and to 

provide a land-cover map. The coastline is extracted using 

a combination of co- and cross-polarized backscattering 

intensities that aim at enhancing the land/sea separability, 

while the land classification of the atoll is performed using 

the eigen-decomposition of the partial polarimetric 

covariance matrix, i. e., according to the Wishart-based 

partitioning of the entropy/mean scattering angle plane. 

Preliminary results showed that partial polarimetric 

information is enough to accurately extract the coastline 

and to effectively map the land-cover, see Fig. 3. Further 

details can be found in [4]. 

 

 

Fig. 3 Scattering-based classification results and 

extracted coastline (in red, superimposed on the 

intensity image) relevant to the Goidhoo Atoll [4] 

 

4. CLASSIFICATION OF COASTAL AREAS 

 

In this piece of research, which is detailed in [5]-[7], full-

polarimetric Alos PalSAR measurements are considered to 

classify coastal areas. Two showcases are here presented, 

i. e., the classification of different mangrove species in the 

Mai Po Marshes Nature Reserve (Hong Kong) and the land 

use/land cover map of the Yellow River delta area (China).  

When dealing with mangrove classification, the 

capability of different polarimetric imaging modes to 

discriminate among various mangrove species is 

investigated with respect to the Wishart statistical distance. 

A polarimetric change detector approach is proposed that 

was shown to achieve satisfactory discrimination 

performance to differentiate two out of the four mangrove 

species present in the study area, see Fig. 4. Further details 

can be found in [5], [6], where a larger multi-frequency 

SAR dataset is exploited. 

When dealing with the Yellow River delta land use/land 

cover classification, the performance of different 

scattering-based classification algorithms is investigated 

with the aim of understanding the role played by 

polarimetric information in the classification process of 

heterogeneous coastal areas. The entropy/mean scattering 

angle and the three-component Freeman-Durden model-

based decomposition classification schemes are considered. 

Experimental results pointed out the differences between 

the two classification approaches in mapping the various 

land cover/land use environments into the output class, see 

Fig. 5. In addition, complex mixtures of scattering 

mechanisms that characterize some of test site areas result 

in poorer accuracy, while some regions of the test site 
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calling for similar scattering properties result in 

classification ambiguities. Further details can be found in 

[7], where a multi-frequency SAR dataset is exploited. 

 

 

Fig. 4 Discrimination capability (pdfs) of the proposed 

change detector with respect different polarimetric 

imaging modes and mangrove species [5] 

 

 

Fig. 5 Classification outputs obtained over the Yellow 

River delta area using the Wishart-based entropy/mean 

scattering angle (a) and Freeman-Durden scattering 

model classifiers [7] 
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1. INTRODUCTION

The main purpose of our project was the interpretation of 
signatures revealed on the ALOS-2 PALSAR images of 
the sea surface and sea ice by the joint analysis of 
multisatellite, multisensor and ground truth data and 
results of modeling. The signatures were caused by 
dynamic phenomena in the ocean (fronts, currents, eddies, 
upwellings, internal waves, oil spills, forming and 
evolving sea ice) and in the atmosphere (tropical, 
extratropical and polar lows, fronts, mesoscale eddies, 
organized convective cells and rolls, gravity waves, eddy 
chains, rain cells, squall lines, etc. Ancillary data included 
Sentinel-1, -2, -3, GCOM-C, Landsat-8, Aqua and Terra 
MODIS and GPM images, surface analysis maps, coastal 
and island meteostation reports, ship data, results of 
modeling of oceanic and atmospheric phenomena.  

2. OCEANIC DYNAMIC PHENOMENA

Dynamic processes in the ocean and sea ice and oil 
spills show up clearly in variations of the Normalized 
Radar Cross Section (brightness) in SAR images taken 
from ALOS/ALOS-2, Envisat and Sentinel-1A/-1B 
satellites with spatial resolution ∆l = 10-100 m. In the 
absence of clouds, oceanic phenomena are also displayed 
on visible and infrared images from Landsat-7/-8, 
Sentinel-2, Aqua, Terra and SNPP satellites (∆l = 10-1000 
m). The oceanic signatures were studied in the Sea of 
Okhotsk, in the Japan Sea, Asian Marginal Seas and in the 
Northwest Pacific Ocean. The joint analysis of SAR, 
spectral visible and/or IR images provided reliable 
evidences for SAR signature interpretation.  When 
studying dynamic areas in the ocean, time difference 
between observations of various sensors should be small 
due to possible rapid changes in wind characteristics near 
the sea surface. Detailed consideration was performed, in 
particular, for Kuril Straits, Southern part of the Sea of 
Okhotsk, Tatar Strait and Peter the Great Bay of the Japan 
Sea, Oyashio-Kuroshio transition zone and several other 
areas [1-17]. ALOS PALSAR images are valuable source 
of information and were used in submitting reports, 
papers and presentations at international and national 
conferences and symposia [1, 3, 4, 9, 12, 16]. 

Broad variety of oceanic dynamic phenomena is 
observed in the regions of Kuril Islands, Oyashio and 
Kuroshio Currents. The signatures on C–band and L–band 

SAR images of the Kuril Strait area visualize the imprints 
of the various oceanic and atmospheric processes 
resulting from the interaction of water flow with islands 
and rough bottom topography around the islands and air 
flows with island topography as shown in Fig. 1. The 
signatures change as a function of tidal phase, wind speed 
and direction [4, 10, 14, 17].  

Fig. 1. ALOS PALSAR images with HH-polarization 
acquired at 01:20 UTC on 25 September 2017 (a), at 
01:20 UTC on 2 April 2009 (b), at 02:12 UTC on 2 
September 2016 (c) and at 04:10 UTC on 13 July 2008 
(d) showing dynamic oceanic phenomena in Kuril
Straits: packets of internal waves in Ekaterina Strait
and to the south of it (a) and in Friz Strait (c), multiple
cyclonic eddies to the northwest of and in Bussol Strait
(b) and (d) as well as the imprints of atmospheric
gravity waves (a) and wind shadows.

The joint analysis of ALOS PALSAR or/and Sentinel-
1A/1B SAR–C with high resolution infrared and visible 
images is very promising, taking into account the wealth 
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of satellite data available for the transition zone. Fig. 2 
shows the fine SST features associated with several 
eddies and streamers in the Pacific waters adjacent to 
Honshu Island. They manifest themselves on Landsat-8 
TIR image acquired at 01:08 UTC on 14 April 2017. 
ALOS-2 PALSAR image for the same area was acquired 
at 02:35 UTC on 15 April 2017 (Fig. 2(b)). The NRCS 
profiles along the blue and red arrows (Fig. 2(c–e)) allow 
to make the quantitative estimates of the radar backscatter 
variations. Together with the SST profiles, they permit to 
determine the NRCS relationship with wind speed and 
direction at the given angle of incidence. 

 
Fig. 2. Oyashio-Kuroshio Transition Zone to the east 
of Honshu Island on Landsat-8 TIR image acquired at 
01:08 UTC on 14 April (a) and on ALOS-2 PALSAR 
image with HH polarization acquired at 02:35 UTC on 
15 April 2017 (b), and the NRCS profiles along the 
blue (d) and red (e) arrows on SAR image (c). 
 

3. SEA ICE 
 

The East Sakhalin and Soya Currents, eddies, eddy streets, 
mushroom-like structures, and other surface circulation 
features are reliably revealed on the satellite SAR images 
taken during cold seasons. Radar contrasts of the sea ice 
relative to the open sea surface change over a wide range 
due to the high variability of backscattering properties of 

sea ice types and the strong dependence of the sea surface 
backscattering on wind speed and direction [20]. Sea ice 
scattering at L-band was studied by [21-23]. In particular, 
the analysis of SAR images at L-, C- and X-bands showed 
that the combination of high penetration depth, high 
spatial resolution and lower sensitivity to frost flowers 
could make it easier to separate newly formed sea ice 
from the surrounding sea ice and open water in L-band 
than for X- C-band SAR at the same parcel sensing [23].   

ALOS-2 PALSAR images taken with HH and HV 
polarizations at 13:28 UTC on 28 January 2015 show the 
sea ice near Sakhalin, in Terpeniya Bay and to the south 
from it up to Iturup and Kunashir Islands [17] (Fig. 3). 
The brightness of the radar image is determined by the 
NRCS σ0. The dark patches and bands on the images are 
the grease ice. It damps the small-scale waves responsible 
for backscattering of radar signals and thus looks dark on 
SAR images. The large areas of grease ice 1 are detected 
on the HH (Fig. 3(a) and HV (Fig. 3(b,c)) images. The 
backscatter values of the grease ice at HH-polarization 
σHH

0 were equal ≈ – (22.5–24) dB and at HV-polarization 
σHV

0 = – (28.5–30) dB. The contrasts of the grease ice 
against the open sea surface 2 are negative and increase 
with the sea state. The difference of σ0 between the grease 

 
 
Fig. 3. Sea ice in the Sea of Okhotsk on ALOS-2 
PALSAR images with HH polarization (a) and with 
HV- polarization (b) and (c) acquired at 13:18 UTC on 
28 January 2015. The white rectangles in (a) mark the 
boundaries of fragments of HV-polarization image 
shown in (b) and (c). 
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ice and the sea is roughly equal to – 10 dB for HH- and 
about – (3–4) dB for HV-polarizations. The estimates 
were obtained under crossing of the ice-water boundary 
along the white lines in Fig. 3(a,b). The North-northwest 
wind speed here was around 10 m s−1 as was derived by 
MetOp-B ASCAT scatterometer at 11:38 UTC. As 
follows from the surface analysis chart of the JMA for 
12:00 UTC, the wind (NRCS) field in the region under 
consideration changes under influence of a deep cyclone 
over the Northern Okhotsk Sea (P0 = 990 hPa) and a 
second cyclone the centre of which was located over the 
Pacific Ocean at 45º N, 157º E. This cyclone moved fast 
northward. On the JMA chart, the area with gale winds 
covered the whole Sea of Okhotsk. 
 

The roughness of the new ice (the grey band 3 near 
Sakhalin, σHH

0 = –(13–15) dB, σHV
0 = –(23–24.5) dB is 

higher than that of the grease ice but significantly lower 
than the brightness of the light tone band 4 of the drifting 
ice in the Cold East Sakhalin Current (σHH

0 = –(9–10.5) 
dB), σHV

0 = –(20–21) dB. The narrow light bands 5 are 
the typical phenomenon in the marginal ice zone (MIZ). 
Their appearance, shape and orientation are determined 
by the joint action of surface wind, periodic and 
nonperiodic currents. A mushroom-like structure 6 (Fig. 
3(a,c)) consisting of the grease ice and likely pancake ice 
reveals the complicated surface circulation. A spiral eddy 
7 (Fig. 3(a,c)) also consists of the grease ice (darker than 
the sea surface) and pancake ice (brighter than the sea 
surface) [17]. The features 3–7 are typical for Sakhalin 
shelf area. Their location, spatial structure and temporal 
variability reflect the joint impact of the oceanic and 
atmospheric phenomena on the surface circulation and sea 
ice formation. The various types of ice, including grease 
ice, are very sensitive indicator of the multiscale surface 
water circulation, as illustrate the mushroom-like eddy 6 
and anticyclonic eddy 7.  

The satellite SAR images can be used for all weather 
monitoring of processes in Sakhalin shelf important for 
solving scientific and operational tasks. The requirements 
for temporary resolution increase with the passage of 
atmospheric cyclones, accompanied by strong winds and 
precipitation. The distribution and characteristics of ice 
change as a result of the joint action of the environmental 
variables: sea surface temperature, wind speed and 
direction, surface currents, surface air temperature, and 
depend strongly on the local conditions [9-17].  

The analysis of SAR images presented in Fig. 4 and 
Fig. 5 demonstrates the importance of high temporal and 
spatial resolution. The southwest part of the Sea of 
Okhotsk is characterized as very dynamic. At weak and 
moderate winds, the mesoscale and small scale features of 
surface circulation have often the form of eddies and 
vortex pairs. They are visualized in fields of the SST, sea 
surface roughness or sea ice [10, 13, 24]. ALOS-2 images 
of the Sea of Okhotsk between Sakhalin and Hokkaido 
Islands were obtained with a time interval of 24 h 22 min 
(Fig. 4). Within one day, the radar contrasts of the ice 
eddies 1 and 2 and ice in zone 3 on the background of ice-

free surface changed from negative to positive. The 
quantitative estimates of the changes in the internal 
structure and properties of the eddy 2 can be obtained by 
comparing the sections from the west to the east through 
the centre of the eddy, shown in Fig. 5(a,d). On 30 
January, the size of eddy 2 was 60 km, the σHH

0 values of 
the grease ice strips were approximately –15dB and 
pancake ice bands — –(6-7) dB. The sea surface was 
characterized by σHH

0 = –(0–5) dB. At Abashiri 
meteorological station, the air temperature Tair = – 0.1º C 
and the southern wind speed W = 4 ms−1. In one day, the 
size of the eddy 2 increased to 70 km, Tair fell to –9.8º C, 
and the speed of the north-west wind increased to 12 m 
s−1. The NRCS values also changed: σHH

0 of the outer 
band of the grease ice was roughly –(20–21) dB and that 
of the inner bands — –(17-18) dB. The scatter of stripes 
of the pancake ice bands  was significantly larger: σHH

0 = 
–(6–7) dB. The values of σHH

0 increase to the centre of the 
eddy where they were equal to –(11–12) dB. The 
backscatter from the sea surface was lower on 
approximately 5 dB. 

 

 
 
Fig. 4. The Sea of Okhotsk between Hokkaido and 
Southern Sakhalin on ALOS-2 PALSAR images with 
HH polarization acquired at (a) 02:59 UTC on 30 
January and (b) 03:21 UTC on 31 January 2015. 
 

 
 
Fig. 5. Spiral ice vortex 2 in a Southwest part of the 
Sea of Okhotsk on ALOS-2 PALSAR images with HH 
polarization acquired on (a) 30 January and (d) 31 
January 2015 and the NRCS profiles through the 
centre of the eddy in the directions the North – South 
(b) and (e) and the West – East (c) and (f). 
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Strong wind and low air temperature accelerate the 
formation and drift of the sea ice. The combined effect of 
wind and temperature is manifested in a change in the ice 
edge location, concentration, types and structure of ice, 
and, as a result, in the NRCS values of sea ice. These 
changes are visible when comparing the overlapping 
regions of the PALSAR images obtained on 30 and 31 
January (Fig. 4). Consider fragments of PALSAR images 
with a spiral ice vortex 2 and surrounding open water, 
shown in Fig. 5. The relationship between changes in 
SAR image brightness and changes in NRCS displays the 
sections through the centre of the vortex in directions the 
north-south (Fig. 5(b, e)) and the west-east (Fig. 5(c, f)). 
The maximum NRCS gradients are observed at the 
intersection of the narrow zones dividing the open sea 
surface with strong wind and grease ice, as well as of the 
zones between pancake ice or drifting grey-white ice and 
the areas of calm sea or grease ice, which dampens the sea 
surface roughness both at weak and strong winds. Within 
the vortex, the σ0 variations are associated with crossing 
of the alternating spirals consisting of open water, and 
various types of sea having the different roughness. The 
highest σ0 values were observed for open water under 
strong winds (Fig. 4(b, c)) and for a band of thick ice (Fig. 
4(d)). Satellite SARs detect the changes of the surface 
roughness regardless of weather conditions. At the same 
time, in the visible image of Aqua MODIS (not shown), 
vortex 2 is practically no detectable due to the low albedo 
(reflectivity) of grease ice (the main component in the 
vortex zone), and the influence of translucent cloudiness. 
In the MODIS image, only bright bands of snow-covered 
ice were clearly visible.  

 
ALOS-2 PALSAR image shown in Fig. 6 illustrates 

the high variations of structure and backscatter of the sea 
ice in the middle of winter in the Southern Okhotsk Sea. 
A broad dark-grey band of solid young ice is adjacent to 
the Sakhalin coast. It is framed by a strip of ice having a 
light tone. Even further east, narrow long light stripes are 
visible against a disturbed sea surface. The brightness of 
the sea is slightly less than that of ice, which allows it to 
be detected. The mushroom structure 1 stands out well on 
the surrounding background. The cap of the mushroom 
consists of alternating light and dark stripes. The most 
contrasting features of the image are the large dark 
patches of the grease ice 2–4. They are visible in the 
fields of radar backscattering on both HH and HV 
polarizations. The average NRCS values of the grease ice 
computed for the large dark area within patch 3 is equal to 
–30.3 dB with standard deviation 1.1 dB for HH-
polarization and –36.8 dB with standard deviation 1.0 dB 
for HV-polarization. For the surrounding open water σHH

0 
= –26.5 dB and σHV

0 = –35.3 dB with standard deviation 
approximately 1.1 dB for both polarizations. The shape 
and structure of spots 3 and 4 indicate that the formation 
of ice occurs in the region of pronounced mesoscale 
circulation typical of the southwestern part of the Sea of 
Okhotsk. 

 
 
Fig. 6. ALOS-2 PALSAR image acquired at 02:40 UTC 
on 12 January 2017 showing the various types and 
structures of the sea ice in the Southern Okhotsk Sea 
 

5. OIL SPILLS 
 
On January 6, 2018, the largest oil tanker disaster in 
decades occurred: the Iranian tanker Sanchi, carrying 
111,000 tons of natural gas condensate and 1,940 tons of 
oil fuel, collided in the East China Sea at 30° 42′ 42′ N, 
124° 56′ 42′ E with a Hong Kong-flagged cargo ship. 
After the explosion, the Sanchi caught fire and the leaking 
condensate ignited on the sea surface. The burning tanker 
drifted into the Japanese exclusive economic zone due to 
the wind. Eight days later, after the second explosion, the 
tanker sank at 28° 22′ N, 125° 55′ E in a depth of 115 m. 
The fire continued until the morning of January 15. Most 
of the condensate that leaked during the drift probably 
dissolved, evaporated, and burned.  

The oil-covered areas of the sea were determined from 
SAR images obtained from ALOS-2 at λ = 23 cm, 
Sentinel-1B at λ = 5.6 cm and Cosmo-SkyMed at λ = 3 
cm, as well as by the Multi Spectral Instrument (MSI) 
camera from Sentinel-2 [18]. The films appear darker than 
the background in the SAR images. The films dampen the 
fine-scale wave, and the values of specific effective 
scattering area (SESA) σº of the polluted surface are 
smaller than those of the excited clean surface. In the MSI 
images, oil slicks on the background of the clean sea 
surface stood out by their light tone, including on the 
edges and in the cloud gaps. The MSI images were 
acquired on January 13, 18, and 20.  

The rapid variability of sea pollution is reflected in Fig. 
7a [25], which shows in different colors the positions of 
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condensate patches from COSMO-SkyMed and ALOS-2 
SAR images for January 15-19, 2018. The tone of the film 
in the PALSAR-2 image varies from nearly black (narrow 
band at the bottom of Fig. 7b) to light gray at the edges of 
the film, possibly due to variations in thickness and 
oil/water ratio in the image pixels. Brightness variations 
are also associated with inhomogeneities in the wind field 
(top right in Fig. 7b) and dynamic phenomena in the sea. 
The film contours in the SAR images for January 17 
(green) and 18 (orange) (Fig. 7a) agree well with the 2 h 
time difference. They are also close to the COSMO-
SkyMed image taken 1.5 h after PALSAR-2 [26].  
 

 
 
Fig. 7. Contours of oil films in SAR images taken by 
COSMO-SkyMed at 06:19 UTC 15 January (dark 
gray), at 04:51 UTC 16 January (blue), at 17:42 UTC 
17 January (green), at 05:32 UTC, 19 January 
(purple) and PALSAR-2 at 03:33 UTC 18 January 
(orange) (a), and PALSAR-2 image in HH polarization 
at 03:33 UTC 18 January (b). The orange lines in (a) 
mark the boundaries of the PALSAR-2 image, and the 
dashed rectangle in (b) marks the boundaries of the 
fragment in Fig. 8. Red asterisk marks the place where 
the tanker sank. Fig. 7a is an adapted and updated Fig. 
1 from [25]. 
 

On January 18 radar (PALSAR-2) and optical (MSI) 
images of the oil spill were acquired at the interval of 1 
hour 13 minutes. The MSI camera installed on Sentinel-
2A satellite captures a 290 km wide swath in 13 spectral 
bands within the range of 443-2190 nm with resolution 
from 10 to 60 m. The swath width of the PALSAR-2 SAR 
on the ALOS-2 satellite is 50 km with the pixel size of 2.5 
× 2.5 m. The data were processed in Sentinel Application 
Platform (SNAP). The PALSAR-2 data processing 
included averaging of the original image to 10 × 10 m. A 
25 × 25 m Lee filter was used to reduce speckle noise. 

The 10×10 km fragments of PALSAR-2 and MSI 
images (Fig. 8) show a sharp change in the condensate 
drift direction between sites A and B [18]. At section A, 
the width of the film is ≈0.5-0.6 km, and at sections B and 
C — ≈0.8-1.0 km. In area D, the band is blurred, 
apparently due to variations in wind direction and speed.  

In the MSI image, the brightness of the condensate 
film is noticeably higher than that of the clear sea surface 
(Fig. 8b). Despite interference in the form of bright 
(clouds) and dark (cloud shadows) spots, the film is 
reliably identified in areas A-G. In area D, narrow bands 
of condensate alternate with bands of water, which can be 
better seen in Fig. 8b, as well as in areas of the sea after 
the oil comes to the surface, shown with better resolution 
in Fig. 8c, d.  

The NRCS and reflection coefficient R profiles along 
sections 1, 2, and 3 (red arrows) are shown in Fig. 3d, f. 
The difference in the NRCS values of the sea surface and 
the oil film was ≈2-2.5 dB even in the vicinity of the place 
where the oil comes to the surface (profile 3 in Fig. 8g). 
Here, judging by the brownish color of the film (Fig. 8c), 
bunker oil and/or emulsion of oil with water was present. 
The contrast of the dark gray films (with a small 
percentage of pure water) is ≈1.0-1.5 dB, and for the films 
with a light gray tone on the SAR image (band E in Fig. 
8), the contrast is < 1 dB (profiles 1 and 2 in Fig. 8d,e). 
 

 
 
Fig. 8. Oil films in the area of tanker Sanchi flooding 
on the images, acquired on January 18 at 03:33 UTC 
by PALSAR-2 from ALOS-2 satellite (а) and (c) and 
at 02:20 UTC by MSI (channels 4, 3, 2) from Sentinel-
2 satellite (b) and (d); NRCS profiles σº (e), (f), (i) and 
reflectance R (h) along sections 1-3 in (a)-(d). Red 
asterisk on (a)-(d) marks the place of tanker flooding. 
The dotted rectangles in (a), (b) mark the boundaries 
of fragments (c) and (d), respectively. 
 

In addition to the films, internal and wind waves, eddy 
formations, and current fronts were recorded on the SAR 
images, which definitely influenced the drift and 
transformation of the condensate patches. Organized 
brightness variations caused by cell convection in the 
marine atmospheric boundary layer were observed in 
almost the entire area of the SAR images for January 20. 
Typical cell size is ~1.5-2.0 km. The cells serve as an 
indicator of ocean-atmosphere interaction. It follows from 
the analysis of the totality of data that to assess the current 
state and forecast the evolution of the oil spill and to 
reduce pollution damage, satellite optical and radar 
images with high resolution, which visualize the position 
of spills, eddies, currents and other dynamic formations in 

1038



the ocean, as well as wind fields recovered from satellite 
data, covering a large area, but with a resolution 
significantly inferior to that of radar and instruments in 
the visible range, are of the greatest value. 
 

6. ATMOSPHERIC PHENOMENA 
 
Data from satellite active (scatterometers, radars) and 
passive (radiometers) microwave sensing are the main 
source of quantitative 2D– and in recent years 3D–
information about the characteristics of the underlying 
surface and various layers of the atmosphere. This 
information is particularly important for studying fast 
moving intensive processes, which undoubtedly include 
tropical cyclones, especially those whose trajectory passes 
near or crosses the land.  

The tropical cyclone Hagibis reached the tropical 
storm stage late October 5 as it shifted westward (Fig. 9). 
Shortly thereafter, Hagibis rapidly intensified and reached 
its maximum development stage on October 7, which 
lasted about three days. Hagibis then began to weaken. On 
October 12, the typhoon already in category 2 entered Izu 
Peninsula, and the next day transformed into an 
extratropical cyclone. Stormy winds and high waves 
combined with very heavy precipitation resulted in 
landslides, destroyed buildings and caused extensive 
damage throughout Japan, especially in the Kantu region. 
According to Japanese sources at least 98 people were 
killed and 7 were missing. The economic damage 
exceeded 15 billion dollars. The central zone of the 
typhoon on October 8 and twice on October 11 was 
within the SAR swath of ALOS-2 and Sentinel-1A 
satellites. 
 

 
 

Fig. 9. Typhoon Hagibis track 
 
The spatial resolution of SAR is 30-100 m in the wide 

swath mode, which allows recording fine details of the 
image brightness distribution caused by variations in wind 
speed and direction (roughness) and precipitation 

intensity, affecting the roughness spectrum. In the X- and 
C-bands, brightness variations can also be affected by 
attenuation of PCA signals as they twice pass through the 
precipitation layer and scattering on hail (watered hail) in 
convective rain cells.  

Of particular interest are the eye and the region around 
the eye of the typhoon, encompassing the wall of the eye 
and the spiral bands nearest to it, where brightness 
variations are associated with abrupt changes in wind 
speed, and intense rain cells. Fig. 10 shows an image of 
the central region of Hagibis acquired by the ASAR SAR 
from the Sentinel-1A satellite on October 8, 2019. The 
cross section (b) drawn through the eye of the typhoon (c) 
shows a number of characteristic features: low scattering 
(weak wind) in the eye of the storm, reduction of 
scattering (wind speed) with distance from the center, 
narrow peaks of strong scattering from the ring of storm 
winds covering the eye, reduction of scattering when 
crossing the rain band. The brightness of the rain cells can 
be both below and above the background, which depends 
on the combination of wind speed and direction and rain 
intensity (d) and (e). 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 10. The Sentinel-1A ASAR image with VV 
polarization, obtained at 20:31 UTC October 8, 2019: 
a - ASAR image, b - cross-section through the eye of 
the storm in grayscale, c - eye of the storm, d and e - 
precipitation zones 
 

On October 11 the image of Hagibis was received by 
the ALOS-2 PALSAR. PALSAR operates in the L-band 
and therefore the signal attenuation even in heavy 
precipitation is small. The variations of NRCS (σº) 
(brightness) are entirely due to the properties of the 
scattering surface - its roughness. The geophysical model 

    а        b       c 
 

d   e 
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function, describing the dependence of σº on wind speed 
W, incident angle θ and on the angle between radar signal 
propagation plane and wind vector φ is poorly studied, 
and data on W > 15 m/s are extremely rare. Nevertheless, 
the brightness distribution in the PALSAR image (Fig. 
11) gives an idea of the roughness field caused to a large 
extent by the sea surface wind. The brightness profile in 
grayscale, drawn through the eye of the storm (Fig. 11b), 
has both general features and differences from the profile 
in the C–band (Fig. 10b).  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 11. The image of Typhoon Hagibis obtained by 
ALOS-2 PALSAR with VV polarization at 14:42 UTC 
October 11, 2019: a - image band through the eye, b - 
cross section through the eye in grayscale, c - the 
central region of the typhoon 
 

Both in C– and L–bands the scattering (brightness) is 
minimal in the typhoon eye. The eye is surrounded by a 
bright ring, a ring of storm winds. The width of the ring in 
Fig. 11 is noticeably wider than in Fig. 10, which is 
probably due to the decrease of the typhoon intensity. On 
8 October, the pressure at the center P0 = 915 hPa, Wmax = 
53-55 m/s. When measured on 11 October, P0 = 940 hPa, 
Wmax ≈ 40 m/s. With distance from the center, the σº value 
decreases. At crossing of spiral rain bands it decreases 
even more. Noticeable differences are noted in the 
typhoon eye. In the decimeter range, the roughness in 
center of the eye is noticeably higher than in the outer 
region adjacent to the ring of storm winds. It can be 
assumed that in the center there is a crowd of waves 
coming from different directions. Waves with lengths L > 
40 cm attenuate more slowly than waves with L < 10 cm, 
which are responsible for C–band scattering, which leads 
to the difference in the profiles in Figs. 10b and 11b.   
 

7. Conclusion 
 

Applications of L-band data for sensing of the land 
surface, ocean, sea and continental ice are numerous and 
have not been fully studied. The expediency of continuing 
satellite experiments is obvious if we consider not only 
scientific directions, but also the possibility of operational 
practical use of all-weather measurements of surface 
characteristics. Only some of the possible applications are 

mentioned in the project report. Additional information is 
given in the list of references. 

 
The project participants thank JAXA the possibility of 
using the images from the ALOS ALOS-2 satellites in the 
research work.  
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1. INTRODUCTION

The ecosystems of coastal waters (henceforth 
abbreviated as coastal zone) are highly productive and 
provide a place for the reproduction of many fishery 
resources. Coastal ecosystems such as seagrass beds, tidal 
flats, coral reefs and mangrove forests are very important 
for biodiversity as an ecotone between the sea and land. On 
the other hand, coastal terrestrial areas are heavily 
populated and subject to human pressure to alter the 
environment through land reclamation and marine 
pollution. It is also complex, with many stakeholders 
involved in fisheries, aquaculture, ports, shipping and 
recreation. As there is an urgent need to build a sustainable 
society for future generations, we need to accurately assess 
the current state of coastal areas and manage them in a 
rational manner. Japan, as the host country of the 
Conference of the Parties to the Convention on Biological 
Diversity (CBD) held in Nagoya in 2010, is making 
national efforts to conserve coastal ecosystems such as 
seagrass beds and tidal flats, whose importance in terms of 
biodiversity has been recognized.  

In Southeast Asia, coastal ecosystems are being 
degraded by eutrophication caused by land reclamation and 
pollution from cities and factories, similar to what occurred 
in Japan during the period of rapid economic growth in the 
1960s. In developing countries, rising national incomes 
have increased the demand for fish protein and eventually 
fishing pressure. Furthermore, in the context of economic 
globalization, since the 1970s shrimp farms have been built 
by cutting down mangrove forests in order to export shrimp. 
The Earth Summit in Rio Janeiro, Brazil in 1992 and the 
UN Conference on Sustainable Development in June 2012, 
the 20th anniversary of the Earth Summit, have raised 
awareness in South East Asian countries of the importance 
of sustainable use of coastal areas. 

The 17 Sustainable Development Goals (SDGs), the 
goals set out by the 193 member states of the United 
Nations to be achieved in the 15 years between 2016 and 

2030, were adopted at the UN Summit in September 2015. 
Among these, SDG 14 “Life below water” aims to “Goal 
14. Conserve and sustainably use the oceans, seas and
marine resources for sustainable development”. Target
14.2 is “By 2020, sustainably manage, and protect marine
and coastal ecosystems to avoid significant adverse
impacts, including by strengthening their resilience and
take action for their sustainable development. By 2020,
sustainably manage, and protect marine and coastal
ecosystems to avoid significant adverse impacts, including
by strengthening their resilience and take action for their
restoration, to achieve healthy and productive oceans"

The mapping of coastal ecosystems by satellite imagery 
has only recently begun with the improvement of the 
spatial resolution of the visible bands reaching into the sea. 
In particular, ALOS is now available at 10m resolution, 
compared to 15m for LANDSAT ETM and ASTER VNIR, 
allowing a wide range of levels of coverage without the 
need for expensive commercial satellite imagery such as 
IKONOS, Geoeye and Quickbird. However, not only in the 
tropics of South-East Asia, but also along the coast of Japan, 
it is very difficult to obtain sufficient images for mapping 
coastal ecosystems due to seasonal cloud cover, and 
ground-truth surveys synchronized with satellite imagery 
often end in failure. On the other hand, aircraft-borne 
synthetic aperture radar using microwaves is less affected 
by cloud cover, allowing full polarimetric observations at 
high spatial resolution. This makes it possible to extract 
more detailed distribution structures, which were 
previously impossible to detect. Therefore, it will be 
possible to understand the installation of aquaculture rafts, 
buoys, aquaculture ponds, fixed nets and small fishing 
boats spread over the sea surface. In particular, by 
monitoring the recovery process of the Sanriku coastline 
destroyed by the tsunami of the Great East Japan 
Earthquake of 11 March 2011 using Pi-SAR-L2 imagery, 
we aim to support the relevant local governments and 
fishery cooperatives by providing them with data that will 
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contribute to integrated coastal zone management for the 
sustainable recovery of the Sanriku coastline. This is one 
of the objectives of this study. 

In this study, we investigate the feasibility of mapping 
coastal ecosystems such as tidal flats and mangrove forests 
using high spatial resolution L-band microwaves. 
Furthermore, we aim to investigate the possibility of 
mapping aquaculture facilities in the coastal zone. 

2. RESEARCH ACHIEVEMENT AND RESULTS

Detection of aquaculture facilities in Sanriku Coast hit 
by huge tsunami on 11 March 2021 

We developed a mapping method for raft and longline 
aquaculture facilities deployed in Hirota Bay based on 
PALSAR-2 full polarization observations with a spatial 
scale of 6 m and HH single polarization observation of a 
spatial scale of 3 m. When applying the four-component 
decomposition method (Fig. 2), surface scattering and 
volume scattering were effective for detecting raft 
aquaculture facilities, and volume scattering and helix 
scattering were effective for longline aquaculture facilities. 

Fig. 1 Longline (left) and raft (right) aquaculture 
facilities deployed in Hirota Bay, Japan 

 
 

Fig. 2 Surface, double-bounce, volumetric and helix 
scattering values obtained from the four-component 
decomposition of full polarization for the area where 

longline (a) and raft (b) aquaculture facilities are 
located in Hirota Bay on 31 August 2017 

HH single polarization observation on 28 May 2015 
showed that most of the raft and longline aquaculture 
facilities were separately detected on a single unit basis, 
while some of the longline aquaculture facilities were 
detected only as an area. In the latter facility area, the buoys 
attached to a longline are considered to have sunk below 
the surface of the sea because the growing, heavy masses 
of cultured oysters are suspended by ropes. The HH single 
polarization observation with a spatial resolution of 3 m is 
able to detect raft and longline aquaculture facilities. The 
meteorological conditions at the time of the observation, 
23:20 hrs on 28 May 2015, were as follows: precipitation 
0.0 mm, wind from the south with a maximum wind speed 
of 1.5 m/s and a significant wave height of 1.62 m. Thus, 
for the detection of aquaculture facilities by HH 
polarization, relatively calm sea surface conditions are a 
necessary condition. 

Fig. 3 HH images of raft (a) and longline (b) 
aquaculture facilities in Hirota Bay on 28 May 2015 

with a spatial resolution of 3 m 

Fig. 4 Images of the aerial photography (a), Pi-SAR-
L2 (b) and PALSAR2 (c) on the areas occupied with 

longline oyster culture facilities in the inner area of the 
Shizugawa Bay. In (a), red, green and blue are 
allocated to surface, volume and double bounce 

scatterings of four component decomposition of Pi-
SAR-L2 full polarizations, respectively. In (c), a grey 
scale is allocated to HH polarization. Areas where the 
facilities were deployed are encircled with white lines 
producing rectangles. Those of (a), (b) and (c) were 

taken on 15 January 2014, 12 June 2014 and 6 August 
2015, respectively 

We investigated the feasibility of mapping longline 
oyster farms in Shizugawa Bay, Miyagi Prefecture, using 
SAR (Fig. 4). HH polarization image of PALSAR2 could 
detect longline oyster culture facilities as the same as an 
aerial photography (Fig. 4). There were some areas that 

(a) 

(b)

1043



were difficult to detect due to wave height and ripples of 
the sea surface.  

There is concern that longline oyster culture facilities 
may affect the exchange of seawater between the outer and 
inner areas of the bay. To estimate the impact of longline 
aquaculture facilities on the marine environment, the total 
area where longline oyster culture facilities are deployed in 
the inner area of the bay was determined. The results 
showed that the total area of oyster culture facilities in the 
inner area of Shizugawa Bay was less than 10% of the total 
area of the inner area required for the certification of 
sustainable bivalve aquacultures given by the Aquaculture 
Stewardship Council (ASC). 

The size of the raft oyster culture facility deployed off 
Kitakyushu City, Fukuoka Prefecture, is 10m x 20m, which 
is larger than that in Hirota Bay, Miyagi Prefecture. 
Therefore, we analyzed the data by assigning RGB values 
to the double-bounce, volumetric scattering, and surface 
scattering obtained from the Yamaguchi’s four-component 
decomposition using the PALSAR-L2 full polarimetric 
observation data. As a result, it was found that the raft 
oyster culture facilities could be accurately mapped. 

Detection of fishing gear in Lampung Bay, Indonesia 
   Lampung Bay is located in southmost Sumatra Island, 
Indonesia (Fig. 5). Our field survey was conducted in 
October 2015. One of the most important fishing gear is a 
light fishing gear, bagan, deployed on the sea surface of 
Lampung Bay (Fig. 6). However, we could not detect 
bagans with use of Google Earth because the area where 
bagans were deployed was not supported. 

Fig. 5 Maps showing the location of Lampung Bay 
indicated with broken line in left upper panel and the 

enlarged bay in right lower panel (Source: Google 
Earth) 

Since Sumatra Island is located in a tropical zone, it is 
difficult to obtain multi band data without clouds. Then, we 
used PALSAR2 data with high spatial resolution to map 
bagans in the bay. Then, we used PALSAR2 SAR images 
to detect bagans in Lampung Bay. In HV polarization 
image, the bagans are represented as white dots because 
HV scattering of a bagan is stronger than the sea surface 
(Fig. 7). Our field survey verified that the white dots on the 
image corresponded to the bagans (Fig. 8). 

Fig. 6 Picture showing a bagan deployed in Lampung 
Bay 

Fig. 7 PALSAR2 HV polarization image taken on 13 
July 2015. White dots correspond to bagans. An area 

encircled with a yellow line indicates the picture taken 
during the field survey. 

Fig. 8 Picture on bagans deployed on the sea in the 
area indicated in Fig. 7. 

It is also examined whether we could detect shrimp 
ponds with SAR images in Lampung Bay.  In an image of 
Google Earth, shrimp ponds are shown as rectangle areas 
(Fig. 9). According to Fig. 10, we can detect shrimp ponds 
with the HV polarization image as red areas where HV 
scattering is low due to flat surface. 

Fig. 9 Google Earth image 
on shrimp ponds in 
Lampung Bay 
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Fig. 10 Sar polarization images of HH (left panel) and 
HV (right panel) on the area indicated in Fig. 9 

Detection of a tidal flat along the coast of Kitakyushu 
City 

There is a large tidal flat along the coast of Kitakyushu 
City. Tidal flats are defined as the intertidal zone between 
the mean high and mean low tide levels formed by sand 
and mud along the coast, which is maintained. Because of 
the upward and downward fluctuations of sea level due to 
the tides, the terrain repeatedly becomes land and sea level 
depending on the time. It is a flat landform with less wave 
action, a gentler slope, smaller grain size and more diverse 
biota than sandy beaches. The tidal flats are used as a 
resting and feeding place for many species of migratory 
birds to play an important role in biodiversity.  

The tidal flats that are dried out from the sea surface 
appear as ochre colour as shown in the figure of Reference 
4, and the same colour is represented by PALSAR-2data 
on 20 September 2018 and 19 September 2019. 

Fig. 11 Aerial photograph of tidal flat along the coast 
of Kitakyushu City 

Fig. 12 Images of a tidal flat (orange area) allocated 
double bounce, volume and surface scatterings based 
on Yamaguchi’s four-component decomposition to red, 
green and blue, respectively, for full polarization 
observed on 20 September 2018 and 19 September 2019 

Orange area corresponded to the tidal flat area. Therefore, 
it is possible to detect tidal flats by using Yamaguchi’s 
four-component decomposition.  
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1 

• 研究目的

沿岸部の海域（以降沿岸域と略す）の生態系は生産力が高く、多くの水産資源の再生産の場所

となっている。沿岸域に広がる、藻場、干潟、サンゴ礁、マングローブ林などの生態系は、海と陸

の間のエコトーンとして、生物多様性の上で非常に重要である。一方で、沿岸部の陸域には人口

が集中しており、埋めたてや海洋汚染など人間による環境改変の圧力を受けている。また、漁業、

養殖、港湾、船舶、リクレーションなどに関係する利害関係者も多く複雑である。次世代のため

に持続的な社会を築くことが急務となっている現在、沿岸域の現状を正確に把握し、合理的に管

理にしていく必要がある。日本では、2010 年に名古屋で開催された生物多様性条約締結国会議の

ホスト国として、生物多様性の上で重要性が認識されている沿岸域生態系の藻場や干潟などの保

全を国家として取り組んでいる。また、東南アジアでは、我が国の 1960 年代の高度経済成長期に

生じた、沿岸域の埋め立てや歳や向上からの汚染による富栄養化により沿岸生態系が劣化してい

る。さらに、経済のグローバル化の中で、輸出のためにマングローブ林を切り倒してエビ養殖が

1970 年代から始まっている。国民所得の向上で、魚類のタンパク質の需要も増加し、漁獲圧力も

高まっている。しかし、これら東南アジアの国々においても、1992 年にブラジルのリオでジャネ

イロでの地球サミットおよびその 20 周年にあたる 2012 年 6 月の「国連持続可能な開発会議」が

開催され、持続的な沿岸域の利用が重要であるという認識が高まっている。2015 年 9 月の国連サ

ミットで国連加盟 193 か国が 2016 年から 2030 年の 15 年間で達成するために掲げた目標である

持続的開発目標(Sustainable Development Goals: SDGs)が採択された。この中で、SDG14「海の

豊かさを守ろう」では、「2020 年までに、海と沿岸の生態系に重大な悪い影響がでないように、

回復力を高めることなどによって、持続的な管理や保護をおこなう。健全で生産的な海を実現で

きるように、海と沿岸の生態系を回復させるための取り組みをおこなう。」ことがターゲット 14．

2 となっている。

 衛星画像による沿岸生態系のマッピングは、海中に届く可視域バンドの空間分解能の向上に伴

って、近年、ようやく始まったところである。特に、LANDSAT ETM や ASTER VNIRで 15m

であったものが、ALOS で 10mとなり、IKONOS、Geoeye、Quickbird といった高価な商業衛星

の画像を用いずに広範囲なレベルでの利用が可能となってきた。しかし、東南アジアの熱帯域だ

けにとどまらず、日本の沿岸においても、季節によっては雲などの影響で、沿岸域生態系のマッ

ピングに十分な画像を得ることは、大変困難で、衛星画像の撮影に同期したグランドトゥルース

調査も空振りに終わることが多々あった。一方、マイクロ波を用いる航空機搭載の合成開口レー

ダでは、雲の影響を受けることは少なく、高空間解像度での FULL の偏波観測が可能になる。こ

のことで、今まで検出が不可能であった、より詳細な分布構造を抽出することが可能となってき

た。そのため、海面に広がる養殖筏やブイ、養殖池、定置網、小型の漁船などの設置状況も把握

できるようになると考えられる。特に、2011 年 3 月 11 日の東日本大震災の大津波で破壊された

三陸沿岸の復興過程について Pi-SAR-L2画像を用いてモニタリングすることで、持続的な三陸沿
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岸の復興のための統合的な沿岸域管理に資するデータの提供を、各関係自治体や漁業協同組合に

行うことを通じて支援することも本研究の目的の一つである。 

 本研究においては、沿岸生態系の藻場、干潟、マングローブ林を対象に、高空間分解の L バン

ドのマイクロ波を用いて沿岸生態系のマッピングが可能であるか検討する。さらに、沿岸域に広

がる養殖筏やブイ、養殖池、定置網、小型の漁船などのマッピングが可能であるか検討すること

を目的に研究を行う。 

• 研究分野における意義・重要性

世界銀行の出版した「世界開発報告 2003：変化し続ける世界における持続可能な開発」という

レポートにおいて、『2025 年までに世界の人口の 4分の 3 が海から 100km以内の地域に住み，沿

岸地域の生態系にはかりしれない圧迫をかけるようになるかもしれない．』と述べられている。持

続的開発のための沿岸域資源の利用が水産学の課題として注目されている。また、海洋生態学に

おいても、生物多様性の保全研究、いわゆる保全生態学、あるいは遺伝的多様性などを含むより

広義の保全生物学が愁眉の課題としてあげられている。高い多様性をもつ沿岸域生態系である干

潟、藻場、流れ藻、マングローブといった生息場のマッピングは、生物多様性を構成する生息場

多様性の上で重要であるという認識が形成されつつある。2010 年に名古屋で開催された COP10

では、海洋における EEZ の 10%を海洋保護区（Marine Protected Area）として保全することが、

愛知目標の一つとして合意されており、水産学および生態学の研究者は、環境省の環境研究費を

用いて、生息場のマッピング、ハビタットの種多様性についての研究を 2011 年から開始してい

る。

 さらに、沿岸域に設置されている漁具や養殖筏の配置が、詳細に明らかにできれば、持続的な

沿岸域の利用のための基礎的な情報が整備される。それだけではなく、給餌型の養殖筏の場合に

は、餌の食べ残しや糞からの有機物が富栄養化や海底におけるそれらの分解を通じて底質の酸素

の減少など環境を悪化させる。藻場や干潟の分布が漁具や養殖筏で制限されているかなどという

関係、汚染負荷量など海洋環境との関係など海洋環境を考える上で不可欠な情報が得られる。 

 また、リオサミットで合意された沿岸域の統合的管理を現場でどのように実行するかという研

究も、水産学、水産社会学、生態系工学で始まっている。このような分野においては、利害関係

者の特定とそれらの海域における活動、沿岸域で保全しなければならない貴重な生態系の把握が

不可欠であると言われている。しかし、今までのところ、面的な区画を記入した地図で示される

行政的な海面の利用図（定置網、養殖筏などを設置可能な範囲を示す区画漁業権の分布図）や各

県の担当者へのアンケートなどで得られた藻場や干潟の分布図（環境省関連の生物多様性センタ

ーで公開されている自然環境保全基礎調査）しかない。これらの図では、統合的な管理のための

実態把握に使えるほどの情報は得られない。 

雲による影響を受けず、Pi-SAR-L2の高空間分解能の SARデータをもとに正確な干潟、濃密な
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藻場、流れ藻の分布という自然的な情報と、漁具や養殖筏などの人間活動の情報とを取得できる

新しい手法が確立され、水産学、水産社会学、生態系工学、沿岸生態学など広い分野でのブレー

クスルーが可能となる。そして、その成果は、日本だけでなく、東南アジアへと広げることが可

能となり、持続的な社会の構築へ向けて SDG14 のターゲット 14．2 に貢献することができる。

• 今年度の研究成果の概要

PALSAR-2 の全偏波観測と HH 単偏波観測から岩手県広田湾（図 1）に設置されている筏式養

殖施設および延縄式養殖施設を対象として，マッピング手法の開発を行った。 

図 1 広田湾の場所を示した地図 

2016 年 10 月 13 日，2017 年 8 月 31 日に PALSAR-2 によりアセンディング方向，オフ

ナディア角 30.4°で取得された地上分解能約 6 m の全偏波観測データおよびを 2015 年 5 月

28 日に PALSAR-2 によりアセンディング方向，オフナディア角 29.2°で取得された地上分解

能約 3 mの HH 単偏波観測データを用いた。全偏波観測データは 4 成分分解により表面散乱，体

積散乱，二回反射，ヘリックス散乱の散乱に分解し，画像を作成した。Cloud et al. (1996)に従い、

固有値・固有ベクトル分解によりアルファ角，エントロピー，アニソトロピーに分解し，画像を

作成した。これらに加えて HH，HV，VV 偏波についても考慮して，Cmean を応用して，筏式養

殖施設および延縄式養殖施設それぞれのマッピングに最適な方法を調べた。Cmean は次のとおり

定義されている(Sugimoto et al., 2013)。

図 2 広田湾における延縄式<Alongline>、
筏式<Arack>および養殖施設のない海域
1<Abackground1>および海域2<Abackground2>
を示した地図 
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𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 = �〈𝐴𝐴𝑐𝑐𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢〉−〈𝐴𝐴𝑏𝑏𝑢𝑢𝑐𝑐𝑏𝑏𝑏𝑏𝑏𝑏𝑢𝑢𝑢𝑢𝑢𝑢𝑏𝑏〉
〈𝐴𝐴𝑐𝑐𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢〉+〈𝐴𝐴𝑏𝑏𝑢𝑢𝑐𝑐𝑏𝑏𝑏𝑏𝑏𝑏𝑢𝑢𝑢𝑢𝑢𝑢𝑏𝑏〉

�,                     (1) 

 

ここで Acultivationと Abackgroundは、それぞれ、養殖施設のある海域および養殖施設のない海域の偏波

である。𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚  は，静穏なすべて海面の状態が均一である閉鎖性海域においては有効であると思

われるが，本対象地域のような開放的なリアス式海岸においては適用が難しいと考えた。そこで，

式(1)をもとにとして，海面の状態が異なる 2 つの海域である Abackground1 と Abackground2の偏波を考

慮する𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚2を以下の式(2)で定義した。 

 

𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚2 = �
〈𝐴𝐴𝑐𝑐𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑚𝑚𝑢𝑢𝑢𝑢𝑢𝑢𝑚𝑚〉 − 〈𝐴𝐴𝑏𝑏𝑚𝑚𝑐𝑐𝑏𝑏𝑏𝑏𝑏𝑏𝑢𝑢𝑢𝑢𝑚𝑚𝑏𝑏1〉
〈𝐴𝐴𝑐𝑐𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑚𝑚𝑢𝑢𝑢𝑢𝑢𝑢𝑚𝑚〉+ 〈𝐴𝐴𝑏𝑏𝑚𝑚𝑐𝑐𝑏𝑏𝑏𝑏𝑏𝑏𝑢𝑢𝑢𝑢𝑚𝑚𝑏𝑏1〉

� 

               + �
〈𝐴𝐴𝑐𝑐𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑚𝑚𝑢𝑢𝑢𝑢𝑢𝑢𝑚𝑚〉 − 〈𝐴𝐴𝑏𝑏𝑚𝑚𝑐𝑐𝑏𝑏𝑏𝑏𝑏𝑏𝑢𝑢𝑢𝑢𝑚𝑚𝑏𝑏2〉
〈𝐴𝐴𝑐𝑐𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑚𝑚𝑢𝑢𝑢𝑢𝑢𝑢𝑚𝑚〉+ 〈𝐴𝐴𝑏𝑏𝑚𝑚𝑐𝑐𝑏𝑏𝑏𝑏𝑏𝑏𝑢𝑢𝑢𝑢𝑚𝑚𝑏𝑏2〉

� 

               −�
〈𝐴𝐴𝑏𝑏𝑚𝑚𝑐𝑐𝑏𝑏𝑏𝑏𝑏𝑏𝑢𝑢𝑢𝑢𝑚𝑚𝑏𝑏1〉 − 〈𝐴𝐴𝑏𝑏𝑚𝑚𝑐𝑐𝑏𝑏𝑏𝑏𝑏𝑏𝑢𝑢𝑢𝑢𝑚𝑚𝑏𝑏2〉
〈𝐴𝐴𝑏𝑏𝑚𝑚𝑐𝑐𝑏𝑏𝑏𝑏𝑏𝑏𝑢𝑢𝑢𝑢𝑚𝑚𝑏𝑏1〉 + 〈𝐴𝐴𝑏𝑏𝑚𝑚𝑐𝑐𝑏𝑏𝑏𝑏𝑏𝑏𝑢𝑢𝑢𝑢𝑚𝑚𝑏𝑏2〉

� 

 

  

この式（2）を用い、図 2に示した、延縄式と筏式養殖施設が設置されている海域および養殖施設

が設置されていない海域 1と海域 2、それぞれから 700 × 700 m のエリアを𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚2を計算するた

め抜き出した。 

 

 

 

 

 

 

 

 

 

 

 

図 3 広田湾に設置されている延縄式（左）および筏式（右）の養殖施設 

 

 

,                (2) 
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表 1. 延縄式(左)および筏式（右）養殖施設の偏波、固有値・固有ベクトル分解、

4 成分分解の結果を示した表 

筏式養殖施設が設置されている海面の Cmean2，延縄式養殖施設が設置されている海域の Cmean2

の結果について表 1 に示す。2016 年 10 月 13 日と 2017 年 8 月 31 日のデータともに高い

値を示したのは筏式養殖施設では表面散乱，体積散乱で，延縄式養殖施設では体積散乱とヘリッ

クス散乱であった。これらはいずれも 4 成分分解であった。そこで，4 成分散乱のそれぞれの成

分のグレースケールで示した画像を筏式養殖施設，延縄式養殖施設について図 4 に示す。 筏式

養殖施設は体積散乱で一台毎に検出することが可能であった。延縄式養殖施設は一台毎では検出

されなかったが、体積散乱やヘリックス散乱では帯状に分布域が示された。これは，PALSAR-2

全偏波観測の地上の空間分解能が約 6 m であり，延縄式養殖施設の大きさが約 1 × 120 m と小

さいために，検出できないためであると考えられる。しかしながら，面的に延縄式の筏が設置さ

れている海域は特定できたことから，延縄式養殖施設が海面に影響を及ぼし，他の海面とは区別

して検出できることが示された。また，筏式養殖施設と延縄式養殖施設ともに体積散乱画像がマ

ッピングに適していた。

図 4. 2017 年 8 月 31 日の広田湾における延縄式（a）と筏式(b)の養殖施設が設置さ

れている海域の、地上分解能約 6mの全偏波の 4成分分解で得られた、表面散乱、ダ

ブルバンス、体積散乱、ヘリックス散乱の結果をグレースケールで表した図。図の数

値はそれぞれの Cmean2の値を示す。 

(a) (b) 
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全偏波観測では，4 成分分解から得られる体積散乱画像が養殖施設のマッピングに有効である

ことが分かった。筏式養殖施設は一台毎，延縄式養殖施設は面的なマッピングが可能であった。 

海面の状態と筏検出について検討する。観測時刻 2016 年 10 月 13 日 23 時 20 分頃の気象

条件は，降水量 0.0 mm，最大風速 4.4 m/s の西北西の風，有義波高 1.29 m であった。2017 年 

8 月 31 日 23 時 20 分頃の気象条件は降水量 0.0 mm，最大風速 0.3 m/s の西からの風，有義

波高 3.43 m であった。2016 年は，風による影響は 2017 年に比べて大きかったが，波による影

響は小さかった。一方，2017 年のデータは，風による影響は小さかったが，有義波高 3m 以上

のうねりが沖合から湾内に入っていた。このような影響が、表 1 に表した 2016 年と 2017 年の値

の違いに影響を及ぼしているものと考えられる。 

 

 

 

 

 

 

 

 

 

図 5 2015 年 5 月 28 日の広田湾の筏式（a）と延縄式(b)養殖施設を撮影

した空間分解能役 3mの HH 単偏波画像 

 

地上分解能役 3m の HH 単偏波観測では，筏式養殖施設と延縄式養殖施設ともに一台毎の検出

が可能であった(図 5)。地上分解能と観測偏波数の異なる２つの画像を用いることで，より正確に

筏式養殖施設と延縄式養殖施設を区別してマッピングすることが可能である。 

2015 年 5 月 28 日に観測された HH 単偏波観測による筏式養殖施設と延縄式養殖施設のマッ

ピング結果について図 5 に示す。筏式養殖施設と延縄式養殖施設の大部分が一台毎に検出された

が，延縄式養殖施設の一部は，面的に検出された。観測時刻 2015 年 5 月 28 日 23 時 20 分

頃の気象条件は，降水量 0.0 mm，最大風速 1.5 m/s の南からの風，有義波高 1.62 m であった。

このように、海面の状況は比較的穏やかであったため、垂下している養殖カキの水中での浮力が

小さく海面下に沈んでいたものと考えられる。 

SAR は海面の状況を検出する。そのため，海面養殖施設の検出にあたっては，風，雨，波とい

った条件を考慮する必要があると考えられる。本研究で使用した HH 単偏波観測データ取得時

の気象条件は今後の海面養殖施設マッピングにおけるデータ選択時の参考となるものと考えられ

る。 
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PALSAR-2 の全偏波観測と HH 単偏波観測から広田湾に設置されている筏式養殖施設および

延縄式養殖施設を対象として，マッピング手法の開発を行った。その結果，全偏波観測では，四

成分分解から得られる体積散乱画像がマッピングに有効であることが分かった。筏式養殖施設は

一台毎，延縄式養殖施設は面的なマッピングが可能であった。HH 単偏波観測では，筏式養殖施

設と延縄式養殖施設ともに一台毎の検出が可能であった。これら空間分解能の異なる２つの画像

を用いることで，筏式養殖施設と延縄式養殖施設を区別してマッピングすることが可能である。

また，SAR は海面からの散乱をよく捉えるため，風，雨，波といった気象条件を考慮しなければ

ならない。本研究で使用したデータで海面養殖施設の検出が可能であった。東アジアにおいて行

われている海面養殖施設のマップにも十分に応用できることが示された。今後，世界的プログラ

ムである Marine Spatial Planning にも積極的に使用していく予定である。  
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1. INTRODUCTION

Indonesian territorial waters cover about three million 
square kilometres and are home to more than 3.000 species 
of fish and more than 500 species of corals. The Indonesian 
coastline is longer than 80.000 kilometres, and the 
Indonesian archipelago encompasses more than 17.000 
islands. Major ship traffic routes, connecting the economic 
centres on the South China Sea (and beyond) with Europe, 
Africa, Australia, or the Persian Gulf, run through 
Indonesian waters. 

Although its total oil production has decreased by 25% 
during the past decade, Indonesia still ranks amongst the 
top 25 oil producing countries worldwide and is the third-
largest oil producer in Pacific Asia [1]. However, not only 
because of a continuously increasing demand Indonesia, 
along with its neighbouring countries, has always been 
importing oil from other countries worldwide. 

The marine ecosystem in Indonesia is under increasing 
pressure due to social and economic growth in the entire 
region. Parts of the so-called Coral Triangle, a six million 
square kilometres area in Pacific Asia, lie in Indonesian 
territorial waters, where the coral reef area is estimated to 
be 20,000 square kilometres in size. Along with mangrove 
forests and seagrass meadows on the coasts, these areas are 
particularly vulnerable to pollutants. Several marine 
protected areas (MPAs) have been defined in Indonesia, 
where part or all of the enclosed environment is protected 
by law or other effective means. Continuous monitoring is 
of key importance in these areas, but can only be done in 
an effective manner by taking advantage of state-of-the-art 
remote sensing and numerical modelling techniques. 

The goal of this project, IndoSOPS³, was to provide 
input for, and complement results achieved in, a Pilot Study 
funded by the European Space Agency (ESA), whose goal 
was to improve the information on the state of the 
Indonesian marine environment that is gained from 
satellite data [2]. In particular, synthetic aperture radar 
(SAR) data were used to produce oil pollution density maps 
of two dedicated areas (regions of interest, ROI, see Fig. 1) 
in Indonesian waters [3][4]. 

The gained information sets on existing pollution in the 
vicinity of sensitive coastal areas was used as input for 
tracer experiments, in which it was demonstrated that this 
approach can be used to identify strongly affected coastal 

areas (with most oil pollution being driven onshore), but 
also sensitive parts of major ship traffic lanes (where any 
oil pollution is likely to be driven into marine protected 
areas. 

2. DATA ANALYSIS

In total more than 2000 PALSAR-1/2 images acquired in 
2006 – 2018 were analysed. The SAR imagery was made 
available through JAXA and was complemented by SAR 
data provided by the Alaska SAR Facility (ASF). Approx. 
1500 images were acquired over the ROI “W Java Sea” and 
600 over the ROI “Makassar Strait”. Fig. 2 shows the total 
coverage of both ROIs by PALSAR-1/2, indicating a more 
homogeneous coverage in the Java Sea than in the 
Makassar Strait, where the coastal area off the oil 
production centre in Balikpapan was imaged more 
frequently. 

An example of detected oil pollution on PALSAR 
imagery is shown in Fig. 3. The composite of two PALSAR 
images acquired on 11 December 2006 indicates that 
marine oil pollution can well be detected by the HH-pol L-
band SAR under favourable wind conditions: in the upper 
right part of the composite, vast areas appear black, 
because of lower wind speeds at the SAR acquisition time. 
Moreover, atmospheric convection causes that the SAR 
image looks patchy in that area, with strong variations in 
image brightness and sharp local contrasts. Such lookalikes 
make it difficult to identify dark patches caused by oil 

Fig. 1 Two regions of interest (ROI): “W Java 
Sea” with borders 105.0°E / 111.0°E and 7.0°S / 
3.0°S, and “Makassar Strait” with borders 
116.0°E /120.0°E and 5.5°S / 1.0°N. 
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spills. However, all other parts show a sufficiently strong 
radar return from the sea surface, which allows for a 
detection of those dark patches. Note the L-shaped dark 
line in the right image centre, which is due to an ongoing 
oil pollution: the polluting vessel was travelling eastward 
and changed its course to north-west. For about 40 km oil 
was released from the vessel, which can be identified as 
small bright spot at the top of the oil spill. Another oil 
pollution in that region can be identified in the upper left 
part of the SAR image composite as a dark ‘wavy’ 
elongated patch. For all identified oil spills their centre 
position, length and width were recorded, and they formed 
the basis of our statistical analyses. 
 

3. RESULTS 
 
In the ROI “W Java Sea” a total of 775 manifestations of 
oil spills were found, that is, on average, an oil spill on 
every other image (0.52 per image). In contrast, in the ROI 
“Makassar Strait” a total of 452 oil-spill manifestations 

were found (0.76 per image). Fig. 4 shows the geographical 
locations of all detected oil spills, binned into a 
0.05°×0.05° grid, for the ROI “Makassar Strait” (top) and 
“W Java Sea” (bottom). In general, more oil spills were 
found in the ROI “W Java Sea”, because of the larger 
amount of SAR images available for that ROI. 

In the ROI “Makassar Strait” the majority of oil spills 
were found in the western part of the Strait, off 
Kalimantan’s coast. This area, however, also has the 
highest SAR image coverage, see Fig. 2. In addition, many 
oil spills were found on the open sea. In the ROI “W Java 
Sea” more oil pollution was found in total. Clearly visible 
are areas of intense oil pollution north of western Java, 
where more than one spill per (0.05°×0.05°) grid cell was 
found. Large quantities of oil spills in the eastern part of 
the ROI cannot be explained by intense oil production, but 
must be due to high ship traffic in that area. 

In both ROIs areas of frequent oil pollution are marked 
by high ship traffic (‘W Java Sea’) and by intense oil 
production (‘Makassar Strait’), both putting the local 
environment under severe threat. We also note, however, 
that the areas of maximum detected oil pollution coincide 

 

 

  
 

Fig. 2 Coverage of both ROIs (left: “W Java 
Sea”; right: “Makassar Strait”) by more than 
2000 PALSAR images acquired in 2006 – 2018. 

 
Fig. 3 Composite of two PALSAR scenes 
acquired on 11 December 2006 at 15:36 UTC 
over the ROI “W Java Sea”. In the right image 
center a 40 km long L-shaped oil spill with the 
polluting vessel at its top can be seen. Another 
(15 km long) oil pollution manifests in the upper 
left part of the composite. 
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with those areas, where the SAR image coverage is highest 
(Fig. 2). 

The length and width of each detected oil spill were 
protocolled and were used to calculate the spill’s size, for 
simplicity assuming an elliptical shape. Spill size 
distributions for both ROIs are shown in Fig. 5. Added to 
each histogram are best-fit Burr distributions as black solid 
curves. Also added in red are the respective percentile 
curves and a horizontal dotted line indicating 95%. In both 
ROIs the largest number of oil spills were of size 
0.1 km² - 0.3 km². However, oil spills found in the ROI 
“Makassar Strait” were generally smaller: about 81% of the 
detected oil spills were smaller than 1 km² (upper panel of 
Fig. 5), while it was only 72% in the ROI “W Java Sea” 
(lower panel). In both ROIs about 95% of the oil spills were 
smaller than 5.5 km². Major oil spills found in the open 
Java Sea mainly contribute to these findings. 

The axes ratio, defined as the ratio of the spill’s length 
and width, allows insight into the pollution dynamics, 
either due to a moving pollutant (vessel) or due to local sea 
surface currents, or both. Large aspect ratios indicate that 

the pollution occurred during a longer time, while the 
vessel or the upper water body was moving, while small 
aspect ratios (i.e., more circular patches found on the SAR 
images) indicate a spontaneous release of oil or no sea 
surface currents at the time of pollution. Fig. 6 shows the 
distributions of the axes ratio for both ROIs, “Makassar 
Strait” (upper panel) and “W Java Sea” (lower panel). 
Again, best-fit Burr distributions, percentile curves and the 
95% percentile are added as solid black, solid red, and 
dotted black curves, respectively. 

Both distributions show a similar qualitative behaviour: 
the majority of the found oil spills have axes ratios smaller 
than 20, and in both ROIs about 85% have axes ratios 
smaller than 50. However, the fitted curve for the ROI 
“Makassar Strait” has its maximum at a slightly higher 
value (axes ratio 7) than that for ROI “W Java Sea” (axes 
ratio 6), and accordingly, 50% of the oil spills found in ROI 
“Makassar Strait” have axes ratios of up to 16, while 50% 
of those found in ROI “W Java Sea” have axes ratios of up 

 

 
Fig. 4 Geographical distribution of all oil spills 
found on PALSAR-1/2 images of the Makassar 
Strait (top) and Java Sea (bottom), binned into a 
0.05° × 0.05° grid. 

 

 
Fig. 5 Distribution of the size of oil pollution in 
the ROIs “Makassar Strait” (top) and “W Java 
Sea” (bottom), as found on all PALSAR-1/2 
images of 2006 – 2018. 
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to 14. These numbers indicate that the distribution is 
broader for ROI “Makassar Strait” and in turn, that the 
pollution in the Strait was more dynamic than in the Java 
Sea. 

We define the normalised mean polluted area as the 
ratio of the total spill-covered area (i.e., the sum of all spill 
sizes in a grid cell) and the SAR coverage (Fig. 2), for 
simplicity given in km² for an amount of 100 SAR images. 
The normalised mean polluted area is rather independent 
of the heterogeneous data coverage, and assuming a 
‘critical SAR coverage’ at any place in both ROIs, allows 
comparisons of both ROIs and objective conclusions. 
Normalised polluted areas are shown in Fig. 7, again, 
binned into a 0.05° × 0.05° grid. 

Because of the overall homogeneous SAR image 
coverage in ROI “W Java Sea”, the lower panel of Fig. 7 
shows very similar patterns than the lower panel of Fig. 4. 
The rather inhomogeneous coverage of ROI “Makassar 
Strait”, in turn, causes a lower weighting of the previously 

mentioned oil pollution off Kalimantan’s coast and a 
higher weighting of the pollution in the central Strait. 

In both ROIs the derived patterns confirm that ship 
traffic is a major source of marine oil pollution, but also 
that coastal pollution sources exist. Large normalized 
polluted areas were found in regions of intense offshore oil 
production, primarily in ROI “W Java Sea”. This supports 
the above-mentioned finding of a less dynamic pollution in 
that ROI, given that the average speed, at which polluting 
vessels are travelling, is higher than the average surface 
current. 
 

4. CONCLUSIONS 
 
In the frame of the project IndoSOPS³ (Indonesian Seas Oil 
Pollution Seen by Spaceborne SAR) a large amount of 
PALSAR-1/2 SAR images of two ROIs in Indonesian 
waters were analysed. On more than 2000 SAR images of 
the Western Java Sea and the Makassar Strait we found 
more than 1200 imprints of marine oil pollution, whose 

 

 
Fig. 6 Distribution of the aspect ratio of oil 
pollution in the ROI “Makassar Strait” (top) and 
in the ROI “W Java Sea” (bottom), as found on 
all PALSAR-1/2 images of 2006 – 2018. 

 

 
Fig. 7 Normalized polluted area in km² per 100 
SAR scenes, as derived from PALSAR-1/2 
imagery of the ROI “Makassar Strait” (top) and 
ROI “W Java Sea” (bottom), binned into a 
0.05° × 0.05° grid. 
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geographic coordinates and spatial dimensions were used 
for statistical analyses, and as input for an assessment of 
the environmental state of Indonesian waters based on 
satellite SAR imagery. 

Our results demonstrate that marine oil pollution is a 
major threat on the marine environment in the study area. 
High ship traffic and intense offshore oil pollution are the 
main drivers of that oil pollution. 

The analysed PALSAR-1/2 imagery was acquired at L-
band, which is known not to be the first choice for marine 
pollution monitoring [5]. As such, we compared our results 
with similar results obtained through analyses of SAR 
imagery acquired by C-band SAR sensors aboard ERS-1/2, 
ENVISAT and Sentinel-1A/B. Those results are shown in 
Fig. 8 and are based on almost 6500 SAR images (“W Java 
Sea”: about 4000; “Makassar Strait”: about 2500), on 
which imprints of more than 10500 oil spills were found 
(“W Java Sea”: more than 5500; “Makassar Strait”: more 
than 5000). 

A comparison of both statistical results, as shown in 
Fig. 7 and Fig. 8, reveals that PALSAR-1/2 can be used for 
long-term analyses as presented herein. Pollution hot spots 

such as major ship traffic routes or offshore oil production 
sites are as well identified, though the much larger amount 
of the reference (C-band) data makes that identification 
easier. However, we also note that the average number of 
oil spills per PALSAR-1/2 image is considerably smaller 
than for C-band SAR sensors (“W Java Sea”: 1.40; 
“Makassar Strait”: 2.17). This explains why the 
quantitative results, i.e., the averaged polluted areas per 
100 SAR images shown in Fig. 7 and Fig. 8, differ. 
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Fig. 8 Same as Fig. 7, but based on all ERS-1/2, 
ENVISAT, PALSAR-1/2, and Sentinel-1A/B 
analysed in the Pilot study IndoNACE. 
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1. SUMMARY

Worldwide, the largest intertidal flats can be found on the 
German, Danish and Dutch North Sea coast and on the 
western coast of South Korea, in a distance of up to 10 Km 
offshore. Those areas fall dry once during each tidal cycle 
and consist of fine sediments such as (fine) sand and mud, 
and they are only partly vegetated. Not only because they 
are impacted by the stress of the global sea level rise and 
the expected increasing frequency of storm events, a 
frequent surveillance is of great importance, though this is 
a difficult task by boat, foot, or land vehicles. This is when 
remote sensing techniques come into play, though a 
classification system based on spaceborne remote sensing 
data would strongly benefit from the additional utilization 
of synthetic aperture radar (SAR) data. 

Depending on the type of sediment, but also on the 
water level and on environmental conditions (wind speed) 
exposed sediments may show up on synthetic aperture 
radar (SAR) imagery as areas of enhanced, or reduced, 
radar backscattering [1]. The (multi-temporal) analysis of 
series of such images allows for the detection of mussel 
beds, and our results show evidence that also single-
acquisition, multi-polarization SAR imagery can be used 
for that purpose. The combined use of PALSAR-2 data 
with those acquired at different radar bands yielded 
information on the Wadden Sea surface roughness, which 
in turn was used to derive indicators for different sediment 
types [2].  

UPSCIM aimed at analyzing high-resolution SAR data 
of dry-fallen intertidal flats in the German Wadden Sea 
with respect to the imaging of sediments, macrophytes, and 
mussels. In this respect, the L-band PALSAR-2 imagery 
added significantly to the information, which was 
previously inferred from X- and C-band SAR imagery 
acquired by TerraSAR-X and Radarsat-2, respectively. 
SAR images of five test areas along the German North Sea 
coast acquired from 2008 formed the basis for the present 
investigation and were used to demonstrate that pairs of 
SAR images, if combined through basic algebraic 
operations, can already provide useful indicators for 
morphological changes and for bivalve (oyster and mussel) 
beds.  

Our analyses are based upon the Kennaugh element 
framework, and we show that different targets on exposed 

intertidal flats exhibit different radar backscattering 
characteristics, which manifest in different magnitudes of 
the Kennaugh elements. Namely, the inter-channel 
correlation’s real (K3) and imaginary (K7) part can be used 
to distinguish bivalve beds from surrounding sandy 
sediments, and together with the polarimetric coefficient 
(i.e., the normalized differential polarization ratio, K0/K4) 
they can be used as indicators for bivalve beds using multi-
frequency dual-polarization SAR data [3].  

These findings were used for an extension of a 
previously proposed classification scheme based upon 
polarimetric decompositions of SAR data, along with a 
Double-Bounce Eigenvalue Relative Difference (DERD) 
parameter and a Random Forest (RF) classifier [4]. The 
extension was done adding indicators derived from the 
(polarimetric) Kennaugh elements and was applied to dual-
copolarization PALSAR-2 data and to SAR data acquired 
at shorter wavelengths (C- and X-band) [5][6]. Further, it 
was demonstrated that the new FCDK-RF scheme is 
capable of distinguishing between different sediment 
types, namely mud and sand, at higher accuracies, and that 
it has good potential in the detection of bivalve beds.  
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1. INTRODUCTION

Coastal areas are the transition buffers between land and 

the sea, which have been constantly affected by the 

dynamical interaction from estuary and waves activities, 

river and coastal currents, tidal forces, and the many ill-

planned coastal constructions for economic development 

[1, 2]. 

Fig 1. Near shore bathymetry around Tra 

Vinh 

Vietnam is of no exception, a country with 3260 km 

coastline running along 29 provinces, and there have been 

significant erosions of coastal areas across the country. The 

main factor that causes coastal erosion – accretion is 

obviously the ocean waves, and the waves in turn are 

governed by wind (and sometimes the seismic activities 

under the sea). Annually there are two dominant wind 

fields in Vietnam, the Northeast, the East and the 

Southwest. Consequently, the coastlines that face 

perpendicularly to these wind fields are most vulnerable to 

erosion. Our collected data showed that in most areas of 

Vietnam, the average wave height is about 1.3 to 1.5 meters, 

regardless of the specific win direction, with the isoheight 

1.3m running almost along the coastlines. Another factor 

effecting the behaviour and magnitude of waves is the near 

shore bathymetry (Figure 1). 

Due to lack of on-site data, our study area was selected to 

focus on a coastal province in the Mekong delta -  Tra Vinh. 

Furthermore, the specific area is Duyen Hai district, the 

only coastal localities of this province, namely communes 

Hiep Thanh, Truong Long Hoa, Dan Thanh, Dong Hai and 

Long Vinh. 

Fig 2. The study area – Duyen Hai district, Tra Vinh 

Our research has shown that temporal satellite data, 

combined with GIS analytical tools, can give good results 

in monitoring the shoreline changes through the time, 

which are both qualitative and quantitative. Namely in this 

paper the optical Landsat and radar Palsar images were 

used, which gave also a comparison prospect of the erosion 

and accretion [10]. Also, our earlier research has shown the 

usefulness of using Landsat data for analyzing and 

quantifying the erosion – accretion process [15]. In this 

study, ALOS PALSAR data were used in parallel with 

Landsat to compliment the study, which give also a 

comparison view of the two types of data. 

Cử 

Cử 
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2. DATA USED AND METHODOLOGY 

 

 

Four satellite images from two sensors, Landsat OLI and 

ALOS Palsar in two period of time 2014 and 2018, were 

used. For tidal affect correction, we have collected the 

corresponding sea level from the hydrology gauge station 

in that region (Table 1). 

 

Table 1. Specs of satellite date used 

 

No Satellite Sensor 

Spatial 

res 

(m) 

Data acquisition Water 

level 

wxtide 

(m) 

Date Hour 

1 

Landsat-

8 

OLI_TIRS 30 10/03/2014 10h15 2,91 

2 OLI_TIRS 30 22/04/2018 10h13 3,02 

3 

ALOS 

PALSAR 25 19/10/2014 11h42 2,82 

4 PALSAR  25 29/04/2018  11h41  2,83 

 

 

The Landsat images were radiometrically and 

geometrically corrected for the WGS-84 zone 48N 

matching with our base map. The bands Green and MIR 

then were used to compute the Modified Normalized 

Difference Water Index (MNDWI), which was in turn used 

for the process of shoreline extraction [11]. 

As for the ALOS Palsar data, which consist of two 

polarizations HH and HV, were first converted to back 

scatter sigma-nought (in dB) using the standard formulae 

recommended by JAXA, then were noise-filtered and 

geometrically corrected before they are ready for shoreline 

extraction, which was indeed a thresholding operation on 

the HH data [3, 4]. 

All the four pre-processed images were inputs for the 

shoreline extraction procedures which were realized by the 

module DSAS (Digital Shoreline Analysis System [14]). A 

total of 549 transects have been made to support this DSAS 

algorithm, and the results are shown in Section 3. 

 

The erosion – accretion rates of each transect (totally 549 

transects) were calculated using the following formulae 

𝑅𝑠
𝑖 =

𝐷𝑡𝑗

𝑖 − 𝐷𝑡𝑗−1

𝑖

𝑡𝑗 − 𝑡𝑗−1
             

where, 

𝐷𝑡𝑗

𝑖  is the distance from the considered shoreline to its 

baseline at time period tj 

𝐷𝑡𝑗−1

𝑖  is the distance from the considered shoreline to its 

baseline at time period tj-1 

𝑅𝑠
𝑖  is the erosion – accretion of the considered transect in 

the period [t-1, t]. 

 

 

3. RESULTS AND DISCUSSIONS 

 

The erosion-accretion analysis results from Landsat and 

PALSAR sensors between two time period 2014 and 2018 

give an analogous figure in qualitative aspect (their trend), 

but a slight deviation in quantitative (Figure 3 and 4). This 

could be from the different procedures for shoreline 

extraction used for the two types of data, and also from the 

difference in spatial resolution (which favours PALSAR as 

it has higher resolution). 

 

 
 

Fig 3. Erosion/accretion rates analysis from Landsat-8 

images (the vertical axis shows the Transect No, the 

horizontal shows erosion/accretion rates) 

 

 

 
 

Fig 4. Erosion/accretion rates analysis from ALOS 

PALSAR images (the vertical axis shows the Transect 

No, the horizontal shows erosion/accretion rates) 

 

Our analysis showed that for Erosion, the average rate 

computed from Landsat-8 occurred in top at Hiep Thanh 

commune (-10.9m/yr) and least at Dan Thanh (-5.2m/yr); 
1064



while computed from PALSAR occurred in top at Dong 

Hai (-11.4m/yr) and least at Dan Thanh (-6.7m/yr). This 

shows a deviation between two sensors. 

Meanwhile for maximum Erosion rate analysis, the two 

sensors showed a good agreement. Namely, they are top at 

Long Vinh and Hiep Thanh communes, and least at Dan 

Thanh commune.  

The overall classification of erosion – accretion rates of the 

five communes are shown in Figure 5. 

 

Fig 5. Classification of the erosion-accretion rates 

 

 

4. CONCLUSION 

 

The shoreline changes of the study area, consisting of five 

coastal communes of Duyen Hai district have shown a 

complicated fluctuation, with alternating erosion and 

accretion in spatial dimension. While Landsat imageries 

were believed efficiently appropriate for shoreline change 

analysis, the higher resolution PALSAR images are 

promising for this task thanks to water – nonwater 

delineation techniques applied for these data. Moreover, 

PALSAR, being a radar sensor, is cloud-free and sunlight-

free, which can enlarge the time scale for the acquisition of 

images for analysis. 
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1. INTRODUCTION

Wind maps in ocean and coast regions are important to 
improve meteorological applications, marine control and 
energy related strategies [1], for some applications wind 
maps are required to produce wind power density maps 
[2]. L-Band SAR imagery can be used to obtain a 
kilometer resolution wind maps on the sea. High 
resolution wind maps can be used to characterize 
mesoscale ocean phenomena [3] [4], also these maps can 
help to set limits on the detectability of oil spills from 
SAR data [5]. 

We implement a fast response algorithm based on an 
empirical model that establishes a relation between the 
Normalized Radar Cross Section (NRCS) and surface 
wind velocity, known as the Geophysical Model Function 
(GMF) [6] [7] [8]. We generate the wind velocity  maps 
from L-Band PALSAR-2 and SAOCOM 1A and compare 
with the ECMWF/ERA5 [9] wind map and buoy data. 

2. PROCEDURE

We use PALSAR-2 images with processing level 1.5 
StripMap dual-pol HH/HV with a nominal pixel spacing 
of 6.25m provided by JAXA over a selected region of the 
United States coast (Fig. 1). Fig. 1 PALSAR-2 imagery and buoy location. 

A. Wind direction

The algorithm we propose uses as initial condition the 
low resolution wind direction map provided by ERA-5 of 
the European Centre for Medium-Range Weather  
Forecast (ECMWF) [9] which provides the north and east 
wind neutral velocity at 10 meters over the sea level with 
a latitude and longitude resolution of 0.25º and 0.25º 
(global coverage with around a 30 km grid). 
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B. Buoy data 

 
The wind speed and direction in-situ were obtained from 
the National Data Buoy Center (NDBC) of the National 
Oceanic and Atmospheric Administration (NOAA) in Fig. 
2. We use the continuous wind measurements which are 
10-minute average values of wind speed and direction 
reported each hour [8]. We select the two buoys with 
anemometers working at the ALOS2 acquisition time Fig. 
2 
  

BUOY ID Latitude Longitude Anemometer 
altitude (m) 

44007 43°31'30" N 70°8'26" W 4.1 

46080 57°56'51" N 150°2'30" W 3.8 

Fig. 3 Buoy information 

 
C. L-band wind velocity estimation with the 

GMF 
 
We obtain the wind speed and wind direction from 
PALSAR-2 images. We use the GMF for L-Band 
developed by Isoguchi and Shimada, 2009 [7] for images 
with HH polarization. The relation between the radar 
cross section and the wind velocity it is given by 
 
𝜎𝜎𝑜𝑜 = 𝐴𝐴0(𝑤𝑤, 𝜃𝜃) ⋅ �1 + 𝐴𝐴1(𝑤𝑤, 𝜃𝜃) ⋅ 𝑐𝑐𝑐𝑐𝑐𝑐(𝜙𝜙) + 𝐴𝐴2(𝑤𝑤,𝜃𝜃)

⋅ 𝑐𝑐𝑐𝑐𝑐𝑐(2𝜙𝜙)� 
 
where 𝜎𝜎𝑜𝑜is the Normalized Radar Cross Section (NRCS 
lineal units), w is the wind speed at 10 meter height, 𝜙𝜙 is 
the direction of the wind relative to the look angle of the 
image, 𝜃𝜃  is the radar signal incidence angle, 𝐴𝐴0(𝑤𝑤, 𝜃𝜃) , 
𝐴𝐴1(𝑤𝑤,𝜃𝜃)  and 𝐴𝐴2(𝑤𝑤, 𝜃𝜃)  are functions of the wind speed 
and radar incidence angle. This GMF L-Band is well 
defined for incidence angles between 17º to 43º and wind 
speed smaller than 20 m s-1 [7]. 
 

 
Fig. 4  Implementation diagram from SAR images to 
wind map. 

 
The SAR images with polarization HH are calibrated, the 
land is masked if necessary using a Digital Elevation 
Model (DEM). We include a speckle smoothing with a 
box filter of 9x9 pixels [10]. We implement a fast 
converging comparison method between NRCS and the 
GMF inverse function that inputs incidence angle and 
initial condition for wind direction taken from ERA-5 
map with low resolution (latitude and longitude spacing 
of 0.25ºx0.25º).  
 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁� =  𝐺𝐺𝐺𝐺𝐺𝐺−1(𝑤𝑤, 𝜃𝜃,𝜙𝜙) 
 
The wind map is then iterated to obtain the wind direction, 
using the GMF inverse function with the wind speed from 
the previous run as an input. Finally the last iteration 
recalculates the wind speed using the calculated wind 
direction from the previous iteration as it is shown in Fig. 
3. The last step is to average the wind velocity to a grid of 
1 km size to get in this way a high resolution wind speed 
map reducing the statistical fluctuations of the clutter.  
 

D. Model validation 
 
To validate the GMF results from PALSAR-2 data we use 
measurements from buoys [8] and the data extracted from 
ERA-5 [9] maps.  
To be able to compare the wind speed from the wind 
reported from buoys we have to extrapolate the results to 
10 meter height neutral velocity which is the standard 
reference. To do that we use the expression proposed by 
Hsu et al, 1994 [9].  
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𝑢𝑢2
𝑢𝑢1
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𝑧𝑧2
𝑧𝑧1
�
0.11

 
 
where  𝑢𝑢2  is the wind speed at 𝑧𝑧2  height and 𝑢𝑢1  is the 
wind speed measured by the buoy at 𝑧𝑧1. We set 𝑧𝑧2 to 10 
meters to compare it with our model [11]. We plan to 
improve this adjustment using the method proposed by W. 
T. Liu et al. (1979) [12] [13] which involve solving 
equations with air-sea exchange of heat, humidity and 
momentum. 
 
 

3. RESULTS 
  
The wind maps we obtain from SAR match the low 
resolution speed provided by ERA-5 with approximately 
30 km grid size. We made the comparison with the speed 
averaged over 14 km radius obtained from the GMF 
estimation at SAR resolution the plot is presented in Fig. 
4. The slope of the fit is consistent with one ( 0.97 ±
0.04) and we have a bias of  (1.3 ± 0.9)m s−1.  

 

 

 
Fig. 5 Correlation between wind speed calculated from 
GMF and ERA-5 data with 68% and 95% CL 
boundaries.  

 
Also we compare the estimated wind speed from GMF 
SAR data with the speed from buoys, in  Fig. 5. This 
preliminary result shows a bias for speeds greater than 12 
m s-1, the speed we get from SAR with an average over a 
5 km radius underestimates the speeds greater than 12 m 
s-1 measured with buoys and readjusted to 10 meter height.  
We think this is related to the proximity of the buoy to the 
coast line. 
 

 
Fig. 6 Correlation between wind speed calculated from 
GMF and buoy measurements (red diamond) 
superimposed the low resolution wind speed from 
ERA-5 data..  

 

In .Fig. 7 we present the wind speed map with a 1 km 
resolution (0.01°) obtain from the SAR data. 

 

 
Fig. 7 Sea wind speed at 10 meter height obtained 
from SAR PALSAR-2 with a resolution of 0.01°.  

 
 
 

4. SUMMARY AND CONCLUSIONS 
 
The Fig. 4 shows the correlation between the wind speed 
from SAR NRCS for L-Band high resolution StripMap 
data with wind speed maps from ERA-5 data using the 
GMF developed by Isoguchi and Shimada, 2009 [7]. We 
have an agreement of  ±1.5 𝑚𝑚 𝑐𝑐−1  with a 68% CL 
between the speed maps from our implementation and the 
ERA-5 data.  
 
We are currently testing the same model for SAOCOM 
high resolution StripMap and low resolution TOPSAR 
data. Also we are developing a technique that adds both 
polarizations HH and HV to improve the results already 
obtained with only HH images; this technique is 

m s-
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motivated by the work than in the polarization ratio VV 
VH [14]. 
 
As a continuation of this work we plan to generate high 
resolution wind power maps from the 1 km wind velocity 
obtained from the GMF [7]  
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1. INTRODUCTION

In remotely sensed Synthetic Aperture Radar (SAR) 
images, scattering from a target is often the result of a 
mixture of different mechanisms. For this reason, detection 
of targets and classification of SAR images may be very 
difficult and very different from other sensor imagery. 
Fully polarimetric data offer the possibility to separate the 
different mechanisms, interpret them and consequently 
identify the characteristics of the targets. To achieve this 
task, several target decomposition techniques have been 
proposed in the literature to improve the interpretation of 
this kind of data. Among these, the physical based 
techniques are the most considered.  
This study proposes the application of a novel approach for 
target decomposition based on the use of Autoassociative 
Neural Network (AANN) applied to ALOS-2 data. 
Different from physical based target decomposition 
techniques, the proposed method is based on a nonlinear 
decorrelation of the received polarimetric SAR (POLSAR) 
signal into few elementary components that can be 
statistically associated to the different scattering 
mechanisms present in the image. The AANN approach 
has been applied to the oil spill detection problem and other 
NN modules have been developed to implement the other 
steps required by this application. In particular object 
extraction performed with PCNN (Pulse Coupled Neural 
Networks). This latter architecture has been considered 
also per another maritime applications with SAR: coastline 
extraction. 

2. OIL SPILL DETECTION WITH SAR IMAGES
AND NEURAL NETWORKS 

The presence of an oil film on the sea surface damps the 
small waves due to the increased viscosity of the top layer 
and drastically reduces the measured backscattering 
energy, resulting in darker areas in SAR imagery [1]. 
However, the identification of hydrocarbon over the sea 
surface is not easy due to many natural phenomena, for 
instance, when the wind is weak the electromagnetic 
response is similar to that of natural films, which are a 
source of ambiguity [2]. Polarimetry has been 
demonstrated to be a valuable tool for interpreting and 
separating different scattering mechanism present in an 
observation area [3]. 

This research project aims at developing neural network 
architectures able to extract nonlinear components from 
full polarimetric products minimizing the loss of 
information and at obtaining a new level of added-value 
products suitable for maritime application, as oil spill 
detection, obtained with a processing chain characterized 
by a very high level of automation.  
In fact, the availability of fully polarimetric SAR data is 
significantly increased and such a trend will continue with 
the next generation of satellite instruments. This claims for 
the possibility of using suitable and adequate tools for 
image processing, so as not to miss a significant percentage 
of the information contained in the acquired images. To 
achieve this task, as far as oil spill detection from SAR is 
concerned, the research activity aimed at combining 
different topologies of neural networks in order to design 
an effective processing system applied to polarimetric 
ALOS-2 data. More in particular, we experiment the 
application of an innovative approach for target 
polarimetric decomposition based on the use of 
Autoassociative Neural Network (AANN).  
The AANN implementation precedes the other needed 
steps (Fig. 1). They consist in object extraction, which is 
performed using a Pulse Couple neural network (PCNN), 
and aims at the detection of dark objects in the image; 
characterization of the extracted object according to the 
physical and geometric parameters; and its classification 
between real oil spills and look-alikes by means of Multi-
layer Perceptron (MLP) neural network.  

3. RESULTS WITH AANN

In the following, as an example, we report some results 
obtained using ALOS-2 full polarimetric product acquired 
on oil spill event occurred near the coast of Niger Delta the 
13th of April 2016. The original image is represented in 
terms of Nonlinear principal components (NLPCs) 
generated by the bottleneck of the AANN. In fact, the 
implemented AANN architecture has three hidden layers, 
including an internal “bottleneck” layer of smaller 
dimension than either input or output (Fig. 2). The network 
is trained to perform the identity mapping, where the input 
is approximated by the output. Since the number of units in 
the bottleneck layer is lower than those in both input and 
output a dimensionality reduction scheme is implemented.  
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Fig. 1 Processing chain  

 

 

Fig. 2 Auto-Associative Neural Network 

 

 

Fig. 3  First row. Left: HH image, centre: VV image, right: NLPC1. Second row. Left: HV image, 
centre: VH image, right: NLPC2 
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Indeed the output corresponding to the bottleneck nodes 
are able to encode the input information for subsequent 
reconstruction in the output. This process results in a 
nonlinear feature extraction from the input vector.  
As input of the AANN the HH, HV, VH, VV polarizations 
have been considered. In Fig. 3 we show the results of the 
bottleneck components provided by the AANN, compared 
with the 4 original inputs at VV, HV, VH and HH 
polarizations. It has to be noted that, in such an analysis, 
we preferred do not consider the phase difference between 
channels due to the lower signal to noise ratio values. From 
Fig. 3 we see that the two NLPCs seem to resemble all the 
features contained in the original images. But for our 
application what is most important is that, with respect to 
the original data, the contrast between the oil spill 
candidate and the background looks higher in one of the 
generated NLPC. Therefore using this generated image 
will have positive effects in object extraction. 
As mentioned above, the complete scheme for the oil spill 
detection, once the polarimetric image has been given as 
input to the system, consists of the following steps: 1) 
polarimetric decomposition, 2) object extraction, 3) object 
characterization, 4) object classification.  In step 2 the 
extraction of the candidate oil spill object is processed 
through a PCNN algorithm. Our group has already 
experimented how segmentation provided by PCNNs can 
be effective on SAR X-band [4] and SAR C-band [5] data 
and in this project we tested them with ALOS data.  
PCNNs are unsupervised and context sensitive algorithms. 
A PCNN is a neural network algorithm that, when applied 
to image processing, yields a series of binary pulsed 
signals, each associated to one pixel or to a cluster of 
pixels. It belongs to the class of unsupervised artificial 
neural networks in the sense that it does not need to be 
trained. The network consists of nodes with spiking 
behavior interacting each other within a predefined grid 
(Fig 4). The architecture of the net is rather simpler than 
most other neural network implementations. PCNNs only 
have one layer of neurons (Fig. 4), which receive input 
directly from the original image, and form a resulting 
“pulsing” image (Fig. 5). These characteristics make 
PCNN a rather suitable algorithm for image edge detection. 
In order to automate at the highest level the whole 
processing chain it is important to understand at which 
iteration the PCNN activity needs to be stopped  (Fig. 5). 
In our study we found out that 2 or 3 iterations are good 
enough to obtain satisfactory results.  
Once the object is extracted, a number of morphological 
and physical parameters are computed. The features 
extracted from the dark object are given as input to a 
classifier that estimates its probability of being an oil slick. 
Normally these features consider the geometry of the dark 
object in terms of its extension and of its shape, as well as 
the physical behavior in terms of the characteristics of the 
backscattering intensity of the pixels belonging to the 
object, to the background, and to the area around the 
border. In our study also the statistical polarimetric features 
computed from the NLPC images have been considered. 
The classification task is performed using a MLP. These 
are feedforward networks, where the input flows only in 
one direction to the output, and each neuron of a layer is 
connected to all neurons of the successive layer but has no 
feedback to neurons in the previous layers.  

At the moment is not possible to provide a quantitative 
results about the classification accuracy because the 
number of collected examples is not statistically 
significant, however, based on past experience, we’re 
expecting an accuracy percentage value higher than 85%.  
In conclusion an ensemble of neural networks 
characterized by a different architecture has been designed 
for detecting oil spills in full polarimetric ALOS SAR 
images. The neural networks are shown to effectively play 
various roles, from object extraction to classification, in a 
highly automated processing chain. In particular the 
AANN applied to the polarimetric data increases the 
contrast between the object of interest and the background 
with respect with the single polarization acquisition.  
 

3. RESULTS WITH PCNN FOR COASTLINE 
EXTRACTION  

 
Encouraged by this achievement, we tested the PCNN 
algorithm also for another type of maritime application, 
namely coastline extraction. Satisfactory results in this 
field were already shown in [6] for X-band. In Fig. 7 we 
show the outputs corresponding to the PCNN first 8 
iterations applied to an ALOS VH image reported in Fig. 
6. We can see the algorithm is very helpful to differentiate 
between land and sea. In Fig. 8 the final results, where also 
an additional algorithm stitching unconnected lines is used, 
are shown for two different areas extracted from the image 
of Fig. 6. 
 
Unfortunately, due to the COVID 19 pandemic, the 
research could not be completed according to the original 
plans. 
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Fig. 4  Pulse Coulpled Neural Network system   
 
 
 
 
 
 
 
 
 
 
 
Fig. 5  PCNN iterative outputs 
 

 
 

Fig. 6  Original ALOS HV image 
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Fig. 7 output obtained by the first 8 PCNN iterations applied to the image in Fig. 6. Note that the output image are 
binary images which facilitates the subsequent coastline extraction operation 

 

 
 

 
 

Fig. 8  Coastline extraction results 
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TECHNIQUES 
PI No- 3244 

Vinay Kumar, R S Chatterjee  
Indian Institute of Remote Sensing (IIRS), Dehradun, Uttarakhand, India 

1. INTRODUCTION

Jharia coal field which is one of the major coal mine 
belt in India where coal is extracted by two mining 
approaches open cast and underground[1]. In underground 
mining techniques either bord & Pillar or longwall, large 
rectangular blocks of coal are extracted. Strips of coal, 
excavated by protecting the coal gallery with hydraulic 
supports. Once the coal block is fully extracted, the void 
becomes too large to support itself which causes its roof to 
sag and finally, the roof and overlying rock collapse into 
the void. This typically results in horizontal and vertical 
movement at the land surface, which can extend beyond 
the mine footprint. These risks associated with mining 
voids is causing subsidence at the land surface which 
effects on surface infrastructure. The magnitude and extent 
of subsidence is dictated by the extent of coal extraction, 
the depth of the coal seam and the thickness of the 
excavated material (the height of the void)[2].  

Underground mining can result in a shallow flat-
bottomed rectangular trough at the surface, sometimes 
accompanied by cracking, heaving, buckling, humping and 
stepping. These effects can impact built environments such 
as roads and buildings as well as cause disturbances to river 
courses and other surface water features Generally, 
uniform vertical movement does not cause surface damage 
but differential vertical movement does. Instead, the 
damage is caused by tilting and horizontal displacement of 
the overburden, which accompanies the lowering of the 
land surface [3].  

In the Jharia coalfield area, subsurface coal fires occur 
mostly at shallow depth (<40 m) [4] . In the Jharia 
Coalfiled land subsidence occurs primarily due to 
underground mining and subsurface coal fire causes 
different types of underground mining as bord-and-pillar, 
longwall mining, depillaring and caving, water logging of 
the abandoned underground mine workings and subsurface 
coal fire. These reasons are diverse in nature, spatio-

temporally haphazard and gives rise to irregular and 
complex deformation pattern [5]. 

Jharia coalfield is facing subsidence problems due to 
the presence of old workings, which are generally 
waterlogged and about a dozen of area have subsided in 
recent times, causing severe damages to surface 
topography and properties Coal fire related subsidence is 
more important parameter to be ‘Jharia coal field’. About 
a dozen of the unapproachable old workings have subsided 
in recent past causing severe damages on the surface in the 
form of wide cracks, large depressions, sinkholes 
(potholes), blockage of roads and rails, damage to 
buildings and other surface properties. The main 
characteristics of these subsidence were that indications on 
the surface are seen only a few hours in advance, they do 
not follow any pattern, they cause marked depressions with 
wide cracks and steppings, and they are associated with 
rumbling sound[6]. 

To detect & to derive subsidence related parameters in 
the Earth’s surface because of the coal mining activities, 
both ground-based and space-based techniques can be used. 
The techniques should applied for more frequent and 
repeated observation to know how the subsidence pattern 
evolves over time in the mine footprint[7]. 

The techniques used for observing and measuring 
subsidence will depend on the spatial extent of the 
anticipated deformation and magnitude of the expected 
subsidence. Among the available spaceborne techniques 
DInSAR appears to be very efficient in terms of spatial and 
temporal resolution of the measurements vs feasibility[8]. 
PSInSAR (Permanent Scatterers Interferometric Synthetic 
Aperture Radar) is an advanced form of DInSAR which 
uses multiple interferograms created from a stack multiple 
SAR images [9]. In PSInSAR, pixels that display stable 
radar reflectivity characteristics throughout every image of 
the dataset are referred as Permanent Scatterers (PS) [10]. 
This algorithm was developed to overcome the errors 
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produced by atmospheric artefacts on signal phase. Once 
these errors are removed, a history of motion can be created 
for each target, allowing the detection of both linear and 
non-linear motion. PSInSAR measures ground movement 
with millimetre accuracy. Persistent Scatterer 
Interferometry (PSI) is more suitable than the DInSAR 
time series for identifying most stable scattering pixels 
where pixel properties do not vary with time and look angle, 
in a stack of SAR images than DInSAR time series process 
[11]. PSI allows individual point targets’ temporal analysis 
of the interferometric phase. PSI technique provides better 
accuracy for the measurement of the surface target 
displacement than the DInSAR process [9], [12]. PSI also 
reduces the consequence of phase path delay which occurs 
during SAR image acquisition as a result of atmospheric 
heterogeneity [13]. Phase unwrapping process in PSInSAR 
technique is very important to accurately determine ground 
movement. Also, PSI has limited capability for the 
detection of high movement rate of displacement [14]. 
However, PSInSAR combines with DInSAR time series 
process allow the detection of high rate of linear and non-
linear deformations [15]. 

 
The minimum displacement detection in PSI technique 

depends on the spatial density of the scatterers; the 
temporal resolution and the wavelength of SAR signal. To 
accomplish millimetre level precision of land displacement 
measurement in PSInSAR technique, greater than SAR 
pairs are required to generate a sufficient number of 
interferogram. Moreover, real-time monitoring is not 
possible in PSI technique[14]. 
 
Various Polarimetric parameters can be extracted using 
PolSAR data like SPAN detector, H/A/alpha, polarimetric 
correlation coefficient, etc. which could be used to 
highlight the metallic objects like Heavy Earth Moving 
Machineries (HEMM) from opencast mines for tracking 
the active mining faces & its dynamics in and around 
opencast mines[16] [17].  
 
The objectives of this project is time series analysis by 
DInSAR for monitoring of linear and non-linear motions 
for characterization of subsidence due to underground 
mining and/or coal fire and identification of active mining 
faces & its dynamics in opencast mines using PolSAR data 
 
 
 
 

2. STUDY AREA AND DATA USED 
Study area 
The study area, chosen for analyzing surface deformation 
occurring in ‘Jharia coal field’ situated in Dhanbad, in the 
state of Jharkhand. The Jharia coal field is located in the 
Damodar River Valley, and covers 447 km2 area. The coal 
field is situated between 23°40'00'' to 23°50'00'' N latitude 
and 86°10'00'' to 86°30'00'' E longitude. These coal mines 
which are the largest coal producer of bituminous coal in 
India are consisting of total twenty three underground and 
nine open cast mines. Dhanbad which is known as the 
“Coal Capital of India” is the major city situated in the 
study area. Surrounding townships of Dhanbad in the north 
are Maheshpur, Katrasgarh, in the east, Jharia, Dobari and 
Bokaro steel city. Also surrounded by Damodar river in the 
south [18].  
 

 
Fig.1 Location map of study area, Jharia Coal Field 
Dhanbad, Jharkhand. 
 
Datasets used 
In this project, ALOS PALSAR-2, Fine mode Dual (FBD) 
polarization Level 1.1 single-look Complex (SLC) time 
series SAR data (Table 1 and 2) is used for advanced 
DInSAR processing  for deformation monitoring [19]. 

Table 1. Description of used dataset used 

Specification  ALOS PALSAR-2 
Sensor Mode FBD 
Wavelength L-band, 23.5 cm  

Scene width (km) 70 

Polarization HH 

Interferometric wide-swath mode 70 km swath 
Date 2016-2019 
Range and Azimuth resolution 9.1x5.3m 

Pass Ascending 
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Table 2 List of ALOS PALSAR-2 data used for the 
PSInSAR analysis of the study area, the master scene 

(highlighted) 

№ Mission Produc
t Date 

Perpendicul
ar 

Baseline 

Tempor
al 

Baseline 
1  

 
 
 
 
 
ALOS 
PALSAR
-2 

 
 
 
 
 
 
 
SLC  

2014.10.0
4 

-389.12 728.00 

2 2015.02.2
1 

336.75 588.00 

3 2015.10.0
3 

-111.60 364.00 

4 2016.02.2
0 

216.73 364.00 

5 2016.10.0
1 

221.05 140.00 

6 2017.02.1
8 

0.00 0.00 

7 2017.09.3
0 

229.17 -224.00 

8 2018.02.0
3 

25.41 -350.00 

9 2018.03.0
3 

55.83 -378.00 

1
0 

20190119 118.70 -700.00 

1
1 

20190302 22.63 -742.00 

 
 

3. METHODOLOGY 
 
This study involves time series SAR data processing using 
L band SAR datasets for monitoring land deformation 
using advanced Differential Interferometric Synthetic 
Aperture Radar (DInSAR) algorithm referred as Persistent 
Scatterer (PS) InSAR technique. The advantage of using 
PSInSAR is that, it deals with both the decorrelation and 
atmospheric delay errors of conventional InSAR and 
provide the deformation history with subcentimeter 
accuracy[8], [15]. 
  

 
 

Fig. 4: Flowchart for PSInSAR processing using Time 
Series SAR data 

 
Baseline estimation  

The baseline is the distance, in three-dimensional 
space, between the satellite positions at different 
acquisitions ‘distance between two SAR platform’. The 
distance between the satellite location at the second 
acquisition and a point along the range direction of the 
satellite at the first acquisition is perpendicular baseline. 
Baseline estimation is required to understand the exact 
location of the satellite along its orbital path each time it 
acquires radar data over the targeted swath. On the other 
hand the baseline estimation also important because if the 
perpendicular baseline between a master image and any 
slave image is larger than the critical baseline, then there 
will be loss of coherence between the pair and, therefore, a 
loss of InSAR capabilities [15].     

 

Co-registration  

Co-registration is one of the essential step of 
spatial alignment of multiple SAR images geographically, 
Image pixels with similar coordinates are referenced to one 
another. For InSAR processing, two or more SAR images 
must be coregistered with each other to sub-pixel accuracy. 
One of the image is selected as the master image and the 
other SAR images are treated as the slave images[20]. 

 
PSInSAR processing begins with the co-

registration of all slave images with the master image in the 
interferometric stack. In order to superimpose the pixels of 
each image in slant-range geometry co-registration takes 
care of any translational, rotational, or scaling differences 
between the stack of SAR images. To co-register the stack 
of SAR images a Digital Elevation Model (DEM) is also 
required [21]. 
 
Generation of Interferogram 
 

The interferogram is generated by cross 
multiplication of master image with the complex conjugate 
of the slave image. The amplitude of both SAR scenes is 
multiplied and the phase represents the difference in phase 
between the two SAR images. After co-registeration the 
interferograms were generated by computing the hermitian 
product of master and slave images. 
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Interferometric fringes normally represents a 2π cycle, 
whereas fringes appear as cycles of arbitrary colours, and 
every cycle represents half the sensor’s wavelength.  
Relative surface movement between two points can be 
computed by counting the fringes and by multiplication 
with half of the wavelength. The closer the fringes, larger 
is the strain on the surface[20] [23]. 

The interferometric phase of each SAR scene pixel 
depends on the difference in the travel paths from the two 
SAR images. The variation in interferometric phase “Δϕ” 
is directly proportional to the range difference ΔR and 
divided by the wavelength λ. 

 

 
 
The generated interferograms indicated the phase 

difference between co-registered master and slave SAR 
scenes. The difference in the phase is due to the topography 
and is seen in the form of interferogram fringes. 
 

Five different sources contributes in the phase 
difference which are:  

 

• Δϕflat   Phase contribution due to the earth 
curvature also called as flat earth phase.  

• Δϕelevation Phase contribution due to topography.   
• Δϕdisplacement Phase contribution due to surface 

deformation  
• Δϕatmosphere  Phase contribution due to 

atmospheric noise. This got introduced due to the 
atmospheric pressure, temperature, and humidity 
change between the two acquisitions.  

• Δϕnoise  Phase contribution due to noise by 
scatterers, temporal change, different look angle 
and volume scattering. 
  

InSAR processing, tries to eliminate other sources of 
error to be left with only the contributor of interest which 

is typically the elevation or the displacement. During the 
formation of interferogram first step is to remove the flat 
Earth phase which is due to the curvature of the earth 
surface. This phase is estimated using the orbital 
information and subtracted from the interferogram [22].  

 
Coherence estimation 
 
The coherence (γ) between two co-registered master 

and slave SAR images is defined as the absolute value of 
the normalized complex cross correlation between the two 
SAR signals: 

 
Where,        N = no. of pixels in the N-sample  
                                 moving window                                       

     P1 = complex Master SAR image                                       
     P2  = complex Slave SAR image                                        
     P*

2 = complex conjugate of slave SAR  
                  image  

 
The coherence value ranges between 0 (incoherence 

or noise) and 1 (completely coherent signal). It is a function 
of systematic spatial decorrelation, natural image 
decorrelation and additive noise. Therefore, pixels which 
is highly coherent will have nominal decorrelation and 
nominal noise. The two major purposes of coherence data 
are: 
• Determining the quality of the interferometric phase 

measurement. InSAR pairs with low coherence 
cannot be used for deriving reliable phase 
measurements.  

• To extract thematic information related to surface 
features and their temporal changes.   

The purpose of adaptive filtering is to eliminate the 
pixels that display low coherence or high noise from the 
generated interferogram. The coherence threshold is 
directly used in adaptive filtering, and is a user-defined 
variable. [24] 

 
The coherence image shows how similar each pixel is 

between the master and slave images in a scale ranging 
from 0 to 1. Highly coherent areas will appear bright and 
areas with poor coherence values will appear dark. In the 
coherence image, vegetation is normally shown as with 
poor coherence values and buildings with very high 
coherence.  
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  Topographic phase removal  
 
The Interferogram needs to be flattened for removing 

the topographic phase. This can be done by simulating an 
interferogram based on a reference DEM and needs to be 
subtracted from processed interferogram. Generation of 
Flattened interferogram via DEM excludes the topography. 
The number of fringes in the final interferogram is reduced 
and now excludes local topographic information. 

The flattened interferogram with fringes are only 
related to changes in elevation along with surface 
displacement atmosphere and noise. In this step, the phase 
due topography is removed from the residual phasev [25] . 

The phase corrected for the Earth curvature effect is 
given by: 

 
 

Phase Unwrapping 
  
Phase unwrapping process resolves 2π ambiguity of 

the SLC phase data and wrapped phase values are 
translated to absolute phase values. SAR receiver, records 
the phase as a function of location along the wavelength 
and phase ranges from 0 to 2π. Once the phase reaches a 
value of 2π, it then automatically resets to 0. Phase 
unwrapping is required to create an absolute, continuous 
phase signature by reconstructing the wrapped phase into a 
continuous phase ramp. The absolute phase are used to 
calculate the change in distance between satellite and 
pixels of the imaged area. 

The interferometric phase in the interferogram is 
ambiguous and within 2π. The phase must be unwrapped 
to relate the interferometric phase to topographic height. 
The altitude of ambiguity “ha” is defined as the difference 
in altitude which generates an interferometric phase change 
of 2π after flattening of interferogram[25]. 

 
 
 
Phase unwrapping unravels the ambiguity by 

integrating difference in phase between neighbouring 
pixels. The variation in phase between two points on the 
flattened interferogram provides accurate measurement of 

the actual variation in altitude, after deleting the integer no. 
of altitudes of ambiguity. 

The quality and reliability of unwrapped phase is 
dependent on the input coherence. The results are reliable 
only in areas with high coherence [20].  
 

Phase filtering 
 
Phase Filtering is required as interferometric phase are 

affected by noise due to temporal decorrelation, geometric 
decorrelation, volume scattering and processing error. 
Many scatterers present per resolution cell and their 
temporal changes introduces phase noise. The interference 
pattern is lost, when there is loss of coherence. The signal-
to-noise ratio needs to be better by filtering the phase for 
proper phase unwrapping. The ultimate objective of 
interferogram filtering is phase noise reduction which 
makes the phase unwrapping simple, robust and 
efficient[20], [25] . 
 
Identification & selection of Persistent scatterers 
 

PSInSAR is an interferometric stacking technique 
which measures small ground deformations for a long 
period of time[28]. The PSInSAR procedure involves 
almost all the InSAR processing steps, but the results 
differs due to the fundamental purpose of PSInSAR: 
• This technique searches consistently coherent 

features in the study area throughout the image stack. 
Surface feature which is relatively stable (no spatial 
or temporal decorrelation) are consistently coherent.  

• This can be combined with a backscattering 
mechanism which has high-amplitude radar returns 
(e.g., single or double bounce).  
Earth surface features which fulfil these criteria are 

normally man-made features, like buildings, bridges, roads, 
and dams etc. and some natural features which lack 
vegetation like rock outcrops or cliff faces. These features 
which yield high radar returns consistently are called as 
Persistent Scatterers (PS) and they are the only points with 
surface displacement information in the result – all other 
non-PS pixels, which do not qualify, are discarded and 
provide no output information[10] . 

 
Atmospheric phase screen estimation & its 

correction 
 
The Earth’s atmosphere is a mixture of many gases 

with its own physical properties and containing fine 
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suspended particles. The atmosphere has different layers 
namely troposphere, stratosphere, mesosphere, 
thermosphere and exosphere and among them, troposphere 
and ionosphere are main cause of delay in SAR signal. The 
SAR wave passes twice to these atmospheric layers which 
have varying refractive indices and cause propagation 
delays which results into excess path length [29]. After 
PS’s selection in PSInSAR processing it estimates and 
correct the troposphere and ionosphere induced range 
errors. The delay in tropospheric phase which is causing 
APS was removed for each image which got obtained 
during the SAR acquisition time. The atmospheric changes 
which caused phase delay were analysed and its estimation 
is based on the variation in the residual phase between the 
connected PS candidates. 

 
After calculation and subtraction of the APS for every 

acquisition, the success rate of unwrapping increases The 
APS  has  been  estimated  with  the  Persistent  Scatterers  
technique    using   ALOS-2 PALSAR time series SAR  
data  in  Jharia coal field. Master atmosphere and orbit error 
phase is computed at the same time. [28].  

 
Persistent scatterer coherence map generation 
 
The phase noise can be computed from the InSAR 

pair with the help of the local coherence γ. The γ is the 
cross-correlation coefficient of the InSAR pair computed 
on a moving window of few pixels in range and azimuth, 
after all the deterministic phase components due to the 
terrain elevation are corrected. As a first approximation, 
the deterministic phase components in a small window are 
linear, both in slant-range and azimuth direction. This can 
be estimated from the interferogram using the frequency 
detection of complex sinusoids in noise. 

 
The coherence image of the data is then generated by 

calculating the absolute value of γ on a moving window 
which covers the complete SAR image. 

 
The amount of correlation between the PSCs in different 
interferograms were estimated in the process of 
identification of PS candidates and removal of the APS 
error. PS coherence map was produced by analysing the 
images over different time periods. The coherence value 0 
indicates that interferometric phase is just noise whereas 1 
indicates absence of phase noise. 
 

The relationship between the coherence and 
interferometric phase dispersion can be found using 
complicated mathematical computation[9]. 

 
Generation of cumulative displacement map and 
monitoring deformation history 

 
Deformation velocity estimation for cumulative 

displacement map is the final step for generating 
deformation map. This process consists of computation of 
deformation velocity from the time series data. The final 
result is a deformation map, deformation velocity, and the 
deformation accumulated at each acquisition time. The 
deformations estimated are in the direction of satellite LOS. 
The aim of monitoring deformation induced due to mining: 

• measurement to derive subsidence parameters, which 
can further be related to causing damage for buildings, 
roads, bridges, railways and other manmade features 
and landforms. 

• To provide information for planning and designing 
future mine layout for subsidence mitigation[21]. 

 
Processing of PolSAR data 
 
In order to monitor active mining faces fully polarimetric 
data is used and various polarimetric parameters were 
derived 

 

 

 

 

 

 

 

 

 

 

 

Fig. 5: Flowchart for PolSAR processing 
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Coherency Matrix generation 

The PolSAR data contains all the four polarization as 
scattering matrix and its polarization state changes when it 
gets interacted with the target features. These backscatter 
responses from each of the polarization channels are stored 
in a scattering matrix. 

[𝑆𝑆]= �𝑆𝑆𝐻𝐻𝐻𝐻 𝑆𝑆𝐻𝐻𝐻𝐻
𝑆𝑆𝐻𝐻𝐻𝐻 𝑆𝑆𝐻𝐻𝐻𝐻

� 

where, 

SHH = Backscatter response from HH Polarization channel 
SHV = Backscatter response from HV Polarization channel 
SVH = Backscatter response from HV Polarization channel 
SVV = Backscatter response from HV Polarization channel 
 

The above matrix gives information only about the clear 
targets. But the earth surface has more complex structures 
and targets where the information provided by the 
scattering matrix is not enough. Therefore, the second 
order statistics is calculated by making use of the 
vectorized form of the scattering matrix S. This is known 
as the coherency matrix. Pauli’s vectorized form of 
scattering matrix is given by, 

𝐾𝐾𝑝𝑝 =
1
√2

𝑆𝑆𝐻𝐻𝐻𝐻 + 𝑆𝑆𝐻𝐻𝐻𝐻
𝑆𝑆𝐻𝐻𝐻𝐻 − 𝑆𝑆𝐻𝐻𝐻𝐻

2𝑆𝑆𝐻𝐻𝐻𝐻
 

The dot product of this Pauli vector with its transpose, form 
the coherency matrix and was converted from SLC to 
multilook image to turn the data from slant to ground range 
resolution[31]. The coherency matrix is given  as, 

〈[𝑇𝑇]〉 =
 〈𝐾𝐾𝑝𝑝𝐾𝐾𝑃𝑃

† 〉=

�〈(
〈|𝑆𝑆𝐻𝐻𝐻𝐻   + 𝑆𝑆𝐻𝐻𝐻𝐻|2〉 〈(𝑆𝑆𝐻𝐻𝐻𝐻 + 𝑆𝑆𝐻𝐻𝐻𝐻)𝑆𝑆𝐻𝐻𝐻𝐻 − 𝑆𝑆𝐻𝐻𝐻𝐻)〉 2〈(𝑆𝑆𝐻𝐻𝐻𝐻 + 𝑆𝑆𝐻𝐻𝐻𝐻)𝑆𝑆𝐻𝐻𝐻𝐻〉

𝑆𝑆𝐻𝐻𝐻𝐻 − 𝑆𝑆𝐻𝐻𝐻𝐻)𝑆𝑆𝐻𝐻𝐻𝐻 + 𝑆𝑆𝐻𝐻𝐻𝐻)〉 〈|𝑆𝑆𝐻𝐻𝐻𝐻    − 𝑆𝑆𝐻𝐻𝐻𝐻|2〉 2〈(𝑆𝑆𝐻𝐻𝐻𝐻 − 𝑆𝑆𝐻𝐻𝐻𝐻)𝑆𝑆𝐻𝐻𝐻𝐻〉
2〈𝑆𝑆𝐻𝐻𝐻𝐻(𝑆𝑆𝐻𝐻𝐻𝐻 + 𝑆𝑆𝐻𝐻𝐻𝐻)〉 2〈𝑆𝑆𝐻𝐻𝐻𝐻(𝑆𝑆𝐻𝐻𝐻𝐻 − 𝑆𝑆𝐻𝐻𝐻𝐻)〉 4〈|𝑆𝑆𝐻𝐻𝐻𝐻|2〉

� 

Where † represents the conjugate and the transpose and ˂˃ 
represents the averaging over the whole data. The sum of 
the diagonal elements gives the total backscatter intensity 
values called as span.   

Span= 〈|𝑆𝑆𝐻𝐻𝐻𝐻   + 𝑆𝑆𝐻𝐻𝐻𝐻|2〉 + 〈|𝑆𝑆𝐻𝐻𝐻𝐻    − 𝑆𝑆𝐻𝐻𝐻𝐻|2〉 +
4〈|𝑆𝑆𝐻𝐻𝐻𝐻|2〉 

The SLC to MLC conversion is given as,Slant range 
resolution to Ground resolution= 𝐶𝐶 𝜏𝜏 /2(1/𝑠𝑠𝑠𝑠𝑠𝑠 𝜗𝜗) 

where,  C τ /2 = Pixel spacing in range direction and 

  Sin ϑ = Incidence Angle 

Various speckle filters namely the Gamma, box car filters 
Lee refined filter and Lee sigma filter were applied to 
reduce the speckles. It was observed that the Lee Refined 
filter with a window size of 3 provided a good result in 
terms of reduced smoothening of the image.  

Eigenvalues and Eigenvectors decomposition 

According to the H/A/α decomposition [8] [9], the 3x3 
Hermitian Matrix < [𝑇𝑇] > can be decomposed as follows: 
Where ∞ >𝜆𝜆1>𝜆𝜆2>𝜆𝜆3> 0 are its real Eigen values and [𝑈𝑈3] 
is a unitary matrix and their columns correspond to the 
eigenvectors 𝑢𝑢1 ,𝑢𝑢2 and 𝑢𝑢3 of [T]. 
The eigenvectors 𝑢𝑢𝑖𝑖 for i=1, 2, 3 of [T] can be given as 
follows: 
𝑢𝑢𝑖𝑖 = [ cos𝛼𝛼𝑖𝑖 sin𝛼𝛼𝑖𝑖 cos𝛽𝛽𝑖𝑖 𝑒𝑒𝑗𝑗𝛿𝛿𝑖𝑖 sin𝛼𝛼𝑖𝑖 cos𝛽𝛽𝑖𝑖 𝑒𝑒𝑗𝑗𝛾𝛾𝑖𝑖  ], 

where 
𝛼𝛼𝑖𝑖 : The arc cosine of the 1st element of the 𝑠𝑠𝑡𝑡ℎ 

eigenvector,  
𝛽𝛽𝑖𝑖 : The arc cosine of the ratio between the 
modulus of the second element of the 𝑠𝑠𝑡𝑡ℎ   
eigenvector andsin𝛼𝛼𝑖𝑖 ,  
𝛿𝛿𝑖𝑖 : The argument of the 2nd  element of the 𝑠𝑠𝑡𝑡ℎ 

eigenvector  
 𝛾𝛾𝑖𝑖 : The argument of the 3rd  element of the 𝑠𝑠𝑡𝑡ℎ 
eigenvector 
Thus the coherence matrix [T] can be decomposed into a 
sum of 3 coherence matrices [𝑇𝑇𝑛𝑛], each weighted by its 
corresponding eigenvalue λn: 

[𝑇𝑇] =  �𝜆𝜆𝑛𝑛[𝑇𝑇𝑛𝑛] =  𝜆𝜆1(𝑢𝑢1𝑢𝑢1∗) +  𝜆𝜆2(𝑢𝑢2𝑢𝑢2∗)

+ 𝜆𝜆3(𝑢𝑢3𝑢𝑢3∗) 
It is seen that Eigenvalue 𝜆𝜆1 shows a high reflective value 
for metallic features, while 𝜆𝜆3 shows the least value for 
metallic features. 
H/A/α Decomposition 
H/A/α [5] stand for Entropy (H), Anisotropy (A), and 
Alpha (α). Entropy (H) be calculated from the coherency 
matrix as: 

𝑝𝑝𝑖𝑖 =  
𝜆𝜆1

∑ 𝜆𝜆𝑘𝑘3
𝑘𝑘=1

 

   𝐻𝐻 =  −  �𝑝𝑝𝑖𝑖 log (𝑝𝑝𝑖𝑖)
3

𝑖𝑖=1

 

 

< [𝑇𝑇] > = [𝑈𝑈3] �
𝜆𝜆1 0 0
0 𝜆𝜆2 0
0 0 𝜆𝜆3

� [𝑈𝑈3]∗) 

1082



 
 

Where, the values of 𝑝𝑝𝑖𝑖  may be referred as the relative 
intensity of the 𝑠𝑠𝑡𝑡ℎ scattering process. 
H varies between 0 and 1;  
where: 
H = 0 is  the randomness in the pixel is 0 meaning pure 
target, 
H = 1 indicates that the received wave from this pixel is 
distributed, meaning a mixed target. 
Alpha (α) is derived from the eigenvector decomposition. 
It identifies the type of scattering mechanism:  

𝛼𝛼 =  �𝑝𝑝𝑖𝑖𝛼𝛼𝑖𝑖

3

𝑖𝑖=1

 

 where, 𝛼𝛼𝑖𝑖 is the alpha angle corresponding to the  𝑢𝑢𝑖𝑖 
eigenvector. 
α varies between 0∘ and90∘, where: 

• If α = 0∘, denotes a single bounce produced by a 
rough surface 

• If α = 45∘, denotes that the scattering mechanism 
is volume scattering 

Anisotropy (A) is the complementary parameter of 
entropy. It is added to extend the classification capability. 
It is a relative measure of the second and third eigenvalues 
of the eigenvalue decomposition 

𝐴𝐴 =  
𝜆𝜆2 −  𝜆𝜆3
𝜆𝜆2 + 𝜆𝜆3

 

It is employed as a source of discrimination only when H 
is greater than 0.7 
A varies between 0 and 1, where:  

• A = 0 represents one dominant 
scattering process 

• A = 1 represents multiple scattering 
process 
 

Polarimetric Correlation Coefficient 
Polarimetric Correlation Coefficient(P.C.C) is the measure 
of correlation between the two co-polarized channels in 
polarimetric radar. 
The co-polarization channels are often HH and VV. The 
correlation coefficient is complex and is computed as the 
average of the product between the complex amplitude of 
the HH channel and the conjugate of the complex 
amplitude of the VV channel. It is normalized by the square 
root of the product of the powers in the HH and VV 
channels[31]. 

𝛾𝛾 =  
< 𝑆𝑆𝐻𝐻𝐻𝐻𝑆𝑆𝐻𝐻𝐻𝐻∗ >

�|𝑆𝑆𝐻𝐻𝐻𝐻|2|𝑆𝑆𝐻𝐻𝐻𝐻|2
 

 

MCSM Decomposition 

Multiple component scattering model decomposition was 
proposed by [32]. It is an extension of  the yamaguchi four 
component scattering model. Here, the fifth component 
known as the wire scattering is added to it. The wire 
scateering is very much prominent in urban areas. In the 
urban areas, the wire scattering is observed by the the 
canonical structures, walls, vertical buildings, etc. The total 
backscatter value is considered as the contribution of the 
five types of scattering mechanisms namely the Double 
bounce, Volume, Helix, Surface and Wire scattering. 
These scatterings depend on the scattering behaviour of the 
scatterers based on their orientation, shape, surface 
roughness, geometrical structure, etc. [32] explained that 
the MCSM decomposition as the linear combination of five 
scattering mechanisms which describes the total received 
backscatter.  

Below description of the MCSM model is based on the 
work of [31]. 

The total coherency matrix of MCSM decomposition is 
given as, 

[𝑇𝑇] =  𝑓𝑓𝑠𝑠[𝑇𝑇𝑠𝑠] + 𝑓𝑓𝑑𝑑[𝑇𝑇𝑑𝑑] + 𝑓𝑓𝑣𝑣[𝑇𝑇𝑣𝑣] + 𝑓𝑓ℎ[𝑇𝑇ℎ] + 𝑓𝑓𝑤𝑤[𝑇𝑇𝑤𝑤] 

[T] = Total Coherency Matrix 

[Ts], [Td], [Tv], [Th] and [Tw] are the coherency matrices of 
the individual scattering components and fs, fd, fv, fh, fware 
the expansion coefficients of individual scattering 
components. The individual matrix elements of Surface, 
Volume, Helix, double bounce and wire scattering 
components are explained below. 

Surface Scattering 

The Surface scattering is prominent in the slightly rough 
surface regions where the cross polarization is negligible. 
For example, the road features, water bodies, barren land 
are the surface scatterers.  The coherency matrix of the 
surface scattering is given as, 
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〈[𝑇𝑇𝑠𝑠]〉 =  �
1 𝛽𝛽∗ 0
𝛽𝛽 |𝛽𝛽|2 0
0 0 0

� ,𝑤𝑤ℎ𝑒𝑒𝑒𝑒𝑒𝑒 𝛽𝛽 =  𝑅𝑅𝐻𝐻−𝑅𝑅𝑉𝑉
𝑅𝑅𝐻𝐻+𝑅𝑅𝑉𝑉

  𝑎𝑎𝑠𝑠𝑎𝑎 |𝛽𝛽| < 1

  

Where RH and RV are the Fresnel reflection coefficients 

Double bounce Scattering 

This type of scattering is displayed in the urban region 
where there are dihedral structures and also by the ground 
tree trunk. The coherency matrix is given S,

where RTH, RTV, RGV, RGH reflection coefficients of ground 
and tree trunk surface for horizontal and vertical 
polarization. According to [33], this particular model is 
generalized by adding the propagation factors as shown in 
the equation to represent any propagation attenuation and 
any phase change effects. 

Volume Scattering 

This type of scattering corresponds to the multiple 
scatterers for example the dense forest canopy. The 
coherency matrix is given as,   

 [𝑇𝑇𝐻𝐻] =  �
2 0 0
0 1 0
0 0 0

� 

Helix Scattering 

This type of scattering is prominent in the urban regions 
where there are complex man-made structures [32]. A left 
handed and a right handed circular polarization are 
generated by a helix target. The corresponding coherency 
matrix is given by, 

[𝑇𝑇ℎ] =  
1
2
�
0 0 0
0 1 ±𝑗𝑗
0 ±𝑗𝑗 1

� 

Wire Scattering 

The thin canonical structures and the edges of the buildings 
contribute to the wire scattering [32].  
   

[𝑆𝑆𝑤𝑤] = �
𝛾𝛾 𝜌𝜌
𝜌𝜌 1�, Where γ = 𝑆𝑆𝐻𝐻𝐻𝐻

𝑆𝑆𝑉𝑉𝑉𝑉
,𝜌𝜌 =  𝑆𝑆𝐻𝐻𝐻𝐻

𝑆𝑆𝑉𝑉𝑉𝑉
 

The coherency matrix is given by,    

〈[𝑇𝑇𝑤𝑤]〉 = 

1
2 
�

|𝛾𝛾 + 1|2 (𝛾𝛾 + 1)(𝛾𝛾 − 1)∗ 2(𝛾𝛾 + 1)𝜌𝜌∗

(𝛾𝛾 − 1)(𝛾𝛾 + 1)∗ |𝛾𝛾 − 1|2 2(𝛾𝛾 − 1)𝜌𝜌∗

2(𝛾𝛾 + 1)∗𝜌𝜌 2𝜌𝜌(𝛾𝛾 − 1)∗ 4|𝜌𝜌|2
� 

From the above obtained coherency matrices of the 
individual scattering elements the total coherency matrix of 
the MCSM decomposition is given as, 

 

The individual scattering powers of the five scattering 
elements are obtained as follows, 

𝑃𝑃𝑠𝑠= 𝑓𝑓𝑠𝑠(1 + |𝛽𝛽|2) 

𝑃𝑃𝑑𝑑= 𝑓𝑓𝑑𝑑(1 + |𝛼𝛼|2) 

𝑃𝑃𝑣𝑣 = 𝑓𝑓𝑣𝑣 

𝑃𝑃ℎ = 𝑓𝑓ℎ 

𝑃𝑃𝑤𝑤 = 𝑓𝑓𝑤𝑤(1 + |𝛾𝛾|2 + 2|𝜌𝜌|2 

The expansion coefficients present above in the equations 
can be obtained as follows, 

From T23 element we get, 

𝑓𝑓ℎ=2 𝑙𝑙𝑙𝑙(𝑇𝑇23) 

and            𝑓𝑓𝑤𝑤 =  𝑅𝑅𝑅𝑅(𝑇𝑇23)
(𝛾𝛾−1)𝜌𝜌∗

 

Therefore              𝑃𝑃ℎ = 𝑓𝑓ℎ 

and                            𝑃𝑃𝑤𝑤 = 𝑅𝑅𝑅𝑅(𝑇𝑇23)
(𝛾𝛾−1)𝜌𝜌∗

(1 − |𝛾𝛾|2 + 2|𝜌𝜌|2) 

The volume component is determined based on the 
copolarized components namely the HH and VV.  

 10 𝑙𝑙𝑙𝑙𝑙𝑙 �〈|𝑆𝑆𝑉𝑉𝑉𝑉|2〉
〈|𝑆𝑆𝐻𝐻𝐻𝐻|2〉

� = 10 𝑙𝑙𝑙𝑙𝑙𝑙 �𝑇𝑇11+𝑇𝑇22−2𝑅𝑅𝑅𝑅(𝑇𝑇12)
𝑇𝑇11+𝑇𝑇22+2𝑅𝑅𝑅𝑅(𝑇𝑇12)

� 

𝐹𝐹𝑙𝑙𝑒𝑒 10 log (〈|𝑆𝑆𝐻𝐻𝐻𝐻|2〉/〈|𝑆𝑆𝐻𝐻𝐻𝐻|2〉) <  −2𝑎𝑎𝑑𝑑, 

 〈|𝑇𝑇𝐻𝐻|〉 = 1
30
�
15 5 0
5 7 0
0 0 8

� 
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𝐹𝐹𝑙𝑙𝑒𝑒 − 2𝑎𝑎𝑑𝑑 <  10 log (〈|𝑆𝑆𝐻𝐻𝐻𝐻|2〉/〈|𝑆𝑆𝐻𝐻𝐻𝐻|2〉) <  2𝑎𝑎𝑑𝑑 , 

                              〈|𝑇𝑇𝐻𝐻|〉 = 1
4
�
12 0 0
0 1 0
0 0 1

� 

𝐹𝐹𝑙𝑙𝑒𝑒 10 log (〈|𝑆𝑆𝐻𝐻𝐻𝐻|2〉/〈|𝑆𝑆𝐻𝐻𝐻𝐻|2〉) >  2𝑎𝑎𝑑𝑑,  

〈|𝑇𝑇𝐻𝐻|〉 =
1

30
�

15 −5 0
−5 7 0
0 0 8

� 

Based on the coherency matrix of the volume scattering 
component the power of volume scattering is obtained as, 

  𝑃𝑃𝑣𝑣 = 4𝑇𝑇33 − 2𝑃𝑃ℎ − 8𝑓𝑓𝑤𝑤|𝜌𝜌|2   𝑙𝑙𝑒𝑒 𝑃𝑃𝑣𝑣 =
15
4
𝑇𝑇33 −

15
8
𝑃𝑃ℎ −

15
2
𝑓𝑓𝑤𝑤|𝜌𝜌|2 

The equations containing the coefficient for surface and 
double bounce scattering is given as, 

 𝑆𝑆 =  𝑓𝑓𝑠𝑠+  𝑓𝑓𝑑𝑑|𝛼𝛼|2 = 𝑇𝑇11 −
𝑃𝑃𝑣𝑣
2
− 𝑓𝑓𝑤𝑤

2
|𝛾𝛾 + 1|2 

𝐷𝐷 =  𝑓𝑓𝑑𝑑|𝛽𝛽|2 + 𝑓𝑓𝑑𝑑 = 𝑇𝑇22 − 𝑇𝑇33 −
𝑓𝑓𝑤𝑤
2

(|𝛾𝛾 − 1|2

− 4|𝛾𝛾 + 1|2) 

𝐶𝐶 =  𝑓𝑓𝑠𝑠𝛽𝛽∗ + 𝑓𝑓𝑑𝑑𝛼𝛼 = 𝑇𝑇12 −
𝑓𝑓𝑤𝑤
2

(𝛾𝛾 + 1)(𝛾𝛾 − 1)∗ 

Based on the sign of   Re〈𝑆𝑆𝐻𝐻𝐻𝐻𝑆𝑆∗𝐻𝐻𝐻𝐻〉  the surface and double 
bounce scattering is estimated. In terms of coherency 
matrix elements, the Re〈𝑆𝑆𝐻𝐻𝐻𝐻𝑆𝑆∗𝐻𝐻𝐻𝐻〉   term is estimates as 
follows,  

𝐶𝐶0 =  𝑇𝑇11 +  𝑇𝑇22 +  𝑇𝑇33 + 𝑃𝑃ℎ 

If there is a dominance of surface scattering.  Then 
Re〈𝑆𝑆𝐻𝐻𝐻𝐻𝑆𝑆∗𝐻𝐻𝐻𝐻〉> 0    i.e. 𝐶𝐶0 > 0 . In this case, the double 
bounce scattering is negligible. The surface and double 
bounce scattering power is given as, 

 𝑃𝑃𝑠𝑠 = 𝑓𝑓𝑠𝑠(1 + |𝛽𝛽|2) = 𝑆𝑆 + |𝐶𝐶|2

𝐷𝐷
 

𝑃𝑃𝑑𝑑 = 𝑓𝑓𝑑𝑑(1 + |𝛼𝛼|2) = 𝐷𝐷 −
|𝐶𝐶|2

𝐷𝐷
 

If  Re〈𝑆𝑆𝐻𝐻𝐻𝐻𝑆𝑆∗𝐻𝐻𝐻𝐻 〉< 0    the 𝛽𝛽 = 0  , the double bounce 
scattering is dominant. Then the power of the double 
bounce and the surface scattering is obtained as follows, 

𝑃𝑃𝑠𝑠 = 𝑓𝑓𝑠𝑠(1 + |𝛽𝛽|2) = 𝑆𝑆 −
|𝐶𝐶|2

𝐷𝐷
 

𝑃𝑃𝑑𝑑 = 𝑓𝑓𝑑𝑑(1 + |𝛼𝛼|2) = 𝐷𝐷 +
|𝐶𝐶|2

𝐷𝐷
 

Above are the power of different scattering elements. 
These parameters were extracted for identification of 
active mining faces. 

 
4. RESULS AND DISCUSSION 

 
The results obtained from time series ALOS-2 L-band SAR 
data was shown and discussed in this section. Differential 
interferograms generated and vertical displacement-land 
subsidence maps were prepared from pairs of ALOS-2 
PALSAR data (figure 6). DINSAR based LOS 
displacement rates were determined for the mining 
localities, the deformation fringes were observed at various 
locations. The deformation fringes are very clear and 
prominent in L-band DInSAR (figure 6). 

 
 

Fig. 6 Vertical displacement map using ALOS-2 
PALSAR differential interferograms. 

From differential interferograms generated each year’s 
vertical displacement map (in cm) as shown in ( figure 7-
10). In every year the rate of vertical displacement is 
increasing around the mining area in Jharia coal field 
(Figure 11). 
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Fig. 7: 2016-Vertical displacement map 

 

 
Fig. 8: 2017-Vertical displacement map 

 

 
Fig. 9: 2018-Vertical displacement map 

 
Fig. 10: 2019-Vertical displacement map  

 

 
Fig. 11: Vertical displacement rate using ALOS -2 
PALSAR time series datasets  
 
In this study biggest subsidence fringes were observed in 
and around Joyrampur, East Basuriya, Kujama, Rajapur 
and North and West Tisra minings, their around 
settlements. In the study area, land subsidence rates in 
different mining sites was obtained from cumulative 
displacement map. As per the results the rate of subsidence 
observed in different mining sites varies from a few cm to 
tens of cm per year.  
 

Table-3: Validation with ground observation 

TEST 
SITES 

Spaceborne 
observation 

Ground- based 
observation 

Spaceborne 
observation 

Ground- 
based 
observation 

ALOS-2 
PALSAR L 
band DINSAR, 
Vertical 
displacement 
(cm/year) 

Vertical 
displacement 
rate by 
precision 
levelling 
(cm/year) 

ALOS-2 
PALSAR L 
band PSInSAR, 
Horizontal 
displacement 
(cm/year) 

Horizontal 
displacement 
rate by GPS  
(cm/year) 

East 
Basuriya 19.86177 16.6 8.5 8.9 

Joyrampur 32.47769 33.1 10.5 9.2 

 
The results from spaceborne DInSAR and PSInSAR were 
validated using, Ground-based precision levelling and GPS 
observations in Joyrampur and East Basuriya test sites 
observation Table 3. The observed results from ALOS-2 
Time Series SAR analysis were found similar with the 
ground observations. The rate of land subsidence observed 
in and around mines was almost ± 30 cm/year in the Jharia 
coal field. 
Various polarimetric parameters like SPAN image, 
H/A/alpha, polarimetric correlation coefficient, scattering 
components of multi component scattering decomposition 
etc were extracted. The extracted polarimetric parameters 
were not able to identify the HEMM features as many other 
manmade features were also getting identified in the 
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resultant images. This may happened due to the limited 
resolution of the PolSAR data. The results suggested that 
these can be used for detection and identification of large 
size man made features present in the study area. 
 

5. CONCLUSION 
 

The study was carried out for obtaining cumulative 
displacement map in Jharia coal Field from multi-temporal 
time series L-band SAR data of 2016-2018 using advanced 
DInSAR technique ‘PSInSAR’. Following conclusions are 
made from the obtained results: 

• The highest rate of subsidence were observed in and 
around mining area and their surrounding settlements. 
The rate of land deformation observed was almost ± 
30 cm/year in the Jharia coal field mining area.  

• The deformation fringes are much more clear and 
prominent and the subsidence were well detected in 
the cumulative displacement map obtained from L-
band time series SAR data. 

• The results were validated using the ground 
observations and two mining sites were considered 
for comparison. It can be concluded from the results 
that ALOS-2 L-band time series SAR data for 
accurately monitoring the deformation history of 
those mine induced subsidence.  

• Since PSInSAR approach is using time SAR data it 
can provide cumulative displacement map and rate of 
deformation is more accurate which is up to mm level. 
So, the adopted methodology can be used for 
detection, mapping and monitoring of deformation 
history in the affected coal mining areas where the 
causes of subsidence due to mining.  

• This approach will also help in suitability planning 
and designing of surface characterisation and other 
structural development activities in the mining areas 
and delineate future scene of mining. 

• Information related to the subsiding areas spatial 
extent and subsidence rate can help in identification 
of the deformed areas for recommending probable 
mitigation measures for any further hazards. 

 
The conclusion made for polsar data processing is that all 
extracted polarimetric parameters were not able to identify 
the HEMM features as they are getting confused or mixed 
with manmade structures as well as rock outcrops in the 
resultant images.  
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STUDY OF COMPLEX DECORRELATION PHENOMENA IN L-BAND AND 

DEVELOPMENT OF ADEQUATE PROCESSING METHODOLOGIES IN VIEW 

OF FUTURE SPACEBORNE SYSTEMS 
PI No: P3009002 
Francesco De Zan 

Remote Sensing Technology Institute, DLR, Oberpfaffenhofen, Germany 

1. INTRODUCTION

Several L-band missions are being planned, or are close to 
be launched. Among them there are ALOS-4, ROSE-L and 
NISAR. Tandem-L was also studied in the last years at 
DLR. All of the mentioned missions are capable of repeat-
pass interferometry, and are able to support surface 
deformation products. L-band is particularly attractive for 
such applications for its high coherence. 
As we develop new algorithms, especially for stacks, or 
large collection of acquisitions that cover several years of 
the mission time, we need to better understand the 
performance and characterize the decorrelation 
mechanisms. 
Analyzing L-band data, which are still rather rare today, 
allows us to gain experience and test hypothesis about the 
nature of the decorrelation. This makes it possible to 
predict future product performance and adapt algorithms 
and processing concepts to the behavior of the target. 
Now we understand that decorrelation is also related to 
deterministic phase changes, that coherence can come back 
after a loss. We also understand that short-term 
interferograms tend to be biased because of vegetation 
influence and integration of short temporal baselines, even 
if it might seem the best thing to do in terms of coherence, 
can propagate those biases into long-term velocity biases. 
The work in this collaboration has helped understand these 
issues, along with analysis of C-band data from Sentinel-1, 
which provide very dense time series of acquisitions. 

2. CLOSURE PHASES

Closure phases are the phases of the circular combination 
of interferograms. To be different from zero it is necessary 
that the interferograms are multilooked [1]. An example is 
given in Fig. 1. The Kumamoto earthquake of 2016 is 
imaged in two of three possible pairs. The resulting closure 
phase reveals some strange patterns. Local negative closure 
phases on a background of positive closure phases. We 
have shown, thanks to the work of Natsumi Yokoya, that 
the patterns are related to rainfall events just before one of 
the three acquisitions (see Fig. 2). 

Fig. 1 Closure phases over the region of Kumamoto. 

This has been a first confirmation of previous work on 
soil moisture with airborne datasets [2,3]. We have then 
proceeded with moisture retrieval on a full ALOS-2 
scene. 

Fig. 2 Location of phase inconsistency. 
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Fig. 3 Location of local precipitation from weather 

radar. 

 
 

3. MOISTURE INVERSION 

 

Moisture inversion from closure phases alone is not 
straightforward. The model tends to yield many solutions 
with similar configuration of closure phases. It is a typical 
situation where the inversion is ambiguous. We have 
analyzed first the nature of the ambiguities and we have 
recognized that they appear like a cyclic arrangement. The 
moisture order is preserved among all solutions, but the 
wettest and driest date appear side by side. Therefore, we 
have devised ways of solving this ambiguity. For L-band 
the best solution we found is based on looking at 
coherences together with closure phases [4]. 

 

 
 

Fig. 4 Moisture inversion on the Kumamoto dataset. 

Fig. 4 shows our results on an ALOS-2 dataset (full scene).  
Details are in the corresponding paper [5]. In the same 
work we have realized that the original closure phases 
signal was clearer over forested areas than on grasslands 
and pastures. Indeed, we were surprised to find that the 
moisture inversion worked better on strongly vegetated 
areas. We took this as an indication that closure phases can 
be useful to sense the vegetation water variations. This 

opens up possibilities for future products, provided that the 
observation scenario foresees sufficient temporal 
sampling. 
An independent confirmation that we are sensitive to 
vegetation effects comes for an additional polarimetric 
analysis in which we have examined the closure phases as 
a function of different polarizations. As one can see in Fig. 
5, the close phases are in general more prominent in HV 
than in HH+VV. We have also checked that this 
corresponds to vegetated areas. It seems that forest itself is 
responsible, at least in a number of cases, of the phase 
inconsistency. Excluding pure volumetric-polarimetric 
effects, we can only conclude that the dielectric status of 
trees is the main driver of the effect under examination [6]. 
 

 

Fig. 5 Closure phases over the region of Niigata for 

different polarimetric combinations. 

 
 

4. IMPLICATIONS FOR DEFORMATION 

RETRIEVAL 

 
The presence of closure phase is not only puzzling by itself 
but it can have important consequences on deformation 
retrieval. If the closure phases have a similar behavior in 
time, this produces a bias in the retrieved velocity. This is 
indeed what seems to indicate the analysis of several 
closure phase in an ALOS-2 dataset over Mt-Hakone and 
Mt-Fuji. In the dry season the closure phases take a defined 
and almost constant value over forested areas (Fig. 6).  
 
The effect is very important for L-band and should 
discourage the usage of algorithms based on short-term 
interferograms, which normally attract users’ sympathy 
because of their higher coherence. Unfortunately, the time 
series with ALOS-2 are not really long and we have 
preferred to analyze the effects on C-band, given the 
coverage of Sentinel-1. We have shown that the biases of 
short-day interferograms can be ~10 mm/yr at least in C-
band [7]. We can expect 40+ mm/yr of bias for L-band, 
simply by scaling with the wavelength ratio. 
The effect can be avoided if long-term interferograms are 
included. 

 

 5. CONCLUSION AND RECOMMENDATIONS 

 
ALOS-2 data have helped confirming the nature of phase 
inconsistencies in SAR interferometry. The same effects 
are present in higher frequencies but are less evident and 
more difficult to study. 
Closure phases can be exploited to retrieve moisture 
variations or biomass accumulation in the vegetation. On 
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the other hand, their detrimental effect on long 
interferometric series should be considered in designing 
algorithms for deformation retrieval. 
 

 

 
Fig. 6 Closure phases over the region of Mt. Fuji and 

Mt. Hakone, colorscale +/- 40 deg, 2014-2015, ALOS-2. 
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PALSAR・PALSAR-2 を用いた都市の建物密度・地盤高変化地図の作成 
PI No.3014 
須﨑 純一 1 

1 京都大学工学研究科 
〒615-8540 京都市西京区京都大学桂 

1. 序論

高層建築物の建設に伴う都市空間の高密度化は周

辺地域に急激な変化をもたらし、インフラの整備不

足やヒートアイランド現象などの問題を引き起こす。

このような問題を解決する際、もしくは将来発生す

る地域を予測する際に、都市構造を把握することは

重要である。衛星 SAR 画像は都市構造を比較的安価

に推定できる可能性を秘めているものの、計測され

る反射強度データは建物の方位角に鋭敏に影響を受

けてしまうため、方位角の異なる区画ごとに強度の

バラつきが見られる。筆者らの研究グループでは、

まず多偏波 SAR 画像から都市域を安定的に抽出する

手法を提唱した[1]。引き続き一都市内での相対的な

都市密度推定手法[2]を確立した後に、多都市間で比

較できる絶対都市密度推定手法[3]へ拡張し、世界の

メガシティに適用しその有用性を確認した。

このような都市密度に加えて、都市の環境変化を

把握するために、地盤変動量も重要視されている。

例えばバンコクやジャカルタ等では、地下水のくみ

上げによる地盤沈下が局所的に進行中で、その影響

を評価するために地盤変動二次元分布図を使った解

析事例が報告されている。しかしながら、干渉 SAR
画像と地下水モデルの組合せにはまだ課題が多い。

地下水モデル自体にも課題が多い中で、まずはより

高精度な地盤変動分布図の生成が求められている。

2. 実施内容

本研究では、研究題目に含まれる都市の建物密度

については既に一定の技術が確立できたと考え、地

盤高、地盤変動を推定する技術に焦点を当ててきた。

具体的には、1) 河川堤防の定期点検に代わり得る衛

星 SAR を用いた標高値推定、2) 空港を対象とした衛

星 SAR と global navigation satellite system (GNSS) デー

タの統合に地盤沈下推定時における精度改善の 2 点

に集中的に取り組んだ。以下の節で詳細を説明して

いく。

3. 時系列衛星 SAR 解析による河川堤防の標高値推定

3-1. 背景

近年，インフラストラクチャーの維持管理が問題

となっており，その原因として，対象となるインフ

ラの膨大な数や，少子高齢化による人手不足，公共

事業関係費の不足等が挙げられる．今後より一層深

刻になると考えられ，インフラの維持管理をより効

率的に行う必要がある．本研究では河川堤防に着目

するが，堤防の沈下が進行すると，堤防の越水や決

壊の危険性が高まる．そのため，河川堤防の維持管

理では，堤防天端の標高値の測量が行われる．既存

の測量方法には水準測量，GPS 測量，航空機レーザ

ー測量が存在するが，手間や時間，費用がかかる反

面，観測頻度が少ない点が支障となっている．その

ため，より効率的な河川堤防の監視手法が求められ

ている．

衛星リモートセンシングでは広範囲を定期的に観

測できるため，観測データ数が増えるだけでなく，

結果的に安価に観測できる．マイクロ波を用いる合

成開口レーダ(Synthetic Aperture Radar: SAR)で得られ

る複数時期の観測データにおける位相の変化から，

地表面の変動を算出する差分干渉 SAR (Differential 
Interferometric SAR: DInSAR)という手法が広く普及

している．これを多時期の画像に適用する時系列

SAR 解析では，地表面の変動が理論上数 mm の精度

で推定可能といわれている[4]．本研究では，時系列

SAR 解析を通じて河川堤防の変動量を算出し，既知

の標高値データに変動量を加えて標高値を算出する

手法の有効性を検討した．

3-2. 対象地域及び使用データ

本研究では，円山川の出石川合流部から立野大橋

の間の堤防を対象地域とした．円山川は兵庫県但馬

地方を北に流れ，豊岡盆地を貫流し，日本海に注ぐ

一級河川である．この円山川の地形的特徴としては，

豊岡盆地の大半を含む河口から 16 km 地点までは河

川の勾配が 1/10000 程度と大変緩やかで，河口から

の高低差が 1 m ほどしかない．一方，それより上流

では勾配が 1/500 程度と，かなりの急勾配である．

そのため，山地部で降った大雨が，上流河川に流出
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して急流を一気に下って低平な豊岡盆地で氾濫する

ため，洪水災害が発生しやすい．直近では，2004 年

台風 23 号の豪雨によって，豊岡市内だけで 9353 戸

の浸水被害が発生した[5]. 
 本研究では， 2015 年 6 月から 2018 年 3 月にかけ

て ALOS2/PARSAR2 によって上昇軌道で撮影された

SAR 画像 21 枚，下降軌道で撮影された SAR 画像 24
枚を用いた．時系列 SAR 解析を行う過程で用いる標

高値データは国土地理院が提供している 10 m メッシ

ュの数値標高モデル(Digital Elevation Model: DEM)を
用いた．標高値計算過程で必要となる標高の初期値

については，2009年に実施されたLiDARによる測量

の結果を，推定標高値の検証データには 2015年に実

施された LiDAR による測量結果を用いた．  
 
3-3. 推定手法 

SAR 画像から変動速度を求めるために Persistent 
Scatterers Interferometry (PSI)[3]を用いた．PSI は多時

期の SAR 画像から後方散乱が強く，かつ安定した画

素(Persistent Scatterer: PS)のみを抽出し，その時系列

変動を推定する．しかし PS点となり得る地表の物体

は主に人工構造物や岩であり，本研究で対象とする

河川堤防にはそのような物体は少ない．そこで PS以
外の後方散乱が弱いピクセル(Distributed Scatterers: 
DS)について，周辺のピクセルとともに平滑化を行

うことでノイズを減少させ，PS として扱えるように

した[5]．このようにして PSI を行い，まず衛星視線

方向の変動速度を推定した． 
 次に衛星視線方向の変動速度から，鉛直方向の変

動速度を推定した．衛星視線方向は，上昇軌道

(Ascending: ASC)と下降軌道(Descending: DES)で撮影

した SAR 画像の二方向存在する．また SAR は衛星

の真横下方を観測するため，衛星視線方向は東西方

向となり，それと直交する南北方向の変動を捉える

感度は低い．そこで，南北方向の変動速度を 0 と仮

定し，東西方向と鉛直方向の変動速度を推定した．

最後に，対象とする堤防は線形変動しているという

仮定の下，2009年の標高値に変動量を加算して 2015
年の標高値を推定した．推定値の誤差を図 1(a)，(b)
に，推定標高値の誤差の平均値，Root Mean Square 
Error (RMSE)を表 1 に示す． 
 

 
(a) 

  
(b) 

図 1 堤防推定標高値の誤差．(a) 天端，(b) 法面 
 
 

表 1 標高推定誤差 
 

 天端 
(左岸，右岸) 

法面 
(左岸，右岸) 

誤差の 
平均値 

4.7 cm, -3.8 cm -3.4 cm, -6.0 cm 

RMSE 6.2 cm, -5.1 cm 25.2 cm, 28.6 cm 

 
 
3-4. 考察・結論 
まず推定誤差を評価する．許容誤差は公共測量作

業規程の準則を参考にし，誤差の平均値は 25 cm 以

下，RMSE は 30 cm 以下とした．表 1 より，天端と

法面の推定値はどちらも許容誤差の範囲に収まって

いるが，法面の RMSE は大きく，30 cm に近い．そ

の理由として，LiDAR の法面の観測データに大きな

誤差が含まれたことが挙げられる．これは，天端は

アスファルト舗装であるが法面は植生で覆われてお

り，その植生によって LiDAR が観測で用いる近赤外
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線が反射され，観測データに植生の高さが含まれた

と考えられるためである．以上より，本手法による

天端の標高値推定は有効であったが，法面について

は有効でなかった． 
また，堤防の右岸と左岸で堤防における標高値推

定の傾向が異なる．表 1 より，左岸では推定値が平

均 4.7 cm 大きいが，右岸では 3.8 cm 小さい．これは

年間沈下速度で左岸は 8 mm 小さく，右岸は 6 mm 大

きく推定された．このことから，初期，検証標高デ

ータを観測した 2009 年と 2015 年の間と SAR 画像を

観測した 2014 年から 2018 年間の変動は線形でなく，

左岸は沈下が収束し，右岸は沈下が加速していると

考えられる． 
本研究では，時系列 SAR 画像を用いて河川堤防の

天端，法面の標高値を推定し，その有効性を検証し

た．その結果，堤防天端については本手法の有効性

を確認できたが，法面ではできなかった．今後の課

題として，初期，検証標高データと SAR 画像の観測

時期が合致する地域について本手法を適用し，その

有効性，汎用性について検証を行う． 
 

4. 重み付き最小二乗法を用いた衛星 SAR データと

GNSS データによる地表面の三次元変位推定 
 
4-1. 背景 
近年, 気候変動や地下水のくみ上げ等が原因で, 世

界の様々な都市で地盤沈下が起こり, 社会問題とな

っている. そのため, 安価, 高精度, 広範囲に地表面の

変動を推定する技術が求められている. そのような

技術の一つに, 衛星搭載の SAR データを用いた変動

推定が挙げられる. 伊藤ら[7]は, SAR 画像と global 
positioning system (GPS) データから地表面の三次元変

位を推定する方法を考案した. この方法では, SAR 画

像, GPSデータそれぞれから推定された変位量に対し

て, 最小二乗法を適用し, 三次元変位の最終推定を行

っている. しかし, この手法では各々のデータによる

推定変位量の精度の違いが考慮されていない. 仮に

精度の低い推定変位量が含まれていた場合, 最終推

定結果はその影響を過度に受けることが考えられる. 
これを解決する方法として, 重み付き最小二乗法の

適用が挙げられる. 従って本研究では, SAR 画像と

GPS データから地表面の三次元変位推定を行う際の, 
重み付き最小二乗法の有効性について検証を行う. 
 
4-2. 対象地域及び使用データ 
本研究の対象地域は, 関西国際空港 2 期島とした. 

関西国際空港 2 期島は, 開港以来地盤沈下が継続して

おり, 2015 年の 1 年間で 34 cm 沈下した[8].  
SAR 画像は, 上昇軌道で 2014 年 9 月から 2018 年 3

月に ALOS2/PALSAR2 が撮影した画像 13 枚, 下降軌

道で 2014年 3月から 2018年 5月に ALOS2/PALSAR2

が撮影した画像 17 枚を用いた. また, 干渉位相に対す

る地形の影響を除くために, 国土地理院が公開して

いる 10 m メッシュ数値標高モデルを用いた.  
GPSデータとして, 関西エアポート株式会社により

計測された水準測量点 54 か所, GPS 測量点 26 か所を

用いた. 内挿用データとして, 水準測量点 32 か所と

GPS 測量点 18 か所, 検証用データとして残りの水準

測量点 22 か所と GPS 測量点 8 か所を用いた. 
 
4-3. 三次元変動速度推定 
本節では, 三次元変動速度の推定手順について説

明する. まず, 上昇軌道, 下降軌道の SAR 画像から, 
Persistent Scatterers Interferometry (PSI) [6]を用いて, 
地表面の各衛星視線方向における変動速度を推定す

る. 次に, 内挿用の GPS データから, クリギングを用

いて, 面的な地表面の三次元変動速度を推定する. 以
上より, 観測方程式は以下のように表される.  
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ここで, 𝑉𝑉𝑃𝑃𝑃𝑃𝐴𝐴𝑃𝑃𝐴𝐴 ,𝑉𝑉𝑃𝑃𝑃𝑃𝐷𝐷𝐷𝐷𝑃𝑃は上昇軌道, 下降軌道の SAR 画像

か ら 推 定 さ れ た 各 衛 星 視 線 方 向 変 動 速 度 , 
𝑉𝑉𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝐷𝐷 ,𝑉𝑉𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑁𝑁 ,𝑉𝑉𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑈𝑈 はGPSデータから推定された東西, 南
北 , 鉛 直 方 向 変 動 速 度 , [𝑢𝑢𝐷𝐷𝐴𝐴𝑃𝑃𝐴𝐴 𝑢𝑢𝑁𝑁𝐴𝐴𝑃𝑃𝐴𝐴 𝑢𝑢𝑈𝑈𝐴𝐴𝑃𝑃𝐴𝐴] , 
 [𝑢𝑢𝐷𝐷𝐷𝐷𝐷𝐷𝑃𝑃 𝑢𝑢𝑁𝑁𝐷𝐷𝐷𝐷𝑃𝑃 𝑢𝑢𝑈𝑈𝐷𝐷𝐷𝐷𝑃𝑃]は上昇軌道, 下降軌道における衛

星視線方向速度を東西, 南北, 鉛直の三次元方向速度

に変換する単位ベクトル, [𝑉𝑉𝐷𝐷 𝑉𝑉𝑁𝑁 𝑉𝑉𝑈𝑈]𝑇𝑇は最終的に

推定される東西, 南北, 鉛直方向の変動速度である. こ
の観測方程式を, 式(2)をもとに, 重み付き最小二乗法

によって解くことで, 三次元変動の推定を行う.  
 

𝑚𝑚𝑚𝑚𝑚𝑚 𝐿𝐿 = 𝑚𝑚𝑚𝑚𝑚𝑚 𝑽𝑽𝑡𝑡･𝑷𝑷･𝑽𝑽 (2) 

 
ここで, 𝑽𝑽は残差, 𝑷𝑷は重み行列を表す.  
 
4-4. 重みの計算 
式(2)の重み𝑷𝑷は一般的に, 測定誤差の分散の逆数で

表される. PSI による変動速度の誤差は以下のように

して求める. PSI による変動速度から鉛直方向の速度

の算出, 当該 PS[3]に最も近い内挿用 GPS デ―タから

鉛直方向の速度の算出を行う. これら 2 つの鉛直方向

の速度の差を誤差とし, 重みを算出する. 一方, GPS デ

ータから内挿された変動速度の誤差は, 当該データ

以外のデータを用いて内挿して得られた変動速度と

の差とする. この計算をすべての内挿用 GPS データ
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点について行い, 誤差分散, 重みの算出を行う. 算出し

た重み行列を用いて, 式(2)を解く. 
 
4-5. 結果 

本節では, 関西国際空港を対象として提案手法を

適用した結果を述べる. まず, 重みの計算結果を示す. 
上昇軌道, 下降軌道 SAR 画像から推定した変動速度

についての重みの値は(3.9 ∗ 10−4)−1, (5.6 ∗ 10−4)−1

であった. GPSデータから推定した変動速度について

の重みは(1.3 ∗ 10−3)−1, (1.1 ∗ 10−3)−1, (1.1 ∗ 10−2)−1

であった.  
次に, 重み付き最小二乗法を適用して推定した関

西国際空港の東西方向変動速度を図 2(a), 南北方向変

動速度を図2(b), 鉛直方向変動速度を図2(c)に示す. 重
み付き最小二乗法を適用した際の Root Mean Square 
Error (RMSE)は, 東西, 南北, 鉛直方向の順に, 5, 13, 10 
mm/year であった. 重み行列を単位行列とした時の最

小二乗法を用いた RMSE は, 6, 13, 16 mm/year であっ

た. 
 
4-6. 考察 
本節では, 重み付き最小二乗法が通常の最小二乗

法より, SAR データと GPS データから三次元変動を

推定することに有効であるか考察を行う. RMSE の値

より, 重み付き最小二乗法の適用が水平方向の変動

速度の推定精度に対して影響を与えることはなかっ

た. しかし鉛直方向の変動速度の推定精度について

は, 16 mm/year から 10 mm/year という改善が確認で

きた.  
この要因として, 重み（誤差分散）の大きさの違

いが考えられる. 各データの誤差分散を比較すると, 
SAR データ, 水平方向の GPS データ, 鉛直方向の GPS
データから求めた変動速度の誤差分散は , 概ね

1: 2: 20である. このことから, 極端に精度が悪い GPS
データから求めた鉛直方向変動速度の影響が, 重み

付き最小二乗法によって抑えられ, 鉛直方向の推定

精度向上につながったと考えられる. 
 
4-7. 結論 
本研究では, 重み付き最小二乗法を用いて, SAR 画

像と GPS データから地表面の三次元変動を推定する

ことの有効性を検証した. その結果, 通常の最小二乗

法を適用した場合と比べ, 鉛直方向の変動の推定精

度を改善することができた. 今後の課題として, GPS
データが比較的少ない地域に対して本手法を適用し, 
その有効性について検証を行う. 
 
 

 
(a) 

 

 
(b) 

 

 
(c) 

 
図 2 提案手法で推定された変動速度．(a) 東西方向，

(b) 南北方向，(c) 鉛直方向の変動速度 
 
 

5. 結論 
 
本研究では、時系列 SAR 解析により、地盤高や地

盤変動を推定する技術に焦点を当て、推定精度の向

上を目指すと共に推定における問題点を明らかにし

てきた。河川堤防の標高値推定においては、アスフ

ァルト舗装である天端では推定精度が良好である一

方、法面は植生で覆われていることが推定精度を低

下させる要因となることが判明した。また法面自体

傾斜しており、衛星から見てレーダシャドウとなり

えること、またレーダの照射方向と法面の法線がな

す相対方位角が大きい場合も生じることを原因とし

て、そもそも観測されない、観測されても反射強度

mm/year 

mm/year 

mm/year 

東 
 
 
 
 
 
 
 
 
 
西 

北 
 
 
 
 
 
 
 
 
 
南 

上 
 
 
 
 
 
 
 
 
 
下 
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が低い事例も発生する。したがって、全ての堤防に

おいて時系列 SAR 解析が有効であるとは言い難い。 
空港を対象とした地盤沈下推定においては、三次

元変動を推定する際に SAR 画像と GNSS データと異

なる精度を有するデータを統合する。その際に重み

付き最小二乗法を適用する有効性を検討した。その

結果、鉛直方向の変動の推定精度を改善することが

できた。一方で本手法を他地域に適用する際には、

GNSS データの数が重要となる。よって、比較的

GNSS データが少ない地域に対する有効性を実証し

たい。 
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1. はじめに

偏 波 合 成 開 口 レ ー ダ （ PolSAR:Polarimetric 
Synthetic Aperture Radar）はターゲットからの散乱電

力に加えて偏波情報の取得が可能であり，ターゲッ

ト形状に依存した散乱特性を把握することができる

[1]．つまり，映像化した際に散乱電力だけでは明瞭

でない観測領域についても，偏波情報を活用した解

析を行うことで地表面の詳細な把握が可能である．

このプロジェクトでは，PolSAR システムを搭載

したプラットフォームのである地球観測技術衛星

ALOS-2（だいち 2 号）PALSAR-2の polarimetricモー

ドにおけるデータの利活用をより進めることを目的

としている．

偏波データを活用するための処理手法として，散

乱モデル電力分解法がある．この手法は数多く提案

されている PolSAR 解析手法の一つであり，ターゲ

ットの散乱電力を図 1 に示す表面散乱，二回反射散

乱，体積散乱の三成分に分解し評価するものである

[2]．各成分の電力比は，観測領域の物理構造に依存

するため，この手法により，領域を特徴づけること

ができ，土地の被覆分類など様々な問題に応用でき

る．この分解法は各散乱モデル行列の未知パラメー

タを推定することで実現されるが，観測された

PolSAR データの独立の観測量に対して全体の未知

パラメータの数が多く解を一意に定められないとい

う課題がある.
そのため従来の散乱モデル分解法では一部のパラ

メータは仮定の下で決定されており，これまで推定

誤差を最小にすべく様々な仮定が模索され，多くの

分解法が検討されている[3] [4] [5].

この問題を解決する一つのアプローチとして，筆

者らのグループでは，マルチベースライン PolSAR 
データを用いることで独立の観測量を得て，仮定を

用いずに未知パラメータを直接推定するマルチベー

スライン三成分分解法を検討している[6] [7] [8]．し

かしながら，MUSIC 法を用いた文献[9] において，

明らかにしたように，体積散乱成分混在時の課題と

して，体積散乱モデルにおける未知パラメータの推

定時に解が一意に定まらないという問題点が存在す

る．本プロジェクトでは，数値計算によりこの問題

点の要因を明らかにした．さらに，最尤推定手法の

一つ EM（Expectation Maximization）アルゴリズムに

よる最適解を用いた分解法に関して，数値計算によ

る精度評価を行い，体積散乱電力（Pv），および表

面散乱と二回反射散乱電力の和（Ps+Pd）を推定する

上で有効であることを示す．また，実験による従来

手法（Y40）[3]との比較検討結果についてしている． 
なお，現時点では，マルチベースラインデータセ

ット用いて，全ての未知パラメータを一意に決定す

るまでには至ってはいないが，この問題点解決のた

め試験を得たので，その点に関してもコメントする．

2. マルチベースライン散乱モデル電力分解法

マルチベースライン散乱モデル電力分解法はマル

チベースラインデータセットを用いて独立の観測量

を増やすことで，従来手法では仮定の下で決定され

ていた未知パラメータを直接推定する手法である．

ここで K 個の PolSAR データが利用できるものとす

ると，マスター画像自身の Covariance 行列，および

マスター画像とスレーブ画像の Covariance 行列は以

下のように表される．

,  0,1, , 1k s s s d d d v v vf f f k Kγ γ γ= + + = −C C C C   (1) 

ここで ,l kγ は l =s, d, v 成分（s:表面散乱, d:二回反射散

乱, v:体積散乱）の k 番目の Covariance 行列の複素コ

ヒーレンスであり，k = 0 の場合はすべて 1 （自己

Covariance 行列）である．それ以外の場合マスター

と各スレーブのベースライン長に応じた干渉位相差

(a) 表面散乱 (b) 二回反射 (c) 体積散乱

図 1: 基本散乱モデル 
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が生じ，が複素数（相互 Covariance 行列）となる．

また，fs,  fd,  fv は各散乱成分の電力寄与，Cs, Cd, Cv は
各散乱成分のモデル行列である．ここで，Cs, Cd に
ついては，以下で示す従来手法と同様のモデル 
行列を使用する． 
 

2 *

* 2

0 1 0
0 0 0 ,  0 0 0

0 1 0
s d

β β α

β α α

  
  

= =   
  
    

C C   (2) 

また，体積散乱モデル Cv に関しては，Covariance 行
列 Ck から直接定まる要素以外は本質的に未知パラメ

ータであるため，ここでは以下のように見なす． 
 

 
12

21 23
*

32

1v

C
C C

C

ξ η

η ζ

 
 

=  
 
 

C



 



    (3) 

 
ここで， ijC はCovariance 行列の(i, j) 要素であり，こ

こでは (2, 2) 要素で正規化している．Covariance 行列

は 3 × 3 のエルミート行列であり，対角要素は実数，

非対角要素は複素数である．そのため，式（3）の

未知パラメータξ，ζ は実数である． 
 次に式(1) に対して，次式のような行列ベクトル変

換を施す． 

[ ] 1 2, , ,
TT T T

Nvec  = =  c C c c c    (4) 
 
ここで ci は行列 C の i 番目の列ベクトルであり，N 
は列数，T は転置である．各Covariance 行列を変換し

た Covariance ベクトルは，次式となる． 
 

[ ]k kvec=c C  

[ ]
,

,

,

s k s

s d v d k d k

v k v

f
f
f

γ
γ

γ

   
   = =   
     

c c c CG f  (5) 

 
上式は MUSIC（Multiple SIgnal Classification）法[10] 
における空間平均法（Spatial Smoothing Preprocessing, 
SSP）[11]と同型である．従って，これらの手法を用

いることにより C, f の推定が可能となる．SSP を施

した相関行列は， 
 

1
†

0

1 K

ave k k
kK

−

=

= ∑C c c     (6) 

 
となる．ここで， † は複素共役転置である．この行

列の主要な固有値の個数（L）が成分の個数であり，

三成分分解を仮定しているので L≦ 3 である．また

主要固有値以外の固有値に対応する固有ベクトル

(eL+1, · · · , e9) を列とする行列 EN として，表面散乱

成分の未知パラメータβ は，次式のピークの位置か

ら推定される． 
 

†

† †

( ) ( )( )
( ) ( )MUSIC

N N

P β ββ
β β

=
a a

a E E a
   (7a) 

( ) [ ( )]svecβ β=a C     (7b) 
 
ここでβ は複素数であるので複素平面上での探索と

なる．2 回反射散乱のαも同型の式を利用して推定

される．探索範囲はβが実部が正の領域，αが実部

が負の領域での探索となる．体積散乱成分時も同様

に， 
 

†

† †

( , , ) ( , , )( , , )
( , , ) ( , , )MUSIC

N N

P η ξ ζ η ξ ζη ξ ζ
η ξ ζ η ξ ζ

=
a a

a E E a
 (8a) 

( , , ) [ ( , , )]vvecη ξ ζ η ξ ζ=a C    (8b) 
 
のピークから推定される．各要素の Covariance ベク

トルが推定されれば，係数 f は， 
 

† 1 †
0( )−=f C C C c     (9) 

 
から導出される． 
 

3. 体積散乱成分存在時の問題点 
 
前節で示した手法は，表面散乱 and/or 二回反射散

乱成分のみ，および体積散乱成分のみが存在する場

合には良好に動作することを文献[8] で報告した．し

かしながら，体積散乱成分と他の成分が混在する場

合について，MUSIC 法では不定解問題となっており

体積散乱のパラメータが一意に定まらない問題が発

生する．本節では，表 1 のモデル I を用いて示す． 
モデル I は三成分が全て混在するモデルを想定し

ている．図 2 に数値計算結果を示す．図 2(a)はβ, α 
を推定した結果であり，β, α のピークが明瞭に表

れている．図 2(b)は体積散乱パラメータη の推定結

果であり，PMUSIC(ξ, ζ, η) を最大とするξ, ζの時

のη に対するピーク特性ある，ここでは，ξ, ζ に
真値を入れてη を探索した結果を示している．モデ

表 1: 数値解析モデル 
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ル通りの位置にピークが表れており，真値にピーク

が現れることが分かる． 
しかしながら，このη は一意に定まらない．図

2(c)は各ξ, ζ においてピークが最大となるη に対

するピーク特性，すなわち PMUSIC(ξ, ζ) のピーク分

布である．この図からピーク位置が一意に定まらず，

帯状に最大値が分布していることが分かる．したが

って最大値領域内にξ, ζ, η の真値が存在するが，

一意に定まらないことが分かる． 
この解が定まらない要因は式（2）から分かるよ

うに表面散乱および二回反射散乱モデル行列の 2 行
目および 2 列目の要素が全て 0 であることで，展開

式が C12, C21, C22, C23, C32 要素で構成される連立方程

式(式 I) と C11, C13, C31, C33 要素で構成される連立方

程式（式 II）に分離しているからである．そのため，

ベースラインデータセット群により確保した独立の

観測量が正しく機能していないと考えられる．この

問題を解決するには体積散乱パラメータに対して一

般性を失わない拘束条件を付加し，解の組み合わせ

を制限する必要がある．これらをさらに解析すると，

体積散乱電力（Pv），および表面散乱と二回反射散

乱電力の和（Ps+Pd）の比率が不定となり，その影響

が図 2 の結果として現れることが分かった． 
 

4. EM アルゴリズムを用いた推定 
 

三成分混在時に解が不定となる問題を緩和する解

決策として，EM アルゴリズムによる最適解を用い

たマルチベースライン電力分解法を検討した．EM 
アルゴリズムは雑音成分の多いデータからパラメー

タを推定することが得意なことで知られる最尤推定

手法である[12] [13]．EM アルゴリズム手法では式

（4) で定義されたデータセットを次式として扱う．  
 

[ ]
s

s d v d

v

f
f
f

 
 = = 
  

c c c c Cf    (10) 

 
ここで，C は列が表面散乱，二回反射散乱，体積散

乱の成分ベクトルで構成される行列，f は cl におけ

る各散乱成分における電力寄与である．この手法は，

残差が最小となるように C と f を交互に推定する反

復手法である． 
 
数値計算 

数値計算により，EM アルゴリズム手法の精度評

価を行う．評価には表 1 に示すモデル II を用いて，

全電力を 100 とした時に電力比 Pv/(Ps+Pd) を 0 ∼ 2 の
範囲で変化させ，推定された各電力成分と体積散乱

パラメータに生じる誤差について調べた．EM アル

ゴリズム手法は初期値の設定が収束特性に影響を与

える．ここでは，表面散乱，二回反射パラメータに

は理論値（β = 1, α = −1），体積散乱パラメータに

は Yamaguchi モデル（確率密度関数 P(θ) = sin(θ/2)）
を初期値とした． 

数値計算結果を図 3 に示す．各電力成分の推定精

度は，図 3(a)，(b)から表面散乱電力 Ps，二回反射散

乱電力 Pd の誤差レベルが 14% 程度，体積散乱電力

Pv，表面散乱と二回反射散乱電力の和 Ps+Pd の誤差

レベルが0.2% 程度で推定可能であることが分かる．

体積散乱パラメータに関しては図 3(c)， (d)より

Ps+Pd が支配的な領域で誤差レベルが高く，Pv が支

配的になるにつれてξ，ζ は 3% 程度，η は 20% 程
度で推定可能であることが分かる． 

以上より，すなわち，個々の電力の推定は困難で

はあるものの，表面および二回反射成分の和電力と

体積散乱成分電力に関しては，ほぼ正確に推定でき

ることがわかる． 
 
 

 
(a) β,  α 推定結果 

 
(b) η推定結果 

 
(c) ξ, ζ推定結果 

図 2: MUSIC 法によるモデルパラメータ推定結果 

1100



実 験 
 実験には表 2 に示す ALOS-2 により新潟領域を

観測した 4 つの PolSAR データを用いた．表 3∼5 に
図 4 の領域 A∼C を解析した結果を示す．ここで，領

域 A は建造物がレーダ照射方向に対して 45◦ 傾き体

積散乱成分が支配的な領域，領域 B は建造物が正対

しており表面散乱および二回反射散乱が支配的な領

域，領域 C は建造物が 15◦ 傾き三成分が混在する領

域である． 
表 3 では，EM 法と Y40（Yamaguchi 分解法）の

解析結果が概ね一致し，EM 法は正しく動作してい

ると考えられる．しかしながら，表 4 では，Y40 と
EM 法（Cs, Cd, Cv）の結果は大きく異なり，EM 法は

体積散乱電力 Pv が過剰に推定されているのが確認で

きる．これは，表面散乱と二回反射散乱が支配的な

領域に対して，三成分モデルを用いて解析したため，

表面散乱と二回反射散乱パラメータの推定精度が低

下し，結果として体積散乱に電力がバイアスしたと

考えられる．体積散乱モデルを除いた EM 法（Cs, Cd）

の解析結果が Y40 と概ね一致することからも EM 法
では画素毎にモデルの選択をする必要があると思わ

れる．最後に表 5 では，体積散乱成分が EM 法より

Y40 の方が強く推定される結果となった．この結果

は一概にどちらが正確か判断することはできない．

EM 法は数値計算により，Pv，Ps+Pd の推定精度が高

いことが確認できているが，先に述べたモデル選択

の課題がある．一方で Y40 は体積散乱成分が植生領

域で支配的になることから，木の枝や幹をランダム

に分布した dipole (wire) の集合体として仮定し体積

散乱モデルを作成しており，表 5 で解析した住宅領

域から発生する体積散乱成分には適合していない可

能性がある． 
 

5. まとめと今後の課題 
 

本プロジェクトでは，マルチベースライン散乱モ

デル分解法の体積散乱成分混在時に解が不定になる

要因を明らかにした．また，EM アルゴリズムによ

る最適解を用いた電力分解法に関して，数値計算と

実験解析を行った．数値計算による精度評価では，

Ps，Pd 成分には最大 14% 程度の誤差が生じるのに対

して，Pv，Ps+Pd は 0.2% 以下の誤差レベルで推定で

きることを確認した．すなわち，個々の成分の

表 2: 解析データ諸元 

 
 

表 3: 解析結果（領域 A）Pv支配的 

 
 

表 4: 解析結果（領域 B）Ps,Pd支配的 

 
 

表 5: 解析結果（領域 C）3 成分混在 

 

 
(a) 電力推定結果    (b) 電力推定誤差 

（実線：真値，点線：推定値） 
 

 
(c)  ξ, ζ推定誤差    (d) η推定誤差 
 
図 3: EM 法によるモデルパラメータ推定結果 
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Covariance 行列の未知パラメータの推定までは至っ

ていないものの，体積散乱成分電力と，それ以外の

電力（表面および二回反射）に関しては，行列内の

未知パラメータに依らず正確に推定できるというこ

とである．表面および 2 回反射成分の変化や，体積

散乱成分電力の変化は，PolSARデータにおける時系

列（被覆の経時変化）解析の精度・感度を改善すこ

とが期待できる． 
今回，課題として残った Covaiance 行列内の未知

パラメータの推定の解決には，式(10)とは独立なも

う 1 つの方程式があればよい．先に示した比率は完

全偏波である 1回反射，2回反射成分(Ps, Pd)と部分偏

波である体積散乱成分(Pv)に関するものである．こ

れらに関する独立な（新たな）情報を得るには偏波

度(Degree of Polarization)が有効であるものと予想し

ている．この点に関して．引き続き検討を進めてい

る． 
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ABSTRACT 

It is well-known that the backscatter of high-resolution 
Synthetic Aperture Radar (SAR) imagery is non-Gaussian 
in nature. As a result, corresponding heavy-tailed models 
have been successfully incorporated for the design of 
improved SAR target detectors. However, Gaussian-based 
detectors are by and large still applied for selection of 
persistent scatterers (PS) in Interferometric Synthetic 
Aperture Radar (InSAR) imagery, and implications for the 
performance of PS techniques have not been well-studied. 
Here, we extend an existing Gaussian model for PS to 
incorporate non-Gaussian behavior. We then implement 
the model for PS detection and compare its performance to 
its Gaussian counterpart, finding that the non-Gaussian 
model finds a slightly denser network of PS. Further work 
will focus on analyzing the characteristics of this disparity, 
including its relationship with terrain, and explore the 
incidence of false positives by analyzing the phase 
characteristics of the selected points. Such an 
understanding of the limitations of Gaussian models will 
be critical for informing the design of improved PS 
detectors, which could enable the broader application of 
InSAR for challenging applications such as observing 
small strain rates in natural terrain. 

1. INTRODUCTION

The non-Gaussian nature of backscatter observed using 
Synthetic Aperture Radar (SAR) is a well-recognized and 
well-studied phenomenon [1]–[3]. These statistics are 
particularly prominent at steep viewing angles and at high 
resolution, where there are not enough scatterers to apply 
the Central Limit Theorem. Instead, the observed statistics 
are much more impulsive, commonly termed “heavy-
tailed”, with a greater probability density of high-powered 
points than would be suggested by Gaussian-derived 
statistics [4], [5]. These observations have enabled the 
development of improved target detectors in non-Gaussian 
clutter that significantly outperform Gaussian detectors 
[6]–[8]. 

Gaussian models are still commonly implemented for 
studies using Interferometric Synthetic Aperture Radar 
(InSAR), which measures ground deformation through 
observed phase changes between passes. These 

approximations have proven to be useful and effective, 
enabling InSAR data products to become critical data 
sources for geodetic studies [9]–[11]. However, despite the 
convenience and computational ease of Gaussian models, 
they are poor approximations for modern high-resolution 
SAR datasets, given that radar backscatter becomes 
increasingly heavy-tailed at finer resolutions, especially 
over urban areas [12].  

These limitations are particularly important to consider 
with respect to the detection of persistent scatterers (PS) in 
InSAR imagery. PS techniques are powerful tools for 
InSAR time-series analysis, making use of phase-stable 
elements that act as a network of reference points and 
enable deformation measurement even in regions that may 
be difficult to analyze otherwise [13], [14]. PS tend to be 
strong scattering elements, such as buildings, which are 
associated with heavy-tailed statistics, and recent work has 
indeed shown that both PS and clutter indeed exhibit non-
Gaussian behavior for different sensor resolutions and 
wavelengths [15]. However, PS detection theory still relies 
on the assumption that the underlying signals are Gaussian 
in nature [16]–[18], and the effects of these approximations 
for PS detection are not well-characterized. We aim to 
better understand these effects by comparing the 
performance of two PS detectors: the existing Gaussian-
based Maximum Likelihood Estimation (MLE) detector by 
Agram [19], and a modification of the same detector we 
have developed that extends the model to incorporate non-
Gaussian behavior. 

2. NON-GAUSSIAN EXTENSIONS TO PS
DETECTION THEORY 

In PS detection theory, an additive model is usually 
assumed to describe radar backscatter, which can take the 
general forms of a constant or Gaussian signal model [19], 
[20]. For this work, we will apply the version of the 
constant signal model adopted in [21]. However, the 
methodology can be generalized to the Gaussian signal 
model or alternative models as well.  

Here, we let 𝑥!  be the complex return from one 
resolution element (resel) in a single image 𝑖 out of 𝑁 total 
acquisitions, where 𝑖 = 1,… ,𝑁. We assume that 𝑥! can be 
expressed as a sum of two components: the contribution 
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from the dominant scatterer 𝑑,  which is taken to be 
constant across the acquisitions, and the contribution from 
the distributed scatterers (clutter) 𝑐! , which varies from 
image to image: 

 
𝑥! = 𝑑 + 𝑐! . (1) 

 
In the constant signal model, 𝑑  is a deterministic but 
unknown value, while 𝑐!  is taken to be a zero-mean 
circularly symmetric complex Gaussian with variance 𝜎". 
The power |𝑥|"  is then distributed with respect to the 
noncentral chi-squared distribution with 2 degrees of 
freedom and noncentrality parameter 𝜆 = 2𝛾, where 𝛾 can 
be defined as the signal-to-clutter ratio (SCR) of the resel 
if we take 𝛾 = #$|&|!'

#[|)|!]
= &!

"+!
 where 𝜎" = 1, such that 𝛾 =

&!

"
. As derived in [21], the corresponding phase distribution 

can be written  
 

𝑝(𝜙) =
1
2𝜋 𝑒

!" #$%!& *𝑒!" '(#!&

+,𝜋𝛾 𝑐𝑜𝑠 𝜙 11
− 𝑒𝑟𝑓1−,𝛾 𝑐𝑜𝑠 𝜙556 . (2) 

 
Eqn. (2) is directly parameterized by 𝛾. When 𝛾 = 0, 

𝑝(𝜙) is uniform, while for higher values of 𝛾, the distribution 
increasingly peaks around 0, as shown in Fig. 1. In the 
MLE technique, 𝛾 is taken as a proxy for phase stability to 
select PS, after filtering out other phase terms due to 
deformation, topography, and atmosphere with a low-pass 
filter. 𝛾  is estimated by taking the maximum likelihood 
value given the observed phases of the interferogram stack, 
and pixels with a value of 𝛾 above a certain value defined 
to be PS [16], [17]. This threshold can be selected by a 
combination of analysis of simulated detection curves and 
trial-and-error. 

In practice, the observed power of the resel fluctuates 
more than can be described by Gaussian statistics, 
particularly for high-resolution imagery and over urban 
terrain. One common method for capturing this increased 
variation is with a mixture model, which arises by starting 
with a Gaussian-based model and allowing one or more of 
the parameters to randomly vary. Conte and Longo 
previously showed that the majority of non-Gaussian 
models for radar backscatter can be described by Rayleigh 
mixture models, including the multiplicative model [22]. 
Once the underlying distribution of the varying parameter 
is chosen, the resulting PDFs of the power and phase can 
be numerically calculated as well; in some cases, closed-
form expressions exist. 

These models can be easily generalized for the nonzero 
mean case by allowing 𝛾  to randomly vary in Eqn. (2). 
Then the phase is given by 

 

𝑝(𝜙) = 8 𝑝(𝜙|𝛾)𝑝(𝛾)𝑑𝛾
)

*
	

= 8
1
2𝜋 𝑒

!" #$%!& *𝑒!" '(#!&
)

*

+,𝜋𝛾 𝑐𝑜𝑠 𝜙 11 − 𝑒𝑟𝑓1−,𝛾 𝑐𝑜𝑠 𝜙556	 
∙ 𝑝(𝛾)𝑑𝛾. (3) 

 

 
 

Fig. 2. Approximate study area outlined in red. Image courtesy 
of Google Earth. 

 
where 𝑝(𝛾) is the distribution of 𝛾 . Once 𝑝(𝛾) is chosen, 
Eqn. (3) can be substituted for Eqn. (2) in the MLE detector to 
yield a non-Gaussian extension for the method.  
 

3. METHODOLOGY AND DATA 
 
We apply the two algorithms to UAVSAR data over the 
Hayward Fault in California courtesy of NASA/JPL-
Caltech. The data is taken at L-band at HH polarization 
with a slant range resolution of 1.67 m and azimuth 
resolution of 0.6 m. We used coregistered single look 
complex (SLC) data from 2015-2018 over Segment 1, then 
further subset the data to a small area over the San Pablo 
Reservoir containing both some urban and natural terrain, 
shown in Fig. 2. 

Here, we assume that 𝑑"  follows the inverse gamma 
distribution. In the zero-mean case, this leads to the G0 
distribution for the backscattered power, which has shown 
to be effective in describing high-resolution radar 
backscatter over highly heterogeneous terrain [23]. In this 
case, if we again take 𝜎" = 1 , the SCR is defined 𝛾 =
𝐸+|𝑑|2-
𝐸+|𝑐|2-

=
𝛼
𝛽−1
2

, where 𝛼 is the shape parameter and 𝛽 is the 
scale parameter. We assume that the image is characterized 
by one value of 𝛼, while 𝛽 varies from pixel to pixel. Thus, 
once 𝛼  is determined, the value of 𝛽  will determine the 
SCR of the pixel.  

We assume the power backscatter can be approximated 
by the G0 distribution; differences for the zero-mean and 
non-zero mean case in power backscatter are small. We 
thus estimate 𝛼  by fitting the G0 distribution to the 

 
Fig. 1. Phase distribution for the constant signal model for 

different values of SCR. 
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Fig. 4. Difference map for detected PS between the Gaussian and 
non-Gaussian MLE detectors. All points that were selected in one 

but not the other have been marked in red. 
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observed power of an SLC image and obtain a value of 𝛼 =
1.5.  The corresponding phase distributions for different 
values of 𝛾  can then be calculated using Eqn. (3). The 
phase distributions for SCR = 0.5 and SCR = 1 for this 
model are shown in Fig. 3, with comparisons to the 
Gaussian-derived expression. Clearly, the phase for the 
non-Gaussian expression is more peaked for the same SCR 
compared to the Gaussian case, but the general shape is 
otherwise similar. 

Next, we select the PS threshold for each detector by 
computing theoretical detection curves for different SCR 
threshold values and selecting the thresholds that 
correspond to a probability of false alarm of 5%. We 
simulate a stack of SLC images that are described by Eqn. 
(1), where 𝑑"  is distributed according to the inverse 
gamma with a shape parameter of 𝑎 = 1.5, as observed for 
our data, and 𝑐! are zero-mean Gaussian random variables 
with 𝜎" = 1 . The “true” value of 𝛾  for each resel is 
calculated by taking the empirical value  #$|&|

!'
#[|)|!]

, and all 
resels where 𝛾 ≥ 1.5  are deemed as PS. The MLE 
detectors are then applied, and the detection curves 
calculated.  

A probability of false alarm of 5% for the Gaussian 
detector corresponds with an SCR threshold of 2.1, while 
for the non-Gaussian detector, the threshold is 2.3. Of note 
is that the probability of PS detection for the non-Gaussian 
case is higher than that for the Gaussian case for the same 
probability of false alarm of 5%. This suggests that the 
approximation from applying a Gaussian model to a non-
Gaussian signal adds an additional noise source to the 
detector.  

Finally, we run the Gaussian and non-Gaussian 
detectors on the data with the chosen thresholds and 
compare the resulting PS density. 

 
4. RESULTS 

 
We observed that the density of PS identified using the 
Gaussian model is slightly lower than that for the non-
Gaussian model. For the Gaussian model, PS account for 
2.45% of the image (1923019 pixels) while the non-
Gaussian case yields 2.53% (1988461 pixels). The 
differences in between the PS detection maps for the two 
algorithms is shown in Fig. 4. Pixels that are detected as PS 
in one algorithm but not the other are marked in red. 
Generally, the differences align with the overall density of 
PS: there are more differences over the urban areas than the 
natural areas, but denser PS are found in both types of 
terrain.  

These preliminary results show that the non-Gaussian 
detector results in a slightly denser network of PS, 
suggesting that implementing non-Gaussian models that 
more accurately describe radar backscatter improves PS 
detection performance. Further analysis will aim to better 
understand the differences with terrain and resolution, as 
well as the incidence of false positives or other errors. 

 
5. CONCLUSION 

 
In this work, we have extended a part of PS detection 
theory to incorporate non-Gaussian behavior that more 
accurately reflects observed radar statistics. We have 
implemented a simple extension to the MLE detector for 
PS with this new model, using UAVSAR data over the 
Hayward Fault in California, and preliminary results have 
shown that the detector finds a slightly denser network of 
PS compared to the original Gaussian version. However, 
further work is required to better understand the nature of 
the differences in PS detection between terrain types and 
other system parameters. In addition, the detector could be 
further tuned and improved in several ways, such as using 
the temporal statistics to estimate the shape parameter for 
each resel instead (rather than estimating one value for the 
entire image) and implementing an adaptive SCR 
threshold. This would better generalize the method for 
areas where the underlying terrain is highly variable. The 
non-Gaussian extension could also be applied to other 
Gaussian-based PS detectors in addition to what we have 
analyzed here. Overall, even subtle improvements in the 
detected PS density could potentially be significant for 
extended PS analysis to traditionally challenging 
applications, such as for the observation of small strain 
rates in natural terrain. 
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1. INTRODUCTION

我々は、本課題において合成開口レーダの干渉解析

（Interferometric Synthetic Aperture Radar: InSAR）の

研究を行った。研究内容は不要波の検知のような干

渉解析に至るまでの基礎的な部分から、InSAR の解

析によるインフラモニタリングや災害情報収集と言

った社会利用を見据えたものまで、多岐にわたる。

これら RA6 期間中の研究成果について以下の通り報

告する。

2. 干渉コヒーレンスを利用した災害検知

InSAR における干渉の度合いの指標である干渉度

（Interferometric coherence） は、干渉ペアとなる二

回の観測の間で散乱源がどの程度変化したかを定量

的に示すものである。都市部などでは散乱源となる

建物が恒久的に変化しないため高いコヒーレンスを

もつ一方で、農地や山間部などは植生の季節変化か

ら時間的なコヒーレンスの低下が大きい。

図 1 2019 年台風 19 号に関連して発生した千曲川の

氾濫における浸水検知の事例。赤は振幅情報のみ、

青と緑は別個の軌道から観測したコヒーレンス変化

を利用した検知結果[1] 

この性質を利用して、災害発生時に都市部の被災状

況を、干渉コヒーレンスを用いて計測する技術が近

年注目を浴びている。発災前-前に比べ発災前-後の

干渉ペアで、干渉コヒーレンスが低下していれば被

災したと判定するのが基本的な方針である。このと

き、二つの干渉ペアは同一軌道から観測したもので

あることを一般的には前提としているが、災害発生

時には即応性を重視するために過去の観測履歴が少

ない軌道からの観測が行われる場合もある。そこで、

災害前-前と災害前-後の干渉ペアがそれぞれ異なる

軌道からの観測となる場合にどの程度精度が変化す

るかを比較した[1]。この結果、軌道違いであっても

他時期の干渉コヒーレンスを組み合わせた方が検知

精度の向上を見込めることが判明した。

また、2016 年熊本地震において多くの建物が被災し

た益城町の観測結果をもとに、地上での建築学的な

被災判定基準（EMS-98）と干渉コヒーレンスによる

被災判定の関連性についても研究を行った[2]。その

結果、EMS-98 において 5 段階評価中被災度 3 以上

と判定された建物が、より多くコヒーレンス解析に

より被災と判定されることが判明した。このほか、

ALOS-2 が観測した洪水 [13]や火山噴火[16]の事例祖

含む、各種の災害発生時の緊急観測について、被災

範囲の絞り込みや航空写真等との比較を行った

[21][22][23]。 

図 2 2016 年熊本地震における益城町の被災状況につ

いて、建築学的な被災指標（EMS-98）と ALOS-2 
の干渉解析により得られた被災状況の比較[2] 
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3. 適応的な不要波検知技術 
 
ALOS-2 をはじめ、SAR は他の電波利用システム、

測位衛星（GNSS）や通信、レーダなどと帯域を共

有している。このため、SAR データには多くの不要

波に由来する虚像や雑音が重畳されている。これら

は当然画質の劣化や解析精度の低下をもたらす。そ

こで、ALOS-2 のデュアルレシーバシステムを利用

した干渉解析をベースとする新たな不要波検知手法

を考案した[3][8][9]。これらは、地表からの散乱信

号は 2 受信機間で十分相関性が低く、一方で直接波

として到来する不要波は相関性が高いことを想定し

たものである[12][14][15]。また、不要波の偏波状況

や時間的な変化、アジマスアンビギュイティとの相

似 性 な ど に つ い て も 研 究 を 行 っ た

[18][19][20][26][29][30][31][32]。 
 
 

4. SCANSAR の校正検証 
 
ALOS-2 の広域観測モード（ScanSAR）は、軌道制

御の高度化に伴い干渉解析が常時可能な計画であっ

た。しかし、打ち上げ当初の解析結果 [24]によれば

ScanSAR のバーストずれが起きていた。その原因の

究明と対策以前のどのペアが干渉解析可能かを検討

した[4][24]。その結果、ALOS-2 の初期においては

約一年の周期をもつ章動の補正が抜け落ちており、

パルスの送信タイミングが最大で約 1 秒程度ずれて

いた可能性があることが判明した。 

 
図 3 ALOS-2 ScanSAR モードにおけるパルス送信タ

イミングのずれ[4]  

 
5. 適応的な干渉解析による変動検知 

 
ALOS-2 は従来の L-band SAR 衛星よりも高分解能化

されているため、より小さな個々の社会インフラス

トラクチャの解析にも適用可能である。そこで、港

湾施設の変動や災害時の被災状況推定に関する研究

を行った [5][6][7][34]。また、災害時の港湾施設が

SAR によりどのように観測されるかについて、共著

した書籍で解説をした [35]。 

  
図 4 港湾被災時の SAR による解析の模式図[35] 

 
差分干渉解析（DInSAR）が計測する変動量は、地

殻変動などの三次元的な運動を衛星-地表間の視線方

向の変動量である。これをもとの三次元の動きに戻

す研究も行った。これは、3 方向以上から同じ範囲

を観測し、それぞれの視線方向の変動量が三次元の

変動量を視線方向へ射影したものであると仮定し、

連立一次方程式を解くことで元の三次元の変動を推

定する。観測する視線方向が異なればよいので、異

なる周波数帯を利用する衛星を組み合わせることも

でき、西之島の事例では ALOS-2 と Cosmo-SkyMed 
で観測した結果を利用する研究も行った[10][33]。ま

た、三次元の変動を推定するため、別の軌道からの

観測結果を推定することも可能である。これを応用

して ALOS と ALOS-2 が観測した変動量を直接比較

する研究も行った[27][28]。 

 
図 5 ALOS が捉えた 2011 年北茨城地震の差分干渉

画像（左）と ALOS-2 の干渉画像から推定した 2016
年北茨城地震の地殻変動量を ALOS の視線方向へ再

投影した疑似干渉画像（右）[28] 
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6. 適応的な偏波干渉解析 
 
InSAR を偏波解析に適用した PolInSAR における時

間的な基線長の研究を行った[11]。干渉解析におけ

る干渉度の低下（decorrelation）は空間的な基線長

（ spatial baseline ）と時間的な基線長（ temporal 
baseline）の二つがある。このうち、時間的な基線長

には季節変化などにともなう散乱源の物理的性質の

変化が関連する。偏波解析においては物理的な性質

を扱うため、その推定手法が正しく機能しているか

を評価するため、同一地点を観測した長期の干渉ペ

アと短期の干渉ペアの PolInSAR 解析結果を比較し

た。 

 
図 6 PolInSAR の位相推定における時間的な基線長

の長さと干渉縞の干渉度の比較[11] 

 
7. SCANSAR を利用した広域の電離層把握 

 
また、ScanSAR InSAR の応用として、これを利用し

た広域の電離層の状態把握に関する検討も行った

[17]。ScanSAR は広域観測ができるため、当然広域

の電離層縞を得ることができる。通常、電離層の影

響は L-band SAR において数十～数百 km の規模で生

じるため、広域観測モードを利用した干渉解析が電

離層の瞬間的な状態を知る手段として利用できるこ

とを前駆的な実験として行った。 
 

8. CONCLUSION 
 
本研究課題は、干渉 SAR の精度向上などを主眼に

置いたものであるところ、その枠にとらわれず災害

の被災検知から不要波の観測まで広範にわたる研究

成果を挙げ、発表文献の総数は 35 報に上る。 
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1. INTRODUCTION

Active faults are mostly distributed along the boundary 
between plain, where large cities are located, and 
mountains. Earthquakes generated on them are serious 
threat to the society. Strains are accumulated during 
interseismic period, but its rate is usually smaller than 10 
mm/year, which can be measured with modern space 
geodetic techniques such as GNSS and InSAR. Spatial 
resolution of strain rates obtained with GNSS, which gives 
the highest accuracy and high temporal resolution, strongly 
depends on distribution of observation sites. Therefore, it 
is essential to utilize InSAR for the detection of high spatial 
distribution of strain rate. 
Based on the above recognition, I processed ALOS-
2/PALSAR-2 images that cover a couple of interesting and 
important regions. I also processed coseismic deformations 
associated recent large inland earthquakes, but I focus on 
results of detection of slow movements in three areas 
around active faults in southwestern Japan; Kyoto-Osaka 
plains, Wakayama plain and damaged area of the 2016 
Kumamoto earthquake. 
It is already noticed that ionospheric disturbances affect 
largely phase of microwave. Previous studies [1,2] did not 
properly deal with this problem. Recently correction 
technique was established and equipped to commercial 
software such as Gamma [3]. I apply this technique to 
obtained SAR images and reveal average motion of the 
earth’s surface since the launch of ALOS-2. 

2. APPROACH

I processed ALOS-2/PALSAR-2 images with conventional 
2-pass interferometry, and applied split-spectrum method
[4,5] to correct ionospheric disturbances to images of the
Wakayama and Kumamoto areas. I utilized Gamma
software [3] and ASTER GDEM ver.2 [6].
However, I still found trend in ionosphere-corrected
interferograms, which might be caused by orbit error, and
corrected this trend by fitting bi-linear function and filtered.
Then, I stacked interferograms and obtained average line-
of-sight (LOS) rate. Finally, average LOS rate from
ascending and descending orbits were converted to quasi-
EW and UD components.

3. KYOTO-OSAKA PLAINS

I already presented ground deformation during 19 years 
with ALOS-1/PALSAR-1, ERS-1/2 and Envisat [1]. In this 

research I found rapid uplift in southern Kyoto basin and 
subsidence localized along the Arima Takatsuki Tectonic 
Line fault zone (ATTL). It is important to examine whether 
these deformations continue after 2010, because these 
zones are located closely to big cities such as Osaka, Kyoto 
and Kobe. 
I collected images of Paths 127 Frame 680-690 (ascending) 
and Path 21 Frame 2910-2920 (descending) during 2014 - 
2019, which cover the Kyoto and Osaka areas well and 
processed them. Two frames of scenes are concatenated. 
Fig.1 shows distribution of E-W component of average 
velocity. Red dot is the reference point in this map. 
Eastward motion of up to 5 mm/year is detected on the 
north side of ATTL and the Median Tectonic Line fault 
zone (MTL). These areas are mountains, where 
tropospheric error was not properly reduced. South of 
ATTL, we recognize some patches of westward motion of 
~ 4 mm/year. We also find westward motion of ~ 5 
mm/year on the south side of the MTL. These two faults 
are right lateral strike slip faults. Therefore, the above 
observations are consistent with the characteristics of faults. 
Eastward motion of ~3 mm/year can be seen in the coastal 
area, south of Osaka. Deformation along the coast may be 
related to soft foundation, though it is interesting that its 
eastern coincides with an N-S trending active fault 
(Uemachi fault). 
Fig. 2 shows vertical component of average velocity. I 
obtained uplift of ~3 mm/year in southern Kyoto area. In 
the previous study [1], I found similar uplift here, but 
amount and extent are much larger than the present one, 
which implies that uplift still continues but is decaying. 
Subsidence along the ATTL found in the previous study is 
not clear in this map, but we can recognize a tiny spot of 
subsidence between two surface traces. Instead, a small 
spot of subsidence, which corresponds to area of westward 
motion south of ATTL, is remarkable.  I found subsidence 
in a triangle region bounded by active faults, west of this 
spot. However, this triangle region turned to uplift in this 
study. 
As a whole, the pattern of surface deformation in the Kyoto 
and Osaka plains may be changing between periods of 
operation of ALOS-1 (2006 - 2011) and ALOS-2 (2014 -
2019). Because there are big cities in this area, it is essential 
to monitor surface deformation that is related to active 
faults with InSAR. 
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Fig. 1 Quasi E-W components of average deformation 
rate in the Kyoto and Osaka area during the period of 

2014 - 2019.  Red dot indicates reference point of 
displacement. Red solid lines are surface trace of 
active faults [13]. ATTL: the Arima Takatsuki 

Tectonic Line fault zone. MTL: the Median Tectonic 
Line fault zone. 

 
Fig. 2 Quasi vertical (right) components of average 

deformation rate in the Kyoto and Osaka area during 
the period of 2014 - 2019.  

 
 

 
4. WAKAYAMA PLAIN AND MTL 

 
Old leveling revealed a sharp local uplift in the Wakayama 
plain [7]. Recent continuous GNSS observation also 
detected another local uplift near the Median Tectonic Line 
fault zone [8]. The author’s previous analysis of ALOS-
1/PALSAR-1 images also found uplift [2]. Therefore, it is 
important to examine what is going on afterward.  
For this purpose, I processed ALOS-2/PALSAR-2 images 
acquired during 2014 - 2020 to obtain current motion of the 
ground in the Wakayama area. They are Path 128 Frame 
670 (ascending) and Path 20 Frame 2930 (descending). 
Fig. 3 shows quasi-EW component of surface deformation. 
Average E-W velocity is in the range of ±2 mm/year, which 
is comparable to estimated error. In the Kaisai International 
Airport (KIX), we recognize westward velocity of ~ 10 
mm/year. Fig.4 shows vertical component of surface 
motion. A slight uplift of ~ 3 mm/year is obtained in the 
city of Wakayama. This area coincides with the uplift zone 
detected by old leveling survey [7]. Compilation of 
leveling data till the end of 20th century shows us that uplift 
found by Imamura [7] stopped around 1960’s [9]. The 

present result implies that the ground in this area may have 
been resurgent. Because ascending images does not cover 
the uplift zone found by Yoshida et al. [8] and my previous 
study [2], it is not clear if the uplift continues or not. 
However, we can see slight uplift around (135.4°E, 
34.2°N) in Fig.2. It suggests that uplift in south of the MTL 
still continues, though this area might have suffered from 
tropospheric disturbances. 
 

5. POSTSEISMIC DEFORMATION AFTER THE 
2016 KUMAMOTO EARTHQUAKE 

 
In April 2016, a series of Mw6 or larger earthquake 
occurred in the Kumamoto area, Kyushu. During this 
activity including the largest shock of Mw7.0 on April 16, 
the Futagawa and Hinagu faults slipped by more than 5 m 
[7]. Many surface ruptures and large deformations were 
found along the Futagawa and Hinagu faults and in the city 
of Kumamoto. Considering the size of earthquake, large 
postseismic deformation was expected.  
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Fig. 3 Quasi E-W components of average deformation 
rate in the Wakayama plain during the period of 2014 

- 2020. Red dot indicates reference point of 
displacement. Red solid lines are surface trace of 
active faults [13]. Squares are 1st order leveling 

benchmarks. Green ones are fundamental or junction 
benchmarks and tide station. MTL: the Median 

Tectonic Line fault zone. 

 
Fig. 4 Quasi vertical components of average 

deformation rate in the Wakayama plain during the 
period of 2014 - 2020. See also legend of Fig. 3. 

 
 
 

 
Fig. 5 Quasi east–west components of average velocity 
that are derived from ascending and descending 
interferograms during about 2 years after the 2016 
Kumamoto earthquake. Diamonds are continuous 
GNSS sites operated by Geospatial Information 
Authority (GSI). Diamond painted in white are 
reference points (GEONET 960700 and 970833) for 
the conversion of LOS displacement. Black and red 
solid lines are surface trace of active faults [13] and 
coseismic surface ruptures [14,15,16]. Dark green lines 
delineate boundary of igneous rocks [17]. Arrows with 
letters are points discussed in the text.  

 
Fig. 6 Quasi vertical components of average velocity. 
See also legend of Fig.5. 
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In order to detect postseismic deformation of the 
Kumamoto earthquake, I analyzed ALOS-2/PALSAR-2 
and Sentinel-1 images. However, owing to shorter 
wavelength of microwave, Sentinel-1 image could not 
properly reveal deformation in mountains on the southeast 
side of the Futagawa and Hinagu faults. Therefore, I show 
results of the analysis of ALOS-2/PALSAR-2 images. I 
collected descending images (Path 23, Frame 2950-2960) 
and ascending images (Path 131, Frame 640; Path 130, 
Frame 650) till April 2018. The first images after April 16, 
2016, were taken as the primary one for three paths and 
LOS changes were calculated. 
Fig. 5 shows quasi-EW component of average rate of 
deformation that was derived from ascending (P130 and 
131) and descending images (P23) during April 18, 2016 
and April, 2018.Westward motion is prevailing on the 
southeastern side of Futagawa (E-W trending red line) and 
Hinagu (NE-SW trending red line) faults, implying right-
lateral afterslip on the source faults (arrows b and f). 
However, there is a region of westward shift on the north 
side of Futagawa fault (arrow e), implying another 
mechanism of postseismic deformation. It is interesting 
that this zone roughly coincides with the distribution of 
pyroclastic deposits of the Aso volcano. It is also important 
to note that there is also a zone of westward motion in the 
Aso caldera (arrow j). 
Fig. 6 shows vertical components of average surface 
motion during two years after the Kumamoto earthquake. 
A narrow zone of rapid subsidence trending in NW-SE in 
the city of Kumamoto is clearly recognized (arrow h), 
which can be interpreted by afterslip of normal faulting on 
a subsidiary fault. Subsidence is also remarkable between 
two traces of surface ruptures (arrow b). More remarkable 
deformation is uplift on the western frank of Aso caldera 
(arrows c and d). They are hard to understand with afterslip 
and possibly related to movement of groundwater. 
So far, I tried to interpret these observations with afterslip 
model, but only westward motion on the south side of 
Futagawa and Hinagu faults and local subsidence in the 
city of Kumamoto. Other mechanism such as viscoelastic 
relaxation, poroelastic rebound etc. must be applied to 
these complicated deformations. Detailed processing and 
results are already published [11]. Please refer for further 
reading. 

 
6. SUMMARY 

 
In this study, I applied conventional 2-pass interferometry 
with ionospheric correction and obtained spatial 
distribution of average velocity of surface deformation. 
However, I could not obtain temporal variation, because I 
applied a simple stacking. I tried to apply time series 
analysis to some of datasets, but did not succeed, partly 
because of large volume of images. Recently, a new 
processor for time series analysis which can deal with 
ALOS-2/PALSAR-2 images, LiCSBAS, was developed 
[12]. I will try to reanalyze present data with such a tool in 
the future. 
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1. INTRODUCTION

Snow parameter data collections by conventional and 

ground-based methods are cumbersome, both in terms of 

cost-effective considerations and sporadic occurrences. 

Radar sensors are ideally suited for day/night monitoring 

because those are almost weather independent, and 

microwaves propagate through the atmosphere with little 

deteriorating effects due to clouds, storms, rain, fog, haze, 

and with a synoptic coverage. The availability of more 

sophisticated high resolution and precision data from 

recent polarimetric radar satellites (TerraSAR-

X/TanDEM-X, RadarSat-2, ALOS-2) provides a big 

opportunity for the development of operational methods 

for monitoring the glaciated terrain parameters. It is 

proposed to use the ALOS-2/PALSAR-2 data for the 

development of methodology/algorithms/models for 

monitoring the spatio-diversity in snow density and depth 

in different ranges of glaciated regions (including 

Himalaya) which also includes the development of 

scattering modeling in snowpack, density and depth 

inversion models. The main objectives of the research work 

are:  

1. Development of new POLSAR data processing

method for complete use of phase and polarization

information.

2. Development of the methods for estimation of

snow density and depth by using PolSAR

technique.

3. Analysis of Spatio-diversity in snowpack/ice

characteristics and validation of the developed

techniques through extensive field measurements.

In addition, glacier ice movement is also retrieved by using 

DInSAR data pair of ALOS-2/PALSAR-2 measurements. 

2. METHODS

2.1 6-Component Scattering Power Decomposition: 

6SD 

The new six component decomposition is expressed by [1] 

and Fig. 1 using newly developed scattering models [𝑇]𝑜𝑑
and  [𝑇]𝑐𝑑.

〈[𝑇 (𝜃)]〉 = 𝑃𝑠 [𝑇]s + 𝑃𝑑  [𝑇]d + {
𝑓𝑣 〈[𝑇]〉v

dipole

𝑓𝑣 〈[𝑇]〉v
dihedral

+

𝑃ℎ[𝑇]helix + 𝑃𝑜𝑑[𝑇]𝑜𝑑 + 𝑃𝑐𝑑[𝑇]𝑐𝑑             (1)

where 𝑃𝑠 , 𝑃𝑑 , 𝑃𝑣 , 𝑃ℎ , 𝑃𝑜𝑑  and 𝑃𝑐𝑑  are scattering powers

to be determined. [𝑇]s , [𝑇]d , [𝑇]h , [𝑇]𝑜𝑑  and [𝑇]𝑐𝑑  are

expansion matrices corresponding to surface, double-

bounce, helix scattering, oriented dipole scattering and 

compound dipole scattering (oriented quarter wave 

scattering), respectively. 〈[𝑇]〉v
dihedral  and  〈[𝑇]〉v

dipole
 are

the volume scattering matrices for oriented dihedral 

structures and wires (ensemble average of dipoles), 

respectively.  

The total power (TP) is divided into surface scattering 

power 𝑃𝑠 , double-bounce scattering power 𝑃𝑑 , volume

scattering power 𝑃𝑣 , from dipole and/or oriented dihedral,

helix scattering power 𝑃ℎ , oriented dipole scattering power

𝑃𝑜𝑑  and compound dipole scattering 𝑃𝑐𝑑  as shown in Fig.

1.  

Fig. 1.   New 6-component scattering mechanism with 

rotation of coherency matrix 

2.2. 7-Component Scattering Power Decomposition: 

7SD 

The new seven component scattering decomposition is also 

expressed in (2) without using an orientation angle 𝜃 

compensated coherency matrix [𝑻 ] , surface, double-

bounce and volume scattering models [2] and newly 

developed scattering models [3], [4] as 

[𝑇] = [

𝑇11 𝑇12 𝑇13
𝑇21 𝑇22 𝑇23
𝑇31 𝑇32 𝑇33

] 

= 𝑃𝑠 [𝑇]s + 𝑃𝑑  [𝑇]d + {
𝑃𝑣[𝑇]𝑣𝑜𝑙

𝑑𝑖𝑝𝑜𝑙𝑒

𝑃𝑣[𝑇]𝑣𝑜𝑙
𝑑𝑖ℎ𝑒𝑑𝑟𝑎𝑙

+ 𝑃ℎ[𝑇]h

+𝑃𝑜𝑑[𝑇]𝑜𝑑 + 𝑃𝑐𝑑[𝑇]𝑐𝑑  + 𝑃𝑚𝑑[𝑇]𝑚𝑑

=
𝑃𝑠

1 + |𝛽|2
[
1 𝛽∗ 0

𝛽 |𝛽|2 0
0 0 0

]

+
𝑃𝑑

1 + |𝛼|2
[
|𝛼|2 𝛼 0
𝛼∗ 1 0
0 0 0

] 
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+𝑃𝑣

{
 
 
 
 
 

 
 
 
 
 1

4
[
2 0 0
0 1 0
0 0 1

] ; 𝑢𝑛𝑖𝑓𝑜𝑟𝑚 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛

1

30
[
15 −5 0
−5 7 0
0 0 8

] ; 𝑐𝑜𝑠𝑖𝑛𝑒 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛

1

30
[
15 5 0
5 7 0
0 0 8

] ; 𝑠𝑖𝑛𝑒 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛

1

15
[
0 0 0
0 7 0
0 0 8

] ; 𝑜𝑟𝑖𝑒𝑛𝑡𝑒𝑑 𝑑𝑖ℎ𝑒𝑑𝑟𝑎𝑙
}
 
 
 
 
 

 
 
 
 
 

 

+
𝑃ℎ
2
[

0 0 0
0 1 ±𝑗

0 ∓𝑗 −1
] +

𝑃𝑜𝑑
2
 [
1 0 ±1
0 0 0
±1 0 1

]       

+
𝑃𝑐𝑑
2
 [

1 0 ±𝑗
0 0 0
∓𝑗 0 1

] +
𝑃𝑚𝑑
2
 [
0 0 0
0 1 ±1
0 ±1 1

]  (2) 

 

The seven-component powers in [3] are denoted as surface 

scattering power 𝑃𝑠 , double-bounce scattering power 𝑃𝑑 , 
volume scattering power 𝑃𝑣  from oriented dihedral, 

quarter wave plate scattering power 𝑃𝑞𝑤 , helix scattering 

power 𝑃ℎ , oriented dipole scattering power 𝑃𝑜𝑑  and mixed 

dipoles scattering power 𝑃𝑚𝑑 .  
 

2.3. POLSAR Snow Density Inversion Algorithm 

 

The density inversion procedure from POLSAR data [5] - 

[8] in summarized in Fig. 2.  

 

 
 

Fig. 2. Methodology for Snow Density Inversion 

Algorithm [8]. 

 

 

2.4. Glacier/Ice-cap Movements 

In the present study, DInSAR technique [9] – [13] is 

adopted to estimate the glacier movement with the help of 

ALOS-2/PALSAR-2 L- band SAR data. The topographic 

phase correction is made using 12 m DEM obtained from 

TanDEM-X and 30 m ASTER DEM for Chandra-Bhaga 

basins and Severnaya Zemlya archipelago respectively. A 

brief methodology of the technique is elucidated in Fig. 3 

[11], [13]. 

 

 
Fig. 3. Methodology for DInSAR technique [11]. 

 

2.5. Co-Polarization Coherence and Snow Depth  

After analysing all possible polarimetric combination 

for the snow depth (d) estimation, one of simple and best 

regression relation is preferred [14], which is based on co-

polarization coherence (Ƴ). It is given as  

 

𝑑 = (2.2006 × Ƴ) + 0.5661                              (3) 
                         

 

3. RESULTS 

3.1. 6SD Interpretation  

Six Component Scattering Matrix Power Decomposition is 

applied on ALOS/PALSAR and ALOS-2/PALSAR-2 data 

sets [15]-[20]. Fig. 4 shows the RGB image, formed by 

assigning a standard color code to model based 

decomposition powers (Red: double-bounce scattering, 

Green: Volume scattering, and Blue: Surface scattering). 

Color coded image indicates mostly volume scattering 

dominance over the glaciers in Fig. 4. The blue color 

pattern is observed on Siachen glacier and surroundings, 

which detects dominate surface scattering contribution in 

this part of glacier. A special pattern of cyan/light green 

colors is noticed clearly in the firn area at the head (see red 

line ellipse area) of glaciers. It is formed due to strong 

contributions of surface and volume scattering powers in 

firn region of glacier. Thick firn in the accumulation areas 

of glaciers provide higher backscattering because of low 

absorption of the signal and the likelihood of scattering by 1117



large snow grains (Rayleigh scattering regime of 

microwave).   

Furthermore, it is observed that Svalbard glaciers (West 

Dahlfonna, Erdmannbreen, Fridtjovbreen and Vestre 

Grønfjordbreen) exhibit noticeable portion of firn area but 

firn area ratio is small as compared to the total area of these 

glaciers. Firn area ratios of Austre Grønfjordbreen and East 

Dahlfonna are also not considerable. However, the 

variation in the surface, volume, and double-bounce 

scattering is noticed over Austre Grønfjordbreen similar to 

other glaciers as shown in Fig. 5. All six scattering powers 

(surface, volume, double-bounce, oriented dipole, complex 

dipole, and helix) are plotted over Austre Grønfjordbreen, 

as shown in Fig. 6. Variation in compound scattering 

powers (helix, oriented dipole and compound dipoles) 

represents heterogeneity of the medium. It can also be 

related to spatial variation in deposition of snow over the 

glacier. These fluctuations can be related to 

inhomogeneous accumulation rate and associated 

anisotropy effect. The inhomogeneous accumulation and 

settling leads to the horizontal and vertical orientation of 

the snow particles in the snowpack. This leads to dielectric 

anisotropy and fluctuating returns observed as oriented and 

compound-oriented dipole scattering [14]. 

 

 

Fig. 4. 6SD scattering powers RGB image over the part of 

Siachen glacier, India. Firn area is indicated by red colored 

line’s ellipse. 

 

Fig. 5. 6SD scattering powers shown in RGB 

composite over the glaciers in western part of 

Nordenskiöld Land, Svalbard.  

 

Fig. 6. Variations in 6SD scattering powers along the 

transect A-B over the Austre Grønfjordbreen (shown in 

Figs. 5). (Left): scattering powers of PS, Pv, and Pd, and 

(Right): Ph, Pod, and Pcd. 

3.2. Interpretation of 7SD in Snow-Covered Region 

To implement proposed 7SD [3] and existing 

decomposition G4U [2] methods and to identify the 

complete scattering from coherency matrix at which the 

scattering interaction truly occurs, ALOS-2/PALSAR-2 

data sets for two dates were analysed. The results are 

displayed in Fig. 7. It is clear that the results 7SD are 

improved, especially for the interpretation of seven 

independent observation parameters of coherency matrix 

for model-based decompositions.  As mentioned earlier 

and in next sub-section, the existing methods could not 

have interpreted and accounted for complete relative fully 

polarimetric phase information due to missing of inter-

target observation dependencies involvement in the 

physical scattering coherency models.  

Clearly, the decomposition results using the 7SD improve 

the surface scattering power values over wet snow 

conditions significantly. The 7SD results help greatly in 

presenting the compound signals of various targets that 

reflect coupling between Pauli scattering vectors.  

 
Fig. 7. Decomposition images of terrain corrected fully 

polarimetric ALOS-2/PALSAR-2 during moist snow (left) 

and wet snow (right) cover over the Dhundi area, Himachal 

Pradesh Province, Indian Himalaya: top row G4U images; 

bottom row 7SD images {the color code G4U and 7SD 

decomposition: Red: double bounce scattering power, 
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Green: volume Scattering, and Blue: surface scattering 

power}. The discovered scattering interpretation of 

polarimetric elements in coherency matrix [4] made a 

future roadmap of advanced model-based scattering power 

decomposition methods with upcoming mission ALOS-

4/PALSAR-3. 

Another example of the presence of compound scattering 

over natural targets is demonstrated over the Gangotri 

glacier in the Himalaya (Fig. 8). Situated in the northern 

state of Uttrakhand, the glacier is the origin of the river 

Ganges. L-band ALOS/PALSAR and ALOS-2/PALSAR-

2 data sets acquired in June 2010 and, in March and April 

2015 respectively are used for the analysis. The multilook 

factor for ALOS/PALSAR is 12 × 2 in azimuth × range 

directions, while that of ALOS-2/PALSAR-2 is 9 × 5.     

 
Fig. 8. Left Column: Decomposition RGBs of L-band 

ALOS/PALSAR and ALOS-2/PALSAR-2 data acquired 

over the Gangotri glacier in the Himalaya. The datasets 

span over three months in two different years and details 

are as follows: (a) ALOS-2/PALSAR-2 data set is acquired 

on March 22, 2015, (b) ALOS-2/PALSAR-2 on April 19, 

2015, and (c) ALOS/PALSAR is acquired on June 06, 

2010. The color-coded RGBs for 7SD; red: double-bounce 

scattering, green: volume scattering, and blue: surface 

scattering). The radar direction of illumination is from left 

to right, and flight direction is highlighted by the airplane 

cartoon.  Right Column: Decomposition mean power 

statistics over the region of interest (ROI) highlighted by 

the yellow polygon in the decomposition RGB images. The 

ROI is taken over the ablation zone of the glacier. All 

values in the pie chart indicate percentages [4]. 

 

Spanning over three different months, the data indicates 

different stages of the glacier. Radar backscatter from 

snow-covered glaciers comprise of contributions from 

air/snow interface, from within the snowpack, from 

snow/background interface, and in case of longer 

wavelengths, from the surface beneath the snow cover. The 

presence of snow also aids in minor interaction within the 

snowpack, as longer wavelength can penetrate inside, 

causing contributions from compound scattering powers 

[4].  

 

3.3 Snow Density 

The density retrieval algorithm utilizes fully polarimetric 

ALOS-2/PALSAR-2 data sets acquired on April 04, 2015 

field observations, and other ancillary information. The 

algorithm also involves the utilization of generalized 

volume scattering parameters from the generalized Singh-

Cloude decomposition model. The estimation of snow 

density using fully polarimetric SAR data is based on 

physical modeling of the permittivity. The volume 

permittivity of the snowpack is derived from the Fresnel 

transmissivity coefficients. The retrieved permittivity is 

used to determine the snow density using an empirical 

model. The mean absolute error of snowpack density is 

found to be 23.8 kg/m3, which is well within the range of 

acceptable value. The snow density map is shown in Fig. 

9. 

 

Fig. 9. Snow / Firn density (g/cm3) variability 

map for April 04, 2015 1119



3.4 Snow Depth: Spatial and Temporal Variability  

The SD inversion maps over the glaciers in western part of 

Nordenskiöld Land region and the test region using 

equation (3) is shown in Fig. 10. In addition to the snow 

depth estimated, we also demonstrate the spatial and 

temporal variability in SD. This is performed using 

POLSAR data acquired over three dates of April 4, April 

13 and May 15 in 2015. Figs. 10(a), (b), (c) show the 

inverted SD maps for the western part of Nordenskiöld 

Land region, Svalbard area on the three dates. Between 

April 13, 2015 and May 15, 2015, several significant snow 

events were recorded. The total amount of snow 

precipitated between April 2-13, 2015 was 10.2 mm 

compared to a significantly large value of 64.6 mm of snow 

between April 13, 2015 and May 15, 2015. Concentrating 

our study, on the test glacier only, we observed that the SD 

has increased over more regions, indicated by more snow 

depth (shade of blue) over the glacier. However, the area 

situated on the left side of the terminus shows increased 

snow depth in all three maps. The reason for this may be 

explained as follows: the presence of a big surface channel 

with depth of several meters, situated on the left side of 

terminus, assists in the accumulation of much more snow 

than compared to the surrounding flat glacier surface. But 

snow depth near the snout is overestimated due to snow-ice 

interface scattering which produces high co-polarization 

coherence.  

 

 

Fig. 10. SD inversion using POLSAR data acquired on 

(a) April 4, 2015, (b) April 13, 2015 and (c) May 15, 

2015, over glaciers in western part of Nordenskiöld Land 

region (Svalbard) based on coherence equation. (d) 

shows an enlarged view of the SD inversion results over 

Austre Grønfjordbreen using POLSAR data set of April 

15, 2015 [14]. 

3.5 DInSAR based Glacier Velocity  

Two DInSAR pairs of ALOS-2/PALSAR-2 data are 

acquired during March to May 2015, for interferogram 

generation with a 14-days temporal baseline. Using 

DInSAR technique (Fig. 11), glacier velocity was 

estimated in LOS (Figs. 11(a) and (b), which was 

converted into horizontal flow velocity for the glaciers in 

Chandra (Fig. 11(c)) and Bhaga sub-basins (Fig. 11(d)). 

Confidently, we can conclude 14 days repeat pass cycle 

ALOS-4/PALSAR-3 can also retrieve 2-pass DInSAR 

based glacier movements   

 

 
Fig. 11. (a) Spatial distribution of Chandra sub-basin ( 

Himalaya) LOS velocity map generated using the DInSAR 

technique; (b) spatial distribution of Bhaga sub-basin LOS 

velocity map generated using the DInSAR technique (c) 

spatial distribution of Chandra sub-basin HFV (magnitude)  

map generated using the DInSAR technique; (d) spatial 

distribution of Bhaga sub-basin HFV (magnitude)  map 

generated using the DInSAR technique and observed fast-

moving glacier in Bhaga sub-basin named as ‘A’, ‘B’ and 

‘C’. ‘P’ is the Patseo glacier which is one of the benchmark 

glacier in Bhaga sub-basin used to check its velocity profile 

with the slope for comparing with the glacier ‘A’, ‘B’, and 

‘C’ [11] 

 

Another example of glacier flow rate is shown over the 

Severnaya Zemlya archipelago mainly, Academy of 

Sciences, Rusanov, Karpinsky and University ice caps 

using the two-pass DInSAR technique. DInSAR calculates 

the movement in the LOS direction (as shown in Fig. 12).  

Among all the glaciers/ice caps, Academy of Sciences is 

the fast-moving glaciers in this archipelago. Most of the 

Karpinsky glaciers are found to be moving in a north-

easterly or easterly direction, as observed in the LOS 

velocity map. For the Kropotkin Glacier (Zone IV in Fig. 

12(a)), flow rate is considerably low.  

1120



 
Fig. 12.  Glacier movement in LOS direction of Severnaya 

Zemlya archipelago using 2 pass DInSAR technique. (a) 

Complete Severnaya Zemlya archipelago region; (b) 

Academy of Sciences ice cap; (c) Rusanov ice cap; 

(d)Karpinsky and University ice caps. 

 

3.6 Disintegration/Fracture Line/Collapse of Glacier 

The POLSAR analysis is performed using scattering power 

images derived from 7SD model. In addition to that, 

calibrated HH-polarized backscattering (𝜎𝐻𝐻
0 ) image is 

utilized to highlight the formation of the 

disintegration/fracture line in the glacier (Fig. 13). As seen 

in Figs. 13 and 14, the disintegration and the fracture lines 

were not fully developed in the data of March 27, 2015. 

These lines are clearly visible in the data of April 24, 2015. 

An enlarged view of the 𝜎𝐻𝐻
0  image is shown in Fig. 14. 

Position of the disintegration and the fracture lines due to 

glacier collapse in between March 27 and April 24, 2018 is 

clearly visible as a dark patch in the 𝜎𝐻𝐻
0  image. These 

portions of fractures and disintegration are highlighted by 

the yellow ellipse and dashed white ellipse on the 𝜎𝐻𝐻
0  

image for April 24, 2015 data set, respectively. As it can 

be seen from the two images, there is also a shift in the 

glacier flow line due to the formation of the collapse 

feature. Further, the explanation for the dark patch is given 

as: collapse in the glacier occurs due to several factors, 

such as bed deformation, high velocity, melt water from 

adjoining tributaries, cause cracks or fault-like structures 

in the glacier. Focusing our analysis on only the collapse 

area, we can observe more red tinge in that area. This is 

indicative of the double-bounce scattering occurring for 

those pixels. As earlier mentioned, the collapse lines are 

created by the cracks appearing in the glacier. A pictorial 

representation of the SAR signal interaction with the cracks 

is ingested with the image. The cracks form a dihedral 

structure (between the base and the walls of the crack as 

shown in the cartoon) such that the radar signal undergoes 

two (even) bounces at the base and the walls before it is 

return and received at the receiver. These results in the 

double-bounce scattering that impart the red color. 

 

 
Fig. 13. Visualization and interpretation of the 

disintegration and the fracture lines in (top) backscattering 

images and (bottom) 7SD color coded images {blue, red 

and green colors are assigned to surface (Ps) double-

bounce (Pd) and volume (Pv) scattering power images, 

respectively}. The radar LOS (indicated by the blue arrow) 

is such that fracture area is perpendicular to it.  

 

 
Fig. 14. Enlarged view of black line rectangular patch 

(disintegration line) and yellow line rectangular patch 

(fracture line) in Fig. 16 for clear visualization of the 

disintegration and fracture lines interpretation in (top) 

backscattering images and (bottom) 7SD color coded 

images. The radar LOS (indicated by the blue arrow) is 

such that fracture area is perpendicular to it.  
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4. CONCLUSION 

• The physical scattering mechanism of four out of 

the nine independent parameters of the coherency 

matrix have been modeled and interpreted, and well 

established in existing work. The physical 

scattering interpretation and matrix model of the 

remaining five elements of coherency matrix were 

not justified until now. This work establishes the 

physical interpretation of the five elements from a 

physical scattering point of view. Although 

microwave interaction is more complex but this 

study provides the understanding and/or scattering 

interpretation the real polarimetric radar data in a 

practical manner. We can now think about more 

ambitious studies in future on more complex targets 

using appropriate measurements with the aim of 

guessing more precisely the knowledge that could 

be acquired due to polarimetric radar 

measurements. Decomposition development with 

detail analysis will be performed in next work with 

ALOS-4/PALSAR-3. 

• It is also found that the model-estimated snowpack 

density of ALOS-2/PALSAR-2 is highly congruent 

with the field-measured snowpack density  

• The study is taken further by introducing a snow 

depth inversion algorithm using the combination of 

these polarimetric parameters. The proposed 

methodology is useful in continuous monitoring of 

the spatial and temporal variability of snow cover 

depth. 

• Anomalous glacier dynamics information is 

discovered using 2-pass DInSAR of ALOS-

2/PALSAR-2. Influx of melting water from 

adjacent glaciers is major cause for anomalous 

dynamics of glaciers. Disintegrating behaviour in 

glaciers is also observed due to influx of melting 

water.  

• ALOS-2/PALSAR-2 has shown several potential 

applications in the field of cryosphere with its 

receptivity cycle of 14 days. It is also expected that 

ALOS-4/PALSAR will perform with a similar or 

better accuracy.  
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1. INTRODUCTION

   The purpose of this research project in RA6 is to show 
the effectiveness of fully polarimetric (equivalently Quad 
Pol or QP) ALOS-2 SAR data for monitoring the earth 
cover. The model-based scattering power decomposition 
has been carried out to create web-based archive images 
aimed at publisc viewing. Fig. 1 and Table 1 clarifies the 
relation among single, dual,  and quad polarization 
acquaition data and corresponding number of independent 
radar parameters. There are nine (9) independent 
parameters in Quad Pol data which are much larger than 
those of single and dual polarization ones. 

Dual pol.

Quad pol

Single pol
HH

HH+HV
HH+VV

HR+VR
etc.

HH+HV+VH+VV

  VV，

Fig. 1  Relation of polarimetric data

   Using the advantage of 9 parameters, it is possible to 
create color images by scattering power decomposition of 
fully polarimetric SAR data. Scattering poewr is the most 
fundamental radar parameter bearing the scattering 
mechanism. Based on the physical scattering models, 
scattering powers caused by surface-,  double bounce-, 
volume-, helix-, compound dipole-, and oriented dipole-
scattering can be retrieved from an ensemble averaged 
coherency matrix in an imaging window which retains the 
second order statistics.  These scattering powers are color-
coded to compose a RGB color image. The resultant RGB 
color images are easy to understand for everyone and to 
interpret actual scattering phenomena. For example, 
scattering change can be identified by a change of color, 
which serves change detection such as landslide, forest-
cut, or vegetation growing very easily and quickly. The 6-
component scattering power decomposition schemes have 
been developed so far (named 6SD) and utilized to cretate 
more than 800 scenes during the RA6 research period. It is 
our purpose to create a web-based archive using ALOS2 
fully polarimetric data over worldwide and Japan. The 

web-based archive images will serve to general utilization 
of Quad Pol data worldwide.

    Table 1 The number of independent parameters for 
single, dual, and quad data.

1

4

9SHH SHV
SVH SVV

SHH SHV
SHH

2 SHH SHV*

SHV SHH* SHV
2

SHH
2 SHH SHV* SHH SVV*

SHV SHH* SHV
2 SHV SVV*

SVV SHH* SVV SHV* SVV
2

Scatteig matrix

Dual

Quad.

SHHSingle SHH
21

3

5

Acquisition 
data

independent 
number

number of the 
second order 

statistics Covariance

2. MODEL-BASED 6-COMPONENT
SCATTERING POWER DECOMPOSITION 

(6SD)

   Using the advantages of 9 independent parameters 
derived from Quad Pol data, we have been engaged in the 
development of model-based scattering power decom-
position [1]-[5]. According to the number of scattering 
mechanisms, it is possible to obtain corresponding 
scattering powers. It should be noted that any dual pol 
mode (such as HH+HV) containing 4 parameters cannot 
deal with scattering power decomposition. 

   We have chosen to show the six-component scattering 
power decomposition scheme [3] for ALOS-2, after 
checking the performance of several decomposition 
schemes using 3, 4, 6, and 7 scattering components [1]-
[6]. The advantages of six-component method are 
generation of natural and intuitive color image for 
scattering mechanisms, and applicability to almost all 
radar scenes. 
   The 6-component scattering model-based expansion can 
be written as follows:

] | E x p r | [ B 6 4 X X x F e H B y f F s j Y i B A Y G J f X 1 9 9 K T M j I G I k T D x j I S x R X j x j I T 1 R K C I i I C p + O i A 7 Y l A 3 J m M 1 N S p U P G M h J D F e I i F T e W 1 i b 2 x e O i E m Y y 0 1 I n F 9 f X 1 9 f A 0 J f D o g J m M 1 N S o g L F 0 g J F 5 Q X n N f I C R e P G M h P V F e V H 1 e c 1 8 g L E s g J F 5 Q X m R f I C R e P G M h P V F e V H 1 e Z F 8 g L E s g J F 5 8 D Q l 8 U F 5 2 X y A k X j x j I T 1 R X l R 9 X n Z f f S Y g Y i E o I G I i M C B i I z g g Y i R A I G I l S C B i J l A g V 1 d 9 X X x b D Q = = ] | [
T = Ps T s + Pd T d + Pv T v

] | E x p r | [ B 6 4 X X x F e H B y f F s j Y i B A Y G J f X 1 9 9 K T E j I G I k T C I g K n 4 6 I D t i U D c m Y z U 1 K i x L I C R e U F 5 o X y A k X j x j I T 1 R X l R 9 X n w N C X x o X y A s S y A k X l A o I W 9 k f V 8 g J F 4 8 Y y E 9 U V 5 U f S g h b 2 R 9 X y A s S y A k X l A o I W N k f V 8 g J F 4 8 Y y E 9 U V 5 U f S g h Y 2 R 9 f A 0 J f F 9 9 J i B i I S g g Y i I w I G I j O C B i J E A g Y i V I I G I m U C B X V 3 1 d f F s N ] | [
+ Ph T h + Pod T od + Pcd T cd (1)
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where, the left-hand side is the rotated coherency matrix 
(2) of measured data with rotation angle θ (4).

  
] | E x p r | [ B 6 4 X X x F e H B y f F s j Y i B A Y G J f X 1 9 9 K S g j I G I k T D x j I S x R X j x j I T 1 R K C I i I C p + O i A 7 Y l A 2 J m M 1 N S p U P G M h J D F e I i F T e W 1 i b 2 x e O i E m Y z U 1 I n F 9 f X 1 9 f A 0 J f D o g J m M 1 N S o g L F 0 g P G M h P V E o I l I 8 Y y E k M V 4 6 I S Z j N T U i c X 1 9 f T o g J m M 1 N S o g P G M h L F F e P G M h P V F e V H 1 9 J F 5 8 D Q l 8 P G M h P V E o I l I 8 Y y E k M V 4 6 I S Z j N T U i c X 1 9 f V 9 e O i A 7 Y l A 3 J m M 1 N S p 0 f A 0 J f H 0 m I G I h K C B i I j A g Y i M 4 I G I k Q C B i J U g g Y i Z Q I F d X f V 1 8 W w 0 = ] | [
T = R T R t   (2)

Rotation matrix, 
] | E x p r | [ B 6 4 X X x F e H B y f F s j Y i B A Y G J f X 1 9 9 K S U j I G I k T D x j I T 1 R K C I i I C p + O i A 7 Y l A 2 J m M 1 N S p S P G M h J D F e I i F T e W 1 i b 2 x e O i E m Y z U 1 I n F 9 f X 1 8 D Q l 8 O i A m Y z U 1 K i A s X S A 8 Y y E 9 U S g i W y M h I F 4 x X j B e M H 1 b I y I g X j B e M C g k Y 2 9 z I D I 6 I S Z j N T U i c X 0 o J D o g J m M 1 N S p z a W 5 8 D Q l 8 I D I 6 I S Z j N T U i c X 0 o J j o g J m M 1 N S o s T S B z a W 4 g M j o h J m M 1 N S J x f S g k O i A m Y z U 1 K m N v c y A y O i E m Y z U 1 I n F 9 f X 1 9 f A 0 J f H 0 m I G I h K C B i I j A g Y i M 4 I G I k Q C B i J U g g Y i Z Q I F d X f V 1 8 W w 0 = ] | [

R =
1
0
0

0 0
cos 2 sin 2
- sin 2 cos 2

  (3)

Rotation angle,  
] | E x p r | [ B 6 4 X X x F e H B y f F s j Y i B A Y G J f X 1 9 9 K S k j I G I k T C I g K n 4 6 I D t i U D Y m Y z U 1 K j I i I V N 5 b W J v b F 4 6 I S Z j N T U i c T o g J m M 1 N S o g f A 0 J f C x d I D w y X j F e M n 0 7 Y l A 4 I C Q o I T t i U D Z 0 Y W 5 9 X y g j L E 0 g M X 0 8 Y y E k M V 4 8 M i g l M j t i U D c g O 2 J Q N l J l I D x j I S h B f A 0 J f F 4 k X l Q o I T I z f V 9 9 f S g l J F 5 U K C E y M n 1 f I C x N I C R e V C g h M z N 9 X 3 1 9 f X w N C X x 9 J i B i I S g g Y i I w I G I j O C B i J E A g Y i V I I G I m U C B X V 3 1 d f F s N ] | [

2 = 1
2 tan- 1 2 Re T23

T22 - T33
  (4)

The coefficients Pi are the scattering powers of each 
scattering model, and the corresponding scattering 
mechanisms are shown in Fig. 2. 

     

   Ps: surface scattering power
   Pd: double bounce scattering power
   Pv: volume scattering power

   

d =8

8

8

45°

H

V d =8

4

8

H

V

Ph Pod Pcd     

   Ph: helix scattering power accounting for ] | E x p r | [ B 6 4 X X x F e H B y f F s j Y i B A Y G J f X 1 9 9 K S I j I G I k T C I g K n 4 6 I D t i U D c m Y z U 1 K k l t P G M h K E F e J F 5 U K C E y M 3 1 f f X w N C X x 9 J i B i I S g g Y i I w I G I j O C B i J E A g Y i V I I G I m U C B X V 3 1 d f F s N ] | [
Im T23

   Pod: oriented dipole power accounting for ] | E x p r | [ B 6 4 X X x F e H B y f F s j Y i B A Y G J f X 1 9 9 K S I j I G I k T C I g K n 4 6 I D t i U D c m Y z U 1 K l J l P G M h K E F e J F 5 U K C E x M 3 1 f f X w N C X x 9 J i B i I S g g Y i I w I G I j O C B i J E A g Y i V I I G I m U C B X V 3 1 d f F s N ] | [
Re T13

   Pcd: compound dipole power accounting for ] | E x p r | [ B 6 4 X X x F e H B y f F s j Y i B A Y G J f X 1 9 9 K S I j I G I k T C I g K n 4 6 I D t i U D c m Y z U 1 K k l t P G M h K E F e J F 5 U K C E x M 3 1 f f X w N C X x 9 J i B i I S g g Y i I w I G I j O C B i J E A g Y i V I I G I m U C B X V 3 1 d f F s N ] | [
Im T13

Fig. 2  Scattering mechanisms and powers (Ps, Pd, Pv, Ph, 
Pod, and Pcd).

   [T]i is the corresponding sub-coherency matrix with unit 
trace. The total power TP must have the relation such that

 ] | E x p r | [ B 6 4 X X x F e H B y f F s j Y i B A Y G J f X 1 9 9 K T A j I G I k T C I g K n 4 6 I D t i U D c m Y z U 1 K l R Q I C x d I C R e V C g h M T F 9 X z x j I S Q x X n w N C X w i I V N 5 b W J v b F 4 6 I S Z j L T U i c X 0 6 I C Z j N T U q I C x L I C R e V C g h M j J 9 X z x j I S Q x X j o h J m M t N S J x f T o g J m M 1 N S o g f A 0 J f C x L I C R e V C g h M z N 9 X z x j I S Q x X j o h J m M t N S J x f X 0 m I G I h K C B i I j A g Y i M 4 I G I k Q C B i J U g g Y i Z Q I F d X f V 1 8 W w 0 = ] | [
TP = T11 + T22 + T33   (5)

 ] | E x p r | [ B 6 4 X X x F e H B y f F s j Y i B A Y G J f X 1 9 9 K T k j I G I k T C I g K n 4 6 I D t i U D c m Y z U 1 K l R Q I C x d I C R e U F 5 z X y A s S y A k X l B e Z H w N C X x f I C x L I C R e U F 5 2 X y A s S y A k X l B e a F 8 g L E s g J F 5 Q K C F v Z H 1 f I C x L I C R e U C g h Y 2 R 9 X 3 w N C X x 9 J i B i I S g g Y i I w I G I j O C B i J E A g Y i V I I G I m U C B X V 3 1 d f F s N ] | [
TP = Ps + Pd + Pv + Ph + Pod + Pcd  (6)

Since 
] | E x p r | [ B 6 4 X X x F e H B y f F s j Y i B A Y G J f X 1 9 9 K S Y j I G I k T C I g K n 4 6 I D t i U D c m Y z U 1 K l J l P G M h K E E p I i M g Y i R M J F 5 U K C E y M 3 1 8 D Q l 8 X z x j I S Q x X i I h U 3 l t Y m 9 s X j o h J m M 1 N S J x f X 0 m I G I h K C B i I j A g Y i M 4 I G I k Q C B i J U g g Y i Z Q I F d X f X 0 6 I C Z j N T U q I H w N C X w s X S A w f S Y g Y i E o I G I i M C B i I z g g Y i R A I G I l S C B i J l A g V 1 d 9 X X x b D Q = = ] | [
Re T23 = 0by rotation operation, the number of 

independent parameters reduces to eight (8) in the 
coherency matrix. The right-hand side accounts for eight 
parameters in total.  Therefore, all parameters 8/8 are 
accounted for in this decomposition (100%).

   For example, we expand the measured coherency matrix 
in an imaging window with m by n pixels for the case of 
volume scattering with 

] | E x p r | [ B 6 4 X X x F e H B y f F s j Y i B A Y G J f X 1 9 9 K S c j I G I k T D x j I T E h K C U k X i I g U 3 l t Y m 9 s X j o g O 2 J Q N y Z j N T U i c y g h I i E q f j o h J m M 1 N S p I S H 1 8 D Q l 8 X y A s T S A k X j o g J m M 1 N S J z K C E 6 I S Z j N T U q V l Z 9 X 3 1 9 I C x c I D I g Z E J 8 D Q l 8 f S Y g Y i E o I G I i M C B i I z g g Y i R A I G I l S C B i J l A g V 1 d 9 X X x b D Q = = ] | [HH - VV < 2 dB ,

　] | E x p r | [ B 6 4 X X x F e H B y f F s j Y i B A Y G J f X 1 9 9 K S g j I G I k T D x j I T 1 R K S E j I G I k T F s j I y A o I i R e I i A q f j o g O 2 J Q N y Z j N T U q V H w N C X w o I T E x f V 8 8 Y y E k M V 4 i I V N 5 b W J v b F 4 6 I S Z j L T U i c X 1 9 K C I k X j o g J m M 1 N S p U K C E x M n 1 f P G M h J D F e O i E m Y y 0 1 I n F 9 f X w N C X w o I i R e O i A m Y z U 1 K l Q o I T E z f V 8 8 Y y E k M V 4 6 I S Z j L T U i c X 1 9 K C I k X j o g J m M 1 N S p U K C E y M X 1 f P G M h J D F e O i E m Y y 0 1 I n F 9 f X w N C X w o I i R e O i A m Y z U 1 K l Q o I T I y f V 8 8 Y y E k M V 4 6 I S Z j L T U i c X 1 9 K C I k X j o g J m M 1 N S p U K C E y M 3 1 f P G M h J D F e O i E m Y y 0 1 I n F 9 f X w N C X w o I i R e O i A m Y z U 1 K l Q o I T M x f V 8 8 Y y E k M V 4 6 I S Z j L T U i c X 1 9 K C I k X j o g J m M 1 N S p U K C E z M n 1 f P G M h J D F e O i E m Y y 0 1 I n F 9 f X w N C X w o I i R e O i A m Y z U 1 K l Q o I T M z f V 8 8 Y y E k M V 4 6 I S Z j L T U i c X 1 9 f X 0 m I G I h K C B i I j A g Y i M 4 I G I k Q C B i J U g g Y i Z Q I V d X f X 1 8 D Q l 8 O i A m Y z U 1 K i A s X S A 8 M i k h I y B i J E w k X l B e c 1 9 9 J i B i I S g g Y i I w I G I j O C B i J E A g Y i V I I G I m U C B X V 3 0 o J T E g L E t 8 D Q l 8 I C R e P G M h M S F e O i E m Y z U 1 I m J 9 X 1 4 6 I C Z j N T U q M n 1 9 I D x j I T 1 R K S E j I G I k T F s j I y B e M V 4 k X j o h J m M 1 N S J i X 3 w N C X x e O i A m Y z U 1 K i x K X j B e O i E m Y z U 1 I m J e J F 4 8 Y y E x I V 5 i f V 9 e O i A m Y z U 1 K j J e O i E w X j o g M F 4 6 I T B e O i A w f X w N C X x 9 J i B i I S g g Y i I w I G I j O C B i J E A g Y i V I I G I m U C F X V 3 1 9 I H 0 m I G I h K C B i I j A g Y i M 4 I G I k Q C B i J U g g Y i Z Q I F d X f V 1 8 W w 0 = ] | [
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By comparing elements,  6 powers can be determined [3]. 
Once these powers are obtained, we assign RGB colors to 
create full color images. 

   A flow chart of six-component scattering power 
decomposition is shown in Fig. 3. First, we discriminate 
the HV contribution using the branch condition C1. If the 
HV comes from natural vegetation,  we go to the natural 
tree volume scattering. If the HV is caused by double 
bounce scattering,  we go to check the double-bounce 
scattering mainly in man-made structure by oriented and 
compound dipole scatterings. Then the same procedure 
determines if each scattering power is executed. 

3. PROCESSED QUAD POL DATA

   It is possible to create full-color image by assigning 
Red-Green-Blue color code to scattering powers after the 
decomposition. The major scattering powers are Ps (Blue) 
caused by surface scattering, Pd (Red) by double bounce 
scattering, and Pv (Green) by volume scattering as shown 
in Fig. 4.  Although the magnitudes of Ph, Pod, and Pcd are 
small in magnitude, they contribute to form a vivid color 
images. The final color-coded image is straightforward for 
everyone to interpret the scene because the colors in the 
image directly represent scattering power mechanisms. 
The full color image by polarization is superior to optical 
image in the sense that it is cloud-free, vivid,  and that each 
color represent typical scattering objects. 

   Fig. 4 Color-coding for 6SD

The scattering power decomposition images are processed 
by both the general four-component scattering power 
decomposition scheme with unitary transformation G4U 
[2] and the six(6)-component scattering power 
decomposition 6SD [3]. The number of processed data by 
ALOS PALSAR exceeded more than 1600, and more than 
900 for ALOS2 PALSAR2 as shown in Table 2. 

Ps Pd Pv Ph
Pod  
Pcd

Red = Pd + 3/5 (Pcd + Pod) + Ph/2!
Green = Pv + 2/5 (Pcd + Pod) + Ph/2!
Blue = Ps!
Yellow = Ph (helix) = Ph/2 + Ph/2!
Orange = 3/5 (Pcd + Pod) + 2/5 (Pcd + Pod)
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  Fig. 3   Flowchart of 6-component scattering power decomposition (6SD)
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FIGURE 8.13 Flow chart of six-component scattering power decomposition (6SD).
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Table 2 Number of processed data as of Nov. 1, 2020

ALOS1 ALOS2

Japan 643 371

World 1043 548

4. ARCHIVED IMAGES

   These scattering power decomposition images are 
uploaded in the website for public viewing: 
           http://www.wave.ie.niigata-u.ac.jp/yamaguchi/
where the slant range images are displayed individually 
based on level 1.1 data together with corresponding data 
acquisition information such as date, off nadir angle, etc. 
The window size of ensemble averaging was chosen as  3 
(range) x 18 (azimuth) for ALOS QP data, and 5 (range) x 
10 (azimuth) for ALOS2 QP data, to ensure statistical 
property of the second order versus radar resolution 
compromise. 
   In addition, global scattering power decomposition 
images are available at the following website:
       https://gsrt.airc.aist.go.jp/landbrowser/index.html 
       https://landbrowser.airc.aist.go.jp/polsar/index.html  
where the scattering power decomposition images are 
directly mapped onto the earth surface.
   Common to the images, the surface scattering is 
typically created in bare surface such as paddy field, crop 
field, sea surface, river, bare soil surface created by land 
slide, etc. The double bounce scattering can be seen right-
angle structure such as building wall to road surface in 
urban area, houses, man-made structures, bridge-water 
surface, ships, etc. The volume scattering is generated by 
the cross-polarization term in complex urban structures, 
vegetation area, forest, trees,  and slope surfaces. Some 
eamples are shown for each scattering case.

4.1 Rain Forest - Mangrove Area

   The typical difference of images obtained by ALOS2-
PALSAR2 quad pol SAR data and optical data is shown in 
Fig. 5. Since L-band wave can penetrate mangrove forest 
to some extent, it is possible to create full color image as 
shown in Fig. 5, where we can see clearly the details of 
rain forest, mangrove, as well as vegetation difference, 
small rivers, together with urban area. Green color area 
with reddish color indicates tall vegetation by double 
bounce scattering. It is impossible to see the details by 
optical data. This example shows the significant 
advantage of L-band QP data.

Google Earth Optical Image
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Fig. 5 Comparison of QP SAR and optical image over 
Nigeria, Africa. Left: 6SD scattering power decomposition 
image of ALOS2109100080-160530, Right: Google Earth 
optical image.

4.2 Paddy Fields

2014110520160504

Rice paddy field in Bangladesh Fig. 6  Difference of scattering mechanisms: 
     Blue=>surface scattering=>short stem, 
     Red=>double bounce scattering=>tall stem, 
according to the growing stage of rice over Bangladesh.
ALOS2105220440-160504, ALOS2024490440-141105

   Rice monitoring is one of the agricultual applications. 
With growing stage of rice stem, the double bounce from 
water surface and bounch of rice stems increases as shown 
in Fig. 6. The data have been acquired on a growing stage 
(short stem) and a riping stage (longer stem) over 
Bangladish rice padddy fields.  When rice is small just 
after planting, the dominant scattering mechanism is 
surface scattering from water and bare soil.  This causes 
surface scattering with balck and blue color. When rice 
stem becomes tall, the double bounce occurs as shown in 
Fig. 6.
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   If the planting raw is orthogonal to radar illumination at 
the ripping stage of rice in paddy fields, strong double 
bounce occurs as shown in Fig. 7.  Pink colored areas 
correspond to rice paddy fields just before harvesting. 
Planting raw and muddy floor of the field caused strong 
double bounce scattering with Bragg scattering. In 
addition to surface scattering (blue), this double bounce 
scattering (red) caused pink (blue+red) color. The 
difference of color in each paddy is result of ripping stage 
difference. 

Fig. 7 Ripping stage of rice in paddy fields of Echigo 
plain, Niigata, Japan. ALOS2283810740-190825

4.3 Crop (corn) monitoring

   Tall crop vegetation such as corn, suger cane, etc.,  also 
cause double bounce scattering. Fig. 8 compares the 
scattering difference of the corn growth in Argentina. Red 
color shows the corn has grown up.

2015051020141109

Crop field near wetland, Ramallo, Argentina
Fig. 8   Corn growing stage according to height along 
Parana River, Ramallo, Argentina. 
ALOS2024996500-141109, ALOS2051906500-150510

4.4 Snow capped mountain

   Next decompsoition images compare the snow capped 
mountain in Japanese North ALPS in fall and in winter 
season. The valley in the center image is extended along 
Itoigawa-Shizuoka great fault-line.  Dark black area in the 
right hand side is Japan sea. Before snow accumulating, 
the mountain area exhibit volume scattering caused by 
forests,  trees,  and vegetations. When snow covers the 
area, the scattering mechanism changed into surface 
scattering with small reflection. This cause dark blue in 
the mountanious snow-capped area. Snow capped 
mountains always exhibit dark blue color. 

ALOS2127230730-160930

ALOS2141720730-170106

Fig. 9 Snow capped mountains in Japanese North ALPS.

4.5 Deforestation

   Deforestation is one of the critical problems for 
preserving the earth environment. Monitoring of rain 
forest is important task for maintaing the sustainable 
environment.  In this regard, L-band polarimetric SAR is 
expected to play the most important role. It has great 
advantages of penetration capability into cloud and forest/
vegetation in rainforest areas. It brings back a lot of 
scattering information. If scattering decomposition is 
applied to QP data, we can immediately identify the 
forest-cut region as shown in Fig. 10. Since forest-cut 
changes the scattering mechanism from the volume 
scattering by trees to surface scattering by soil, the cut-
area exhibits blue in the decomposition image. It is 
straightforward to identify the area by dark blue color as 
shown in Fig. 10. The detection performance of forest-cut 
seems surpirior to those of dual-pol data due to the 
abundant information of QP data. 
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ALOS2048140010-150414 © JAXA
Off nadir angle  30.4°

Sri Aman, Malaysia 

Ps Pv

Pd
N

Fig. 10 Deforestation in Malaysia. Dark blue areas 
correspond to forest cut and changed into Palm plantation 
area.

   Natural forest areas are changed into Palm oil plantation 
fields in these regios. The descrimiation of vegetation 
(natural forest against plantation) can be clearly 
recoginized by the color in Fig.  11, where dark blue areas 
show plantation fields.

ALOS2048137130-150414 © JAXA
Off nadir angle  32.7°

Seruyan Regency, Indonesia 

Ps Pv

Pd N

Fig. 11 Descrimination of natural forest and plantation 
area in Kalimantan, Indonesia.

4.6 Ship Detection

   Ship is ususally larger than radar range and azimuth 
resulutions. Sea surface and side walls of ship body 
constitute right angle structures where the double bounce 
scattering is induced. Using this double bounce scattering, 
it is easy to detect big ships on sea surface or on river. Fig. 
12 shows one example of ship detection result near 
Singapore.  It is possible to identify numerous ship echos 
on the sea shore in the decomposition image. 

Singapore
Fig. 12 Ships around Singapore. 

ALOS2096640020-160307, ALOS2106990020-160516 

4.7 Forest Fire

   When forest fire occurs, tree leaves and small branches 
are burned and fallen down, leaving thick vertical stem 
alone. This vertical stem standing on the ground causes 
double bounce scattering in radar observation. Fig. 13 
shows an example of forest wild fire before and after the 
event around Fort McMurray, Canada, in 2016. The 
burned areas exhibit more orange color by the increase of 
double bounce scattering within the volume scattering 
forest area. 

20150511 20160509

Forest fire in Fort McMurray, Alberta, Canada
before after

Fig. 13 Scattering power decompsoition images of Fort 
McMurray forest fire in Canada. 
ALOS2052071130-150511 (before), 
ALOS2105891130-160509 (after).

4.8 Flooding

   Flooding frequently occurs everywhere in the world 
caused by local heavy rain due to global warming. If 
flooding occurs in forest area such as Amazon, the 
inundated gound surface causes mirror reflection of 
incident wave. The reflected wave hits vertical tree trunks 
and returns back to radar,  in a similar way to the double 
bounce scattering. Hence the mixture of double bounce 
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and volume scattering yields Yellow (=Green+Red) color 
in the decomposition image.  We can immediately identify 
the inandated area and its extent by yellow color as shown 
in Fig. 14. 

ALOS2104987050-160503 © JAXA

Amazon

Off nadir angle  28°

N
Ps Pv

PdFlooding

Fig. 14 Flooding can be identified by yellow color due to 
the increase of double bounce scattering power in forest 
volume scattering.

   Fig. 15 shows the case of Bizen-cho, Okayama, Japan. 
Tall vegetations were wiped out by flooding  river flow. 
Although the data was acquired after one month later, the 
effect of flooding can be identified by the scattering 
mechanism change.  Red color of double bounce scattering 
by tall vegetation (left) faded away by flooding flow along 
river (right).

  

20190822 (before)  20200820 (one month after flooding)

 Fig. 15 Urban area flooding. 

4.9 Landslide

   When a big earthquake occurs, it induces landslide in 
mountainous area. Fig. 16 shows one example of landslide 
occurring in Atsuma-cho, Kokkaido, caused by Iburi-Tobu 
earthquake on Sept. 6, 2018. The color coding of the 
scattering is changed to enhance the landslide area with 
red: surface scattering, and blue: double bounce scattering. 
It is straightforward to find landslide areas by red color in 
this decomposition image.

!"# $%&&$'&&$(&&$) *+,-

ALOS2231910840-180908 © JAXA厚真町　Atsuma-cho

Fig. 16 Landslide areas caused by Ibri-Tobu earthquake. 
Landslide areas are colored by red in the scattering power 
decomposition image.

4.10 Sea Iceberg

   Global warming causes speed-up of snow and ice 
melting in antarctic region. Icebergs delivered from a 
glacier spread into ocean. Fig. 17 captured the release 
situation close to “Shirase Glacier” in Antarctica. 

ALOS2103035740-160419 © JAXA
Off nadir angle  30.4°

Antarctic Glacier and Iceberg N

Ps Pv

Pd

69.59S
36.79E

Fig. 17  Scattering power decomposition around Shirase 
Glacier in Antarctic.

   It is interesting to see green color is dominant, which is 
caused by the volume scattering. However, this volume 
scattering is caused by the cross-pol HV component. 
Therefore we can understand the HV component is 
important parameter in cryosphere area. It is possible to 
see the ice flow in the glacier and iceberg in the sea 
clearly.

4.11 Lava flow by volcano

   Volcano activity and its lave flow can be monitored by 
6SD decomposition clearly. The next image is Anguang 
volcano eruption in Bali Island, Indonesia. It is possible to 
see blue color lines caused by lava flow surface scattering.
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 Fig. 18 Volcano lava flow in Indonesia 

5. CONCLUSION 

   The scattering power decomposition image provides us 
straightforward interpretation of physical scattering 
mechanisms at the region of interest. As shown in Section 
4, change detection can be easily found by color-change in 
time series data. The decomposition can be used for 
further analyses such as classification, change detection, 
time-series analysis, monitoring for anything (disaster, 
flooding, land slide, etc) on the earth surface. The detailed 
principle and procedures on the scattering power 
decomposition are explained in a recent book [6]. 

   The decomposition images of ALOS2 QP data sets have 
been uploaded to display for the purpose of public 
viewing in our laboratory website, 
       http://www.wave.ie.niigata-u.ac.jp/yamaguchi/ 
and in AIST websites,  
       https://gsrt.airc.aist.go.jp/landbrowser/index.html  
       https://landbrowser.airc.aist.go.jp/polsar/index.html   

which will serve to understand fully polarimetric SAR 
remote sensing for preserving the healthy earth cover. 
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5. CONCLUSION

   The scattering power decomposition image provides us 
straightforward interpretation of physical scattering 
mechanisms at the region of interest. As shown in Section 
4, change detection can be easily found by color-change in 
time series data. The decomposition can be used for 
further analyses such as classification, change detection, 
time-series analysis, monitoring for anything (disaster, 
flooding, land slide, etc) on the earth surface. The detailed 
principle and procedures on the scattering power 
decomposition are explained in a recent book [6].

   The decomposition images of ALOS2 QP data sets have 
been uploaded to display for the purpose of public 
viewing in our laboratory website,

       http://www.wave.ie.niigata-u.ac.jp/yamaguchi/

and in AIST websites, 

       https://gsrt.airc.aist.go.jp/landbrowser/index.html 

       https://landbrowser.airc.aist.go.jp/polsar/index.html  

which will serve to understand fully polarimetric SAR 
remote sensing for preserving the healthy earth cover.
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1. INTRODUCTION

SAR interferometry is one of the most effective 

techniques to investigate and manage the environmental 

impacts of mining activities during mine life time. This 

research aims to evaluate the capabilities the ALOS 

PALSAR-2 data covering potash mining areas in Russia 

to monitor progressive land deformation in those areas.  

In October 2016 occurred an unexpected flooding at the 

first potash mining area of Uralkali Company (BKRU-1) 

in Berezniki City, western Ural region, Russia. This 

phenomenon caused a huge sinkhole in July 2007. The 

geological and mining situation of the area was critical 

and more disaster was expected. In December 2011 and 

December 2012 two other sinkholes were opened up in 

the city. [3] 

Solikamsk is another mining city, which is located in the 

north of Berezniki (ca. 37 Km). In November 2014, a 

huge sinkhole was opened up in Solikamsk (about 3.5 

kilometers east of the Solikamsk-2 mine). [4] 

IGMC of TU Clausthal has been monitored the land 

deformation in Berezniki between May 2008 and 

December 2016, and in Solikamsk between December 

2014 and December 2016 using TerraSAR-X data. The 

Sentinel-1 data of the area are available since April 2015. 

Meanwhile there is a few available geodetic information 

of Perm land deformation. The PALSAR-2 data due to 

their spatial (ground resolution about 10 meters) and 

temporal (every 14 days) characteristics are highly 

appropriate to monitor vertical displacement in Perm area. 

Comparing C- and X- Bands, PALSAR-2 data with 

longer wavelength (L band) should be result less 

decorrelation in the rural areas.  

The objectives of using PALSAR-2 data for this project 

were defined as follows: Comparing the results of both 

methods of Differential SAR Interferometry (DInSAR) 

and Persistent Scatterer Interferometry (PSI) to evaluate 

the potential and limitations of PALSAR-2 for monitoring 

land deformation in the area;  comparing these results 

with the simultaneous results of both methods by sing 

TerraSAR-X and Sentinel-1 data to evaluate the potential 

of the PALSAR-2 data during the winter time and in 

different atmospheric conditions of the case study. 

The next section of this report describes the study area, 

section three presents the available PALSAR-2 data, in 

section four the applied techniques of radar 

interferometry will be presented, section five presents the 

results and dissections and section six contains the final 

conclusions of this project. 

2. STUDY SITE

Berezniki (latitude and longitude: 59°25'N and 56°47'E) 

is a mining city in the perm region, which is well known 

due to producing around 10% of the world potash (Fig. 

1). The area around Berezniki is mainly covered with 

forests. [3] 

Solikamsk (latitude and longitude: 59°38'N and 56°46'E) 

is located ca. 33 in the north of Berezniki (Fig. 1). In 

November 2014 a sinkhole occurred about 3.5 kilometers 

east of the Solikamsk-2 mine. [4] 

Figure 1 presents the location of the PALSAR-2 data 

(with two different operation modes) used for this project 

and PALSAR-2 backscatter intensity images of 

PALSAR-2 data in map geometry (more details is section 

3). 

3. SAR-DATA

For the study areas the number of 13 scenes were used 

in the StripMap mode. The main characteristics and the 

acquisition dates of these PALSAR-2 data are 

summarized in Table 1. The dada were ordered and 

downloaded through the ALOS2/ALIS User Interface 

Gateway (AUIG2). The operation mode of the first five 

data presented in the Table 1 is SM3 and it is SM1 for the 

rest of the data. 

Regarding the acquisition dates of PALSAR-2, there was 

a little possibility to compare the DInSAR results with 
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those from TerraSAR-X and Sentinel-1 data (more details 

in sections 5 and 6). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1 Berezniki and Solikamsk in Perm region, 

Russia, the PALSAR-2 data frames covering the area: 

green frame/center of frame presents the data with 

SM3 operation mode, red frame/center of frame 

present the data with SM1 operation mode (up),  

PALSAR-2 backscatter intensity images in map 

geometry: Middle: SM1 operation mode, down: SM3 

Operations mode. [7] 

 
4. METHODOLOGY 

 

Differential SAR Interferometry (DInSAR) technique was 

used to monitor land deformation in Brezniki and 

Solikamsk. Applying Scatterer Point Interferometry (PSI) 

method was not possible. Because for applying PSI 

technique at least 30 scenes would be necessary to 

reasonably evaluate the potential of the point target. 

 

Tab.1 PALSAR-2 data parameters and acquisition 

dates 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In order to calculate the interferograms, the procedures of 

the differential SAR interferometry were followed using 

GAMMA software. Differential SAR interferometry 

enabling us to attain the differential interferometric phase 

by combining every two complex SAR images by the 

following steps: ([6], [1], [2], [5]) 

 

a. Reformatting PALSAR2 level 1.1 SLC data in CEOS 

format and generation of ISP parameter file (readable 

for the GAMMA Software) were done.  

b. Multilooking of SLC data and their co-registration 

were completed. Mooltilooking helps to eliminates 

some of the noise and reduces geometrical and 

atmospheric errors and squint angles.  

c. The interferograms were calculated. 

d. The SRTM digital elevation model (C band) was 

used to remove the topographic phase of the 

interferograms and finally calculation of differential 

interferograms. Selection of a small perpendicular 

baseline between every two radar data reduces the 

topographic error. However, we calculated all 

possible combinations of SAR data without 

restrictions of spatio-temporal baselines to investigate 

potential of ALOS-2. 

Area 
Perm 

Berezniki and Solikamsk 

Product SM1 SM3 

Acquisition date 

(yyyymmdd) 

20160513 

20160610 

20160708 

20160805 

20161209 

20161223 

20170106 

20170303 

20170609 

20150206 

20150821 

20150918 

20151016 

20160318 

 

Swath 70 km x 70 km 

Orbit Direction Ascending 

path number 168 

Frame 1190 

Incidence angle 32,4366 31,4296 

Resolution: 

Ground-Range 

Azimuth 

 

1,43 m 4,29 m 

1,81 m                 6,42 m 

Revisit Time 14 days 

Frequency L-Band (1,2 GHz) 
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e. An adaptive filter, originally by GOLDSTEIN & 

WERNER (1998), was used on the interferograms to 

reduce noise contribution in the interferometric 

phase. In this step, the degree of coherency of 

interferograms was defined. Higher coherency value 

shows less decorrelation between two radar images.  

f. The interferograms were unwrapped by minimum 

cost flow (MCF) algorithm.  

g. g) The calculated interferograms were projected to 

the UTM coordinate system by geocoding. Every 

individual interferogram records the difference phase 

between two radar acquisition dates, which is in fact 

an indication of the land deformation between these 

two dates. This results shows are interferometric 

phases (in radian). These values were converted to 

deformation along the Line-of-Sight (LOS) in metre 

by multiplying , where   is the wavelength of the 

PALSAR-2 data (ca. 24 cm). The LOS displacements 

were converted to vertical displacement by dividing 

into the cosine of incidence angle ( ) of the ALOS 

PALSAR-2 data (Table 1). The PALSAR-2 

differential interferometry procedures were done 

successfully. The result are presented in the next 

section. 

 

5. RESULTS 

 

The results of DInSAR showed two advantages of 

using PALSAR-2 data in Perm Region: 

 

- Firstly, the PALSAR-2 could map land 

deformation over the winter time and snow cover in the 

area. It shows low decorrelation of the PALSAR-2 data 

because of snow or atmospheric artifact. 

- Secondly, the PALSAR-2 data could map land 

deformation in the forest part of the case study.   

 

By using TerraSAR-X, ENVISAT ASAR and Sentinel-1 

data there was no chance to map land deformation over 

winter months and existing snow cover and also over the 

forest areas of Perm. However, the geodetic information 

of the area are also not available for us and therefore we 

could not validate most of the results of the PALSAR 2 

data. 

 

5.1 DInSAR results in Berezniki 

 

Figure 2 presents the result of one differential 

interferogram between 05.08.2016 and 09.12.2016. In 

spite of snow cover in the area in December the 

subsidence areas are well mapped. One color cycle 

corresponds to one phase cycle and shows the 

deformation equals to the half of the PALSAR-2 

wavelength. The maximum subsidence value was 

calculated ca.16 mm between 05.08.2016 and 09.12.2016 

(by using displacement map of this interferogram, see 

section 4.g). 

 

Figure 3 presents the subsidence area, which partly 

occurred in the forest. There is no allowance to access the 

geodetic data of this area to validate the DInSAR results. 

However, the university Uralkali has confirmed the 

agreement of the results with the geodetic data. 

 

 

Fig. 2 PALSAR-2 differential interferogram between 

05.08.2016 and 09.12.2016. PALSAR-2 data show 

correlation over longer time and in spite of snow cover 

of the area in December. One color cycle corresponds 

to one phase cycle. 

 

 

 

 

 

 

 

 

 

Fig. 3 

PALSAR-2 differential interferogram between 

2015.02.06 and 2016.03.18 (up, left), displacement map 

of the interferograms (up, right), contour lines of 
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subsidence extracted from displacement map 

superimposed on the average intensity image, the right 

part of the contour line are mapped in the forest area 

(down). 

 
5.2 DInSAR results in Solikamsk 

 

In Solikamsk no considerable land deformation was 

mapped and the calculated interferograms shows high 

correlations between the PALSAR-2 data. Only a few 

interferograms showed some signals of land deformation 

near the sinkhole of 2014 (about 3.5 kilometers east of the 

Solikamsk-2 mine). The maximum subsidence value in 

this area was calculated ca. 15 mm between 06.02.2015 

and 16.10.2015. A subsidence area was mapped in the 

northern part of the sinkhole in the forest. This 

subsidence area was not observed by using TerraSAR-X 

and Sentnle-1 data. The maximum subsidence value in 

this area was calculated ca. 20 mm between 06.02.2015 

and 16.10.2015. (Fig. 4) 

 

Fig. 4 PALSAR-2 backscatter intensity image of 

Solikamsk area, the sinkhole area of 2014 is located in 

the orange circle (left), PALASR-2 differential 

interferogram between 06.02.2015 and 16.10.2015, the 

upper fringes were mapped a forest area, one color 

cycle corresponds to one phase cycle (right). 

 

6. CONCLUSIONS 

 

The differential interferometry processing showed high 

correlation of the PALSAR-2 data over longer time spans, 

against atmospheric artifacts and in the area with 

vegetation cover. These potentials was expected because 

of radiometric properties of PALSAR-2 data. However, 

the spared acquisition dates made difficulties for 

calculation of DInSAR time series and applying PSI 

method. We processed several TerraSAR-X over years 

2015 and 2016 and Sntinel-1 data over years 2015, 2016 

and 2017. But the spared and irregular acquisition dates 

of PALSAR-2 data and also different radiometric 

properties of PALSAR-2, TerraSAR-X and Sentinel-1 

data gave us only a few comparable DInSAR results. 

There is no descending PALSAR-2 data available for this 

area. It would be great, when the scientist could access 

simultaneous descending and ascending PALSAR-2 data 

freely and continuously in the specific time spans without 

restrictions. 
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1. INTRODUCTION

The expanding urban areas of the world has been 
considered as one of the essential indicators of economic 
growth and development of a country. At the same time, it 
has caused various environmental issues for the 21st 
century such as loss of agricultural land, surface and 
groundwater depletion, changes in geomorphic features, 
flooding, and landslides. Among them, large-scale natural 
disasters, such as earthquakes have a tremendous impact on 
urban areas with concentrated populations. The remote 
sensing is one of the tools to acquire the urban information 
over large areas. Synthetic aperture radar (SAR) has 
particularly been widely used for disaster monitoring in 
recent years, and both new analytic approaches and new 
sources of data are necessary.  
Therefore, many researchers have studied estimation of the 
damaged area caused by earthquakes, floods, landslides, 
volcanic eruption, etc., by utilizing the change detection 
methodology. However, notwithstanding this, as most 
studies point out, several factors (land cover, acquisition 
times, orientation of the building, and water vapor) are 
responsible for difficulties in using the method. They affect 
the image quality and threshold value, and the detection 
accuracy varies depending on the situation. The primary 
reasons for these difficulties are insufficient understanding 
of the sensor’s features and the applicability of the 
methodology. 
The goal of our study was to develop the method to acquire 
the knowledge about the feature of the interferometric 
noise. Currently, ALOS-2, launched in 2014, is operational. 
ALOS-2 carries PALSAR-2, providing improved spatial 
resolution (3 m for the ultrafine single mode) and 
radiometric sensitivity. It is series of Japanese L-band SAR 
(JERS-1/SAR launched in 1992, and ALOS/PALSAR in 
2006). In this projects, we firstly acquired information on 
the phase noise of PALSAR-2 through interferometric 
synthetic aperture radar (InSAR) analysis. In addition, it is 
necessary to validate the estimated noise value. Therefore, 
we secondly estimated the errors of the displacement using 
PALSAR-2 data by SBAS methodology, and tried to 
evaluate the noise component calculated by the errors. This 
report is mainly summarized from the previous papers 
[1][2][3]. 

2. PHASE NOISE ESTIMATION

2.1 Data and study site 

ALOS-2 was placed into a 628 km sun-synchronous orbit 
with local Equator-passing times of noon (descending) and 
midnight (ascending). PALSAR-2 irradiates the 
microwave from east to west for descending, while from 
west to east for ascending. The orbit is maintained within a 
tube of 500 m accuracy, with a frequent 14-day revisit 
cycle, which is three times faster than the previous ALOS 
(46-day cycle) [4]. Table 1 shows the used PALSAR-2 data. 
Six data were acquired from both descending and 
ascending orbits with the same acquisition condition.  

Table 1. Specifications of the PALSAR-2 data used in 
this study. 

Mode Ultra Fine 
Resolution 3m 
Polarization HH 
Acquisition 
Date 

2015 Jan.15, Sep.24  
2016 Mar. 10, Jun. 16 

    Aug. 11, Nov. 17 

2015 Apr.12, Sep.13
Oct.25, Dec.20 
2016 Jul. 3, Dec. 4 

Off-nadir 
Angle 

32.4° 35.4° 

Orbit 
Direction 

Descending Ascending 

The study site was located in the city of Tsukuba in the 
southern part of Ibaraki Prefecture and measures roughly 
64 km2 (8.5 km × 7.5 km; Fig. 1(a)). The flat topography 
of 20–30-m elevation was covered by the loamy layer of 
the Kanto Region (Fig. 1 (b)). Tsukuba has undergone 
rapid development owing to recent urbanization. High-rise 
apartments have now been constructed around the Tsukuba 
station at the center of the study site (Fig. 1 (c)). The 
atmosphere over the small, flat site was assumed to be 
spatially homogeneous to a certain extent. Man-made fixed 
objects are suitable to be selected as validation points, but 
the elevation of tall buildings is inaccurate because of the 
associated phase unwrapping difficulty, thereby yielding 
an inaccurate DEM. Therefore, the validation points were 
selected from the areas of fixed objects with a flat terrain 
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(Fig. 1(a)) such as 17 roads, 23 parking lots, and 21 ground 
objects (points with large error deviations were removed 
from the analysis to evaluate the noise). The validation 
points can be recognize using the PRISM DEM.  
 
 
(a) 

	     
(b) 

 
(c) 

 
 
Fig. 1. (a) Study site (yellow box) of Tsukuba City in 
Ibaraki Prefecture and DEM validation points (roads, 
parking lots, and parks), (b) elevation (PRISM DEM 
[5]), and (c) land cover [6] of study site. Red: Urban and 
built up, Blue: Rice paddy, Pink: Other crops, Yellow: 
Grassland, and Green: Forest. 
 
 
2.2 Methodology 
 
2.2.1 Evaluation of the accuracy of DEM 
 
The procedure for DEM generation is depicted in Fig. 2. 
Firstly, two single look complex (SLC) products (called as 
master and slave) were coregistered using the DEM to align 
the same points in the two images, and the perpendicular 
baseline was estimated from the orbit ephemerides. Then, 
an interferogram [number of looks: 4 (azimuth) × 4 
(range)] was generated after spectral shift filtering was 
performed on the image pair. Synthetic fringes were 
generated from a coarse-resolution SRTM DEM using a 
backward geocoding approach and were then cross-

multiplied by the SAR interferogram in the next step. After 
that, a Goldstein filter was used to filter the interferogram 
phase because it significantly improves fringe visibility 
and reduces the noise introduced by temporal- or baseline-
related decorrelation, and the corresponding coherence was 
subsequently generated. The interferogram phase was 
further unwrapped using the Delaunay Minimum Cost 
Flow method and an unwrapping coherence threshold of 
0.2 (pixels with coherence values smaller than this 
threshold were not used for unwrapping). As a result, only 
the points with good coherence were unwrapped, without 
any influence from the low-coherence pixels. In the next 
step, the refinement and re-flattening were performed using 
SRTM DEM, which is an important step for accurately 
transforming the unwrapped phase information into height 
values. In the final step, the absolute calibrated and 
unwrapped phase was recombined with the synthetic phase 
of SRTM DEM and was then converted to height. 
Geocoding was performed using the most commonly 
adopted Range-Doppler method. The pixel size was 10 m. 
To evaluate the DEM errors, the height of each validation 
point was extracted from each image, and a comparison 
was conducted between PALSAR-2 and the reference 
ALOS PRISM (horizontal resolution: approx. 30m; 
accuracy: 5 m) acquired between 2006 and 2011 [5].  
 
 

 
 
Fig. 2. Flowchart of the production of DEM maps, and 
the evaluation of DEM. 
 
 
2.2.2 Estimation of the height of ambiguity 
 
The height of ambiguity is defined as the height difference 
that generates an interferometric phase change of 2π after 
interferogram flattening. The height of ambiguity is 
inversely proportional to the perpendicular baseline: 

 
  !"

!#
= %&'()*

+,
   (1) 

 
where h is the height, φ is the phase, λ is the wavelength, R 
is the slant-range length, θ is the incidence angle, and BP is 
the perpendicular baseline. In principle, the longer the 
baseline, the more accurate the height measurement 
because the phase noise is equivalent to smaller DEM 
errors. 
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2.3 Results 
 
We regarded the phase errors (α) as the ratio of root mean 
square (RMS) errors of DEM (DEM_ERR) to the 2π 
ambiguity height at stable points of the flat terrain as 
follows.  
 
  𝐷𝐸𝑀0&& = 𝛼 !"

!#
+ 𝛽  (2) 

 
Table 2 shows the RMS errors of DEM for each object. The 
master was fixed to Jan. 15th, 2015 for descending, and 
Apr. 12th, 2015 for ascending. The table shows that the 
RMS errors increased as the baseline shortened for all 
targets. The difference in these values by objects also 
increases when the baseline shortens. This table further 
shows that the road and parking lot had similar features, 
except on Mar. 10, 2016. However the RMS errors of the 
ground were higher, especially for the short baseline. This 
implies that the road and parking lot are stable choices as 
validation points.  
Fig. 3 shows the relationships between the RMS errors of 
the DEM and 2π ambiguity height. RMS errors were 
estimated using the value of all objects. The figure also 
shows the result of PALSAR acquired using the same 
analysis as a reference. The regression analysis indicated 
significant positive relation (r=0.89 and 0.88 for PALSAR-
2 and PALSAR, respectively) between these parameters. 
The noise for PALSAR-2, estimated from the slope of the 
equation, was 2%, half that of the estimated value for 
PALSAR (4%) [7]. Therefore, the larger 2π ambiguity 
height, caused by the stable orbit control, explains why the 
DEM produced by PALSAR-2 was noisy and inaccurate 
compared to that produced by PALSAR (Fig. 3). 
 
 
Table 2. RMS errors of DEM for each slave image. 
Objects were classified for road (RO), parking lot 
(PA), and ground (GR). 
 
(a) Descending 
 

Slave Baseline 
(m) 

RMS Errors (m) 
RO PA GR 

Sep.24, 2015 184 9.4 8.8 8.5 
Mar.10, 2016 24 29.6 62.0 39.2 
Jun.16, 2016 208 5.3 7.4 7.8 
Aug.11, 2016 132 14.5 10.7 17.4 
Nov.17, 2016 226 5.5 7.4 6.2 

 
(b) Ascending 
 

Slave Baseline 
(m) 

RMS Errors (m) 
RO PA GR 

Sep.13, 2015 200 9.7 8.9 18.9 
Oct.25, 2015 78 37.5 23.4 41.1 
Dec.20, 2015 56 18.7 22.4 29.1 
Jul. 3, 2016 169 18.4 15.6 19.9 
Dec. 4, 2016 61 27.2 28.2 45.6 

 
 

 
 
Fig. 3. Relationship between RMS errors of DEM and 
2π ambiguity height for PALSAR-2. The result for 
PALSAR is also shown. 
 
 

3. VALIDATION OF THE PHASE NOISE 
 
3.1 Study site and used data 
 
To validate the value of phase noise estimated in previous 
chapter, we estimated the errors of displacement by 
interferometric analysis and discussed the value. The study 
site was located inside Chiba Prefecture, part of the Tokyo 
metropolitan area (Fig. 4). The Boso Peninsula, southern 
part of Chiba Prefecture, is the large peninsula just east of 
Tokyo across Tokyo Bay. South Kanto gas field spreading 
out in the whole Kanto district around Chiba produces 
natural gas dissolved in water. The production was 
conducted through withdrawal of groundwater from the 
depth of 500 to 2400 m [8]. Land subsidence has been 
found since the 1960s. To monitor the temporal changes in 
land subsidence caused by the extraction of natural gas, this 
study estimated the land displacement within the Chiba 
Prefecture from 2015 to 2019 using time-series satellite 
SAR data. In this study, we collected 15 PALSAR-2 scenes 
from January 15, 2015, to March 7, 2019, for the InSAR 
stacking process (Table 3). All of the scenes were observed 
in ultrafine single mode (with 3 m spatial resolution), the 
descending direction, and right-looking mode.  
The levelling survey measurement data have been 
exploited for the validation of the InSAR derived 
deformation [9]. 
 

 
Fig. 4. Location of study area. Red stars indicates GeoNET 
station. 
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Table 3. List of used PALSAR-2 data (path number: 
18). 
 

No Acquisition Date 
1 
2 
3 
4 
5 
6 
7 
8 
9 
10 
11 
12 
13 
14 
15 

January 15, 2015 
September 24, 2015 
March 10, 2016 
June 16, 2016 
August 11, 2016 
November 17. 2016 
March 9, 2017  
June 15, 2017 
August 24, 2017 
November 16, 2017 
March 8, 2018 
June 14, 2018 
August 23, 2018 
November 15, 2018 
March 7, 2019 

 
 
3.2 Method and estimated displacement 
 
We adopted the SBAS technique, and fifteen PALSAR-2 
data points were used. The SARScape module for ENVI 
5.5 software provided by Harris Geospatial Solutions was 
used to perform the interferometric analysis. The overall 
SBAS processing workflow included the following steps 
(Fig. 5): creation of connection graph (generating all 
differential interferograms from the input images stack that 
fulfil criteria of temporal and geometric baseline within a 
given interval in time or respectively normal baseline 
respect to the critical one), differential interferogram 
generation (spectral shift and adaptive filtering), phase 
unwrapping (either with a conventional 2D or with a 
combined 3D approach), orbit refinement and reflattening, 
first estimation of the average displacement, atmospheric 
phase screen, and final estimation of the average 
displacement [10]. 
 
 

 
 
Fig. 5. Flowchart of the SBAS processing used in this 
study.  
 
 
 

As the results show that the SBAS method underestimated 
the velocity for the whole range from -25 to 0 mm/year. 
The trend can be expressed by the following linear 
regression,  
 
    𝑉50605 = 0.89𝑉;+<; − 6.69  (3) 
 
where VLEVEL is the mean velocity per level and VSBAS is 
the velocity calculated by SBAS [11]. Using Equation (3), 
we calculated the corrected mean displacement velocity 
values from 2015 to 2019, as shown in Figure 6. Positive 
values indicate movement toward the satellite. Small 
displacement was observed around the coast of Tokyo Bay, 
while obvious displacement was observed around the 
Kujyukuri area. The maximum velocity of displacement 
derived from the map after the bias correction was found to 
be approximately 20 mm/year in the Kujyukuri area in the 
period 2015–2019; however, this value is higher than that 
obtained for 2006-2010. This can be explained by an 
increase in the horizontal displacement after the Great East 
Japan Earthquake that occurred in 2011. The spatial 
distribution of the mean velocity agreed with that of the 
levelling data. The mean displacement rate in the study 
area was −7.9 ± 2.9 mm/year. From 2006 to 2010, the 
displacement rates for this area derived from PALSAR data 
were −3.3 ± 5.8 mm/year in previous studies [12].  
 
 

 
 
Fig. 6. Corrected mean displacement velocity from 2015 
to 2019, derived from the PALSAR-2 data. 
 
 
3.3 Evaluation of phase noise 
 
Table 4 displays the differences between the validated 
mean displacement velocities of the values obtained from 
the corrected PALSAR-2, the original PALSAR-2, and the 
PALSAR data points. The RMSE of the original PALSAR-
2 data was twice that of the PALSAR data because of the 
bias in the displacement derived from the PALSAR-2 data. 
However, the high correlation coefficient for the linear 
regressions indicates that the deviation from the regression 
is relatively small. Therefore, after correcting the mean 
displacement velocity using linear regression, the RMSE 
of the PALSAR-2 data was reduced to 2.0 mm/year, almost 
half that of the PALSAR data. Based on this result, we 
assumed that the temporal displacement errors of 
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PALSAR-2 were also reduced to half those of PALSAR. If 
this assumption is correct, this result is in agreement with 
the results of a previous study in which the phase noise of 
PALSAR-2 was found to be half that of PALSAR. 
 
 
Table 4. Comparison between the validated mean 
displacement velocities of the values obtained from the 
corrected PALSAR-2, original PALSAR-2, and 
PALSAR data. 
 
 Corrected 

PALSAR-2 
Original 
PALSAR-2 

PALSAR 

Time 2015-2019 2006-2010 
Number of points 310 519 
RMSE of the 
mean velocity  

2.0 mm/year 6.8mm/year 3.5 mm/year 

Linear regression 
slope 

1.00 0.89 0.96 

Linear regression 
intercept 

-0.03 -6.69 -1.44 

Correlation 
coefficients 

0.82 0.70 

 
 

4. CONCLUSIONS 
 
The motivation of this study was to acquire the basic 
knowledge related to the radiometric feature of ALOS-2 
PALSAR-2 for disaster monitoring. In previous studies, 
authors developed the method to evaluate the phase noise 
by the errors of the elevation at the targets acquired by 
InSAR analysis, and applied the method to the pairs of 
ALOS PALSAR and TerraSAR-X data at Tsukuba study 
site in Japan. Through the InSAR analysis at the same study 
site using several pairs of data, this study revealed that the 
phase noise of PALSAR-2 data, and the results showed that 
the phase noise was about 2 %, half of PALSAR. The 
significant relation was seen between RMS errors of DEM 
and 2π ambiguity height for PALSAR-2 as well as 
PALSAR and TerraSAR-X. Comparing with ALOS, 
ALOS-2 controls the orbit precisely, and it affected the 
errors of DEM though the coherence was not changed so 
much.  
To validate the acquired phase noise, we evaluated the 
displacement errors derived by SBAS analysis in the next. 
We estimated the land displacement within Chiba 
Prefecture from 2015 to 2019 using time-series satellite 
SAR data. We adopted the SBAS technique, and 15 
PALSAR-2 data were used. The estimated displacement 
had similar spatial trend with that derived from PALSAR. 
This study quantitatively evaluated the accuracy of the 
annual displacement rate determined using PALSAR-2 
data by comparing this data with in-situ levelling survey 
data, and revealed that the RMSE of the displacement 
velocity derived using the SBAS method was reduced to 
2.0 mm/year, about half that of PALSAR. This study 
implied that the estimated displacement errors agreed with 
the estimated phase noise. Therefore, the knowledge 
derived from this study would be utilized for the disaster 
monitoring using phase data. 
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1. INTRODUCTION

This project aims to protect the phase discontinuity of very 

high resolution Radar interferograms in complex urban 

environment using 3D urban models. 

The proposed research methodology is composed of SAR 

image intensity simulation based on DSM, topography 

removal for high resolution interferograms, phase 

discontinuity preservation for high resolution 

interferograms, and a case study in building dense area. 

Instead of the forward approach proposed, a backward 

approach is used to estimate InSAR height and deformation, 

due to the complexity of SAR simulation in urban area.  

Generally, the report is organized as follow:  

I. An InSAR height estimation is performed from spotlight

images and the InSAR height is assessed with DSM.

II. A displacement filed is generated in Shenzhen from

ALOS2 strip map images.

III. The ionospheric effects are evaluated using split

spectrum method.

2. TOPOGRAPHY PHASE FOR SPOTLIGHT

INTERFEROGRAMS 

Three ALOS2 SPOT images with 3m resolution is 

available in Pearl River delta from Path 29, 30 and 142, 

which however is not enough for a time series analysis. 

Alternatively, TerraSAR-X (TSX) staring spotlight (ST) 

images were used to produce interferograms with buildings 

and phase discontinuities (Fig. 1 & 2). Currently we are 

testing topography removal and phase unwrapping in 

building dense area with DSM using X band staring 

spotlight data with ground range and azimuth resolution of 

1.01 and 0.23 meters of in Bao’an central area of Shenzhen. 

We have also ordered 11 and 8 ALOS2 SPOT images from 

Path 27 and 143 respectively in an urban area of north china 

plain (NCP), and a test for topography removal and phase 

unwrapping with L band spotlight data is planned when 

DSM of the L band images is available. 

Fig 1. TSX ST image (20171106) in Shenzhen. 

Fig 2. TSX ST interferogram (20141205-20141113) in 

Shenzhen. 

3. PHASE UNWRAPPING VIA GRAPH CUT

Firstly, a conventional differential InSAR approach is 

adopted to evaluate the topography phase in urban 

environment. PUMA algorithm was used to unwrap a 

single interferogram. This algorithm solves integer 

optimization problem by computing a sequence of binary 

optimizations solved by graph cut techniques [1]. Phase 

discontinuities can be identified from PUMA solution (Fig 

3b). However, the fine structures of buildings and 

infrastructures are not well delineated in the unwrapped 

interferogram. 

Fig 3. Phase unwrapping for a single interferogram 

using PUMA [1]. 
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4. INSAR HEIGHT AND DSM 

 

We were trying to simulate the topography phase in an 

interferogram using DSM. Ray tracing methods are 

proposed to simulate the topography phase [2]. However, 

it is still difficult to simulate the topography phase using 

urban models due to different scattering signatures 

associated with object types [3], surface materials, scene 

geometries, and even scattering times [4].  

Furthermore, the heights estimated from InSAR and 

LiDAR cannot be simply aligned together even for the 

same area. For example, the heights in the area of Bao’an 

stadium in Shenzhen estimated from InSAR and LiDAR 

are actually from different surfaces. Radar waves may have 

echoed from the bleachers of the stadium, while Lidar 

signals are more likely from the canopy of the stadium (Fig. 

4). 

Alternatively, a backward approach is used for topography 

removal and phase unwrapping, and a DSM is used to 

assess InSAR height estimations. A work on this approach 

is submitted to the ISPRS P&RS and the manuscript is 

under review. 

 

Fig 4. InSAR and LiDAR heights of Bao’an stadium 

 

5. DEFORMATION 

 

Repeat pass Interferometric Synthetic Aperture Radar 

(InSAR) has been used to detect Earth surface 

displacements, including earthquakes, volcano activities, 

landslides, and subsidence. Time series InSAR methods 

are developed to estimate displacements in time series 

scenario when topography errors, atmospheric effects, and 

other noises are well constrained [5-8]. 

Subsidence is a common problem in coastal area due to 

sediment compaction, underground water abstraction, and 

artificial loading. Using ALOS2 strip map (SM) images, 

displacements along the coastal area of Shenzhen is 

produced between 2015 and 2018. Subsidence is found in 

land reclamation area of Shenzhen. This work is published 

in IGARSS 2019 [9]. 

ALOS2 SM images obtained from a descending track with 

3 m resolution is used for subsidence mapping in Shenzhen 

(Tab. 1). 

Tab. 1. Acquisition dates and spatial perpendicular 

baselines of ALOS-2 images (Frame 3160, Path 31) 

No. Date Baseline (m) 

1 07-Mar-2015 68 

2 15-Apr-2017 406 

3 10-Jun-2017 122 

4 05-Aug-2017 -6 

5 30-Sep-2017 1 

6 25-Nov-2017 0 

7 20-Jan-2018 210 

8 17-Mar-2018 109 

9 12-May-2018 73 

10 07-Jul-2018 209 

 

SRTM was used to remove the reference phase [10]. The 

StaMPS package is used to analyze displacements in 

Shenzhen from ALOS2 images [11]. PS points are selected 

through phase analysis. SNAPHU algorithm is employed 

to recover the phase ambiguities [12]. Due to the good 

coherence of L band dataset, millions of PS points are 

detected from a series of interferograms with a common 

reference image (Fig 5). 

 

Fig 5. Displacement rates estimated from ALOS2 

images between 2015 and 2018. Coastlines of different 

ages are shown to map the land reclamation area. The 

reference area is marked in triangle. 

Subsiding areas are identified in Houhai (Fig. 6), Qianhai 

(Fig. 7), and the area to the south of Bao’an airport (Fig. 

8). 
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Fig 6. ALOS-2 mean rates in Houhai area. 

 

 

Fig 7. ALOS-2 mean rates in Qianhai area. 

 

Fig 8. ALOS-2 mean rates to the south of Shenzhen 

Bao’an International Airport. 

 

6. ALOS2 IONOSPHERIC EFFECTS 

 

For L band InSAR, ionospheric contributions can be 

significant. A bilinear plane was used to remove 

ionospheric effects of ALOS2 SM interferograms in 

Shenzhen, which however is not the ideal way. Afterwards, 

the split spectrum (dual frequency) method [13, 14] is used 

to remove ionospheric effects (Fig. 5) for ALOS2 dataset 

using GMTSAR. A study is planned to evaluate whether 

ionospheric correction should be performed before 

topography removal and phase unwrapping. 

 

Fig 5. Ionospheric corrections 

 

7. CONCLUSIONS 

 

I. DSM can be used to assess InSAR height, but it should 

be noted that the scattering mechanisms associated with 

InSAR and LiDAR are different. The height estimated 

from DSM and InSAR can be from different surfaces. 

II. Costal subsidence is obtained from ALOS2 observations 

in Shenzhen. The results from ALOS2 are consistent with 

S1 results [15]. Since L band images exhibit better 
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coherence than C band images, some signals that are not 

found in S1 results are seen from L band results. 

III. The ionospheric effects in L band interferograms can 

be substantial. It may affect the interpretation of long 

wavelength deformation signals. A phase ramp can be used 

to mitigate homogeneous ionospheric pattern, but split 

spectrum method should be called to assess if the 

ionospheric effects are correctly estimated. 
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1. INTRODUCTION

This report summarizes the main achievement of the RA-6 

ALOS-2 project (PI: 3321). The initial purpose of our 

project is the deformation study on Altyn Tagh Fault, but 

this area is difficult for InSAR deformation monitoring 

because of the heavy vegetation, complicated topography-

related atmospheric phase delay, ionospheric phase delay, 

uneven distribution of measuring points and lack of ground 

truth validation (such as GPS, leveling and GNSS data). 

Moreover, there are few scientific papers related to the land 

deformation, makes it even harder for validation. Therefore, 

we have carried out the following three parts of research 

work in our RA-6 JAXA project. 

The first part is about the study of the ionospheric phase 

delay removal method. The ionosphere, which distributes 

60~1000 km away from the Earth’s surface as a part of the 

atmosphere, is one of the primary error sources for InSAR 

measurements [1]. Correcting for ionospheric phase delay 

is especially critical to SAR sensors’ measurements 

operating in low-frequency microwave bands, such as the 

L-band and P-band sensors [1-2]. Although ionospheric

distortions of polarimetric SAR data have gained recent

notoriety (see e.g. [3-5]), interferometric SAR processing

can also be significantly affected by the ionosphere (see e.g.

[6]). Relative range shifts between interferometric partners,

internal image deformations, range and azimuth blurring,

loss of coherence, and interferometric phase errors are the

most significant effects to be considered. So we carried out

research on ionospheric correction methods.

The second part is about the impact of InSAR ionospheric

and tropospheric corrections on source parameters

modeling. InSAR observations can be used as inputs of

geophysical models for monitoring volcanoes and seismic

faults. However, ionospheric [7] and tropospheric

distortions [8-9] introduce extra phase components to SAR

interferograms, which if not compensated, decrease the

accuracy of InSAR measurements and modeling results so

that must be eliminated or mitigated. Previous studies [10-

13] have already had some understanding of the effects of

ionospheric and tropospheric delays, but the quantitative

analysis of the impact on geophysical modeling is

insufficient. In the meantime, there is no consensus on the

importance of InSAR ionospheric and tropospheric error

correction. In this study, we firstly investigated the errors

in the interferogram caused by the phase delays. Then, the

effect of the sequence of each correction on the simulation

results was studied. Finally, quantitative assessments of the

inputs (different Line-of-sight (LOS) displacements) and 

the impact on the output source parameters were performed. 

The third part is about the modified time series InSAR 

method and application to the landslide deformation 

monitoring. At present, traditional TS-InSAR technology 

such as persistent scatters interferometry (PSI) [14] and 

small-baseline subset (SBAS) [15] use single threshold to 

identify the measuring points. For complex ground 

environments, the spatial distribution of the measuring 

points is extremely uneven, and some areas do not have 

measuring points, which will cause unreliable deformation 

measurement results in these areas. So, in this study, in 

order to improve the distribution of measuring points and 

accuracy of the deformation monitoring results, we 

develop a modified time series InSAR method. 

2. IONOSPHERE ESTIMATION OF THE SPLIT-

SPECTRUM INSAR BASED ON IRI MODEL

The accuracy of low frequency space-borne 

Interferometric Synthetic Aperture Radar (InSAR) is 

seriously affected by ionospheric path delay. Range Split-

Spectrum (RSS) method is a widely-used method to 

remove ionospheric delay phase from interferogram. This 

method distinguishes ionospheric component from other 

non-dispersive components for its dispersive character. 

However, the estimated ionospheric delays differ a lot with 

different parameters (including multilook number and filter 

window). For general remote sensing users, setting above 

parameters is more subjective and arbitrary, which will 

finally affect the ionospheric delay correction effect. Based 

on International Reference Ionosphere (IRI) model, we 

present a method to determine RSS parameters. 

Ionospheric delays estimated by RRS method with 

different parameters are compared and evaluated referring 

to IRI. Meanwhile, we find that there is a bias between the 

ionospheric delays estimated by RSS and IRI. Removing 

this bias may further improve the effect of ionospheric 

delay correction. 

Study Area and Method: The study area is located in 

North Dingxi City, Gansu Province, China. We used two 

ALOS-2 PALSAR SLCs acquired on May 22, 2018 and 

July 17, 2018 to estimate the ionospheric delay phase with 

different parameters. ALOS-2 PALSAR is an L-band 

sensor with center frequency of 1.236 GHz, and nominal 

range bandwidth of ALOS-2 FBD mode (Stripmap Fine 

mode) is 28 MHz. We used GMTSAR and some Python 

scripts to process SAR images. 
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The complete processing workflow is shown in Fig 1. 

 
Fig.1 The workflow of Range Split-Spectrum method 

with IRI model as a reference. 

Ionospheric Phase Calculated By IRI: The latest version 

IRI-2016 was used to calculate the TEC, and the 

FORTRAN source code is provided by IRI official website. 

In order to reduce the time costing, we calculated the TEC 

at 1000 m resolution and then interpolated it to 10 m 

resolution, which is same as the resolution of SAR images. 

The Ionospheric delay phase on May 22, 2018 and July 17, 

2018 are shown in Fig 2 (a) and 2 (b). Fig 2 (c) is the 

difference between (a) and (b). It shows that the 

ionospheric delay pattern is regular and almost parallel. 

The ionospheric delay phase varies small, which is less 

than 1 rad. 

 
(a)May 22,2018       (b)Jul 07, 2018      (c)Difference 

Fig. 2 Ionospheric delay maps calculated by IRI, the 

white rectangle is the study area. 

Ionospheric Delay Phase Estimated By RSS Method: 

To achieve a σ(ΔSTEC)  of 0.22 TECU for topographic 

mapping [6], an averaging over 25000 pixels is needed. 

Multilook numbers in azimuth (az) and range (rng) 

direction were selected as 16 ×  08 (az ×  rng)  and 

32 ×  16 (az ×  rng) , and Gaussian filtering was used 

with the kernel size of 200, 400, and 600, respectively. The 

estimated ionospheric delays are shown in Fig 3 (a)-(f). 

 
(a) 16×08_200      (b) 16×08_400       (c) 16×08_600 

 
(d) 32×16_200      (e) 32×16_400         (f) 32×16_600 

Fig. 3 Ionospheric delay maps estimated with different 

multilook numbers and filter windows. The sub 

caption means multilook numbers (az×rng)_filtering 

window. The black lines are profiles where statistical 

analysis was conducted. 

For the smaller multilook number or filter window, the 

estimated ionospheric delay pattern is more irregular, 

which may be caused by the remaining high-frequency 

noise. For the larger multilook number or filter window, 

the ionospheric distribution looks smoother, but small scale 

ionospheric variations might be smoothed. 

Analysis: Comparing Fig 3 with Fig 2, the ionospheric 

delay pattern in Fig 3(e), which is estimated by RSS 

method with 32 ×  16 (az ×  rng) multilook number and 

400 filter window , is more regular and the closest to the 

IRI result. Fig 4(a) shows ionospheric delay profiles along 

the meridian both by IRI and RSS, and Fig 4(b) presents 

the profiles only by RSS to show more details. Similarly, 

Fig 4 (c) and Fig 4 (d) show them in similar way along the 

parallel. 

The ionospheric delay calculated by IRI is almost a 

constant along profiles, which changes less than 1 rad, 

while delay estimated by RSS changes larger than 10 rad. 

So in the study area, IRI result can only provide a value and 

general pattern of ionospheric delay phase, but cannot 

show the details. 

 
(a)                                         (b) 

 
(c)                                         (d) 

Fig. 4 Ionospheric delay phase profiles, (a) and (b) 

along 𝟑𝟓 ° 𝟑𝟏′𝟓𝟒"N parallel, (c) and (d) along 

𝟏𝟎𝟒 °𝟑𝟗′𝟑𝟎 "E meridian. The red line presents the 

profiles of ionospheric delay calculated by IRI, while 

the orange and blue lines are profiles of ionospheric 

delay estimated by RSS with multilook number 𝟏𝟔 ×
𝟎𝟖 (𝐚𝐳 ×  𝐫𝐧𝐠) and 𝟑𝟐 × 𝟏𝟔 (𝐚𝐳 ×  𝐫𝐧𝐠) respectively. 

The different line styles mean different filter window. 

In this study, we estimated ionospheric delay phase by RSS 

with different parameters, and evaluated the results using 

IRI model as a reference. By conducting statistical analysis 

on the profiles both along parallel and meridian, we found 

there is a bias between the ionospheric delay phases 

estimated by the RSS method and IRI, and removed the 

bias with the IRI model might improve the result. However, 

IRI might not work well in some area without enough data 

when modeling, and more tests are needed to verify the 

applicability of this method.  

 

3. QUANTITATIVE ASSESSMENT TO THE 

IMPACT OF INSAR IONOSPHERIC AND 

TROPOSPHERIC CORRECTIONS ON SOURCE 

PARAMETER MODELING: APPLICATION TO 

THE 4TH NUCLEAR TEST, NORTH KOREA 
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InSAR provides a new inspiring research method for 

underground nuclear deformation monitoring since 

Vincent et al. [16] firstly studied the InSAR observations 

of surface displacement caused by underground nuclear 

tests at the Nevada Test Site (NTS). Although many studies 

have revealed that the atmospheric effects of 

electromagnetic wave propagation (including ionospheric 

and tropospheric water vapor) have serious impacts on 

InSAR measurement results, atmospheric corrections have 

not been thoroughly and comprehensively investigated in 

many well-known cases of InSAR focal mechanism 

solutions, which means there is no consensus on whether 

atmospheric effects will affect the InSAR focal mechanism 

solution. Moreover, there is a lack of quantitative 

assessment on how much the atmospheric effect affects the 

InSAR focal mechanism solution. In this project, we 

emphasized that it was particularly important to assess the 

impact of InSAR ionospheric and tropospheric corrections 

on the underground nuclear explosion modeling 

quantitatively. Therefore, we investigated the 4th North 

Korea (NKT-4) underground nuclear test using ALOS-2 L-

band SAR images. Because the process of the underground 

nuclear explosion was similar to the volcanic magma 

source activity, we modeled the ground displacement using 

the Mogi model. Both the ionospheric and tropospheric 

phase delays in the interferograms were investigated. 

Furthermore, we studied how the ionosphere and 

troposphere phase delays could bias the estimation of Mogi 

source parameters. 

Study Area and SAR Data: The Punggye-ri nuclear test 

site is located in the northern part of North Korea with 

severe vegetation cover, high altitude and mountainous 

terrain (Fig. 5). Two ALOS-2 10 m resolution single look 

complex (SLC) images covering the NKT-4 event (Fig. 5) 

were used to generate the interferograms. The ALOS-2 

data completely covers the nuclear test area, and because 

of the strong penetrability of the L-band, the applicability 

is high in the case of mountain vegetation coverage, which 

is convenient for research. 

 
Fig. 5 Location of the nuclear test site and SAR image 

coverage 

Table 1. Detail information of ALOS-2 SAR images 

used in this study. 

Acquisition time (UTC) 15:14 

Dates (Master/Slave) 
17 December 2015/ 14 

January 2016 

Range band width (MHz) 28 

Pixel spacing 

(Range/Azimuth, m) 
4.29/3.80 

Incidence Angle (°) 36.3 

BPerp (m) -81.68 

Method: The general workflow of this study is shown in 

Fig. 6, including D-InSAR processing, Ionospheric and 

tropospheric phase delay correcting and Mogi modeling. 

 
Fig. 6 The general workflow of this study. 

Quantitative Analysis of Atmospheric Phase Delay on 

InSAR Deformation Results-Ionospheric Correction: 

The methodologies of the split range-spectrum technique 

have been used to remove ionospheric phase delay. The 

full-frame ionospheric correction results are shown in Figs 

7(a), (c) and (e). The co-seismic interferogram clearly 

showed long-scale signals through the full-frame 

interferogram. The full-frame standard deviation of 

“Uncorrected” (Fig. 7a) and “Ion corrected” (Fig. 7e) was 

1.83 cm and 0.85 cm, respectively. The estimated 

ionospheric phase delay (converted to displacement in 

LOS direction) was shown in (Fig. 7c). The full-frame “Ion 

corrected” interferogram (Fig. 7e) showed no long-scale 

trends. A single deformation center with maximum 

deformation of ~5 cm in the LOS direction could be 

identified much clearer. 

We focused on the main deformation area and find that the 

deformation pattern was enlarged both in magnitude and 

area (Fig. 8). Two profiles across the test site were drawn 

to quantitatively analysis the ionospheric correction result 

in the test site area. Generally speaking, the ionospheric 

correction reduced the magnitude and pattern of the 

displacement. The ionospheric delay introduced a ~0.23 

cm deformation bias in the uncorrected interferogram. At 

the peak of profile AA’, the maximum uncorrected LOS 

displacement was ~4.87 cm, when the ionospheric 

correction was applied, the displacement value increased to 

~5.10 cm. The spatially varied ionospheric phase delay 

(Fig. 8b) was between -0.58 cm and 0.27 cm. The mean, 

standard deviation and Root Mean Square (RMS) values of 

the estimated ionospheric phase delay (Fig. 8b) were -0.23, 

0.18 and 0.29 cm, respectively. In the near filed of the 

displacement center (~5-8 km distance from ridge A) in Fig. 

8(f), the ionospheric phase delay was not constant. 
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Fig. 7 Full-frame correction results. Color red 

represents the movement from the ground to the 

satellite. Color blue represents the movement from the 

satellite to the ground. (a) “Uncorrected” 

interferogram. (b) “Both corrected” interferogram. (c) 

Estimated ionospheric delay. (d) Estimated 

tropospheric delay. (e) “Ion corrected” interferogram. 

(f) “Tropo corrected” interferogram. (g) Profile AA’ 

along the azimuth direction. (h) The difference of 

profile AA’. 

Tropospheric Correction: Based on the GACOS system 

we generated the differential tropospheric phase delay (Fig. 

7d). The tropospheric correction added the long-

wavelength phase variation to the interferogram (Fig. 7e 

and b). When applying the GACOS correction to the 

“ionospheric corrected” interferogram, the overall standard 

deviation of the LOS displacement increased from 0.85 cm 

to 1.16 cm (Figs 7e and b). 

The enlarged tropospheric correction results were shown in 

Fig. 9. The mean, standard deviation and RMS values of 

Fig. 9(b) were -0.35, 0.231 and 0.42 cm, respectively. 

Before the correction (Fig. 9a), the max LOS displacement 

along the profile AA’ (Fig 9d) was ~4.87 cm. After the 

tropospheric phase correction, this value increased to ~4.96 

cm, indicating the phase bias caused by the tropospheric 

delay was ~0.09 cm. These biases are typically ignored 

when the surface deformation is significantly greater. But, 

it is proposed that this level of bias should be taken into 

consideration when modeling small or medium sources 

with small surface displacements. 

 

 
Fig. 8 Enlarged ionospheric effect at the nuclear test 

site. Color red represents the movement from the 

ground to the satellite. Color blue represents the 

movement from the satellite to the ground. (a) 

“Uncorrected” interferogram. (b) Estimated 

ionospheric delay. (c) “Ion corrected” interferogram. 

(d) Profile AA’. (e) Profile BB’. (f) The difference of 

profile AA’. (g) The difference of BB’. 

 
Fig. 9 Enlarged tropospheric effect at the nuclear test 

site. Color red represents the movement from the 

ground to the satellite. Color blue represents the 

movement from the satellite to the ground. (a) 

“Uncorrected” interferogram. (b) Estimated 

tropospheric delay. (c) “Tropo corrected” 

interferogram. (d) Profile AA’. (e) Profile BB’. (f) The 

difference of profile AA’. (g) The difference of profile 

BB’ 
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Fig. 10 Enlarged Final correction results at the nuclear 

test site. Color red represents the movement from the 

ground to the satellite. Color blue represents the 

movement from the satellite to the ground. (a) 

“Uncorrected” interferogram. (b) “Both corrected” 

interferogram. (c) Profile AA’. (d) Profile BB’. (e) The 

difference of AA’. (f) The difference of BB’. 

The full-frame “Both corrected” interferogram was shown 

in (Fig. 7b). Profile AA’ (Fig. 7g) was in parallel with the 

azimuth direction and went through the center of the 

explosion. The difference of profile AA’ (Fig. 7h) was the 

total bias caused by the ionosphere and troposphere, which 

could be linearly combined. The enlarged “Uncorrected” 

and “Both corrected” interferograms were shown in (Fig. 

10). 

Mogi Modeling and Source Parameters Inversion: The 

full-frame “Both corrected” interferogram was shown in 

(Fig. 7b). Profile AA’ (Fig. 7g) was in parallel with the 

azimuth direction and went through the center of the 

explosion. The difference of profile AA’ (Fig. 7h) was the 

total bias caused by the ionosphere and troposphere, which 

could be linearly combined. The enlarged “Uncorrected” 

and “Both corrected” interferograms were shown in (Fig. 

10). Four different interferograms: “Uncorrected”, “Ion 

corrected”, “Tropo corrected” and “Both corrected” were 

used as constraints to calculate the source parameters of 

NKT-4. The LOS surface displacement modeling results 

(observation, model and residual) constrained by the four 

different interferograms were shown in Fig. 11. 

 
Fig. 11 Mogi modeling results constrained by different 

interferograms. Color red represents the movement 

from the ground to the satellite. Color blue represents 

the movement from the satellite to the ground. The 

blank (white) area means no displacement values. (a) 

“Uncorrected” interferogram. (b) “Both corrected” 

interferogram. (c) “Ion corrected” interferogram. (d) 

“Tropo corrected” interferogram. 

In addition, we showed the posterior PDFs for the Mogi 

source parameters obtained after 106 iterations of each 

interferogram (Fig. 12). The bottom rows of Figs 2(a), (b), 

(c) and (d) showed histograms of marginal distributions for 

each parameter. The redlines represented the optimal 

values which was the maximum a posteriori (MAP) 

probability solution, and the remaining rows showed the 

joint distributions between pairs of parameters. The MAP 

probability solutions, 2.5 and 97.5 percentiles of 

probability density functions of Mogi source properties 

were reported in Table 2. 

Table 2 also shows the mean value, median error, 

maximum a posterior (MAP) probability solution and 95% 

confidence interval in more detail. It quantitatively shows 

the influence of deformation monitoring error caused by 

atmospheric phase delay on a series of parameters of NKT-
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4, such as the location (X, Y in Table 2), the burial depth, 

the cavity volume, the cavity radius, and the yield. 

 
Fig. 12 Posterior PDF distributions of each modeling 

result. Red lines represent the MAP solutions. Scatter 

plots are contoured based on frequency (cold colors 

for low frequency, warm colors for high frequency). 

DV means the volume change of the cavity. 

The preferred location of NKT-4 was estimated to be 129°

04 ′22.35"E, 41 °17 ′54.57"N using the “ Ion corrected ” 

interferogram according to Table 2. The modeled locations 

derived from the four interferograms were close to each 

other (Table 2). The preferred location estimated in this 

study was compared to four other published papers (among 

which, two of them used InSAR method, the other two used 

seismic method) in Fig 13. For instance, compared with 

previous InSAR studies, our estimation was ~146 m shift 

to the southeast of Wei (2017) [17] and ~245 m shift to the 

southwest of Myers et al. (2018) [18], respectively. 

Compared with previous seismic studies, our estimation 

was ~470 m shift to the southeast of Zhao et al. (2016) [19] 

and ~185 m shift to the southwest of Gibbons et al. (2017) 

[20], respectively.  

 
Fig. 13 The comparison of estimated locations between 

this study and other research groups. Red rectangular 

represents the ground infrastructures related to the 

weapons testing facility. The background is an optical 

image from Google Earth. 

This study has offered a new insight into the effects of 

ionospheric and tropospheric artifacts on Mogi source 

modeling. In our case study, although the atmospheric 

delays showed no strong variations both in phase 

magnitude and affected pattern, they were not simply 

constant offsets. The application of our method would be 

more significant for larger-scale natural deformation 

sources such as volcanoes and earthquakes, but it is not 

negligible even in the situation where there is not much 

complexity in the atmospheric signal. 

 

4. SURFACE DEFORMATION MONITORING OF 

JIAJU LANDSLIDE BASED ON A MODIFIED 

TIME SERIES INSAR METHOD USING PALSAR 

DATA 

 

Time series InSAR technology has become an important 

tool for detecting potentially unstable slopes across wide 

areas and monitoring surface deformation of a single 

landslide. However, traditional time series InSAR 

technology such as persistent scatters interferometry (PSI) 

and small-baseline subset (SBAS) use single threshold to 

identify measuring points and are not able to identify 

enough measuring points in complex ground environment 

because of its complex terrain and land cover types. In 

order to improve the number and distribution density of 

measuring points in landslide area, we proposed a new 

InSAR approach, modified time series InSAR method, to 

map landslide surface deformation. The key ideas of our 

method include a method for adaptive selection of 

measuring points and the use of adaptive phase filtering 

algorithm to estimate optimal phase for each DS pixel. To 

demonstrate the effectiveness of our method, we applied it 

to retrieve the LOS surface deformation of the Jiaju 

landslide using 19 L-band ALOS PALSAR images. 

Study Area and SAR Data: The Jiaju village, not far away 

from Danba town which is located in Danba county, 

Sichuan, China, is well known for its special Tibetan-style 

buildings. Unfortunately, it is located on a giant slow-

moving landslide as shown in Fig. 14. The Jiaju landslide 

looks like a capital M in shape and it can be divided into 

northern and southern parts. 

 
 

Fig. 14 The location map of the study area and ALOS 

PALSAR data stack 

The existing researches show that L-band SAR is 

advantageous for observing slow-moving landslides in 

mountainous forest areas. Thus, 19 ALOS PALSAR 

images were collected to study Jiaju landslide. The detailed 

acquisition parameters for PALSAR data is listed in Table 

3. 

Table 2. Optimal source parameters and range of 

variability between the four interferograms and 

comparisons to other published estimations. 
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Note. Parameters corresponding to the MAP probability 

solution were taken as the optimal. a means “Uncorrected” 

interferogram, b means “Both corrected” interferogram, c 

means “Ion corrected” interferogram, d means “Tropo 

corrected” interferogram. 

Table 3 The acquisition parameters of PALSAR data 

in our study 

SAR sensor ALOS PALSAR 

Orbit direction Ascending 

Microwave 

band(wavelength) 
L-band (23 cm) 

Resolution 10 m 

Look angle 34° 

No. of images 19 

Temporal coverage Dec 2006-Jan 2011 

Method: In order to improve the number and distribution 

density of measuring points in complex ground 

environment, a modified time series InSAR method is 

proposed to measure landslide deformation. The key idea 

of our method is presenting a method for adaptive selection 

of measuring points and improve the number of MPs. The 

flowchart of our method is shown in Fig 15. 

Coregistration

MPs Selection

Phase Estimation

Deformation Estimation

N PALSAR images

Deformation rate and time 

series

StaMPS 

Software

The key 

idea of our 

method

 
Fig. 15 The flowchart of our method 

Parameter Optimal Mean Median 
95% 

Confidence Interval 

Wei 

2017 

Myers et 

al. 2018 

Zhao et 

al. 2016 

X (m) 134.58a 132.66a 133.02a 86.34a    -   176.79a    

 126.99b 126.02b 126.39b 82.67b    -   166.49b    

 127.55c 127.58c 128.02c 83.30c    -   169.36c    

 132.79d 129.26d 129.66d 81.55d    -   173.99d    

Y (m) 119.30a 115.97a 116.87a 45.03a    -   182.35a    

 121.50b 120.93b 121.13b 60.06b    -   181.08b    

 123.33c 124.24c 124.48c 56.29c    -   191.19c    

 122.12d 121.61d 122.03d 52.03d    -   188.95d    

dV (m3) 44675a 49549.4a 48653.5a 26341.9a - 77809.3a    

 52364.8b 55540.3b 54915.8b 34992.5b- 79723.5b    

 48689.2c 53171.8c 52366.3c 29840.7c- 81729.9c    

 45985.2d 50465.1d 49736d 29699.7d- 75212.8d    

Depth (m) 370.33a 389.96a 389.41a 300.65a   -   481.89a    

 397.47b 410.64b 410.06b 337.00b   -  488.44b    

 385.48c 401.76c 401.24c 316.39c   -  490.64c 420-700 760  

 377.24d 395.94d 395.51d 315.67d   -  481.30d    

Radius 

(m) 
22.02a 22.79a 22.65a 18.46a    -    26.49a    

 23.21b 23.67b 23.58b 20.29b    -    26.70b    

 22.66c 23.33c 23.21c 19.24c    -    26.93c 23-27   

 22.23d 22.93d 22.81d 19.21d    -    26.19d    

Yield (kt) 8.44a 9.66a 9.46a 4.34a     -    17.31a    

 10.33b 11.18b 11.03b 6.21b     -    17.88b    

 9.43c 10.56c 10.38c 5.08c     -    18.41c 
11.6-

24.4 
 4 

 8.78d 9.92d 9.75d 5.05d     -    16.69d    
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Modified Time Series InSAR Deformation Results: The 

images covering the whole slope, larger than the Jiaju 

landslide, were processed for assessment purpose. Fig. 16 

shows the maps of line-of-sight (LOS) deformation rates 

measured by StaMPS-SBAS method and modified time 

series InSAR method from PALSAR data stacks, all results 

have the same reference points. The deformation 

information in our method derived results are clearer than 

those estimated by SBAS method. The annual deformation 

rate variation interval in the study area was -240 mm/yr to 

20 mm/yr. From the results, we can find 4 obvious 

landslide areas (L1-L4 landslide), and the L4 landslide has 

the most serious deformation 

 
Fig. 16 The LOS deformation rates derived from 

PALSAR data, (a) SBAS method, (b) Modified Time 

Series InSAR method. 

The total number of MPs and corresponding spatial density 

detected by the two methods are listed in Table 4. As 

expected, the proposed modified time series InSAR 

method identified more MPs than SBAS. For the PALSAR 

data stack, the number of MPs detected by modified time 

series InSAR increased by about 10 times with respect to 

those obtained by SBAS. 

Table 4 Number of MPs and their spatial density in 

the results of the two methods 

Method 
Number of 

MPs 

Spatial density 

(𝑀𝑃𝑠/𝑘𝑚2) 

StaMPS-SBAS 32415 384 

Our Method 314780 3730 

Jiaju landslide is our focus area, and its corresponding 

surface deformation rate map is shown in Fig 17. Table 5 

lists the total number of MPs and corresponding spatial 

density detected by the two methods for this landslide. It is 

helpful for us to delineate and update Jiaju landslide 

boundaries more accurately. In particular, by using the 

proposed method our capability to detect potential 

landslides is substantially enhanced, since small unstable 

slopes that can hardly be detected by traditional time series 

InSAR analyses are also identified with our method. 

 
Fig. 17 The LOS deformation rates of Jiaju landslide, 

(a) SBAS method, (b) Modified Time Series InSAR 

method. 

Table 5 Number of MPs and their spatial density of 

Jiaju landslide 

Method 
Number of 

MPs 

Spatial density 

(𝑀𝑃𝑠/𝑘𝑚2) 

StaMPS-SBAS 4883 646 

Our Method 33713 4458 

Consistency Among SBAS and Our Method Results: In 

order to evaluate the reliability of this method, the 

deformation rates of MPs distributed along the profiles A–

A' and B-B' which marked by the white dashed lines in 

Fig.17(a) and Fig.17(b) is shown in Fig 18. The results of 

our method are in good agreement with StaMPS-SBAS, 

and compared with StaMPS-SBAS method, the number of 

deformation measurement points is significantly increased. 

 
Fig. 18 Profiles of the deformation rate as indicated 

by the A–A‘ and B-B’ lines in Fig 1. 

The time series accumulative deformation at G3, G5, G14 

and G17 obtained by the two methods is shown in Fig.19. 

Time series measurements match well with each other and 

show similar evolution trends at G3 and G5. At G14 and 

G17, the results of our method is different from the 

StaMPS-SBAS, but it is good agreement with CSI and GPS 

method [21]. 

 
Fig. 19 Time series accumulative deformations 

measured at GPS monitoring stations 

Correlation analyses were carried out between each pair of 

deformation rate measurements produced by two methods 

for PALSAR data. Only the common MPs are plotted and 

used for calculation of the Pearson correlation coefficients 

and the mean/standard deviation of differences between the 

results. 

 
Fig. 20 The histogram of differences between the two 

methods 
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Fig. 21 Correlations between deformation rates 

measured by StaMPS-SBAS and our method on the 

common MPs 

Table 6 Error statistics 

Measurement 

points number 

MAE 

(mm/y) 

STD 

(mm/y) 

RMSE 

(mm/y) 

1969 8.8 9.9 13.2 

In summary, overall good agreement between our method, 

StaMPS-SBAS, CSI and GPS method, which suggests that 

our proposed method can achieve reliable surface 

deformation measurement for landslides in mountainous 

areas. Compared with StaMPS-SBAS, our method can 

provide more measuring points and better show the spatial 

distribution pattern of Jiaju landslide surface deformation. 

This part of the work has completed the manuscript of the 

paper, and ready to submit. 

 

5. CONCLUSIONS 

 

During the RA-6 research project, we applied the ALOS 

PALSAR data and ALOS-2 PALSAR-2 data to study 

ionopsheric phase delay correction, tropospheric phase 

delay correction and landslides deformation monitoring. 

First of all, we estimated ionospheric delay phase by RSS 

with different parameters, and evaluated the results using 

IRI model as a reference. Then, we take NKT-4 as an 

example to quantitatively explore the influence of 

atmospheric correction on the source parameters inversion. 

Our research reveals that although atmospheric delays do 

not show strong changes in phase magnitude and affected 

pattern, they are not simply constant offsets. Therefore, the 

influence of atmospheric phase delays cannot be ignored in 

the process of source parameter inversion. A modified time 

series InSAR method has been proposed to improve the 

distribution of measuring points and it also has been 

applied landslide deformation monitoring. The results 

show that compared with the StaMPS-SBAS method, our 

proposed method can increase the number of measuring 

points 10 times, on the basis of ensuring reliable results.  
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1. INTRODUCTION

In this report, the results on high-efficient algorithm for 

information extraction and intelligence algorithm for target 

analysis of PI No 3327 are summarized. The corresponding 

publications are listed in the appendix section.  

2. AVERAGED STOKES VECTORS &

QUATERNION NEURAL NETWORK S

Our work is mainly based on developing and applying the 

averaged Stokes vectors for fully polarimetric SAR. 

Moreover, employing quaternion neural networks we 

proposed and improved the intelligence algorithms. 

Therefore, we first describe the concept of the averaged 

Stokes vector and the quaternion neural networks.  

Fully PolSAR system measures 2 × 2 complex scattering 

matrix S for each resolution element: 

[
𝑆𝐻𝐻 𝑆𝐻𝑉
𝑆𝑉𝐻 𝑆𝑉𝑉

], (1) 

where H and V represent horizontal and vertical 

polarization directions of antennas. To calculate the 

averaged Stokes vector from PolSAR data, a certain 

incident wave needs to be supposed. This incident wave is 

expressed by a unit Jones vector [𝐸𝐻
𝑖 𝐸𝑣

𝑖 ]𝑇 . Then, the

scattered wave [𝐸𝐻
𝑟 𝐸𝑣

𝑟]𝑇  is obtained by

[
𝐸𝐻
𝑟

𝐸𝑣
𝑟] = [

𝑆𝐻𝐻 𝑆𝐻𝑉
𝑆𝑉𝐻 𝑆𝑉𝑉

] [
𝐸𝐻
𝑖

𝐸𝑣
𝑖
]. (2) 

The Jones coherency matrix J is defined as 

𝐽 = [
〈𝐸𝐻

𝑟𝐸𝐻
𝑟∗〉 〈𝐸𝐻

𝑟𝐸𝑉
𝑟∗〉

〈𝐸𝑉
𝑟𝐸𝐻

𝑟∗〉 〈𝐸𝑉
𝑟𝐸𝑉

𝑟∗〉
] = [

𝐽𝐻𝐻 𝐽𝐻𝑉
𝐽𝑉𝐻 𝐽𝑉𝑉

], (3) 

where 〈∙〉  indicates spatial averaging process in a local 

window. From the Jones coherency matrix, the averaged 

Stokes vector G is defined as 

𝐺 = [

𝑔0
𝑔1
𝑔2
𝑔3

] = [

𝐽𝐻𝐻 + 𝐽𝑉𝑉
𝐽𝐻𝐻 − 𝐽𝑉𝑉
𝐽𝐻𝑉 + 𝐽𝑉𝐻

𝑗(𝐽𝐻𝑉 − 𝐽𝑉𝐻)

]. (4) 

Generally, this averaged Stokes vector expresses a partially 

polarized wave. According to the Born-Wolf wave 

decomposition [1], the averaged Stokes vector can be 

regarded as the sum of a completely polarized wave and a 

completely unpolarized wave. Physically, the relationship 

between these two parts of information is expressed as [2-

4] 

𝐺 = 𝐴[𝜌𝐺𝑃𝑂 + (1 − 𝜌)𝐺𝑈𝑁], (5) 

where 𝐺𝑃𝑂  and 𝐺𝑈𝑁  represent the Stokes vectors for

completely polarized wave and completely unpolarized 

wave, respectively, A is total scattered intensity, and 𝜌 is 

degree of polarization (DoP). Using the 𝐺𝑃𝑂 , A, and 𝜌
information, we proposed many features. 

  The quaternion neural networks have high performance 

for analyzing vector-based parameters. In our research, 

considering the multi-dimensional feature of the averaged 

Stokes vector parameters, we use quaternion feed-forward 

algorithm [5]. All the parameters used in the algorithm are 

4-dimentional quaternions. The structures of the neural

network used in our research is shown in Fig.1.

Fig.1 Structure of the quaternion neural network used in 

the work. 
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3. ALGORITHM FOR INFORMATION 

EXTRACTION 

In this section, some results of our work on algorithm for 

information extraction based on the averaged Stokes vector 

parameters are shown. 

3.1 DoP Information based Data Filter 

In this work, we propose a novel data filtering algorithm 

based on degree of polarization information for fully 

polarimetric SAR. The result is published in [A1]. First, we 

define the homogeneity degree and polarization 

independence degree using the DoP information, and 

propose a feature plane. Next, by employing the feature 

plane, we categorize the targets into three types, and assign 

specific filtering policy for each type to estimate the 

optimal filtering window sizes. In comparisons with boxcar 

filter, refined Lee filter, scattering model based filter, and 

improved sigma filter employing ALOS2-PALSAR2 data 

for Ebetsushi and Hakodate areas, the proposed DoP based 

algorithm shows the highest performance on protecting 

structural details for inhomogeneous targets  and 

decreasing speckle noise for homogeneous targets. 

Moreover, the proposed algorithm shows the potential to 

provide scattering information with higher accuracy to 

further data interpretation procedure. An example for 

showing the performance of the proposed filter on dealing 

with inhomogeneous targets is shown in Fig.2.  

   

(a) Google satellite photo             (b) boxcar filter 

   

(c) refined Lee filter      (d) scattering model based filter 

   

(e) improved sigma filter           (f) DoP based filter 

Fig. 2. (a) Google satellite photo of an highly 

inhomogeneous area, and span images of filtered T-matrix 

for the area obtained with (b) boxcar filter, (c) refined Lee 

filter, (d) scattering model based filter, (e) improved sigma 

filter, and (f) proposed DoP based filter. 

3.2 Structure-Orientation Parameter based Coniferous 

and Broad-Leaved Forest Distinguishing 

The tree type is essentially identified by the geometrical 

feature of a tree. In L band based observation, the measured 

structure composition of a forest is determined by the 

orientations of big branches and trunks. Typically, the 

structure of a broad-leaved tree contains higher ratio of 

equivalent vertical components than that of a coniferous 

tree. With many tests, we found that the common structure-

related discriminators can not exhibit observable, separable 

and stable differences on the responses for coniferous and 

broad-leaved forests. In our previous works, we have 

proposed several Stokes-vector based discriminators for L 

band PolSAR data interpretation, and proved that these 

discriminators have higher performance than conventional 

ones for target analysis [6]–[7].  

 

(a) 

 

(b) 

Fig. 3. (a) Coniferous and broad-leaved forest 

distinguishing result of Oze National Park, Japan, and its 

(b) ground truth (year 1993-1998) summarized based on 

the natural environmental information provided by the 

Biodiversity Center of Japan. 

One of these discriminators named structure-orientation 

parameter expresses the composition of equivalent 

horizontal and vertical structures. 
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Based on the structure-orientation parameter, we 

proposed a coniferous and broad-leaved forest 

distinguishing algorithm. The influence of the topography 

is compensated by employing the scattered power 

information. The experiments using several sets of 

ALOS2-PALSAR2 level 1.1 data such as the data of Oze 

National Park area, Japan, prove that the proposed method 

has high performance for distinguishing the coniferous tree 

dominant and broad-leaved tree dominant forest. The 

successful distinguishing result of Oze National Park area 

is shown in Fig. 3. The work is published in [A2]. 

4. INTELLIGENCE ALGORITHM FOR TARGET 

ANALYSIS 

In this section, some results of our work on intelligence 

algorithm for target analysis based on the quaternion neural 

networks are shown. 

4.1 Isotropization of Quaternion Neural Networks 

There are two anisotropic factors in the previously 

proposed neural dynamics which lead to a classification 

capability degraded from its ideal performance. The two 

anisotropic factors lie in the variation vector of Poincare-

sphere parameters, and the activation function of the 

quaternion neural networks (QNN). First, no matter how 

the position vectors distribute on/in the Poincare sphere, 

components of the conventional variation vector are 

always positive values, lacking consistency with the 

rotational / scaling transform property of QNNs. Besides, 

when the polarization is more uniform, the variation vector 

has a smaller norm. Though this nature agrees with the 

name of ”variance”, such a small norm influences the 

neurodynamics only a little. This is inconsistent with the 

fact that a uniform polarization has stronger meaning in 

most land classification tasks.  

 

(a) 

 

(b) 

Fig.4 Distributive features of originally isotropic data after 

mapping by (a) conventional anisotropic function, and (b) 

proposed isotropic function. 

 

Second, with the conventional activation function, the 

position vectors are processed unevenly dependently on 

their position (direction) on/in the Poincare sphere. This is 

also against the isotropy of QNN and the Poincare sphere 

space. In this work, by considering the two factors above, 

we propose an isotropic variation vector and an isotropic 

activation function. The sketch of the isotropization of the 

activation function is shown Fig. 4. 

The results of classification experiments for ALOS-2 

PALSAR2 data of Tomakomai area, Japan is shown in 

Fig.5. The results show a great improvement in the 

classification ability of the QNN with the proposals in 

comparison with the conventional method. The result is 

published in [A3]. 

 

(a) 

 

(b) 

 

Fig. 5 Classification results for Tomakomai area having 

8000 × 3000 pixels generated by QNN with (a) original 

quaternion neural networks, and (b) the proposed isotropic 

quaternion neural network. 

4.2 High-Rise Building / Low-Rise Building Dominant 

Areas Classification 

The proprosed quaternion neural network is used for this 

low-rise and high-rise buildings distinguishing task. The 

structure of the used neural network is shown in Fig. 1. The 

input parameters are the Poincare parameters for 

horizontally, 45◦ linearly, and left circularly polarized 

incident waves [6]. Two output neurons are used for 

indicating low-rise and high-rise buildings, respectively. 

In order to show the performance, a full of buildings area 

chosen from the ALOS2-PALSAR2 data of Tokyo area is 

used for test. The size of the test area is 2500 × 2500 pixels. 

Six 90 pixels samples chosen from residential areas with 

buildings lower than 10m, and and six 90 pixels samples 

chosen from commercial areas with buildings higher than 

20mare served as the training data for low-rise and high-
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rise buildings. With the trained neural network, we 

generate the final classification image as shown in Fig. 6 

(a). The result generated from a conventional real-valued 

neural network with the same parameter freedom and the 

same training data is shown in Fig. 6 (b) for comparing. 

The Fig. 6 (a) obviously gives more clear divisions. We can 

focus on the area E and F. The Google photos for these two 

areas are shown in Fig. 7. As shown in the Fig. 7(a), the 

area E is a residential area full of 2 or 3 floor buildings. In 

the Fig. 7 (a), the low-rise buildings are correctly labeled, 

however, in the Fig. 6 (b), they are labeled as unsure. In the 

middle area E, there is a big road. The Fig. 7(b) shows that 

there are many very high buildings along the road. In the 

Fig. 6 (a), we can recognize these high-rise buildings, 

however, they are merged in the background in the Fig. 

6(b).  

 

(a) 

 

(b) 

Fig. 6 Classification results generated by (a) quaternion 

neural network, and (b) conventional real-valued neural 

network for ALOS2-PALSAR2 data of Tokyo area. 

  

(a)                                             (b) 

Fig.7 The Google photos of (a) area E, and (b) area F, 

which is indicated in Fig.6(a). 

 

4. SUMMARIZATION 

The results of PI 3327 on information extraction and 

intelligence algorithm for target analysis with ALOS2-

PALSAR2 data are reported. 
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I. Introduction

This final report presents all the investigations com-
pleted and results obtained by the PI and Co − PI with
the polarimetric ALOS2-PALSAR2 collected and provided
by JAXA since the approval of the ALOS2-PI project in
2015.

A. Significance of the research field

Wetlands with at least 30-40 centimeters of peat accumu-
lated on its surface represent an important class of wetland
named peatland. Although peatland globally only cover
3% of the land they store 30% of the terrestrial carbon.
Therefore, it is important to maintain and protect peat-
lands to reduce greenhouse gases. Unfortunately, major
peatland transformations have been detected in the boreal
and subarctic peatland regions. While it is well established
that fens change naturally into bogs over time and that
bogs can revert to fens, the observations over the last fifty
years indicate that the rate of these changes has been signif-
icantly altered by various sources of stress (climate change,
isostatic uplift, fire and anthropogenic activities). Fire is
an important process in boreal and sub-arctic ecosystems
and will continue to influence the structure and dynam-
ics of the peatland dominated systems. As a result of cli-
mate change, it is predicted that by 2050 there will be a
50% increase in forest fire activity in northern Canada and
that the fire season will be longer with increased ignitions
(both lightning and human caused) and an overall larger
area burned. Therefore, there is an immediate need for
cost effective tools that permit accurate classification and
mapping of peatlands, as well as long term monitoring of
their (bog-fen) transformations and the impact of fire on
peatlands and surrounding upland forests.

Recent climate warming has been pronounced in the arc-
tic and sub-arctic region with the average annual tempera-
ture increasing between 2−3◦C since the 1950. Accelerated
temperature increases have driven declines in sea ice extent,
snow cover duration, glacier mass, and increase in per-

mafrost temperatures. Increasing evidence from the per-
mafrost zone suggests the abrupt permafrost thaw may be
the norm for many parts of the Artic and sub-arctic land-
scape 1950. Climate warming is causing the initiation and
expansion of abrupt permafrost thaw (called thermokarst),
which even though it occurs at point locations, often
cause much deeper permafrost thaw to occur more rapidly.
Northern Alberta contains a significant component of dis-
continuous permafrost, which is distributed within wooded
palsa bogs and peat plateaus that form part of heteroge-
neous mosaic of non-permafrost wooded bogs, fens, swamps
and other upland forest types. Permafrost distribution and
ongoing degradation affects peatland structure, hydrology,
and vegetation, and has been linked with environmental
changes including increased stream runoff, greenhouse gas
fluxes, and forest fire severity. In addition, permafrost rep-
resents an important consideration for route planning and
reclamation design because linear disturbances from seis-
mic lines, pipelines and winter roads result in the rapid and
irreversible thawing of the underlying frozen peat. How-
ever to date in Alberta, there has been limited mapping or
monitoring of permafrost at a scale sufficient for these pur-
poses, with previous airphoto-based interpretations provid-
ing only a small-scale delineation of the forest-covered per-
mafrost terrain. However to date in Alberta, there has been
limited mapping or monitoring of permafrost at a scale
sufficient for these purposes, with previous airphoto-based
interpretations providing only a small-scale delineation of
the forest-covered permafrost terrain.

Cost-effective permafrost and peatland characterization
and monitoring should be possible due to advances in the
technology of earth observation satellites. In particular, the
long-penetration capabilities of L-band ALOS2-PALSAR2
should permit large scale mapping of discontinuous per-
mafrost in peatland areas. In this project, polarimetric
PALSAR2 have been investigation for the characterization
of peatland and discontinuous permfrost in the Athabasca
oil sand region. It is shown that the excellent capabilities
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of the long penetrating PALSAR2 and its excellent perfor-
mance in term of NESZ permit a unique characterization
of peatland and permfrost, and lead to very promising re-
sults for the assessment of fire damages in peatland regions.
The results obtained are briefly presented in the following,
and the corresponding a list of publications and external
presentations are given in the Reference section. Few ref-
erences and reports are provided as Appendix.

II. Polarimetric PALSAR2 for peatland
monitoring and fire damage assessment

Polarimetric L-band ALOS and ALOS@ collected over
boreal peatlands (in the Athabasca oil sand region) are
used for the demonstration of the excellent capabilities of
the long penetrating PALSAR for peatland mapping and
monitoring [1]. The Touzi decomposition [2], [3] is used for
the optimum extraction of PALSAR2 polarimetric informa-
tion. While optics sensors (such as Landsat) are not able to
discriminate (poor) fen from bogs, we have recently shown
[4] that the sensitivity of the L-band polarimetric ALOS-
PALSAR to peatland subsurface water flow permits an en-
hanced discrimination of fens from bogs. This was demon-
strated over a boreal peatland in Lac St Pierre (near Trois
Rivieres, Canada), and subarctic peatlands in the Wapusk
National Park (WNP, near Churchill) [5], [4]. The Touzi
decomposition [2] permits the generation of the scattering
type phase, ϕαs

, which permits efficient discrimination of
poor fens of shallow subsurface water from bogs of deeper
subsurface water flow [4]. This very promising result were
confirmed in [1] using polarimetric L-band collected over
peatland in the Athabasca oil sand exploration region (near
Fort McMurray, Alberta).

However, even though the Touzi decomposition [2], [3]
permit the promotion of the unique polarimetric SAR in-
formation in support of many key applications, we have
shown in [1] that complementary information can be ob-
tained through the analysis of scattered wave poarization
signature and its optimization. The complementarity of
the “scattered” and “received” wave polarization signa-
tures is investigated for characterization of fire damages
in peatlands and surrounding upland forests using polari-
metric L-band ALOS-PALSAR collected in the Athabasca
oil sand exploration region. it is shown that scattered wave
polarization signature, which is presented in terms of two
independent and rotation invariant parameters: the degree
of polarization (DoP) and the total scattered intensity R0,
permits enhanced detection of fire damages in compari-
son with conventional received wave polarization signature.
The unique potential of the scattering type phase gener-
ated by the Touzi decomposition for enhanced discrimina-
tion of poor fens from open bogs is confirmed. The scat-
tered wave optimization technique introduced in [6] is used
as a convenient method for the exploitation of the scat-
tered wave polarization signature. It is shown that the ex-
trema of the DoP and R0 permit enhanced discrimination
of burned from healthy spruce forests. They also provide
the required information for accurate assessment of Peat

health in burned treed bogs. Such important information
crucial for assessment of peatland fire damages cannot be
obtained using conventional optics (Landsat TM) sensors
for assessment of fire damages. While optics sensors can
identify well burned forest and peatlands areas, accurate
assessment of peat health in burned treed bogs can only be
obtained using the peat subsurface information provided
by the long penetrating L-band polarimetric ALOS. Fi-
nally, the complementarity of optical (Landsat TM) and
polarimetric L-band ALOS is demonstrated for enhanced
peatland classification and fire damage assessment. The
Touzi decomposition, which optimizes the received inten-
sity, is firstly combined with the scattered wave parameters
(the extrema of the DoP andR0 ) for optimum extraction of
polarimetric ALOS information. This information is then
fused with Optical Landsat for enhanced classification of
peatlands and surrounding forests.

Very promising results have also recently been shown by
the ALOS2- CO-PI, in collaboration with R. Touzi, for for-
est fire damage assessment and pipeline safety monitoring
in the 2 reports provided as Appendices [7], [8].

III. Discontinuous Permafrost Mapping Using
Polarimetric L-band ALOS2-PALSAR2

Polarimetric ALOS-2 (FP6-4) and field data collected
over discontinuous distributed within wooded palsa bogs
and peat plateaus near the Namur Lake (Northern Alberta)
are analysed to show the very promising results obtained
by PASAR2 for mapping discontinuous permafrost distri-
bution [9], [10].

A first analysis of the data quality of the polarimetric
ALOS2 image has revealed a residual calibration error of
about -33dB. The ALOS2 image are re-calibrated using
the method developed in [11], [12] to reduce the residual
calibration error from -33 dB down to -43 dB [12]. This
permits full exploiting the excellent ALOS2 performance in
term of low noise floor (NESZ about -38 dB) to increase the
sensitivity of the scattering type phase to deep permafrost.

The analysis of the re-calibrated PALSAR2 image leads
to the conclusion that that the information provided by the
scattering type phase is very promising for detection of rel-
atively deep subsurface permafrost (up to 40 cm). The use
of the extrema of the degree of polarization (DoP), which
are provided by the Touzi scattered wave optimization [1],
permits removing the phase ambiguities that may occur in
areas with deep permafrost. The results obtained are val-
idated using field data collected during the ALOS2 data
acquisitions. A LiDAR -based permafrost classification is
also used as a reference for further assessment of the added
value of polarimetric ALOS2 for enhanced permafrost char-
acterization. In comparison with LiDAR, long penetrating
L-band polarimetric PALSAR2 permits more accurate per-
mafrost distribution identification. It also appears as a
more suitable methodology for repeated mapping and/or
monitoring ongoing permafrost changes at large scale, and
should permit having access to important indicators of per-
mafrost thermal state such as the active layer thickness
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(ALT).

IV. Publications and reports attached as
appendix

The following references have been attached as appen-
dices: [1], [10], [7], [8].
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ABSTRACT 

This paper describes the use of full polarimetric ALOS2 

data to supplement ground cover classification based on 

optical data in province of Alberta. We utilize multi-

temporal SAR data to map non-treed fens.  In this paper, 

we use several forms of polarimetric analysis and 

decomposition. All of these indicate that the backscatter 

from graminoid fens in Northern Alberta is dominated by 

polarimetric characteristics normally attributed to the odd- 

bounce mechanism and double bounce. For the same 

wavelength or incidence angle, the ratio of backscatter 

from the flooded forest to that from the upland forest was 

higher at HH polarization than at VV polarization. HH+VV 

backscater is relatively strong and discrimination between 

bogs and fens seems to be viable during October month, 

when the backscatter separation between these two wetland 

types widens(figure 6). Amount of double bounce 

scattering is variable throughout the season and the peak is 

in November’s image. The fully polarimetric data have role 

to play in enhanced ground cover classification which 

could most certainly improve Alberta forest fuel 

classification.  

Keywords: wetland, polarimetry, incidence angle, 

backscatter 

1. BACKGROUND

Looking at what grows in the northern boreal wetland can 

also give one a clue to whether it is a bog or a fen. In a 

northern boreal bog, you can expect to find Black 

spruce(Picea Mariana), Labrador Tea, 

Cloudberry, Leatherleaf, and Sphagnum moss. In a 

northern boreal fen, one may also find black spruce, as 

well as White Spruce (Picea glauca) 

, but also expect to find Tamarack (Larix laricina). 

willows, sedges and fen mosses. Often referred to 

as muskeg, bogs and fens provide important ecosystem 

services.  Bogs store and release water to and from the 

surrounding land, but are not connected to a system of lakes 

or streams. Bogs are nutrient poor and generally have low 

plant diversity as a result. Fens, on the other hand, are 

connected to slow, but flowing water of small lakes and 

streams. Both fen and bog are characterized by peat and 

poorly decomposed vegetation.  In fens water level is close 

to the surface (within 10 cm), while in bog is below 30 

cm[14]. Unlike Tamarack , Black Spruce in a bog enables 

forest fire to spread easily.  Separation of these two features 

is important in regard to wildfire management.   

Wetland mapping with SAR imagery depends on the type 

of wetlands, water levels, vegetation structure, density and 

height. The incidence angle, which is the angle between the 

radar beam and the ground surface, can affect the 

appearance of smooth targets on the image. The influence 

of incidence angle on backscatter varies according to forest 

structure (i.e., basal area, canopy height, canopy depth, and 

branching qualities) and ground layer characteristics, 

including surface roughness, soil moisture, and the 

presence/absence of standing water [9]. Furthermore, the 

incidence angle has significant influence on the 

backscatter process from flooded vegetation areas. 

Backscatter is expected to vary with incidence angle in 

flooded and non-flooded forests, under leaf-on and leaf-off 

conditions.  This has to be considered in classification 

algorithms, especially when the data are characterized by 

a large range of incidence angles. SAR imagery has been 

used for wetland classification alone or in combination 

with optical data [2] and is particularly useful for mapping 

flooded vegetation because of the canopy penetration and 

subsequent interaction with the underlying water surface 

[9].  

Microwave energy transmitted at smaller (steeper) 

incidence angles takes a shorter route through the canopy, 

increasing transmissivity in the crown layer and leaving 

more energy to interact with the trunk and ground layers. 

Steep incidence angles (20°-30°) are optimal for detection 

of flooding, since some forest types exhibit bright returns 

only at steeper angles [9] or are better able to penetrate 

vegetation, and thus can better detect flooded 

vegetation[11].   Many studies concluded that smaller 

incidence angles were preferable for distinguishing flooded 

from non-flooded forests ([15].  Others have not shown 

incidence angle to affect the ability of SAR data to detect 

flooding beneath vegetation [9]. The increased penetration 

can also enhance the double bounce scattering of flooded 

forests which then helps map inundated vegetation during 
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flood events or as a function of the seasonal changes in 

water level. 

In contrast, shallower incidence angle signals have a 

stronger interaction with the canopy. This results in 

increased volume scattering [3]. Shallow angle data is 

more suitable for discriminating between different types 

of upland vegetation surrounding the wetlands and 

between different wetland vegetation associations like 

various sedge, grass, and rush communities [3]  

 

In non-flooded forests, increases in soil moisture raise 

surface backscatter coefficient and multi-path scattering. 

However, the increase in double bounce and multi-path 

scattering that flooding causes is much higher than the 

increase caused by higher soil moisture levels (1). 

Increases in canopy foliage leaf area index (LAI) during 

the warmer months decrease the transmissivity of the 

crown layer and thus decrease the amount of microwave 

energy reaching the forest floor. Therefore, an increase in 

foliage should reduce the ability to detect flooded forests 

using SAR data, because at larger (shallower) incidence 

angles signal interacts more with the canopy. Thus 

decreased transmissivity in the crown layer increases the 

ability of the radar to estimate canopy characteristics (10).  

Studies employing multi-polarized data indicate 

advantages of like-polarization (HH or VV) for the 

separation of flooded and non-flooded forests [12]. 

According to [1], the backscatter ratio between flooded 

and non-flooded forest is higher at HH polarization than 

at VV polarization. 

 

2. OBJECTIVES 

In wildfire management it is critically important to have 

accurate fuel type maps.  The overall objective is to 

characterize the wetland areas in more accurate manner 

while combining SAR and optical remote sensing data 

products. First objective is to gain an understanding of the 

backscattering characteristics of flooded and non-flooded 

habitats. One of the objectives of this paper is to determine 

the influence of incidence angle on the ability of SAR data 

to detect flooding under forest.   

 

3. STUDY AREA 

Margaret Lake site is located in wildfire prone landscape 

dominated by Black Spruce (Picea Mariana) bogs and fens. 

The drainage is poor or inundated. Frequent wildfires 

make land cover mapping even more complex. In reality it 

is a Boreal Forest and this project area overlaps with four 

natural sub regions: Dry Mixedwood, Sub-Arctic,Boreal 

Highlands(Caribou slope) and Wetland Mixedwood. The 

area is located 40 kilometers (25 miles) east of the town of 

High Level in the Alberta province of Canada 

  

Fig. 1 study area 

4. GROUND AND AERIAL DATA 

 

Training data for image classification were gathered in 

summer 2015 during a ground survey.  Several sampling 

areas were established and on each 3 plots were located and 

on each plot we collected data such as vegetation species 

composition, the ground water level and organic matter 

depth.  

 

   Table 1. Alos-2 scenes parameters. 

 

The Government of Alberta (GOA) has received a multi 

temporal set of Alos-2 Palsar data in 2016 from JAXA 

(Japan Aerospace Exploration Agency).  SLC format  

PALSAR Full-polarimetry images  (Table 1) that have 

been used for the study area were in Level 1.1 geo-coded 

format. Pixel Spacing is the distance between adjacent 

pixels and is measured in metres. This is the same as the 

pixel size. The pixel spacing may be different for range and 

azimuth. Nine ALOS-2 scenes were processed for the 

analyses..For processing work we utilized SNAP and PWS 

softwares which were made freely available by European 

Space Agency ( ESA ) and   Natural Resources Canada  

respectively.  

 

5. APPROACH 

 

Scene 

identifier 

line 

spacing 

pixel 

spacing 

Incidence angle 

scene at the 

center 

150618 2.773 2.861 27.813 

150804 2.784 2.861 36.537 

150818 2.784 2.861 36.533 

150827 2.773 2.861 27.813 

150910 2.773 2.861 27.815 

150915 2.784 2.861 36.533 

150929 2.784 2.861 36.532 

151008 2.773 2.861 27.806 

151022 2.773 2.861 27.806 

151105 2.773 2.861 27.806 
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A major problem in analyzing polarimetry SAR data is in 

understanding the scattering mechanisms that makes 

certain features stand out in the different polarization 

parameters. To have an RGB image as a reference in 

analysis, we created calibrated and Lee filtered each 

polarization band and placed  “HH + VV”  ,”HV” and “HH 

– VV”  into blue-green-red guns.  These combinations are 

sensitive to different scattering mechanisms.  “HH + VV“ 

is sensitive to single bounce, “HH – VV “ is sensitive to 

double bounce and “HV” to volumetric and random 

scattering.   Depolarization of a signal causes high return 

in a cross pol band which tends to be green in areas of 

denser and taller vegetation. The resulting RGB image (fig 

4) shows surface scattering in blue, double bounces are 

shown in red and volume scattering in green. This result is 

consistent with the canopy backscatter theory that the HV 

backscatter comes predominantly from tree crown 

scattering.  The figure 4 depicts a graminoid fen which is 

dominated by single scattering mechanism which is tall 

grass in this case. Also double bounce indicated by red 

color shows another scattering mechanism which in this 

case is likely water. 

 

The workflow of the data preprocessing is visualized 

in figure 2. In the first step of processing subsets of all 

images were created. Then, data were calibrated and saved 

into a complex format. Calibration radiometrically corrects 

a SAR image so that the pixel values truly represent the 

radar backscatter per unit area of the reflecting surface and 

can be compared with other images.. The data calibration 

compensates for the radiometric influences of different 

incidence angles (caused by the sensor geometry and 

topographic characteristics of the surface.  

  

Since, all the polarimetric tools work with either 

Coherency or Covariance matrices as input; in the next step 

we used the matrix generation operator to convert the 

calibrated complex product into coherency matrices. The 

reflectivity of the area being observed at a given radar 

wavelength can be represented by "scattering matrix". 

Each of the four complex elements of this matrix is the 

amplitude and phase of the backscattered radiation as 

measured at one of four orthogonal transmit/receive 

polarizations. The coherency matrix T3 was preferred 

because its elements have a physical interpretation (odd-

bounce, even-bounce, diffuse, etc.).  Most of the targets on 

the ground are distributed targets and they have mixed 

scattering responses due to the target properties and the 

system properties of the Radar beam incident on it.  

 

In the  next step  , we applied   filtering using Refined Lee 

speckle filter with 7 by 7 window.  . Polarimetric speckle 

filters take advantage of all bands and preserve the complex 

information at the same time. To interpret this response and 

separate between different scattering contributors, we 

applied Freeman-Durden decomposition which was chosen 

because some studies have demonstrated its ability for 

mapping flooded vegetation and wetlands [4]. The 

Freeman decomposition models the covariance matrix as 

the contribution of three scattering mechanisms volume 

scattering (where a canopy scatterer is modeled as a set of 

randomly oriented dipoles.), double-bounce scattering 

(modeled by a dihedral corner reflector.) and surface or 

single-bounce scattering (modeled by a first-order Bragg 

surface scatterer). Polarimetric SAR decompositions are 

useful for discriminating and mapping the Earth’s surfaces 

according to scattering behaviors.  The Freeman-Durden 

decomposition was then derived to separate the total power 

of each pixel into surface, double-bounce, and volume 

scattering. The output was a three channel image 

corresponding to the power of each of the three scattering 

mechanisms.  In addition to Freeman decomposistion we 

run Touzy and H-α decomposition as well.  

 

Fig. 2 Methodoloy to create a classified product 

In the final sterp, Wishart H-alpha Classification was 

applied to the speckle filtered T3 product to create an 

unsupervised polarimetric classification and to group 

similar pixels into classes. This single band contains 

several regions each belonging to one of nine classes. The 

classification technique used here is based upon 

polarimetric decomposition classification parameters- 

Entropy (H), Anisotropy (A) and Alpha (α). This set of 

parameters is derived from an eigen value decomposition 

of the coherency matrix. The entropy provides information 

on the scattering degree of randomness. The alpha 

parameter indicates the nature of the scattering: single or 

double bounce reflection or scattering over anisotropic 

media. The anisotropy provides information on the relative 

importance of secondary mechanisms. This parameter 

cannot be interpreted separately from the entropy. Finally, 

both the intensity and polarimetric products 

were  corrected to enable us to utilize field data. 

 

Our field data point shape file of field locations was 

buffered with 20 m radius.  These polygons were used as 

ROI’s(regions of interest) to extract individual SAR pixel’s 

intensity  values for each polarization and each image. 

Afterwards, we extracted mean values for all pixels in each 

polygon and for each polarization and for each image date.   

 

6. RESULTS AND DISCUSSION 
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In this section, we present the SAR backscatter analysis 

in the study area. From experience, i t was found that 

wetland boundaries are very difficult to identify using 

exclusively optical data(Fig.3). Peatland are sphagnum 

moss with alive spongy material and air in it. Water 

ascends and descends in peat, and during a year changes in 

water level may go in range 50 cm up to 1m. Water table 

may drop but soil moisture and gas bubbles in peat stay. 

We also measured the same path across the graminoid fen 

feature with water on the image and the distance in June’s 

image was 916 m and on November’s image 848m. Peat 

rises and goes up and down as water level vary across a 

season.  

 

Fig. 3 This graminoid fen is dominated by single 

bounce. Double bounce is of second importance 

In order to gain more understand on the scattering 

processes of microwave radiation interaction with ground 

cover, as well as changes in these scattering processes due 

to inundation, the backscattering values collected using 

ROI’s were compared and analyzed.  Original intensity 

bands were calibrated and filtered using Lee Sigma filter  

for single image with window size 7 by 7 and sigma 0.9.  

HH and VV values are similar (Fig. 4) for the open uplands 

including open white spruce stands and regenerating pine 

following fire disturbance. White spruce on moist sites 

with higher moisture have strong signal in HH. Though 

variability is greatest in HH polarization and smallest is in 

HV polarization. Upland sites have a downslope in trend in 

backscatter from June to beginning of the winter. This 

finding complies with other studies and it is likely a result 

in decreasing moisture in plants and soil [2].  

 

Fig. 4  Alos-2 calibrated and speckle filtered 

backscatter for HH, HV and VV polarizations.  

When it comes to wetland, the finding were similar in these 

three non-treed fens dominated by water saturated mosses 

and grasses. These graminoid fens where water level is 

near the top of soil have cross polarized backscatter 

significantly low (-20dB) in comparison to the HH and VV 

components.  We noticed that the overall backscatter of 

these gramionid fens is similar in June and September, but 

it takes a dive before October ends. This complies with 

other studies that concluded that many of the land cover 

types exhibit decreases in backscatter from June to 

November. This may be attributed to drying conditions due 

to senescence in the fall [2].It is unexpected that VV is 

similar to HH, because it was reported in literature [2] that 

in  marshes and swamps HH is considerably greater than 

VV. The reason may be that in these fens water level is 

below the surface and high soil moisture drives signal. 

 

Fig. 5  Alos-2 calibrated and speckle filtered 

backscatter for HH polarization 

It is really important to separate treed fens dominated by 

Tamarack (Larix laracina) from bogs dominated by Black 

Spruce(Picea mariana ). When we look at HH+VV 

backscattering components (figure 6), imagery collected in 

October may offer more power to discriminate between 
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bogs and fens. In this month the HH+VV combination 

component creates wider gap between bogs and fens in dB 

units. Fens backscatter may be stronger than bog’s for 1 

dB.  Similar findings was reported by Henderson in his 

review stating that HH and VV is preferable to separate 

between flooded and not flooded forests[5].

Fig 6. HH+VV backscater for graminoid fens and bog.  
 

Ratio of flooded and not flooded vegetation 

Given the same wavelength or incidence angle we looked 

at the ratio of backscatter from the graminoid fens to that 

from the non-flooded forest in this case upland (Open Sw 

and Pine). For flooded sites we used graminoid fens with 

water level at the top.  Only ratio for HH image from 

August 4 with incidence angle 36 at the center scene 

showed -2 dB.  The ratio value for four scenes with 28 

degrees Incidence  angle at the center scene showed range 

between -1.2 -2.5 dB.  Ratio was higher at HH polarization 

overall than at VV polarization. October 8th SAR  scene 

exhibited the highest variability for both polarizations. 

Shallow incidence angle (36 degrees)  for August 4 image 

in VV exhibited smallest ratio (0.5 dB).Other studies [1] 

compared the flooded and nonflooded forests and found 

that  the decrease of the ratio with an increase of incidence 

angle is a result of the decreased trunk-ground and canopy-

ground  interactions.  The largest backscatter ratio (about 

2.5 dB of L band-HH backscatter is modeled at θ = 20 °, 

and the smallest ratio (about 0 dB) at incidence angle = 60 

°. Like polarization (HH, VV) was deemed preferable to 

separate flooded from non-flooded forest and produced 

higher contrast between swamps and dry forests than cross-

polarization[5]. 

 

Fig. 6 Ratio flooded vs non flooded for HH 

polarization and VV ratio below 

 

Fig. 7 Ratio of flooded vs none flooded for VV 

polarization and VV ratio below 

HH is best to discriminate between flooded and non-

flooded deciduous forests because HH penetrates deeper 

than HV and VV [11].   

Incidence angle effect 

When it comes to incidence angles of the SAR imagery, 

some studies concluded that smaller incidence angles are 

better able to penetrate vegetation, and thus can better 

detect flooded vegetation. In this project we utilized 

imagery with 28◦ and 36◦ incidence angle.  By visually 

comparing these images we observed the lower contrast 

between fens and bogs and increased volumetric scattering 

component in a 36◦ image.  It seems that volume scattering 

is getting increased, while surface scattering is getting 

reduced in the scene with a 36 degree incidence angle 

(figure 8). Therefore, an increase in foliage should reduce 

the ability to detect flooded forests using SAR data.  In a 

rather simple exercise we wanted to see if there is any 

difference in terms of increased volumetric backscatter for 

different incidence angle. Though, we looked only one site 

and three images, nevertheless we can report our results 
that may comply with some studies on this matter 

conditions [3 ]. 
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Fig 8 . Two images from August 18 and 27 with 

different incidence angles 

Table 2 HV backscatter for a sample area 

Date 8/18/2015 8/27/2015 10/8/2015 

Incidence 

angle 
36.53 27.7 2.77 

minimum -23.4 -22.8 -23.9 

maximum 0.47 0.8 -0.3 

median  -8.4 -9.3 -10.7 

mean -8.3 -9.28 -10.3 

variance 3.1 3 3.5 

pc75 -6 -7.45 -7.5 

pc90 -4.7 -5.8 -5.7 

 

When we compared cross pol (HV)  for August 18 (36 ◦) 

and August 27 (27 ◦) for the same spatial area, our statistics 

showed increased volumetric for image with higher  

incidence (shallow) angle.  Also volumetric scattering got 

reduced likely due to less moisture and senescence as the 

statistics for the October 8 image shows. One limitation 

here is that in HV we do not account for oriented target 

scattering. According to literature the large angle 

diminishes differences between open bog and treed 

wetland’s strong return in VV and HV [11].  Although data 

collected at average incidence angles of 27.5° and 33.5° 

were found to provide the best discrimination between 

flooded and not flooded areas [3].   Studies reported that 

ability to detect flooding varied more with incidence angle 

during the leaf-on period and more with forest type during 

the leaf-off period. During the leaf-on period, canopy 

transmissivity was primarily responsible for variation in 

the ability to detect flooding with increasing incidence 

angle [3].  

 

Double bounce in fen: 

Another observation that we noticed was the changes in the 

amount of double bounce scattering from the fen. through 

the season.  Amount of double bounce is variable 

throughout the season, but visuallyL the greatest amount of 

double bounce was visible in November 5 image. Our 

statistical parameters extracted from Freeman Durden 

decomposition image shows opposite information (table 3, 

figure 10). Double bounce has on average stronger signal 

in June’s image than in November, even though surface 

scattering is less dominant in Novermber image. 

Table 3. Differences in scattering mechanisms for 

November and June 

 
 

 

 
Fig. 10 Differences in scattering mechanisms for 

November and June 

 

In this case surface scattering remains the constant while 

double bounce and volume scattering lost some strength  by 

November. Vegetation senescence may play the role in this 

case. When area is flooded during the leaf-on season, 

canopy variations among the different forest types were 

accentuated by increased multi-path and double-bounce  

scattering which, in turn, increased canopy scattering  and 

Fig. 9 Freeman Durden decompositions for 

November and June image 
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decreased net surface scattering During the leaf-off 

season(November), when the transmissivity of the crown 

layer was highest, allowing more energy to penetrate the 

canopy layer and interact with the surface layer.  [3] In this 

fen, water table drop in summer and as the fall returns water 

levels once again increase. One could argue that in leaf off 

conditions double bounce will increase with highly cured 

vegetation and increased water level. 

 
Classification 

 

Three components can be obtained from the T3 matrix: 

entropy (H), angle (α) and anisotropy (A). The average 

α component ranges between 0° and 90° and depends on 

the dominant scattering mechanism: surface scattering 

for values near 0°, dipole scattering for values near 45° 

and double-bounce scattering for values near 90°[16] 

.High entropy is caused by the depolarizing effects of 

volume scatter from the structural elements of trees like in 

pine stands (Table 4), which produce greater disorder in 

scattering. Alpha is high for forest areas and is low on bare 

surfaces, snow, and water surfaces. The regions of high 

entropy can be identified with the help of red colour and 

low with black colour (Figure 11). Graminoid fen is 

indicated in Dark colors where entropy is less than 0.4 and 

is generally a region of low entropy. Bluish zone shows 

more moderate entropy linked with double bounce. 

Anisotropy indicator is particularly useful to discriminate 

scattering mechanisms with different eigenvalue 

distributions but with similar intermediate entropy values. 

In such cases, a high anisotropy value indicates two 

dominant scattering mechanisms with equal probability 

and a less significant third mechanism, while a low 

anisotropy value corresponds to a dominant first scattering 

mechanism and two non-negligible secondary mechanisms 

with equal importance. 

 

 
 

Fig. 11 entropy for the area of a particular fen. 

 

 

 

 

 

Figure 1. H / Alpha plane. Blue colour indicates bogs, 

green is for pine and red for fens.  

 

Table 4 H, A, α values for graminoid fen and pine sites 

 

 

Surface scattering dominates on these sites including 

one Lodgepole pine site which has open crown 

closure. All these sites occupy medium entropy 

surface scattering corresponding to rough surfaces. 

Results of the unsupervised segmentation procedure 

are not presented here.  In that work we are 

implementing phase of the symmetric scattering type [7] 

and anisotropy. 

 

6..CONCLUSIONS 

In this paper, an analysis of multi-temporal Synthetic 

Aperture Radar data is performed to investigate the general 

backscatter in an area in Northern Alberta. The focus is on 

a test area near Margaret Lake. Analyses have shown that 

the optimum month for separating bogs and graminoid fens 

is October. Also, imagery with steep angles is preferable 

over shallow angle. Co-pol polarization (HH, VV) seem to 

be  preferable option to separate flooded from non-flooded 

forest. During the leaf-on period, canopy transmissivity is 

reduced and having shallow incidence angle may affect 

separation of treed wetland from upland. Cloude α angle, 

entropy and anisotropy should be powerful tools to enable 

us to detect graminoid fens due to high water ground level. 

Double bounce signal decreases late in the season, but 

visually it looks like dominant mechanism comparing to 

odd bounce. On the other hand graminoid fen in June image 

visually is dominated by surface scattering, but double 

bounce is stronger according to measurements. 
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1. INTRODUCTION

ALOS-2 datasets were tested to detect uplift and 

subsidence and to characterize wetlands in North-West 

Alberta, where the dominant land cover types are bog, fen, 

marsh, swamp, and shallow water [1]. The goal of this 

study is to investigate the potential of ALOS-2 data to 

address the areas that are susceptible to oil and gas 

pipeline [2] leak based on the surface movement in 

wetland system.  

2. ALOS-2 DATASETS

ALOS-2 interferometric datasets selected for North-West 

Alberta study area A include HH polarization:  

‘ALOS2068191190-150828’, ‘ALOS2074401190-

151009’, and ‘ALOS2117871190-160729’ that are 

respectively acquired on 28-08-2015, 09-10-2015, and 29-

07-2016. The perpendicular baseline between acquisition 

on 28-08-2015 and 29-07-2016 was 171.87 m and the

perpendicular baseline between acquisition on 28-08-2015

and 09-10-2015 was 42.48 m. In addition, interferometric

datasets selected for North-West Alberta study area B

include HH polarization: ‘ALOS2068191180-150828’,

‘ALOS2074401180-151009’, and ‘ALOS2117871180-

160729’ that are respectively acquired on 28-08-2015, 09-

10-2015, and 29-07-2016. The perpendicular baseline

between acquisition on 28-08-2015 and 29-07-2016 was

143.39 m and the perpendicular baseline between

acquisition on 28-08-2015 and 09-10-2015 was 42.82 m.

Fully polarimetric ALOS-2 datasets selected for wetland 

classification in study area C and D of North-West Alberta 

are  ‘ALOS2049561190-150424’ and ‘ALOS2049561180-

150424’, respectively. 

3. METHOD

Three-pass differential interferometry method [3, 4, 5] was 

applied to the interferometric datasets to derive the 

vertical displacement maps.  

Touzi Decomposition method [6, 7] was applied to the 

fully polarimetric datasets to produce wetland 

classification maps. 

4. RESULTS

The vertical displacement maps of study area A and B are 

exemplified in Fig. 1, where fringes might include 

atmospheric and Ionospheric phase distortions and missing 

areas are due to low correlation in the interferogram used 

as topographic information. Oil and gas pipelines are 

overlaid on both maps to understand the impact of uplift 

and subsidence that could be related to peat thickness, 

wetland types, permafrost thawing, precipitation, and 

groundwater discharge. Since the satellite observation was 

made from the east to west, it is impossible to detect 

displacement in the north or south direction. As shown in 

Figure 1 and 2, gradient of red-yellow-green colored areas 

with line-of-sight change moving towards the satellite 

represents 2.5 to 5.0 cm uplift, while line-of-sight change 

moving away from the satellite represents -2.5 to -5.0 cm 

subsidence of the eastward direction.  Although the main 

advantage of 3-pass method is that no DEM is required, the 

differential phase still could be effected by the atmosphere 

and ionosphere.  

Fig. 2 illustrates wetland classification results that were 

produced based on the dominant scattering type phase (Phi 

1) derived from the Touzi Decomposition [6, 7]. Oil and

gas pipelines were overlaid on the wetland classification

map to understand the impact on the wetland in case of

rupture. Wetland classes include treed bog, fen, shrubby 

bog, marsh and upland forest. Fens shown in both figures

illustrates sub-surface water flow detected with possible

~24 cm the penetration of L band though the dry peat,

which is almost impossible to detect using multispectral

data, e.g., SPOT-6, Landsat-8, and Sentienl-2.
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Fig. 1. Vertical displacement map of study area A 

(top) and B (bottom) overlaid on the intensity image. 

The overlaid white lines represent oil and gas pipelines. 

 

 

 
Fig. 2. Wetland classification map of study area C (top) 

and D (bottom) with overlaid oil and gas pipelines 

shown as black lines. 

1173



 

 

5. CONCLUSIONS AND FUTURE WORK 

 

A time-series interferometric stack with more ALOS-2 

observations is required for more reliable surface 

movement result. In addition, interferometric results seem 

unreliable due to poor coherence in wet areas.  Fully 

polarimetric data are desired for the same study areas as 

the interferometric data so that surface movement can be 

associated with specific wetland type, which was not the 

case for the datasets provided for this study. 

 

Ground-reference data is required to validate the surface 

displacement result and its association with the wetland 

types, permafrost thawing, and water level fluctuation. 

Field work is required to validate and understand the 

impact of detected surface deformation, i.e., if the 

deformation caused any structural damage to infrastructure 

and pipelines. In addition, field work is required to 

validate the wetland classification results with the 

collection of peat thickness, water flow under the peat, 

vegetation types in wetland.  
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1.INTRODUCTION
With the support of RA-6, we have carried out a 
number of exciting geological studies using high-
quality radar image data collected from the 
ALOS-2 satellite. Using ALOS-2 radar image 
data for InSAR research makes it possible to 
obtain a more stable surface deformation profile. 

2.MONITORING THE THAW SLUMP-
DERIVED THERMOKARST IN THE
QINGHAI-TIBET PLATEAU USING

SATELLITE SAR INTERFEROMETRY 
Thaw slumps are well-developed within a 10 km 
wide zone along the Qinghai-Tibet engineering 
corridor, especially along the Qinghai-Tibet 
highway and railway. Previous studies have 
focused on thaw slump instability such as its 
origin development, headwall retrogression rate, 
failure scale, and thermal regime, yet the intrinsic 
dynamic process of surface movement is 

relatively less known. In this study, we used 
InSAR based on the L-band ALOS PALSAR 
images acquired from January 2007 to October 
2010 to investigate the distribution of thaw-
induced slope failures containing retrogressive 
thaw slumps and active layer detachment failures 
along the Qinghai-Tibet highway (QTH). Our 
InSAR analysis reveals that the maximum annual 
average sedimentation rates are even up to -35 
mm·yr−1 in the slope direction to the K3035 thaw 
slump, and the K3035W active layer detachment 
failure developed on the west side of K3035. The 
distribution, failure extent, and stability of the 
slope failures obtained by our InSAR analysis all 
agree well with the field investigations. Our study 
illustrates that InSAR is an effective tool for 
studying the distribution and processes of the 
thaw slump-derived thermokarst and provides 
useful references for evaluating permafrost 
degradation in response to climate warming and 
external disturbance on the Qinghai-Tibet plateau. 

FIG. 1 Local displacenent map of QTH generated by ALOS-1
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FIG. 2 general displacement map of the study area

3.STUDYING THE LAND
DISPLACEMENT OF LOS ANGLES 

URBAN REGION 

Los Angeles has undergone tremendous 
deformations over the past few decades, mainly 
due to human factors such as natural disasters and 
earthquakes, urban construction, overexploitation 
of groundwater, and oil extraction. The purpose 
of this study is to map the temporal and spatial 
variations of land subsidence in Los Angeles and 
to use the improved SBAS (small baseline subset) 
technique and multisensor SAR datasets to 
analyze the causes of deformations in this area 

from October 2003 to October 2017. At the same 
time, the deformation results of SBAS inversion 
are compared with the GPS measurements and 
the multisensor SAR dataset deformation, and the 
results are highly consistent. During the period 
from 2003 to 2017, there were several subsidence 
regions and one uplift region in Los Angeles. The 
cumulative subsidence was -266.8 mm at the 
maximum, and the average annual subsidence 
velocity was -19mm/yr, which was mainly caused 
by groundwater overexploitation. The maximum 
amount of accumulated lift is +104.8 mm, and the 
average annual lifting velocity can reach +7.5 
mm/yr. Our results have very strong practical 
application value and can provide a significant 
basis for local government services in disaster 
prevention and mitigation decision-making. 
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FIG. 3 General displacement map of Los Angles urban region 

FIG.4 Time series displacement map of Los angles urban area 
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FIG. 5 Difference between InSAR inversion rensules and GNSS result 
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1. INTRODUCTION

By means of the technically advanced modern spaceborne 
SAR sensors, it is no more difficult or rare cases to identify 
the artefacts of the propagation effects through the 
ionosphere on the SAR image. ALOS-2 PALSAR-2 is 
operating at L-band. It is the longest wavelength among 
currently operating space-borne SAR sensors. As the 
ionospheric effect on microwave is inversely proportional 
to the center frequency, PALSAR-2 SAR images are quite 
sensitive to the ionospheric effects. In other words, ALOS-
2 PALSAR-2 is best situated to identify, detect, and (when 
possible) monitor the ionosphere by means of SAR. 
The technical advancement of the SAR system enables 
more and more ionospheric effects to be estimated in 
couple of ways. Most primarily, the wider bandwidth both 
in range and azimuth increases the number of independent 
looks of the SAR images, enhancing the spatial resolution 
or estimation accuracy of the ionospheric parameters. In 
azimuth direction, additionally, the higher PRF is 
associated to the wider azimuth beam width enabling more 
diverse sub-band analysis. Secondly, the wider swathe 
directly enlarges the imaging geometry. Quad-pol ability is 
saved for. 
In the ionosphere, the microwave experiences an advance 
of the phase. The ionospheric phases on the interferogram 
are directly proportional to the difference of total electron 
contents (TEC) in the two acquisitions. Here TEC is the 
integrated number density of the free-electrons along the 
wave propagation path. Because the ionosphere is also a 
dispersive media, the amount of the phase advance varies 
in the chirp frequency band-width, and its result is the 
group delay. The SAR images the nearer range through the 
ionosphere (the first order effect), and slightly defocused 
though negligible (the second order effect). Ionosphere is 
inhomogeneous. The amount of the phase advance varies 
along with the gradient of TEC during the synthetic 
aperture. It leads to a translation of the time-Doppler 
relation, and its result is the shift of focusing position in the 
azimuth direction on the final SAR image. When the 
change of the ionosphere is more dynamic, i.e., higher than 
first order, the azimuth focusing quality degrades. This 
phenomenon or its degrading effect on SAR image are 
called the scintillation. Finally, but no less important, the 
ionosphere is anisotropic media in the Earth’s magnetic 
field. Linearly polarized waves are rotated around the Line-
of-sight (LOS), which is called Faraday rotation (FR). FR 
is the only direct and absolute estimate of TEC. 

Because the ionospheric phase advance is proportional to 
TEC, the observable ionospheric distortions on SAR 
images are related to TEC. A large part of the ionospheric 
characterization by means of SAR is to retrieve the TEC 
with high spatial resolution and accuracy. At the same time, 
the vertical location of the ionosphere, i.e., ionospheric 
height, and the drift velocity estimation has been shown to 
be possible by means of SAR during the activities in the 
ALOS/ALOS-2 RA-4 “Development of combined TEC 
imaging methods for forest parameter retrieval on high 
resolution SAR data”. 
The research activity in ALOS-2 RA-6 deepens our 
understanding on the ionospheric effect on SAR. The 
regional scale TEC estimation essentially requires a highly 
accurate FR estimates, which demands an accurate 
polarimetric calibration. In this report, the estimates of FR 
at mid and low latitudes are analyzed, and requirements for 
further calibration is proposed. The monitoring of the 
ionospheric dynamics can be achieved by the azimuth sub-
band analysis of SAR over equator. For that, a case study 
over Brazil is presented. Its result can be interpolated into 
the current understanding of the equatorial ionospheric 
dynamics. 

2. CHALLENGES ON TEC ESTIMATION FROM
FR 

A. PFISR
The Poker Flat Incoherent Scatter Radar (PFISR) is
operated by SRI International. One of its measurement is
the vertical electron density profile, that is drawn by the
faint backscatter of UHF frequency wave from the free
electrons in the ionosphere. Together with our CIs, and
Prof. Franz Meyer and Donald Hampton in University of
Alaska, Fairbanks, we could perform a dedicated
comparison of ground-based and the space-borne
ionosphere measurements. For the TEC comparison, eight
coinciding events of PFISR and quad-pol PALSAR-2
observations were identified. Considering the right-looking
geometry and the ascending orbit of ALOS-2, the scenes
are collected at east of the PFISR antenna.
The comparison of TEC shows good agreement but do not
coincide perfectly. Partly it can be attributed to the
disagreement of the piercing points. Being different from
the TEC maps derived from the GNSS network, the vertical
profile measurements of incoherent radar, like PFISR,
allow the comparison of ionospheric height estimates. The
electron density of PFISR measurements form primary
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peaks at E region altitudes, around 130 km. The 
ionospheric heights can be estimated from SAR data in 
couple of methods. The first kind is using the parallax of 
FR. One basic premise of the parallax approach is the 
spatial pattern of the FR variation is kept same in both sub-
band images, but the FR estimates from the SAR data do 
not. 

Fig. 1 Validation plot of TEC estimates using PFISR 
and quad-pol PALSAR-2 data over Fairbanks, Alaska 

Because FR is calculated from the backscatter coefficients 
from the four polarimetric channels, FR can be also 
calculated on the frequency-domain SAR data. The 
frequency domain FR estimates of the eight SAR data show 
a strong narrow band radio frequency interference (RFI). 
Over the test area, the frequency higher than 1.245 GHz 
(amounts to a third of chirp bandwidth) shows seriously 
biased FR estimates. One tentative explanation for the 
degrade can be the intense radar system for military 
purpose to early-warning of inter-continental ballistic 
missiles. The frequency domain FR estimates shows the 
two-antenna system which is adopted in PALSAR-2 
system in order to double the PRF. After filtering out these 
RFI frequencies, the FR pattern in approaching and 
departing sub-bands do not perfectly agree. By picking out 
outstanding feature on FR distribution, the parallax and the 
ionospheric heights are estimated. They show relatively 
low height around 100 km. These are extremely low 
compared to the normally accepted F region altitude 
around 300 to 400 km, but they more or less agree with the 
altitude of peak electron density altitudes measured by 
PFISR. 
The sub-band azimuth shift is another method to estimte 
the ionospheric height from the SAR data. On seven of the 
eight SAR data it was possible to measure the azimuth sub-
band shifts which are aligned to the geomagnetic field line. 
From the alignment and the parallax of the azimuth shift 
pattern, the estimated heights distribute around 250 to 300 
km. These values are obviously much higher than those 
form the FR sub-bands. 
We could conclude that the height estimates from the 
parallax of FR and the azimuth sub-bands are different and 
it is because the FR and the azimuth sub-band shift are 
caused from different components of the ionosphere. FR is 
proportional to the electron density itself, while the 
azimuth sub-band shift is associated to the irregularities. 
Perhaps the irregularities are placed above the peak 
electron density height. The contents of this section are 
published in proceeding of IGARSS 2018 Valencia. [1] 

B. Kanto-Tohoku

Another test site for the ionospheric structure and dynamics 
estimation using FR in conjunction with cross-validation 
observation is performed over East Japan. One of the 
world’s most dense GNSS network, GEONET, covers all 
Japan. Among the wide application of GEONET, the 
ionospheric mapping is compared with those from SAR. At 
mid-latitudes, it occasionally happens that the ionospheric 
perturbation is propagates horizontally, which is called 
travelling ionospheric disturbance (TID). The level of 
ionospheric disturbance is regarded relatively low at mid 
latitude than at polar or equatorial latitudes. TID one of 
perturbation observed at mid latitudes. 
The FR estimates on August 20. 2019 across the Honshu 
Island from Chiba Prefecture to Niigata Prefecture 
increases gradually from 0.2° to 0.6°. Assuming the 
ionospheric altitude to be 300 km, the TEC increases from 
1.5 to 3.0 TEC. The TEC estimate from the GEONET 
shows a couple of TECU higher level than that from SAR 
where the offset seems rather constant across the scene 
extent. This observation is accounted for in two ways. The 
first is the existence of bias in the FR estimates. The second 
is the disagreement of the integration height. The 
ionosphere does not finish at the altitude of ALOS-2. The 
free electrons distributing at the higher layer might 
contribute to the TEC estimates from GNSS. 
The TEC measurements from GEONET data suggests the 
best estimate of the ionospheric height to be around 300 
km. In GEONET network the TEC is estimated at each line 
connecting stations to GNSS satellites one-to-one. The 
piercing points are the points where the connecting lines 
intersect with assumed ionospheric height, and, of course, 
they vary as the height of the ionosphere changes. The best 
spatial agreement of TEC distribution after projected on the 
piercing point is acquired for the ionospheric altitude 
around 300 km. 
The ionospheric height is estimated by means of the 
azimuth sub-band shift. [2][3] Though severely affected by 
the erroneous estimates, the azimuth shift estimates show 
rather clear alignment of the shifts along the projected 
geomagnetic field lines. And there are couple of strong and 
clear shift bands of which widths are a few kilometer. Their 
displacements across the parallax in the azimuth suggest 
the ionospheric altitude at around 150 km. [4] The 
investigation about this disagreement is going on. 

C. Calibration/Validation
It is natural to interpret the variation of FR and polarimetric
distortion parameters found on the Doppler frequency
domain analysis to the antenna pattern, because the
Doppler frequency is directly associated to the look
direction. We estimated the FR at Doppler frequency
domain for many ALOS PALSAR data and ALOS-2
PALSAR-2 quad-pol datasets. The change of FR across the
Doppler frequency is calculable from the geometry. The
relation between TEC and FR

Ω = � 
���⃗ ⋅ �̂

����
��� 

is derived with respect to the squint angle � as 

�Ω

��
= �

���⃗ ⋅ ��

����
���, 

where � is a constant of 40.31 m3/s2, � is the speed of light, 
� and � are unit electron charge and mass respectively, � 

is frequency, ��⃗  is geomagnetic field, and �̂  is unit 
propagation vector in LOS and �� is unit vector along the 
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azimuth direction. Using the derivative �Ω/��, it becomes 
possible to estimate TEC from FR also at equatorial region. 
And this is one of the most important achievement in the 
previous RA-4 activity [5]. During the continuing RA-6 
period this method is further extended and a concluding 
paper is under reviewing process [6]. 
Expanding the applicability of the �Ω/��-method to other 
PALSAR-2 datasets, it is found that the ideal pattern of FR 
is hardly retrieved, because there exists strong antenna 
pattern of FR, i.e., the FR versus squint does not follow the 
ideal linear trend. As a first step, we could assume a 
constant underlaying FR bias pattern, which is a result of 
incomplete polarimetric calibration. The polarimetric 
calibration is performed to whole frequency in order to 
utilize maximum SNR. By compensating for the theoretical 
change of FR in the Doppler frequency, the residual FR as 
a function of Doppler frequency is estimated. It shows that 
the pattern of residual FR is quite different in PALSAR and 
PALSAR-2, indicating a possible persistent antenna 
pattern. These research activities were presented in [7]. The 
residual FR across the Doppler frequency in PALSAR 
seems rather consistent across the datasets from equator to 
polar regions. The pattern of PALSAR-2 is, on contrary, 
varies rather largely from scene to scene. 
If the residual FR across the Doppler frequency is constant, 
the difference of the FR of interferometric pair would 
follow the ideal pattern of 

�

��
ΔΩ = �

���⃗ ⋅ ��

����
Δ���, 

where ΔΩ  and Δ���  are the differential FR and TEC, 
respectively. Here the effect of antenna pattern is cancelled 
out, and the same ionospheric height is assumed. 

Fig. 2 FR dependency on squint (���⃗ ⋅ �� is used as the 
proxy on x-axis) The calculation of FR is performed at 

different altitudes (from ground to 600 km altitudes 
from violet to red with 100 km step). Oblique lines 

correspond to 0 to 15 TECU. 

The effect of antenna pattern distortion is also an issue for 
ALOS PALSAR data. As analyzed in [7], ALOS PALSAR 
has a linear residual Doppler-FR trend, and it biases the 
ideal �Ω/�� -relation. However, if that bias remains 
constant for a long time, one can suppress such trend on the 
difference of FR acquired in interferometric pair. The test 
using ALOS PALSAR shows an excellent agreement as 
shown in Figure 2. The differential FR and its squint 
dependency are estimated from the ALOS PALSAR 

interferometric pair acquired on 2007/3/18 and 5/3 
consisting of 32 successive scenes over Brazil. Fig. 2 is 

named as “Bk-FR plot” in [5] and [6]. The x-axis is ��⃗ ⋅ �̂ 
calculated varying squint angle, and y-axis is FR. Because 

the geomagnetic field varies with height, the ��⃗ ⋅ �̂  is 
calculated for varying altitude. In Fig. 2 the height is 
distinguished using different color from violet (ground) to 
red (600 km) with 100 km step. Ideally, they form a line 
segment of which extent passes the origin. The oblique 
lines indicate TEC level from 0 to 15 TECU. As the TEC 
level goes larger, the steeper the line segment is. In Fig. 2, 
however, the ionospheric height need not be the same in 
master and slave acquisitions. The origin-passing line 
segment cannot correctly indicate the ionospheric height. 
The ALOS-2 case, such nice plots were not drawn. The Bk-
FR plot shows not a straight line, at least over datasets 
acquired over Tokyo. Currently we assume that the 
adaptive noise suppression of the JAXA’s standard SAR 
imaging processor does not guarantee the time-constant 
residual Doppler-FR pattern. A further analysis is on going. 

Fig. 3 Foot print of Boa Vista ALOS-2 PALSAR-2 
dataset and stripe map 

D. Polarimetric distortion
The south part of the sequence covers east part of Great
Tokyo urban area. On the FR estimates over urban area we
could find relatively frequent biased estimates of FR. In the
polarimetry, the cross-talk and the FR is not completely
separable. In order to identify the cause of the bias, we tried
to check the polarimetric calibration based on the
covariance matrix elements established [8]. Motivated
from the Doppler-FR analysis in the previous section, we
performed the frequency-domain analysis for all
polarimetric distortion parameters. The result is presented
in the ALOS-2 third PI-meeting in this January. [9] 

3. EQUATORIAL IONOSPHERE

At the equator, the post-sunset plasma bubble causes stripe 
patterns on SAR image. [10] With the joint observation of 
ALOS-2 PALSAR-2 with All Sky Imager (ASI), which 
detects 630 nm emission from the upper atmosphere, the 
structure of the plasma bubble is analyzed. Fig.3 shows the 
foot print of the study area and the stripe pattern observed 
on the sub-band SAR image. [11] 
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The stripe pattern is coinciding the wall of the ionospheric 
plasma bubble. Plasma bubble is shown on ASI as devoid 
of emission. In the interferometric analysis, the difference 
of the TEC can reach up to larger than 25 TECU. The 
results of this research activity is recently submitted [12]. 
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1. INTRODUCTION In this project, we first aim to develop and test methods to 
reduce the adverse impacts of ionospheric artifacts on 
InSAR measurements, especially for the ALOS PALSAR 
and ALOS-2 PALSAR-2 data. Then, we use the InSAR 
measurements with ionospheric corrections to analyze the 
effects of this type of error source on the fault slip modeling. 
The materials presented in this report have been already 
published in conference and journal papers or being peer- 
reviewed for possible publication. 

Interferometric synthetic aperture radar (InSAR) has been 
used widely over the past two decades or so to measure 
ground deformation related to various geophysical 
processes [1]. In studying seismic deformation, the high 
spatial resolution and wide geographic coverage of InSAR 
are advantageous over conventional geodetic techniques 
such as Global Position System (GPS). InSAR can provide 
effective observation where the on-land measurement is 
sparse or not existed. The long wavelength L-band SAR 
data has been proved very effective in measuring surface 
deformation related to earthquakes [2-4] owing to the good 
coherence. However, previous studies [5-8] have shown 
that the L-band SAR data is more sensitive to, and hence 
more easily affected by the ionospheric anomalies when 
the microwave signals travel through the ionosphere in the 
imaging process. 
To mitigate the ionospheric artifacts in SAR interferograms 
to improve the accuracy of the derived surface deformation, 
studies have recently been carried out based on the 
propagation of radar pulses in the dispersive ionosphere. 
The methods can be divided into three main categories, i.e., 
methods based on Faraday rotation [9], azimuth shift [10-
12], and split-spectrum [13, 14]. The implementation of the 
Faraday rotation method depends on the availability of full-
polarization dataset and the accuracy of magnetic field. The 
azimuth shift method is sensitive to small-scale variations 
in the ionosphere, but cannot be applied in the cases that 
spatially discontinuous (integration problem). In general, 
the correction of the ionospheric artifacts is often hampered 
by other phase components in an interferogram, such as 
those due to satellite orbital ramp and ground 
displacements. Separating reliably the ionospheric artifacts 
from the displacements is therefore a critical task in 
estimating coseismic deformation in such cases. The split-
spectrum technique [13, 14] proposed recently is 
considered an effective approach for this purpose. 

2. RANGE SPLIT-SPECTRUM METHOD 

Range split-spectrum (RSS) method was initially proposed 
to estimate the absolute interferometric phase for mapping 
the terrain elevations with two range sub-band 
interferograms at different central frequencies [15]. 
Recently, there has been renewed interest in this technique 
for mitigating the ionospheric artifacts in InSAR 
interferograms, as inspired from the ionospheric correction 
method in GPS. The implementation of the RSS method is 
straightforward as in [13, 15], two sub-band single look 
complex (SLC) images (low and high bands) with different 
central frequencies, can be reconstructed from the full- 
band SLC image with the band-pass and demodulation 
processing.  The  generated  low-band ∆𝜙𝜙!  and high-band 
∆𝜙𝜙" interferograms from sub-bands SLCs  can  be 
expressed  by  the  dispersive  (ionospheric  phase screen) 
∆𝜙𝜙#$ % and non-dispersive ∆𝜙𝜙%$%&'#() as [14] 

*!,# + ∆𝜙𝜙   *$  ∆𝜙𝜙   = ∆𝜙𝜙 (1.1) 

(1.2) 

! %$%&'#() #$% *!,#*$ 
*%,& + ∆𝜙𝜙   *$  ∆𝜙𝜙    = ∆𝜙𝜙 " %$%&'#() #$% *%,& *$ 

where 𝑓𝑓+ is the central frequency of the full-band radar 
range spectrum. 𝑓𝑓!,% and 𝑓𝑓",- are the central frequencies of 
the   low-band   and   high-band   radar   range  spectrums, 
respectively. 𝑛𝑛 = . is the split-spectrum factor between 

/! 

the full-bandwidth 𝐵𝐵 and low-band bandwidth 𝑏𝑏! (lower 
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3. A CASE STUDY OF THE 2010 MAULE, CHILE
EARTHQUAKE 
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Fig. 1 Illustration of the RSS method 

Fig. 2 Flowchart of the RSS method 
. than  half  of  the  full-bandwidth).   𝑚𝑚 = is  the split- 

/% 

spectrum factor  between  the  full-bandwidth 𝐵𝐵 and high- 
band bandwidth 𝑏𝑏". The RSS method can be represented as 

Fig. 4 Location map of the 2010 Maule earthquake 

On February 27, 2010, the Mw 8.8 Maule, Chile 
earthquake ruptured the Nazca-South America subduction 
zone, offshore of the southern-central Andes. The epicenter 
of the earthquake was within the rupture zone (known as 
the Darwin gap) of the 1835 Mw 8.5 Concepción 
earthquake, to the north of the epicenter of the 1960   Mw 
9.5 Valdivia earthquake, and to the south of the epicenter 
of the 1928 Mw 8.0 Talca earthquake [22]. The earthquake 
correlated highly with the preseismic locking in the Andes 
subduction zone [23] where approximately 11-14 m of slip 
had accumulated since 1835 under the assumption that the 
interplate locking reached 100% with the convergent 
motion being 63-80 mm/yr [24, 25]. The 2010 rupture 
resulted in significant displacements as measured by 
geodetic observations, including those from the GPS, 
leveling and InSAR [3, 26, 27]. 
Signature of seismic ionospheric perturbation was 
observed for the Maule earthquake by Galvan et al. [28] 
with GPS observations. Tong et al. [3] and Lin et al. [29] 
indicated that some of the ALOS PALSAR data previously 
used to study the Maule earthquake may be affected by the 

the symmetric RSS method when the two split-spectrum 
factors are identical, whereas, the RSS method can be 
defined as asymmetric RSS method. Then, the ionospheric 
phase screen ∆𝜙𝜙#$% is determined by (1) as: 

* ∙* %,&    !,#  ∆𝜙𝜙 = (𝑓𝑓   ∆𝜙𝜙   − 𝑓𝑓 ∆𝜙𝜙 ) (2.1) #$% !,% " ",- ! *$1*'  &*'    2 !,#     %,& 

∆𝜙𝜙%$%&'#() = *$  (𝑓𝑓!,%∆𝜙𝜙! − 𝑓𝑓",-∆𝜙𝜙") (2.2) 
*'  &*' !,#     %,& 

If two split-spectrum factors are identical 𝑛𝑛 = 𝑚𝑚 , the 
method is defined as the symmetric method as presented in 
[14, 16-19]. In general, the split-spectrum factors 𝑛𝑛 = 𝑚𝑚 = 
3 (symmetric sub-bands) are considered as the optimal 
values for the split-spectrum estimator [20], as shown in 
Fig. 1. Conversely, the method can be defined as the 
asymmetric RSS method when two split-spectrum factors 
are not equal as proposed in the NISAR mission [21]. The 
implementation of the RSS method is sketched as shown in 
Fig. 2, and the details can be referred to [14]. Moreover, 
the accuracy of the asymmetric split-spectrum estimator 
depends on the bandwidth and the subbands central 
frequencies separation [20]. Fig. 3 gives an example of the 
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ionospheric perturbation. The effect of the ionospheric 
perturbation has however not been studied. 
We use L-band ALOS PALSAR data from nine adjacent 
ascending tracks (Stripmap mode) and one descending 
track (ScanSAR mode) (Fig. 4) to compute the coseismic 
displacements of the 2010 Maule earthquake. The 
ionospheric artifact is corrected with the symmetric RSS 
method, and details can be found in appendix [3]. 
The original interferograms from the eight ascending tracks 
of PALSAR data, the estimated ionospheric phase screen 
of the interferograms, and the interferograms with the 
ionospheric phase screen removed are shown in Fig. 5. It 
can be seen from the results that the ionospheric artifacts 
resulted in significant discontinuities between the 
coseismic displacement interferograms from the different 
orbital tracks, reflecting the different ionospheric 
conditions under which the different tracks of SAR data 
were acquired. The ionospheric correction effectively 
reduced the discontinuities. The descending interferogram 
(see in appendix [3]) was less distorted by the ionosphere. 
One possible reason for this is that the descending SAR 
images were acquired at daytime (local time from 11:34:43 
AM to 11:36:41 AM) when the ions in the ionosphere were 
relatively stable than nighttime. We will therefore not 
apply the ionospheric correction to the descending 
interferogram. 
More details of this study can be found in appendix [3]. 

The data used in this study is the ultra-fine stripmap mode 
with the practical bandwidth of 79.4 MHz acquired on 
April 15 and 29, 2016. It should be noticed that the small 
bandwidth difference between the experimental data and 
the NISAR data (80 MHz) is ignored in our experiment. To 
simulate the sideband observation modes in NISAR, two 
groups of the asymmetric RSS methods were performed as 
in Fig. 1(c) and 1(d). The split-spectrum factors of 4 and 16 
were used to simulate the 20+5MHz observation mode in 
NISAR, 2 and 16 were followed to simulate the 40+5MHz 
observation mode. 
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Fig. 6 InSAR results of the 2016 Kumamo earthquake 

Fig. 6 shows the original interferometric phase of the 2016 
Kumamoto earthquake, and the earthquake possibly 
ruptured the ground surface near the fault systems. Since 
the large magnitude of the deformation caused by the 
earthquake in the near field coseismic area, the ionospheric 
disturbances are not very clearly displayed in the 
interferogram. We obtained the azimuth displacement map 
by using the multiple-aperture InSAR (MAI) technique, as 
the result shown in Fig. 6(c), where the ionospheric 
azimuth streaks induced by the anomalous of the 
ionosphere are clearly presented. The ionospheric artifacts 
are then corrected by using the symmetric and asymmetric 
RSS methods as the aforementioned settings. Fig. 6(d) 
shows the ionospheric correction by the symmetric RSS 
method, and results from the asymmetric RSS method with 
low-band split-spectrum factors of four and two are 
presented in Fig. 6(e) and 6(f), respectively. From the 
results, we can see that the corrections by the asymmetric 
method are very close to the symmetric RSS method in 
most areas, due to the high coherence over these regions. 
The differences of these three results are mainly in the areas 
with low coherence, such as the near-filed rupture areas, 
where the phase unwrapping errors are also included. And, 
this can be further improved by the filtering. 
More details of this study can be found in appendix [2]. 

Fig. 5 InSAR results of the 2010 Maule earthquake 

4. A CASE STUDY OF THE 2016 KUMAMOTO
EARTHQUAKE 

A pair of InSAR images obtained from ALSO-2 PALSAR- 
2 over the coseismic area of the 2016 Mw7.0 Kumamoto, 
Japan earthquake was used to evaluate the performance of 
the asymmetric RSS method. The symmetric RSS method 
with two sub-bandwidths generated using the split- 
spectrum factors of three was also performed as a 
comparison. ALOS-2 PALSAR-2 operates with four types 
of bandwidth modes (14, 28, 42, and 84 MHz). In the 84 
MHz bandwidth mode, PALSAR-2 can operate in the ultra- 
fine of stripmap and spotlight, both with the range 
resolution of 3m. In addition, the bandwidth mode of 84 
MHz is useful for validating the performance of the 
sideband observation mode in NISAR mission (80 MHz) 
for the ionospheric correction. 

5. A CASE STUDY OF THE 2009 SOUTHERN 
SUMATRA EARTHQUAKE 

(f) (e) (d) 

(c) (b)  
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Fig. 8 InSAR results of the 2009 Southern Sumatra 
earthquake 

obvious, perhaps overshadowed by the long-wavelength 
fringes. In addition to the deformation, there are two main 
possible reasons for the long-wavelength fringes, 
ionospheric artifacts and orbital ramps. The azimuth 
displacement maps produced by the MAI technique and the 
cross-correlation of the three paths indicate that the long- 
wavelength fringes in Fig. 8(a) are most likely related to 
the ionospheric anomalies during the SAR image 
acquisitions (see previous study in [5]). 
The RSS method has been used to mitigate the ionospheric 
artifacts in the InSAR measurements and to retrieve the 
“real” coseismic deformation of the earthquake. The 
corrected interferograms are rewrapped and are shown in 
Fig. 8(b). Comparing the results in Fig. 8(a) and Fig. 8(b), 
it can be seen that after the correction is made, the 
coseismic deformation patterns become clearer and that the 
deformation patterns in paths 445 and 446 are more 
consistent in the coseismic regions. 
By using the dip angle and the normalized smoothing 
parameter as determined from the trade-off curve, three slip 
models were generated, without correction of the 
ionospheric artifacts (Model–A), correction of the phase 
ramps by the quadratic polynomial model (Model–B), and 
correction of the ionospheric artifacts by the RSS method 
(Model–C), as shown in Fig. 9. The correlation coefficients 
between the InSAR observations and model predictions are 
96.18%, 97.70% and 98.69% in Model-A, Model-B and 
Model-C, respectively. Both models indicate that the fault 
mechanism was dominated by a right-lateral strike slip and 
concentrated at depths of 0 to 5 km. The derived slip 
patterns from the three models are different in both the 
distribution and the magnitude. Although a constant offset 
has been subtracted from the observations before the 
inversion, the slip distribution is still severely 
contaminated by the ionospheric artifacts if the artifacts are 
not corrected. The high values of the correlation coefficient 
in Model-A and Model-B indicate that the ionospheric 
artifacts can be partially fitted by the slip models in this 
study. And, due to the fact that the ionospheric artifacts and 
displacements are fundamentally different, the correlation 
coefficient in Model-C is a little higher than other two 
models, even though the slip distributions are totally 
different. The maximum slips determined from Model–A, 
Model-B and Model–C are 4.46 m, 2.02 and 2.32 m, 

Fig. 7 Location of the 2009 southern Sumatra 
earthquake 

On October 1, 2009, a Mw 6.6 earthquake occurred at the 
Dikit segment of the Sumatra fault system, near the coast 
of southern Sumatra in Indonesia (see Fig. 7). The Dikit 
segment, one of the nineteen segments of Sumatra fault 
[30], is a nearly linear fault that is about 60 km long. Near 
this segment, the Australian plate is obliquely subducting 
beneath the Sunda plate along the Sunda trench, and 
moving at a rate of approximately 60 mm/year towards 
north-north-east [30]. According to the seismologic 
summary of the Sumatra fault system by Sieh and 
Natawidjaja [30], the Dikit segment is the only fault over 
the southern Sumatra fault system where there has not been 
any major historical earthquake (above Mw 6.0) over the 
last century. One day before this earthquake, a Mw 7.6 
earthquake (depth of 80-90 km) occurred near the city of 
Padang under the seafloor, but its mechanism was probably 
related to the subducting Australian plate, and there was no 
rupture failure along the Sunda megathrust [31]. Since the 
SAR data used for this study covers only the southern 
Sumatra fault (Fig. 7), and the Padang earthquake may not 
be related to the Sumatra fault evidently, we only focus on 
analyzing the southern Sumatra earthquake in this study. 
We use SAR data from three adjacent orbit paths (Fig. 7) 
acquired by the Advanced Land Observation Satellite 
(ALOS)  Phase  Array-type  L-band  Synthetic    Aperture 
Radar (PALSAR), to generate the coseismic 
interferograms and estimate the possible tectonic 
movement triggered by the earthquake. The detailed steps 
of SAR data processing, ionospheric corrections and fault 
slip inversion can be found in appendix [1]. 
Fig. 8(a) shows the results from the unwrapped InSAR 
interferograms, where the phase is rewrapped for better 
illustration, one fringe cycle denotes a relative 
displacement of 11.78 cm in the line-of-sight (LOS) 
direction. The results show that the 2009 southern Sumatra 
earthquake possibly ruptured the Dikit segment of the 
Sumatra fault system, in the adjacent area of paths 445 and 
446. The coseismic deformation signatures are not very
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S More details of this study can be found in appendix [1]. N 
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In this project, we have studied the effect of the ionospheric 
artifacts in ALOS PALSAR and ALOS-2 PALSAR-2 data 
with symmetric and asymmetric RSS methods, mainly 
focused on three experiments of the 2009 Southern Sumatra 
earthquake, the 2010 Maule, Chile earthquake, and the 2016 
Kumamoto earthquake. The results  from these studies 
show the importance of considering ionospheric effects on 
InSAR measurements when studying earthquakes, 
especially for L-band SAR data (e.g., ALOS PALSAR and 
ALOS-2 PALSAR-2). Otherwise, the source parameters of 
the earthquakes, and also their reliability, determined based 
on InSAR measurements can be significantly impacted. The 
study has offered some first insights into the effects of 
ionospheric artifacts on geodetic source modeling of 
earthquakes. 
Finally, we would like to thank JAXA for providing the 
ALOS PALSAR and ALOS-2 PALSAR-2 data under the 
RA6 PI project PI3380. 
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Fig. 9 Three- and three-dimensional (upper-right and 
lower-left) coseismic slip distributions, (a) without 

correction of the ionospheric artifacts, (b) correction 
pf the phase ramps by polynomial model, and (c) 

correction of the ionospheric artifacts by the split- 
spectrum method. 

respectively. After the correction of the ionospheric 
artifacts by the RSS method, the peak of the slip is much 
clearer, which is located at 2–5 km north of the epicenter. 
The derived moment magnitudes of Model–A, Model-B 
and Model–C are corresponding to Mw=6.9, Mw=6.7 and 
Mw=6.6 earthquakes, respectively, and that from Model– 
C is the same as that reported by USGS NEIC [32]. Due to 
the anisotropic property of the ionosphere, the ionospheric 
artifacts are usually not uniform in InSAR observations 
with different fringe rate. In such cases, the ionospheric 
artifacts and the inversion results cannot be satisfactorily 
mitigated by the polynomial models, even in a small area 
as the coseismic region in this study. Compared with 
models in Fig. 9, the slips (Model-B) are certainly 
contaminated by the ionosphere after correction of the 
phase ramps by the quadratic polynomial model, and the 
slips caused by the earthquake in Model-B are slightly 
underestimated. It means that the displacements caused by 
the earthquake might be partially fitted by the quadratic 
polynomial model. The standard deviations of the original 
ionospheric phase estimated from the RSS method [14] for 
the FBS and FBD modes of the PALSAR data are 48 and 
96 times worse, respectively, than the corresponding sub- 
band differential InSAR interferograms. The derived 
coseismic slips are also possibly affected by the local scale 
ionospheric residuals after the ionospheric correction. This 
is a limitation of the RSS method, and particularly obvious 
in areas with low coherence. 
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1. はじめに

2011（平成 23）年 3月 11日に発生した東日本大震

災により宮城県は未曾有の被害を受けた。平成 23年
10 月には宮城県震災復興計画を策定し，防災教育の

充実を復興の重点として掲げ，小・中・高等学校及

び特別支援学校に防災主任を配置し，「みやぎ学校

安全教育基本指針」を策定するなど，防災教育に積

極的に取り組んできた。これらを踏まえ，平成 25年
2 月に宮城県教育委員会が策定した「新県立高校将

来構想第二次実施計画」に基づき，大震災から学ん

だ教訓を確実に次世代に伝承するとともに，将来国

内外で発生する災害から多くの命とくらしを守るこ

とができる人材を育成することが必要とされること

から，多賀城高校に防災系の専門学科「災害科学科」

を開設した。

 災害科学科では今回の震災はもとより，国内外で

発生した学術的・社会的意義の大きい過去の災害か

ら見出される諸課題を教材とした専門教育を行う。

 特に今回の東日本大震災の検証を基に，災害が起

こった科学的要因・被災状況の検証，復興の様子に

ついての理解を深める。加えて，今後の災害発生時

に備え，災害リスクを軽減し，災害後の被害を最小

限にとどめる方法について深く学習することは，

「災害から命とくらしを守る」ためには必要不可欠

な内容である。そこで，次の 3 つの特色を持った学

習を行う。

（1）自然科学的なアプローチによる学習内容

東日本大震災を引き起こした地震や津波は，世界的

な規模の自然現象であり，このような題材を大きく

取り上げることで，科学的活国際的な見地の素養を

身に付けるよう，自然科学系の視点を入れた学習手

法で，深く系統的な教育活動を行う。

（2）人間・社会科学的視点を養う学習内容

これまでの理科教育や防災教育の内容を見直し，自

然科学にのみ偏重しない人間・社会科学的視点を養

う教育活動を行う。

（3）新たな「防災や災害」をテーマとする学習

災害に対する課題解決や，より効果的な被害軽減に

は，自然科学，人間・社会科学，社会技術が融合し

た「総合的な学際的科学・技術」の手法が有効であ

り，単に「危機管理」の習得にとどまらず，総合的

な課題解決能力を伸ばす教育活動を行う。

これらの学習を行うために「専門教科・科目」や

「課題研究」を開設すると共に，教育課程以外の専

門的な知識・技能を身に付ける多様な機会を設ける。

その中でも「化学基礎」および「生物基礎」の基礎

的事項を学習するとともに，「保健」の一部内容を

取り上げる合科的な科目「自然科学と災害 A」，

「物理基礎」および「地学基礎」の基礎的事項を学

習するとともに，「現代社会」における地球的な課

題や「日本史 B」に見られる災害史などを学習する

科目「社会と災害」等では，リモートセンシングデ

ータを用いた地球全体を研究対象とする教材の開発

や，災害発生などダイナミックに変動する事象に迅

速に対応できる地理情報システム GIS を活用する。 
特に GIS の利活用として，被災地域における景観

や歴史，震災前の様子などの地域資源をマップデー

タとして整理・活用し，これらのマップデータを

iPad にダウンロードして運用する。そして被災地を

訪れる国内内外の高校生を案内する際に iPad とこの

マップデータを活用し，「高校生による高校生のた

めの被災地案内」を通して相互の交流を図る。すで

に県外の高校との取り組みが始まっており，この被

災地案内をさらに充実させたい。これらのリモート

センシングの画像データを処理する授業を「情報と

災害」で扱うこととした。

 防災・減災，地球環境問題の重要性は自然科学の

分野にとどまらず，社会科学の分野にわたる学際的

な課題となっている。グローバル化が進む中，これ

らの課題は地方や一国の問題にとどまらず，多くの

世界の人々に社会的・経済的にも大きな影響を与え

る。広域の地域や地球規模の観測を行う上で衛星デ

ータによる解析は，これらの問題を考えるに当たり

大変有効な手段である。一定精度の衛星画像データ

は地域や地球を俯瞰するにとどまらず，画像処理を

行うことによって科学解析用のデータとして地形の

成り立ち，防災・減災の観点，地球環境の変化，植

生分布の評価など多くの知見を得られることが期待

できる。これらのことから，JAXA が有する人工衛
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星の画像データを防災・減災教育に用いることで，

宇宙事業を教育に活かす手法を開発したい。

2.研究分野における意義・重要性

現在，高校では教科書や資料集等で衛星画像が紹介

されるに過ぎず，しかもそれは自分が活用したい地

域であることは少ない。今回は特に東日本大震災で

被害を受けた地域について，震災前後の画像を比べ

ることで被災地の地形の特徴やインフラの整備状況

の把握，食性の変化などについて，地上観測データ

や実際のフィールドワークを通して得られた知見を

組み合わせることによって，震災から学ぶ教材作成

が可能だと考える。生徒が画像処理の技術を身に付

けることで探究活動や課題研究の素材として活用し

ていくことで，より高度な学びにつながることが期

待できる。

これまでは与えられた画像資料が主であったが，

画像処理の技術を学び既習の知識を総合し，さらに

自身のフィールドワークの結果を組み合わせること

で２１世紀型能力として求められているより実践的

な能力を育むことが期待できる，高等学校でリモー

トセンシングを実際に授業に活かし，自らが課題に

対して取り組む事例は希有であることから，この先

進的実践例を広く高等学校の教育現場に広めたい。

研究開発については，次の通り３つの使用目的に

よって関連付けながら指導方法と活用方法について

教材化を図る。

l 画像処理の実際

l 画像の授業での利用

l 画像の発展的活用

3.研究の実際と成果

（１）画像処理の実際と画像の授業での利用（2016
年〜）

本校では学習指導要領で定める必履修科目「社会

と情報」をベースとした学校設定科目「情報と災害」

を設定し，「社会と情報」の内容を十分踏まえなが

ら防災・減災の要素を取り入れた内容として文部科

学省に申請・認可されている。

もともと「社会と情報」における「情報のデジタ

ル化」の項目には，「画像のデジタル化」「音のデ

ジタル化」など，２進法から始まり実際の量子化・

符号化などの処理の基本を学習する項目が設定され

ている。特に「画像のデジタル化」に際しては，い

わゆる画素の概念や画質とデータ量のトレードオフ

の関係性，実際のデータ量計算などが扱われるにと

どまる。本校ではここに着目し，学校独自教材の作

成に際して以下の事項を盛り込みつつ，衛星画像に

関する基礎概念を広げられるように努めた。画像が

デジタル化されたことによって容易に高画質・高精

細な画像が得られること，可視光領域・赤外光領域

などさまざまな波長の電磁波を捉える「センサ

（目）」を持つ人工衛星が画像を捉えられること，

そしてそれを処理できるソフトを通して観察するこ

とで，人間がこれまで到達し得ないものの見方をす

ることが可能になることなどである。

生徒にとって身近な衛星画像は，天気予報番組に

始まる気象データの雲画像などが挙げられる。この

場合は可視画像・赤外画像の両者の存在が身近にな

るが，人工衛星がどのように宇宙空間から撮影して

くるかは生徒もほとんど学習していないため，ここ

からの指導が重要となった。静止軌道・極軌道の違

いや，可視画像だけでの限界を超えるために赤外画

像が必要となったことなども，本校学校独自教材へ

基礎事項として盛り込んでいる。

この学校独自教材の作成は 2015年から着手した。

それまでの JAXA 大木真人氏指導によるつくばで

の実習・本校での特別授業のほか，JAXA 永井裕

人氏による本校における特別授業を参考に，ソフト

ウェア EISEI を使うことを想定して準備を進めた。

別紙にその抜粋，基礎事項のワークシートを添付す

る。

2016 年に入学した災害科学科 1 年生（災害科学科

１期生）から，「情報と災害」の授業において実際

に教材を用いて，衛星画像の基礎や応用事例を学び，

実際に操作することを通して研究手法の手立てにな

ることを学んだ。授業のスタンスは技術の存在や応

用事例を紹介すると同時に，応用事例に触れて各自

の課題研究で是非活かしてほしいというヒントを投

げかけることに注力した。一見すれば情報がないよ

うに見られる画像たちも，赤・緑・青の 3 バンドを

合成することで姿を変える様子には，生徒たちも光

の三要素の学習内容が直結していることを実感した

様子で，デジタル情報の利点を身近に感じた瞬間で

もあった。

（２）画像の発展的活用（2017 年〜）

2016 年以降も災害科学科１年生に対して衛星画像

の利用について指導を継続した。災害科学科１期生

は課題研究での応用には及ばなかったが，2017 年入

学の災害科学科２期生の浦戸巡検（１年で実施）に

おける研究テーマにマツの植生分布を選んだチーム

があった。テーマを「東日本大震災による植生の攪

乱と生物の応答～浦戸諸島、ハイブリッド松に迫る

～」とし，平成３０年度全国 SSH 生徒研究発表会で

その成果を報告した。その研究過程において衛星画

像を応用させている。本研究は浦戸初頭におけるア

カマツ・クロマツの自然交配（ハイブリッド）の現

状を調査し，マツ自体の環境適応や東日本大震災に

よる攪乱の影響を総合的に評価することを目的とし

た。

本研究の場合，アカマツ・クロマツの地理的分布

を比較検討する上で EISEI による解析は研究の成果

に大きく貢献した。特に東日本大震災（2011.03.11）
の前後での衛星画像による比較検討において，フォ

ルスカラー画像の色合成機能を用い植生指数の比較

を行った。EISEI のマニュアルを参考に震災の前後

で検討を行ったところ，津波による樹木の喪失など

直接的被害がないことが確認できたことから，浦戸

諸島におけるマツの環境適応が継続進行しているこ
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と・震災による損失がなかったことが明らかになっ

た。

このように，課題研究を遂行していく上で EISEI
による画像解析は考察に至るまでの過程において大

きな役割を果たしたことが示された。

4. 今後に向けて

多賀城高校災害科学科では，浦戸巡検のほかにも

2 年生において「栗駒・気仙沼巡検」を設定してい

る。岩手・宮城内陸地震（2008 年）の被災地を巡り，

あわせて東日本大震災の被災地を巡る巡検である。

津波浸水域の前後比較などは数多のデータが得られ

ているが，現地でさまざまな講師の方々と議論を重

ねる中で，被災後の情報だけでは見えないものも出

てくることがある。

今後は浦戸巡検でのフィードバックを基に，この

ほかの巡検等の活動にも適用範囲を広げて，今後の

課題研究遂行の上での強力な武器として活用してい

きたい。

また，被災地を巡る巡検等でも教材をさらにブラ

ッシュアップしていく際に，この衛星画像の技法を

積極的に取り入れていきたい。

5.参考文献

[1] “衛星画像教育用ソフトウェア EISEI 説明書（詳

細版）,” 日本宇宙少年団／宇宙航空研究開発機構, pp.
1-72, 2015.
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（２）ディジタルデータの取り扱い・・・「リモートセンシング」 

 現在写真を撮ることは，ディジタルカメラをはじめ携帯電話やスマートフォンでも容易にな

っています。基本的に写真を撮るという場合，その場に人が出向いて撮影する・据え付けたカ

メラで撮影するなどの方法がありますが，人間が容易に出向くことのできない山間部や砂漠・

海域などの場所が存在します。そのような場所であっても容易かつ頻繁に，しかも即座に観測

できるようにするには，人工衛星か

らの撮影がいちばん有効です。現在

の文化的かつ安全な生活は衛星か

らのさまざまな情報によってもた

らされています。 

 リモートセンシングとは，電磁波

を使って離れたところから探査す

ることを言います。「離れたところ

から」とみれば，人の聴覚・視覚も相手に触れずして様子が分かることからリモートセンシン

グであると言えます。しかし味覚・触覚は相手に触れることになるので，リモートセンシング

ではありません。 

 

 とすれば，聴覚のように宇宙空間でも音を使ったリモートセンシングを，というわけにはい

きません。それは宇宙空間には空気が存在しないことが理由として挙げられます。空気が存在

しないということは，音を伝えることはできません。そうすると残された手法は，「光を含め

た電磁波」を使うことになります。 

 この「離れたところからの写真撮影」という点で見ると，1858年に写真家のフェリックス・

ナダール（フランス）が気球からの写真撮影に成功した事実こそ，世界最初のリモートセンシ

ングです。彼は自ら制作した気球に乗って，フランス・パリ市街をカメラに収めるなどしてい

ました。  

 

 

 

 

 

 

 

 

写真：上空からのパリ市街地（ナダール撮影） 
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（ア）地球観測衛星の軌道 

  

 

 

 

 

 

 

 

 

 

 

  A)静止軌道（上空36,000km） 

 主に気象衛星等がとる軌道で，地球に寄り添うように地球の自転に合わせて衛

星が地球の周囲を公転しています。衛星がいつも同じ場所（日本上空等）にあた

かも静止しているように見えることから，静止衛星とも言われます。ただしこれ

より低い高度になると角速度（1秒間に回転する角度）が高くなり，自転と一致し

なくなってしまいます。これよりも高い高度であると各速度が低くなり，また自

転と一致しなくなるところから，固定の高度にあることで「あたかも地球に張り

付いている」ように見える衛星となります。 

上の図の「ひまわり」や

GOESが静止軌道を取る衛星

として知られています。 

 静止衛星はいつも同じ面を

向いていることから，その撮影

対象領域が日中であれば明り

ょうな写真を撮影することが

できますが，人間の目と同じ可

視光線で捉えようとすると，夜

の時間帯では撮影が不可能に

なってしまいます。すなわちそ

の時間はデータが取れません。 

右の図はひまわりからの画像で，オーストラリア西部の方が暗くなっています。

これはオーストラリアの西側は夜の時間帯にかかってきていて，雲の写真をそも

そも撮ることができない時間になっていることを示しています。 
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しかし台風情報などでいつも見ている雲の画像は，

夜中であっても雲の動きが分かるようになっていま

す。なぜでしょうか。 

これは静止衛星に「二つの目」を持たせているか

らです。ひとつは皆さんと同じ可視光線しか捉えな

いカメラを，もうひとつが人間には捉えられない「赤

外線」を捉えるカメラを搭載することで，二つの目

を持っている状況になります。 

同じ時間（日本時間午前8時）に撮影した2枚の写

真を比較してみましょう。 

 

左上が「可視画像」といわれる画像。太陽から届

いた光が地球上の様々なところで反射したものを観

測しますので，太陽光が届かない夜には真っ暗にな

ってしまいます。左に行くほど暗くなっている地域

は，午前4時などまだ太陽が出ていない時間帯である

ことを示します。 

 

それに対して，左下は「赤外画像」といわれる画

像です。 

地球上の物体が発する赤外線の放射を観測したも

のです。夜間・冬と言えど完全に熱がなくなるわけ

ではないので，太陽光がない夜でも撮影が可能です。

いつも「捉えられる全ての領域」が撮影できます。 

 

日常の天気予報は，この二つの衛星の画像特性を

活かしながら行われています。 
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  B)極軌道（上空600～800km） 

 私たちが友人の姿を正面から場所を固定して見た場合に，私たちは友人の頭頂

部や背中などは見ることができません。つまり，私たちの目にも見ることのでき

ない場所があります。 

 人工衛星の場合，先に学んだ静止軌道の場合，難点として地球の極付近を撮影

できない点が挙げられます。これを回避するために，静止軌道よりもずっと低い

高度の衛星が存在します。これは600～800kmという低空を日に何周もすること

により，全地球の写真を撮影します。 

 

C)太陽同期準回帰軌道 

 極軌道の一部で，軌道が

やや傾斜しています。太陽

と同期させることにより，

いつも同じ時間帯に同じ

場所をとらえるために用

いられます。 

 

 

（イ）空間分解能と観測幅 

 人工衛星のカメラが地表などを細かく見ること

のできる能力を「空間分解能」と言います。気象衛

星は2000kmの観測幅を500m四方のメッシュで，地

球観測衛星「だいち」は70kmの観測幅を10m四方

のメッシュまでとらえることができます。 

気象衛星の場合，2000kmの観測幅だとほぼ日本

の全領域をカバーできますが，「だいち」の場合は

70kmまでしかとらえることができません。ただし

詳細をとらえることができるのは地球観測衛星で

あり，10m四方のメッシュであれば，民家の軒先の

道路なども容易にとらえることが可能になります。 

 ただ，観測幅と分解能の両立は難しく，データが

細かいということは詳細な情報を得ることができ

ます。しかしそれだけデータ量が多くなり，処理す

るコンピュータへの負担が大きくなる難点があり

ます。 
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（ウ）実際の人工衛星利用 

  A)第一期水循環変動観測衛星「しずく」（GCOM-W1） 

 

 

 

 

 

 

 

 

 

 

2012年5月に打ち上げられた第一期

水循環変動観測衛星「しずく」は，地

球の水循環についての変動を長期間に

渡りグローバルに観測することを目的

とした人工衛星プロジェクト，地球環

境変動ミッションを構成する衛星の一

つです。水蒸気や海面水温，土壌水分

や雪氷などの変動を捉え，いわば地球

の健康診断を行なう役割を担っていま

す。 

 

 

 

 

  B)温室効果ガス観測技術衛星「いぶき」（GOSAT） 

 温室効果ガス観測技術衛星「いぶき」（GOSAT）は，環境省・NIES及びJAXA

が共同で開発した，世界初の温室効果ガス観測専用の衛星です。二酸化炭素とメ

タンの濃度を宇宙から観測し，その吸収・排出量の推定精度を高めることを主目

的にしています。さらに炭素循環の将来予測の高精度化への貢献を目指していま

す。2009年1月23日の打上げ以降，現在も観測を続けています。 

世界気象機関（WMO）を含む世界のいくつかの気象機関でも，地表面の各地の

観測地点やそれらのデータを用いて算出した，地上での二酸化炭素の全球平均濃
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度を発表しています。しかし，二酸化炭素は高度によって濃度差があるために，

地上観測点だけの濃度データでは地球大気の全体濃度を表しません。 

 これに対して「いぶき」は二酸化炭素の地表面濃度ではなく，地表面から大気

上端までの大気中の二酸化炭素全体を観測できます。気候変動に関する政府間パ

ネル（IPCC）の第5次評価報告書において予測されている将来の二酸化炭素濃度

は「全大気」の平均濃度であることから，今後の二酸化炭素の増加による地球温

暖化のリスクを算出・予測する上では，地球全体の二酸化炭素の平均濃度の算出

が重要であり，上空の大気まで含めた「全大気」を把握することが不可欠です。 

 

「地球大気全体（全大気）」の月別二酸化炭素平均濃度について，2016年1月ま

での暫定的な解析を行ったところ，2015年12月に月別平均濃度が初めて400 ppm

を超過し，400.2 ppmを記録したことがわかりました。2016年1月も401.1 ppmと

なり，北半球の冬季から春季に向けての濃度の増加が観測されています。 
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51   宮城県多賀城高等学校  

C)陸域観測技術衛星「だいち2号」（ALOS-2） 

 人工衛星「だいち2号」は，多賀城高校がJAXA（宇宙航空研究開発機構）と共

同研究で利用している人工衛星です。Advanced Land Observing Satellite-2 の略

として，ALOS-2とも呼ばれます。 

「だいち2号」は災害状況の把握，森林分布の把握や地殻変動の解析など，様々な

目的で使われています。「だいち2号」に搭載されたLバンド合成開口レーダ

（PALSAR-2）という観測装置は，人工衛星から地表に向けて電波を照射して，

その反射された電波を受信して観測を行います。 

 単に撮影された写真のようにも見えますが，実は全て位置情報も含まれており，

ディジタルデータとして扱われることで高精度な観測が可能になっています。別

紙プリントで実際にALOS-2の画像を使った解析をやってみましょう。 

＜参考Webサイト＞ 

http://team-work.jp/feature/daichi2.html 

https://youtu.be/INnnz9nysAs 

 【別紙プリント参照】リモートセンシングの衛星画像を用いた植生分布の解析 
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リモートセンシング 

     

 （１）リモートセンシングの必要性 

 「（      ）から（    ）したら，どう見えるだろうか？」が始まりだった 

  ↓ 

 （       ）によるパリ市街地の撮影写真（1858 年） 

 

 

 

 （２）人間の目の特性 

人間が感じる光は，そもそも（       ）である。 

 

【代表的な 7 色】を波長の順番に並べると？  

 

短   波長   長 

（  →  →  →  →  →  →  ） 

→この色の順は（   ）の並びである。 

 

普通の写真でとらえられるのは，あくまでもこの（     ）である。 

 

 

 

 

 

 

 

 

 

 

 調べてみよう 

 可視光線 赤外線 

長 所 
  

短 所 

  

 

可視光線による写真の限界は何か？ 

 

ということは，ナダールが同じ条件で気球による夜間撮影を試みたところでどうなるか？ 
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 （２）気象衛星画像 

上が可視光線による画像。下が赤外線による画像。 

 

可視画像：＿＿＿＿＿＿＿＿＿＿＿＿＿＿＿＿ 

 

赤外画像：＿＿＿＿＿＿＿＿＿＿＿＿＿＿＿＿ 

 

（      ）見れば「雲の状態・地表面状態」

がわかる。 

 

＜応用：気象予報における画像の見方＞ 

ということは， 

この図の台風における雲も予想が付く。  

 

 

 

 

 

 

【台風の南東側】 

 

【台風の北西側】 

 

 

＜メモ＞ 

 

 

 

 

 

 

 

 

 

 

まとめ  この授業で分かったこと，疑問に思ったこと，感想などを書きなさい。 

 

 

 

 

 

 黒いところ 白いところ 

可視画像 雲がない 雲が厚い 

赤外画像 
温度が高い 

雲の高度が低い 

温度が低い 

雲の高度が高い 
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「情報と災害」ワークシート ⑩     １年  組  番 氏名               
 

リモートセンシング 

     

 （１）リモートセンシングの必要性 

 「（ 離れたところ ）から（ 撮影 ）したら，どう見えるだろうか？」が始まりだった 

  ↓ 

 （  ナダル  ）によるパリ市街地の撮影写真（1858 年） 

 

 

 

 （２）人間の目の特性 

人間が感じる光は，そもそも（ 可視光  ）である。 

 

【代表的な 7 色】を波長の順番に並べると？  

 

短   波長   長 

（青紫→ 青 → 緑 → 黄緑 → 黄 → 橙 → 赤） 

→この色の順は（ 虹 ）の並びである。 

 

普通の写真でとらえられるのは，あくまでもこの（ 可視光のみ  ）である。 

 

 

 

 

 

 

 

 

 

 

 調べてみよう 

 可視光線 赤外線 

長 所 
人間の見ているそのものの光 明るい・暗いにかかわらず到達する 

短 所 

暗くなるととらえることが難しく

なる 

人間の目ではとらえることができな

い 

 

可視光線による写真の限界は何か？ 

夜間の撮影が不可能であること。 

ということは，ナダールが同じ条件で気球による夜間撮影を試みたところでどうなるか？ 
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（２）気象衛星画像

上が可視光線による画像。下が赤外線による画像。 

可視画像：日中しかとらえられないが，雲の厚み

がわかる。 

赤外画像：昼夜を問わずとらえることができ，雲

の高度を知ることができる。 

（２つを重ねて）見れば「雲の状態・地表面状態」

がわかる。 

＜応用：気象予報における画像の見方＞ 

ということは， 

この図の台風における雲も予想が付く。 

【台風の南東側】 

可視：白いので厚い雲 

赤外：白いので高度が高い 

→分厚い積乱雲が多く，雷雨や大雨をもたら

す

【台風の北西側】 

可視：うっすらとしており，薄い雲がある 

赤外：黒いので雲の高度が低い 

→薄い雲が広がるため，雷雨や大雨は見られ

ない

＜メモ＞ 

まとめ  この授業で分かったこと，疑問に思ったこと，感想などを書きなさい。 

黒いところ 白いところ 

可視画像 雲がない 雲が厚い 

赤外画像 
温度が高い 

雲の高度が低い 

温度が低い 

雲の高度が高い 
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３００２ 宮城県多賀城高等学校 

東日本大震災による植生の攪乱と生物の応答 

～浦戸諸島、ハイブリッド松に迫る～ 

菅野圭汰 三浦祐 赤間桃乃 藤田千尋 大和歩実 

宇佐美直輝 大江透真 菊地琢夢 今野佑哉 齋藤諒真 佐々木駿斗 佐藤瑠紀 

長谷燈 結城拓斗 相田怜南 阿部美鈴 熊坂あゆみ 笹千夏 佐藤麗奈 渡邉怜那 

 

抄録 

  A vegetation survey of pine species was conducted in the Urato islands and it became 
clear that the proportion of hybrid individuals in the island is high. Furthermore, by adding 
analysis of satellite image and geographical distribution, it was suggested the impact of the 
Great East Japan Earthquake and subsequent redevelopment. 
 

１．研究の背景と目的 

  浦戸諸島におけるアカマツ、クロマツの自然交配（ハイブリッド）の現状を調査し、環

境適応や東日本大震災による攪乱の影響を総合的に評価することを目的に調査を行った。 

２．方法 

  浦戸諸島の野々島において採取した，マツの幼木の葉を両刃カミソリで薄く切り，プレ

パラートを作成した。光学顕微鏡で観察し，マツの樹脂道の配置によってアカマツ・クロ

マツ・ハイブリッドの検討を行った。さらに，位置情報ソフトを活用した地理的分布の比

較，JAXA の衛星画像解析ソフト EISEI を活用した震災前後の植生分布を確認した。 

３．結果 

  今回調査した地域では，ハイブリッドの合計が 42.1%とマ

ツ全体の多くを占めていることが確認された。（図 1） 

また，位置情報ソフトや EISEI を活用した解析によって，

各個体の分布の特徴をつかむことができ，調査した半島部分

においては津波によって樹木が倒れる等の直接的な影響は

なかったことが分かった（図 2,3：黄色矢印）。 

４．考察 

  ハイブリッドが全体の 42.1%を占めることについて，ハ

イブリッドが塩分耐性など生育に有利な要素を有してい

る可能性と，ハイブリッドが遺伝的浮動によって集団に広

がっている可能性という２つの要因が考えられる。 

５．結論 

  マツ類ハイブリッドの継続的調査によって，東日本大震災をはじめとした環境変化によ

る植生，生態系への影響を総合的に評価していける可能性が示唆された。 

６．参考文献 

「赤松と黒松との中間的性質を有する松の葉の解剖學的研究」森川均一 

 国立研究開発法人 森林総合研究所林木育種センター九州育種場 HP 

７．キーワード 

ハイブリッド，マツ，植生，東日本大震災 

 

図 1.マツの割合 
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3002  MiyagikenTagajoHighschool 
Disturbance of vegetation caused by the Great East Japan Earthquake  

and response of living things 
KannoKeita,MiuraTasuku,AkamaMomono,FujitaChihiro,YamatoAyumi 

UsamiNaoki,OeToma,KikuchiTakumu,KonnoYuya,SaitoRyoma,SasakiHayato 
SatoRuki,HaseTomoru,YukiTakuto,AidaReina,AbeMisuzu,KumasakaAyumi 

SasaChinatu,SatoRena,WatanabeReina 
Abstract 
  A vegetation survey of pine species was conducted in the Urato islands and it became 
clear that the proportion of hybrid individuals in the island is high. Furthermore, by adding 
analysis of satellite image and geographical distribution, the impact of the Great East 
Japan Earthquake and subsequent redevelopment was suggested. 

 

１．Introduction 
We investigate the present condition of Japanese red pine, Japanese black pine , and 

those natural hybrid in Urato islands and comprehensively evaluate the influence of 
environmental adaptation and the disturbance caused by the Great East Japan great 
earthquake. 
２．Theory and Experiment 

The pine leaves collected in Nonosima island, which is one of the Urato islands, were 
thinly cut with a double-edged razor, and prepared slides. We observed them with an 
optical microscope and examined red pine, black pine, and hybrid, according to 
arrangement of resin canal of pine. In addition, JAXA satellite image analysis software 
EISEI was utilized to confirm the distribution of vegetation before and after the disaster of 
the Urato islands. 
３．Results 

It was confirmed that the hybrid accounts for 42.1% of the whole pine. (Figure 1) 
The analysis of EISEI suggested that there was no direct influence such as the collapse 

of the trees by the tsunami that we surveyed this time (yellow arrow).  
４．Discussion 
About hybrids accounting for 42.1% of the total, there are two possibilities: the possibility 

that the hybrid possesses factors favoring growth such as salinity tolerance and the 
possibility that hybrids spread to the population by genetic floating. 
５．Conclusion 
Continuous investigation of pine hybrids suggested that environmental changes such as 

the Great East Japan Earthquake could comprehensively assess the impact on vegetation 
and ecosystems. 
６．References 
「赤松と黒松との中間的性質を有する松の葉の解剖學的研究」森川均一 

 国立研究開発法人 森林総合研究所林木育種センター九州育種場 HP 

７．Key words 
Hybrid, pine, vegetation, the Great East Japan Earthquake 
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