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The ALOS Kyoto & Carbon (K&C) Initiative is an international collaborative project 
led by the Japan Aerospace Exploration Agency, JAXA. The Initiative builds on the 
experience gained from the JERS-1 Global Rain Forest and Boreal Forest Mapping 
(GRFM/GBFM) projects, in which SAR data from the JERS-1 satellite were used to 
generate image mosaics over the entire tropical and boreal zones of Earth. While the 
GRFM/GBFM projects were undertaken already in the mid 1990's, they demonstrated 
the utility of L-band SAR data for mapping and monitoring forest and wetland areas 
and the importance of providing spatially and temporally consistent satellite 
acquisitions for regional-scale monitoring and surveillance. 
 
The ALOS K&C Initiative is set out to support data and information needs raised by 
international environmental Conventions, Carbon cycle science and Conservation of 
the environment. The project is led by JAXA EORC and supported by an 
international Science Team consisting of some 20 research groups from 12 countries.  
 
The objective of the ALOS K&C Initiative is to develop regional-scale applications 
and thematic products derived primarily from ALOS PALSAR data that can be used 
to meet the specific information requirements relating to Conventions, Carbon and 
Conservation. The Initiative is undertaken within the context of three themes which 
relate to three specific global biomes: Forests, Wetlands and Deserts. A fourth theme 
deals with the generation of continental-scale ALOS PALSAR image mosaics. Each 
theme has identified key products that are generated from the PALSAR data including 
land cover (forest mapping), forest change mapping and forest biomass and structure 
(Forests), global wetlands inventory and change (Wetlands), freshwater resources and 
desertification (Deserts). Each of these products is generated using a combination of 
PALSAR, in situ and ancillary datasets.     
 
This report presents results obtained by the K&C Science Team during Phase 2 of the 
project, comprising the last three years of ALOS PALSAR operations (Jan. 2009 - 
April 2011). This report also contains one report from Phase 1 that could not be 
included in the previous (Phase 1) report. The Phase 1 report is available at the K&C 
homepage at JAXA EORC: 
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Abstract—ALOS PALSAR 50 m spatial resolution strip data 
acquired over northern/eastern Australia during 2007, 2008 and 
2009 were combined to generate mosaics for Queensland and 
New South Wales.   For each year, strips acquired during 
relatively dry conditions, determined through reference to daily 
Advanced Microwave Scanning Radiometer-EOS (AMSR-E) 
effective vegetation water (kg m-2) and soil moisture (g cm-3) 
surfaces, provided the most seamless mosaics when combined. To 
support regional mapping of above ground biomass (AGB), the 
same suite of allometric equations were applied to plot-based 
based measures of tree size obtained from over 2700 plots (1139 
locations) distributed across a diversity of vegetation structural 
formations. Regardless of moisture conditions, L-band HV 
topographically normalized backscattering intensities 
backscatter (!o

f) increased asymptotically with AGB, with the 
apparent saturation level being greatest for forests and least for 
open woodlands.   Whilst a single algorithm was used to generate 
maps of AGB for Queensland and also NSW, several 
relationships between L-band HV !o

f and AGB could be defined 
as a function of forest structural type and/or growth stage 
suggesting potential for further refinement of retrieval 
algorithms.  Whilst the algorithms for retrieval can be applied to 
map AGB in 2007, 2008 and 2009, residual moisture effects 
compromise the detection of changes in woody vegetation.  For 
the Brigalow Belt Bioregion of SE Queensland, the combination 
of ALOS PALSAR L-band HH and HV and Landsat Foliage 
Projected Cover (FPC) allowed differentiation and mapping of 
remnant from non-remnant vegetation (> 90 % correct) and two 
growth stages (early and late regrowth).  Non-linear estimation 
techniques were also evaluated for their potential to retrieve 
structural attributes (height and density) from L-band SAR data.  
The study has demonstrated the use of ALOS PALSAR data, 
either singularly or in combination with Landsat sensor data, for 
regional mapping of AGB and growth stage in Australia and also 
identified where further research can be directed to increase the 
robustness of retrieved biophysical attributes and accuracies in 
growth stage classifications.   

Index Terms—ALOS PALSAR, K&C Initiative, Forest 
Theme, forest growth stage, Queensland, Australia. 

I.  INTRODUCTION 

A. Approaches to discriminating and mapping growth stage 
Discriminating and mapping different growth stages of 

woody vegetation (primarily shrublands, woodlands and 
forests) is important for quantifying current stocks of biomass 
(carbon) contained and the extent to which regenerating 
vegetation is recovering carbon lost previously through 
clearing or degradation.   Knowledge of vegetation growth 
stage can also inform on the distribution, type and abundance 
of flora and fauna across landscapes and hence biodiversity 
(e.g., [1, 2]).  An understanding of how past land use and types 
as well as natural processes (e.g., succession) and events (fire, 
drought) impact on the ability of woody vegetation to 
regenerate following previous loss or disturbance is also 
important for developing options for sustainable land 
management and ensuring long term maintenance of 
ecosystem value and services. 

The Japan Aerospace Exploration Agency (JAXA) Kyoto 
and Carbon (K&C) Initiative aimed to evaluate and 
demonstrate the potential of Advanced Land Observing 
Satellite (ALOS) Phased Array L-band SAR (PALSAR) data 
for regional applications relating to carbon cycle science, 
conservation of biodiversity and international conventions [3].  
In Phase 1 of the K&C, our research focused on exploring 
approaches to discriminating and mapping forest growth 
stages across Queensland, Australia. Of these, the 
establishment of empirical relationships between L-band HH 
and/or HV data and above ground biomass (AGB) was 
considered, as AGB is typically regarded as a surrogate for 
growth stage.   A second approach was to integrate ALOS 
PALSAR and Landsat-derived Foliage Projected Cover (FPC) 
to differentiate several discrete stages of growth. These 
methods were applied to prototype areas and preliminary 
products generated.   A limitation of applying these methods 
for map generation across northern Australia, however, was 
that large differences in brightness were observed between 



image strips and over time, with this attributed to the large 
variation in ground moisture [4]. 

B. Phase 2 project objectives 
In Phase 2, the objective was to further develop and apply 

approaches to quantifying vegetation growth stages at a 
regional level, focusing primarily on the State of Queensland 
and regenerating forests in particular. A key component was to 
understand and overcome the limitations associated with 
surface moisture effects. The application of these approaches 
in other regions (New South Wales and the Northern 
Territory) was also evaluated. A third approach to growth 
stage classification was also investigated, with this focusing 
on the use of a non-linear estimation algorithm for retrieving 
structural attributes (e.g., height and density) from ALOS 
PALSAR data with inclusion of Landsat Foliage Projected 
Cover (FPC).  The study further sought to establish whether 
changes in the woody structure of vegetation could be reliably 
detected using time-series of L-band SAR data.    

II. STUDY AREA 
The study focused primarily on the state of Queensland, 

where a diversity of vegetation occurs, ranging from tropical 
rainforest to low open mallee.  Across the state, extensive areas 
of vegetation are regarded as remnant (i.e., the dominant 
canopy is > 70% of the height and > 50% of the cover relative 
to the undisturbed height and cover of that stratum and is 
dominated by species characteristic of the vegetation’s 
undisturbed canopy [5]).  Nevertheless, many areas classified 
as remnant have suffered disturbance from natural processes 
(e.g., drought) or events (e.g., fire) and are at varying stages of 
succession. 

Large area clearing of native vegetation followed European 
settlement in the late 1700s.  The clearing of vegetation has 
historically been most significant in the south central and 
south-eastern regions, and has been particularly extensive since 
the 1950s. Of the 13 bioregions in Queensland, the Brigalow 
Belt Bioregion, has experienced amongst the highest rates of 
clearance, with less than 10% of regional ecosystems (REs) 
with brigalow (Acacia harpophylla) as a component remaining.   
However, within this bioregion, extensive regeneration is 
occurring, with most being relatively even-aged because of 
clearing (often through chaining and bulldozing; [6]) and 
abandonment over a similar time frame and across large areas.   
Patchy and more discontinuous areas of regrowth also occur 
where clearing methods such as ring-barking and stem 
injection have been employed.  These diverse methods of 
clearing lead to differences in the capacity of regrowing 
vegetation to recover both carbon and biodiversity to pre-
disturbance levels.   

III. AVAILABLE DATA  

A. Satellite sensor data. 
For Queensland, ALOS PALSAR fine beam dual (FBD) 

strip data were provided by the JAXA Kyoto and Carbon 
(K&C) Initiative for 2007, 2008 and 2009 (Figure 1).  Strip 
data were also provided for the Northern Territory and New 

South Wales.  All data were provided at 50 m spatial 
resolution, in slant-range geometry, amplitude format, and 64 
looks (4 in range and 16 in azimuth), with a swath width 
approximating 70 km.   Following a request to JAXA, all strip 
data acquired over the region were provided, giving a 
maximum of three dates per strip for each year.   Fine beam 
dual (FBD) data were also provided and used to develop 
approaches to retrieval of AGB and structural attributes and 
classification of growth stages. 

 

  
Figure 1. ALOS PALSAR K&C strip data (2007!2009) provided by JAXA. 

IV. DATA PREPROCESSING 

A. Pre-processing of strip data 
The ALOS PALSAR data were converted to intensity and 

calibrated (absolute calibration) using Gamma SAR processing 
software [7, 8]. Geocoding of the strip data was undertaken 
with the Gamma Differential Interferometry and Geocoding 
(DIFF and GEO) suite and assisted using Landsat Enhanced 
Thematic Mapper (ETM+) panchromatic mosaics for all UTM 
zones (54 to 56 for Queensland, 52-53 for the Northern 
Territory).  The median RMSE in both range and azimuth, 
defined with respect to the polynomial model fit, was less than 
0.25 pixels (12.5 m), with this being consistent between years 
(Figure 2).  

 
Figure 2. Distribution of strip registration RMSE in range 
and azimuth directions for each year of data acquisition. 



Errors were generally greater in range than azimuth and 
outliers were associated primarily with those strips containing a 
significant amount of ocean as the number and distribution of 
matching features within the SAR and Landsat data extents 
were insufficient. 

A particular benefit of geocoding using the Landsat sensor 
data was that all outputs were then registered to and could be 
integrated with existing statewide datasets. These included:  

a) Annual land cover change datasets based primarily on 
Landsat Foliage Projected Cover (FPC) data generated 
by QDERM for each year from 1988 [9, 10]. 

b) Regional Ecosystem (RE) mapping generated by the 
Queensland Herbarium of the Queensland Department 
of Environment and Resource Management (QDERM) 
[11] and undertaken at a scale of 1:100,000 (Some 
coastal areas, including parts of Southeast Queensland 
and the Wet Tropics bioregions, were mapped at a 
larger (1:50,0000) scale) 

The combination of the land cover change and RE datasets has 
allowed losses of vegetation by forest type to be spatially 
quantified for Queensland as part of an existing statewide 
program of vegetation change monitoring and areas regarded as 
remnant or non-remnant to be defined.    

  Following geocoding, simple corrections for local ground 
scattering area and local incidence angle were undertaken, with 
the resulting strip data being analysed in units of 
topographically normalized backscattering intensities, !o

f.  The 
corrections were based on the theory outlined in [12] and the 
same as those undertaken in other K&C research [13,14].  

B. Compositing and mosaicing. 
For each year and Reference System for Planning (RSP), 

the acquisition date with the minimum average HH !o
f was 

selected for mosaicing. The HH polarisation was used because 
of greater sensitivity to variations in ground (soil and effective 
vegetation) water content [4]. Near range pixels were selected 
over far range pixels to preserve original !o

f values in the final 
mosaics. Problems with image quality at near and far range due 
to antenna pattern reduction were avoided by masking the 
power range loss. Spatial metadata are also created to 
accompany the final mosaics including the acquisition date 
(number of days since launch), and layover/shadow/water 
masks. 

To provide independent indicators of surface moisture 
conditions for each RSP, Aqua Advanced Microwave Scanning 
Radiometer-EOS (AMSR-E; launched May 2002) daily 
effective vegetation water content and soil moisture estimates 
were sourced through the National Snow and Ice Data Center 
(NSIDC; [15, 16], updated daily). The soil moisture estimates 
are near surface (in the top ~1 cm) and are in units of g cm-3.  
The effective vegetation water content, which includes the 
effects of large scale surface roughness, represents the amount 
of water (kg m-2) in the vertical column of vegetation.  In both 
cases, the estimates are averaged over the retrieval footprint. 

Ascending Aqua passes were used because comparison of 
the AMSR-E surfaces with SILO daily rainfall surfaces 
suggested greater sensitivity than descending passes to rainfall 

events and the subsequent retention of moisture. Comparisons 
with rainfall surfaces are provided in [4]. The use of ascending 
passes is also consistent with other soil moisture research in 
Australian savanna environments [17]. To balance reducing 
noise in the data with preserving short-term variability and 
ensure complete ‘daily’ spatial coverage for Queensland, a 5-
day boxcar average filter was applied to the AMSR-E time-
series prior to extraction.  

Example time series of SILO daily rainfall [18] and 
AMSR-E soil and vegetation water content for 2007 are shown 
in Figure 3, together with the timing of PALSAR FBD 
overpasses.   Key points of note are: 

a) Whilst FBD data are typically acquired during the dry 
season, they still often intersect rainfall events.  

b) The general correspondence between the peaks of 
rainfall and effective vegetation moisture content and 
to a lesser extent soil moisture.   

c) The low temporal variation in soil moisture over time, 
especially over the mixed species forest site.  

Where vegetation occurs, even if the cover is moderate, soil 
moisture estimates are known to be less reliable or inaccurate 
[19]. Estimates of effective vegetation water content include 
the combined effect of vegetation and large-scale surface 
roughness, but temporal changes can be interpreted primarily 
as changes in vegetation water content since surface roughness 
is relatively constant over time at the spatial resolution of the 
product [20]. 

 

 
Figure 3. The range of environmental conditions in 2007 for 
three sites with contrasting vegetation cover compared to the 
timing of ALOS PALSAR overpasses (dashed vertical lines). 
The AMSR-E surface soil moisture (blue line) and effective 

vegetation water content (green line) are shown. The timing and 
relative magnitude of rainfall events (SILO daily rainfall; filled 

grey) is also shown.  

 

C. Statewide mosaics 2007-2009 and impacts of ground 
moisture 
The statewide mosaics produced for Queensland for 2007, 

2008 and 2009 (based on minimum average HH !o
f) are shown 

in Figure 4, along with coincident date mosaics of AMSR-E 
soil moisture and effective vegetation water content.  Areas of 
water, layover and shadow have been masked. In the 2008, and 



to a lesser extent, the 2007 mosaic, differences in brightness 
within and between strips is evident, with this being most 
noticeable in the region centred on Carnarvon Gorge in central 
Queensland.  

The residual banding in the 2007 and 2008 mosaics shows 
a close correspondence to elevated effective vegetation water 
content in the AMSR-E surfaces (Figure 4) and, to a lesser 
extent, soil moisture. The 2009 !o

f mosaic, which is relatively 
seamless, exhibited low effective vegetation moisture content 
throughout the state apart from some coastal areas and again, 
the Carnarvon Gorge region. These latter cases can be 
explained by large-scale surface roughness because of 
topographic influences elevating the vegetation water content 
estimates [20]. This effect could potentially be removed if the 
minimum effective vegetation moisture content for each pixel 
within a time series was subtracted from the estimate.  This 
would allow the remaining change to be interpreted solely as 
vegetation water content, although further research on this 
topic is required.  Of note, is that JAXA also released the first 
50 m mosaic of Australia for 2009. 

 
Figure 4. Annual mosaics of !of for Queensland for 2007, 

2008 and 2009 generated based on the minimum average L-
band HH.  The corresponding AMSR-E soil moisture and 

effective vegetation moisture content for the times of 
PALSAR image acquisitions are also shown. 

For all years, south-east Queensland and the coastal regions 
exhibit elevated soil moisture. The majority of these areas 
supports moderate to dense vegetation cover, including tropical 
and subtropical rainforests, which would bias the soil moisture 
estimates towards higher values [19]. 

An example of the impact of ground moisture conditions on 
a time series of the HH and HV polarised data is shown for a 
sample of pixels from RSP 374 (Figure 5).  The magnitude of 
difference in !o

f.between dates is greater for HH (up to 3 dB) 
than for HV (up to 2 dB) polarisation but the same bias is 
observed. Dates with similarly low effective vegetation water 
content have a 1:1 relationship and correspond to within ~ 1 
dB. 

 

  
Figure 5. Consistency of L-HH (left) and L-HV (right) 

backscatter from 2007 to 2008 acquisition dates for RSP 374 
when compared to the strip with minimum effective vegetation 

water content. 

 
The L-HH !o

f bias for 5th September (Figure 5) is also 
illustrated spatially in Figure 6.  Areas of woody vegetation 
and pastures exhibit higher !o

f compared to when observed on 
the 21st October, 2007. An interesting observation is the 
appearance of rain “bands” across the 5th September 2007 
image, which highlight that ground water following rainfall 
strongly affects the backscatter at HH polarization. 

 

 
Figure 6. L-HH image for a “wet” (left) and a “dry” (right) 
acquisition date for RSP 374. AMSR-E effective vegetation 

water content data for the corresponding dates are shown 
(inset). 

 



D. Regional mosaics of ALOS PALSAR and Landsat FPC 
For Queensland, FPC is directly retrieved from Landsat 

sensor and ancillary (e.g., climate data; [9, 10]) data and 
provides a quantitative measure of foliage cover (of woody 
vegetation).   By contrast, the L-band microwave interactions 
associated with the HH and HV data are primarily the result of 
double bounce scattering with the trunks and volume 
scattering from larger branches respectively.  Hence, by 
combining these layers, information on different woody and 
foliar structures of vegetation is obtained.   As illustration, an 
example of a composite Landsat FPC and ALOS PALSAR L-
band HH and HV image is given in Figure 7, which shows 
areas of low woody vegetation (e.g., regrowth, scrub; red), 
higher biomass forest (pink to green) and cotton cultivation 
(different cycles; various colours in centre of image). 

 

 
Figure 7.   Composite of Landsat FPC and ALOS PALSAR L-

band HH and HV, Queensland/NSW border. 
 
 Statewide Landsat FPC mosaics are generated annually 

and those for 2007 and 2008 were combined with the ALOS 
PALSAR HH and HV mosaics for the equivalent years.  To 
some extent, the integrity of the mosaics (e.g., Figure 7) was 
compromised in some areas by the across track variability and 
between-image differences (including that associated with the 
Landsat FPC, although to a far lesser degree). However, 
unique information on vegetation and other surface structures 
is provided.  The combination of these data therefore provides 
new regional datasets that can assist characterization and 
mapping of a range of forest structural types, including growth 
stage (particularly regeneration stage and standing dead or 
senescent timber).  New information on the distribution and 
characteristics of wetlands (including mangroves) is also 
provided. 

The 2009 Landsat FPC mosaic is in the process of being 
generated by QDERM and, when combined with the relatively 
seamless 2009 ALOS PALSAR HH and HV mosaic, is 
anticipated to provide the best available dataset for vegetation 
structural classification.  It should be noted that Landsat FPC 
data are not produced for the Northern Territory and have only 
been recently generated for NSW.   

 

 
Figure 8.  Landsat FPC, ALOS PALSAR HH and HV (in 

RGB) mosaic of Queensland, Australia, for 2007  
 

V. BIOMASS ESTIMATION 

A. Generation of a biomass library 
To provide the opportunity to investigate the relationships 

between AGB and ALOS PALSAR data for the diverse range 
of vegetation communities occurring across Queensland, the 
collation of field data acquired over a similar time-frame as the 
PALSAR was operating (i.e., 2007 to 2009) and the generation 
of robust and consistent estimates of AGB through appropriate 
application of allometric equations was needed.   For this 
purpose, field measurements of tree size and species type were 
collated from 19 studies conducted in Queensland, largely over 
the period 2005 to 2009 (Figure 9; [4]).  For each plot, a 
polygon representing, as best as possible, dimensions and 
orientations, was generated.  A total of 2781 plot-based 
measurements were included, although a number of plots 
(transects) were established to represent a particular forest or 
woodland community and hence some data were combined.  
When plot locations were overlain onto Landsat sensor and 
other remote sensing data (including aerial photographs), a 
number were also omitted from further analysis because of, for 
example, clearance events occurring in the period between 
measurement and ALOS data acquisition or low confidence in 
their location.  This resulted in 1815 locations being used to 
establish relationships with the ALOS PALSAR data.  



Following collation, the AGB was estimated for the range of 
tree species occurring using published allometric equations. 
Seven equations were selected, with these based on the relative 
behaviour of the functions across the size range, structural 
formations and wood densities. Both generic and genus-
specific equations were utilised. Correction factors were 
applied to account for the AGB held within trees of varying 
conditions of health and both the live and dead AGB was 
estimated for all trees with a diameter at breast height (DBH) 
of >= 5 cm. 

 

 
Figure 9. The location of sites in Queensland with available 

field-based measurements of tree size. 
 

 For the 1815 locations, L-band HH and HV data were 
extracted from all 2007 ALOS PALSAR strips, regardless of 
prevailing moisture conditions, and then converted to decibels 
(dB).   For each location, RE pre-clearing codes were extracted 
and used to assign each location to a forest, woodland or open 
woodland structural formation and remnant or non-remnant 
status code.  Relationships between AGB and both L-band HH 
and HV sigma-0 (!o

f; with topographic and incidence angle 
correction) were then established for each structural formation.  
For all structural formations, a non-linear relationship between 
AGB and L-band !o

f was observed, as with many other studies, 
which was described using the backscatter model of [21] such 
that:  

 
  (1) 

where a is the saturation level in dB, b is the gradient of the 
curve at low biomass and c relates to the nominal backscatter 
from bare soil 

B. Relationships between AGB and L-band SAR data 
Relationships based on L-band HH and HV data acquired 

under different moisture conditions and as a function of 
structural type are shown in Figure 10.   
 

 
Figure 10. Relationships between AGB and L- band HH and 

HV !o
f for forests, woodlands and open woodlands (up to 300 

Mg ha-1), based on ALOS PALSAR data acquired during 
periods of relative minimum and maximum vegetation water 

content (VWC).  Remnant and non-remnant forests are 
indicated in blue and red respectively. Remaining points in the 
dataset that were not used to generate the curve fits for forests, 

woodlands or open woodlands are shown in grey. 
 
 

To establish differences in the relationship between 
structural formations, the point at which a change in <= 0.01 
dB for a 1 Mg ha-1 of AGB was reached was identified.   This 
point is referred to here as the ‘saturation level’ but it should be 
recognised that the approach and criteria used to define such as 
level can be subjective.  The purpose of the exercise was 
therefore to simply establish relative differences in a defined 
‘saturation level’ between structural formations and as a 
function of relative moisture conditions.   When data acquired 
during relatively dry conditions were used, L-band HV !o

f for 
forests saturated (based on the criterion outlined above) at 
approximately 270 Mg ha-1. For woodlands and open 
woodlands, saturation levels were comparatively lower at 120 
and 65 Mg ha-1 respectively. At L-band HH, the saturation 
levels were similar.  When compared to data acquired during 
wetter conditions, the L-band HV !o

f saturation level for 
forests remained the same, but at the lower end of the AGB 
range, which was associated with non-remnant forests, !o

f 
increased by 2-3 dB, which resulted in a reduction in the 



dynamic range from 8.3 dB to 5.9 dB.   Hence, the extent to 
which different magnitudes of AGB could be discriminated 
was reduced.  For woodlands and open woodlands, a slight 
increase in the RMSE was observed (from 2.0 to 2.6 and 2.15 
to 2.2 dB respectively) under wetter conditions.  

At L-band HH, the AGB at which saturation occurred was 
reduced by over 100 Mg ha-1 for forests (to ~ 100 Mg ha-1) and 
the dynamic range was reduced from 5.41 to 2.74 dB.  The 
greatest increase in L-band HH !o

f saturation (> 4 dB) was 
observed within the non-remnant forests of lower AGB, with 
these primarily associated with those dominated by A. 
harpophylla (brigalow). The saturation level remained 
relatively similar for woodlands and open woodlands, primarily 
because the moisture differences between the driest and wettest 
dates were less.  
C. Regional mapping of AGB 

Using a single relationship established for all remnant 
structural formations (forest, woodlands and open woodlands) 
and based on the mosaic generated using data acquired during 
periods of minimal effective vegetation moisture, a 
provisional map of the AGB for Queensland was generated 
(Figure 11).  As with other studies, the mapping conveyed the 
confinement of the higher biomass forests to the eastern coast 
and the large expanse of lower biomass woodlands in the 
interior and north. 

 
 

 
Figure 11.  Map of AGB generated for Queensland using a 
relationship established between L-band HV !o

f and AGB. 
 

VI. FOREST GROWTH STAGE MAPPING 

A. The Brigalow Belt Bioregion. 
The discrimination and mapping of forest growth stage 

focused on the Brigalow Belt Bioregion of Queensland, where 
clearance and regeneration of woody vegetation has been 
extensive. The bioregion extends across the temperate, semi-
arid tropical and subtropical regions of eastern Australia, 
occupies an area of approximately 36.5 million ha and 
includes 169 different Regional Ecosystems. 41.9 % of all 
ecosystems occurring prior to clearing are still considered to 
be remnant [11].  Brigalow is dominant, co-dominant or sub-
dominant in 12 ecosystems and, within this area, the extent of 
remnant vegetation has been mapped through reference to 
historical aerial photography and reassessed through reference 
to up-to-date clearing histories generated using Landsat sensor 
time-series data [10].  Landsat FPC data have also been used 
to map the extent of regrowth across the bioregion by [22][23] 
using thresholds of 18 % and 9 % respectively, with the latter 
selected to capture more diffuse regrowth. [22] also mapped 
different stages of regrowth (based on age) through reference 
to time-series of Landsat sensor data.   

B. Available field data 
For the study, the field datasets of [24] and [25] were used.  

[24] measured 82 stands associated with brigalow and 
Casuarina species in central Queensland, with 77 used in this 
analysis. At each site, 4 x 50 m transects were positioned from 
25-75 m and 125-175 m along a 200 m transect (for an 
associated bird survey) although, in some cases, the transect 
length was reduced to < 50 m. Sampling was conducted 
during two survey periods; September 2005 to February 2006 
and June to August 2006.  [25] collected data from 70 sites 
where brigalow was dominant or co-dominant within the 
regenerating forest community. At each site, data were 
collected from up to four 50 x 4 m transects (at least 50 m 
apart) with the transect width depending upon the density of 
stems. Sampling was undertaken between September and 
November, 2007.  Within both studies, stem size, density, 
canopy height and crown cover were recorded and AGB was 
estimated subsequently using species-specific allometric 
equations (e.g., [26]). The age of the forests sampled was 
estimated with reference to time-series of aerial photography 
and SPOT HRG imagery [24] and farmer interviews [25].  For 
this study, these two datasets were standardized and then 
combined. The majority of plots measured by [24] were 
located in the Tara Downs region within RE 11.4.3 whilst 
those of [25] were more widely distributed between the REs 
occurring in the BBB.   However, because of the low number 
of remnant forest sampled by [25] in the other REs, the 
structural characteristics of these were not compared. The 
eight of the 12 BBB brigalow REs that included the field plots 
represented 93.8% of the pre-clearing extent of brigalow 
communities in the Brigalow Belt Bioregion. 

C. Structural variables 
Differences in biophysical attributes were summarized as a 

function of age (Figure 12).  A notable characteristic of 



remnant forests was that they supported a greater basal area (> 
~ 17 m2 ha-1; based on quartiles) and AGB (> ~ 75 Mg ha-1) 
and a lower density (typically < 3500 stems ha-1) compared to 
younger forests.  However, regrowth forests rapidly attained a 
canopy cover that was similar to remnant forests after ~ 20-30 
years.  Median canopy height (excluding emergents) was 
greatest (typically > 7 m) for remnant forests, with some 
overlap with the older regrowth forests (> ~ 40 years).    

 

 
Figure 12.  Variations in a) basal area, b) Above Ground 

Biomass (AGB), c) median canopy height, d) stem density 
and e) canopy cover as a function of age based on the 

combined dataset of Bowen (2009) and Dwyer (2010).  The 
median is the line in the centre of the box, the two ends of the 

boxes represent the first and third quartiles, whilst the 
extremes represent the minimum and maximum of the 

datasets 
 

D. Approach to mapping 
The mapping of remnant, regrowth and cleared vegetation 

was confined to areas in the Brigalow Belt Bioregion, where 
brigalow communities were dominant, co-dominant or sub-
dominant within the pre-clearing vegetation ([27][28]), and 
utilized both the Landsat FPC and ALOS PALSAR data. The 
high level of co-registration between these two datasets was 
particularly beneficial for this purpose. 

The approach to mapping the earliest stage of regrowth 
was based on that outlined in [29].  This growth stage is 
associated with a high density of stems (often > 8000 ha-1) 
collectively supporting a significant canopy cover, with few 
being of a size to evoke double bounce scattering at L-band 
(typically < 2 m in height).  Such areas were identified as 
supporting an L-band HH !o

f equivalent to non-forest 
(estimated at < -14 dB) and an FPC associated with woody 
vegetation.  In this latter case, an FPC threshold of " 8% was 

applied to capture more scattered areas of early regrowth (i.e., 
> 8 %), with this determined through reference to high-
resolution (e.g., IKONOS) images (available through Google 
Earth) and aerial photography.  

Whilst the Queensland Herbarium had previously 
determined the extent of remnant forest based on aerial 
photography and Landsat sensor data, an alternative approach 
to discrimination was developed, with this also based on a 
combination of Landsat FPC and ALOS PALSAR data.  As 
indicated earlier, forests are defined as remnant where the 
dominant canopy contains species characteristic of the 
vegetation’s undisturbed canopy and has > 70 % of the height 
and > 50 % of the cover relative to the height and cover of that 
stratum. This same principal was therefore applied to the 
mapping of remnant forest using ALOS L-band HH and HV 
and Landsat FPC data.  First, the mapping was confined to the 
area associated with the pre-clearing extent of forests with 
brigalow as a component ([27]). Second, thresholds of L-band 
HH and HV and FPC were defined with reference to 
relationships observed with height, biomass and canopy cover 
respectively for selected RE’s where field data had been 
collected for a range of growth stages. 

Using FPC data alone, differentiation of remnant from all 
other regrowth stages was not possible because of similarities 
in canopy cover (Figure 12), although remnant forests 
typically supported a canopy cover at the higher end of the 
range.  Remnant forests also exhibited comparatively higher 
values of L-band HV and HH !o

f compared to regrowth 
forests and a correspondence with AGB and median canopy 
height respectively was observed.   On this basis, the extent of 
remnant forests was mapped using a combination of Landsat 
FPC and L-band HH and HV !o

f, with thresholds of < 30 %, -
12 dB and -17 dB respectively. These thresholds were defined 
through reference to the observed extent of remnant forests in 
areas with field data but also the Queensland Herbarium 
mapping of remnant forest in these same areas.  Whilst it is 
recognised that thresholds might vary as a function of RE and 
environmental conditions, these were considered appropriate 
at a regional level.   

All remaining forest areas with an FPC > 12% were 
associated with an older growth stage.  This growth stage 
coverage a range of structures and further differentiation can 
potentially be achieved using relationships established with L-
band SAR data or through reference to already derived 
products (e.g., AGB). 

E. Regional maps of forest growth stage 
The mapping of all growth stages was undertaken within 

eCognition by initially segmenting the Landsat FPC mosaic 
into objects up to a few pixels in size.   Then, within the area 
associated with the pre-clearing extent of forests with 
brigalow as a component, the thresholds defined above were 
applied progressively to distinguish non-forest and forest 
(including diffuse regrowth), early regrowth, remnant forest 
and finally older regrowth. The resulting objects were then 
merged to generate the final map.  The accuracy of the 
mapping was assessed independently through reference to 190 



randomly generated locations for which time-series of Landsat 
sensor data, SPOT High Resolution Geometric (HRG) and 
historical aerial photography were available. 

The map of growth stage for the BBB is presented in 
Figure 13 and highlights the fragmentation of the forests and 
their existence within a sea of agriculture. This study 
estimated that the extent of the 12 BBB pre-clearing 
ecosystems with brigalow as a component was over nine 
million ha.  Within this area, 833,333 ha were mapped as the 
early stage of regrowth, with this associated with a high 
density of stems of small size.   Remnant forests and older 
regrowth forests were estimated to cover an area of 625,529 ha 
and 604,110 ha respectively.  The remaining area of almost 
seven million ha had been cleared without any regrowth 
detected. 
 

 
Figure 13.  The extent of brigalow remnant and regrowth 

stages mapped using a combination of ALOS PALSAR L-
band data and Landsat FPC. 

 
 
F. Accuracy of classification 

The accuracy of the growth stage classification was 
quantified through reference to 190 sites for which aerial 
photography and other higher resolution (e.g., SPOT HRG) 
data were available.   Of these, 121 (86.4 %) were correctly 
classified as regrowth (early and older regrowth combined), 
with 14 and 5 sites misclassified as cleared land and remnant 

forest respectively (Table Ia).  In the classification of remnant 
forest, 45 (90 %) sites were correctly assigned, with most 
confusion being with regrowth forest.   When the regrowth 
classes were considered separately (Table Ib), most confusion 
was between remnant and early regrowth forests, which was 
attributed in part to land cover change. In the classification of 
early regrowth, which relies on the integration of L-band HH 
and Landsat-derived FPC, 59 (75.6 %) of sites were correctly 
classified with confusion occurring with both cleared and 
older regrowth but less so remnant vegetation. The accuracy in 
the classification of older regrowth was 54.8 %, with this 
largely attributed to confusion with early regrowth. The 
structural characteristics of forests transitioning from early to 
late regrowth are difficult to describe, even from field 
measurements, and so this confusion is not unexpected.  
However, future work needs to better establish (for the 
different REs), the structural characteristics of forests in the 
transitions between stages, and understand how these are 
manifested within radar and optical remote sensing data. 

Table I.  Accuracies in the classification of a) regrowth, 
remnant and non-forest (cleared) and b) early regrowth, older 

regrowth, remnant and non-forest (cleared). 

a) Classification 
Assessment Regrowth Remnant 

Cleared 14 0 
Regrowth 121 5 

Remnant 5 45 
  86.4% 90.0% 

 
b) Classification 

Assessment Early 
Regrowth 

Older 
Regrowth 

Remnant 

Cleared 9 5 0 
Early 

Regrowth 
59 20 4 

Older 
Regrowth 

8 34 1 

Remnant 2 3 45 
  75.6% 54.8% 90.0% 

 

G. Clearing mechanisms 
Throughout Queensland, a number of methods are used for 
clearing vegetation including chaining and stem injection.  The 
potential of SAR data for establishing the methods of clearing 
was highlighted by [6], with this based on observations using 
NASA Jet Propulsion Laboratory (JPL) AIRSAR data.  
However, similar patterns were observed within the ALOS 
PALSAR data. For example, rows of trees pulled over by 
dragging a chain between two bulldozers exhibited a high L-
band HH response [30].  Furthermore, areas of dead standing 
timber were identified as these exhibited a high L-band HH and 
low FPC compared to woody vegetation with foliage cover.  
However, reference to ground observations undertaken within 



the Injune study area in April, 2009, suggested some confusion 
with bare ground, with this attributed only in part to woody 
debris on the surface.  Other contributory factors included 
surface roughness but also differences in soil and vegetation 
moisture content between cleared areas.  

VII.   DETECTION OF CHANGE 

A. Time-series comparisons of SAR data 
The generation of regional ALOS PALSAR mosaics for 

2007, 2008 and 2009 highlighted the impacts of ground 
moisture on the L-band HH and, to a lesser extent, HV !o

f and 
the increasing saturation of !o

f with AGB.  Comparison of 
ALOS PALSAR and also JERS-1 SAR data (Figure 14) 
confirmed that changes in the woody components of vegetation 
could be detected over decadal periods.   However, over shorter 
periods (e.g., the year operation period of the ALOS 
PALSAR), distinguishing changes attributed to growth of loss 
of woody vegetation rather than ground moisture differences 
was more difficult.   Even within the same year, differences of 
up to ~ 4 dB and ~ 2 dB were observed within L-band HH and 
HV data respectively.   
 

 
Figure 14.  Relative increases and decreases in L-band HH 

backscatter observed through time-series comparison of ALOS 
PALSAR and JERS-1 SAR data for the Injune Landscape 
Collaborative Study Area.  Inset images are composites of 

Landsat FPC and ALOS PALSAR HH and HV data in RGB. 
 
A further limitation was that whilst areas cleared or vegetation 
could be readily distinguished, the more subtle changes 
associated with forest regeneration, thickening and degradation 
of woody vegetation were more difficult to identify.  Even if 
areas of change are identified, validating the nature and 
magnitude of the change has provided problematic over such 
large areas.  For this reason, regional products of AGB change 
have not yet been generated, even though mosaics of ALOS 
PALSAR data were produced for Queensland for 2007, 2008 
and 2009.   Instead, focus has been on the analysis of time-
series of airborne LiDAR and multi-/hyperspectral datasets 
acquired across a range of vegetation structural types in 
Queensland.  These fine spatial resolution change datasets will 
serve to better understand and validate how change is 
manifested within and can be best-detected using multi-

temporal ALOS PALSAR data.  Research is also focusing on 
better establishing the influence of soil and vegetation water 
content on ALOS PALSAR backscatter data. 

B. Provision of validation datasets 
For over 20 sites in Queensland ranging from mulga  

(Acacia aneura) open woodlands to closed tropical rainforest, 
airborne LiDAR data were acquired in 2004/5 and again in 
2008.   These datasets are currently being analysed by QDERM 
to identify and quantify change at the individual tree and stand 
level.  Furthermore, over the Injune Landscape Collaborative 
Project (ILCP) study area in central southeast Queensland, 
discrete return LiDAR and hyperspectral Compact Airborne 
Spectrographic Imagery (CASI) and 1:4000 aerial photography 
were acquired over 150 500 x 150 m sampling units in 2000 
[31].  In 2009, a second airborne campaign was undertaken to 
establish whether changes in the species composition, structure 
and biomass of forests occurring as a consequence of both 
natural and anthropogenic (including climate) change could be 
detected and quantified.   An example of such changes is given 
in Figure 15 which highlights the loss of individual trees within 
an ‘intact’ woodland. 
 
a) 

 
b)  

 

 
Figure 15. a) Optech ALTM1020 and b) Riegl LMS-Q560 data 

acquired over one (of 150) 500 m x 150 m area within the 
Injune Landscape Collaborative Project in 2000 and 2009 

respectively. 
 

VIII.  DISCUSSION 

A. Biophysical retrieval and classification: impacts of ground 
moisture  
The use of ALOS PALSAR data acquired during relatively 

dry conditions is a pre-requisite to the retrieval of and 
detection of change in biophysical attributes and also 
classification of land covers (e.g., vegetation structural 
formations).  To identify scenes acquired under relatively dry 
conditions, reference can be made to a number of datasets 
including interpolated or actual (e.g., Tropical Rainfall 



Measuring Mission (TRMM)) rainfall data and soil/vegetation 
moisture surfaces from AMSR-E or new sensors (e.g., the 
European Space Agency’s (ESA) Soil Moisture and Ocean 
Salinity (SMOS) mission).  AMSR-E and SILO data are 
currently available free of charge and are a useful tool for 
selection of appropriate ALOS PALSAR image dates. 
Although AMSR-E products, as with PALSAR, are derived 
from microwave remote sensing, their high temporal 
resolution coverage permits wall-to-wall assessment of 
relative changes in soil moisture and vegetation water content 
over time. The use of relative rather than absolute moisture 
conditions is considered appropriate when selecting scenes, 
particularly given the uncertainty in retrieval of soil and 
vegetation moisture from currently operating sensors (which 
results partly from their relatively coarse spatial resolution).  
However, further research is needed to better establish the 
impact of soil and vegetation moisture on SAR backscatter as 
this would lead to better retrieval of AGB and potentially 
ground moisture itself. In the ideal situation, the image 
archives of ALOS PALSAR data should be linked directly 
with data relating to ground moisture conditions during the 
time of acquisition such that the most appropriate datasets can 
be utilised.   The lack of provision of such information in the 
past has most likely led to the high variability in relationships 
and saturation levels reported previously between AGB and 
other structural attributes and SAR data. 

A number of studies have established that retrieval of AGB 
may be enhanced by using multi-temporal data and filtering 
algorithms (e.g., [32]) as speckle noise is reduced. A potential 
limitation of this approach is that by using data from several 
years, as would be the case of ALOS PALSAR, the 
opportunities for detecting changes in AGB would be reduced 
unless, for example, comparisons on a five year interval were 
acceptable. This is not unreasonable in the case of detecting 
changes in AGB, given the generally slow rates of 
accumulation within woody vegetation and losses through 
degradation.  Areas of more rapid AGB loss through clearing 
could be identified through reference to existing land cover 
change datasets (e.g., the Statewide Land Cover and Trees 
Study (SLATS; [10], with associated estimates of AGB 
derived from ALOS PALSAR data being potentially more 
robust because of the use of multi-temporal datasets. 

 
B. Impacts of vegetation structure on retrieval of AGB 

In retrieving AGB (ideally from relatively dry scenes), 
consideration still needs to be given to differences in structure 
between vegetation types.   In the mapping of AGB, a single 
relationship based on all forest types has been applied.  
However, separate relationships could equally be used for 
forests, woodlands and open woodlands although reliable a 
priori mapping of these structural formations is essential.   
Much of the differences in the relationships observed with 
AGB between these formations was attributable to variations 
in density and size class distribution and so an algorithm that 
takes account of these structural attributes is desirable, with 
one approach being that of non-linear estimation [33].  
Differences in the rate of change in backscatter with AGB 

may also be a function of the state of growth, with most 
regrowth (non-remnant) stands being the result of human 
intervention and consequently exhibiting relative homogeneity 
in terms of tree size.  Consideration also needs to be given to 
the size class distribution of woody components.  In the 
Brigalow Belt Bioregion, a characteristic of the extensive 
tracts of early regrowth dominated by brigalow is that they 
support a high density of stems (typically > 8000) with most 
being of relatively small size.  Observations using polarimetric 
C, L and P-band SAR data [29] conveyed that whilst these 
forests exhibited a high C-band backscatter from the foliage 
and small branches, the stems were of insufficient size to 
evoke a response at both L- and P-band. The study therefore 
highlighted that L-band SAR is not sensitive to all of the AGB 
contained within woody vegetation and underestimates at the 
stand level may occur, particularly for regrowth, understorey 
and heathland vegetation.  

C. Biomass estimation 
Whilst the mapping provides a reasonable representation of 
the distribution of AGB, there are several limitations.  In 
particular: 
 

a) Landsat-derived FPC within empirical relationships, 
particularly as L-band HH and HV are sensitive primarily to 
the trunk/stem and branch biomass respectively and FPC is 
indicative of the vertical distribution of foliage [9][10].    

 
b) The saturation of the relationship between AGB and 

L-band HV !of leads to greater errors as AGB increases and 
lower accuracies in retrieval for forests supporting higher 
levels of AGB.  

 
c) Differences in the relationships observed between 

structural formations and as a function of regeneration stage 
(i.e., remnant and non-remnant) are not considered. 

 
d) Areas associated with enhanced L-band backscatter 

because of underlying geology or the presence of urban areas 
and infrastructure are not compensated for. 
 

e) Local enhancement in L-band !o
f is still evident in 

areas of localised rainfall and increased ground moisture (e.g., 
near Carnarvon Gorge).  

 
For this reason, a number of options for providing more robust 
estimates of AGB require development.  These should ideally 
focus on generating a baseline map of AGB using data 
acquired over the shortest time frame (i.e., within a year), 
thereby providing better opportunities for detecting changes in 
AGB that occur in response to natural or anthropogenic 
change (including those associated with climatic fluctuation)  

D. Approaches to refining biomass estimates 
Proposed options for improving estimates of AGB include the 
use of: 
 



a) Landsat-derived FPC within empirical relationships, 
particularly as L-band HH and HV are sensitive primarily to 
the trunk/stem and branch biomass respectively and FPC is 
indicative of the vertical distribution of foliage.    

 
b) Non-linear estimation algorithms [33] that use 

modeling to establish relationships between backscatter and a 
limited number of unknowns having the largest effect on 
overall backscatter. 

 
In some areas, the enhancement of L-band backscatter was 
evident because of geology and infrastructure. For this reason, 
any attempt at regional retrieval of AGB needs to take into 
account the mapped extent of urban areas, other surfaces (e.g., 
exposed rocks) and even metal structures (e.g., fences). The 
use of PALSAR polarimetric coherence may assist here as 
some geological formations and urban environments exhibit 
high coherence compared to vegetation.  A further option is to 
include climate surfaces or models of predicted AGB to 
constrain the estimates generated using the methods outlined 
above. Consideration should also be given to vegetation types 
that are known to exhibit different responses at L-band. These 
include flooded forest (e.g., Melaleuca-dominated stands), 
which are often associated with an enhanced backscatter 
particularly at L-band, and high biomass mangroves with prop 
root systems which typically support an L-band HH and HV 
return similar to non-forest that decreases with increasing 
biomass [34].  Existing floristic mapping in Queensland may 
be used to inform on the extent of these vegetation types 
([35]). 

E. Growth stage classification 
Using the combination of Landsat FPC and ALOS 

PALSAR data, three classes of regrowth (including remnant) 
with brigalow as a component were classified, with 
discrimination based on defined thresholds. To discriminate 
early regrowth forests from non-forest, an FPC threshold of 8 
% was necessary to capture areas of woody regrowth that were 
more scattered and hence supported a lower canopy cover. This 
threshold was below the 12 % used commonly to distinguish 
forest from non-forest (which approximates to 20 % canopy 
cover) and the 9 % used by [23] but was considered most 
appropriate for mapping areas of early and less contiguous 
regrowth identified within available fine resolution datasets. 
Whilst woody vegetation associated with this lower FPC is not 
strictly defined as forest, areas identified have the potential to 
become forest in future years and hence their inclusion is 
justified.  

Within the mapped area, the differentiation of growth stage 
required the combination of ALOS L-band HH and HV and 
also Landsat FPC; when these channels were used alone, 
differentiation could not be achieved.  The approach to 
classifying the early regrowth stage was supported by the study 
of [29] using airborne SAR (AIRSAR) and SAR simulation 
models. This study demonstrated that stems need to be < ~ 2.5 
– 3 m in height for double bounce scattering to occur, with this 
being the primarily mechanism contributing to the L-band HH 
return [36].  Hence, data acquired at this polarisation were 

pivotal to the classification of early regrowth.  A particular 
advantage of this approach was that the regrowth class was 
defined with reference to a quantifiable biophysical attribute 
(i.e., FPC) and a recognisable point of transition between 
specular and double bounce scattering at L-band.   

The discrimination of remnant forest from all regrowth 
stages used the same principle as field-based definitions, which 
are based on a relative comparison of height and cover. Higher 
values of L-band HH and HV were generally associated with 
remnant forests of greater median canopy height and AGB and 
remnant forests typically supported a canopy cover (and hence 
FPC) that was at the upper end of the observed range. Remnant 
forests were therefore defined as those that collectively 
exhibited higher values of L-band HH and HV and FPC 
compared to younger growth stages. Over 90 % of sites known 
to be remnant forest were correctly classified and the mapped 
extent corresponded closely to the areas defined as remnant 
through the RE mapping.  

The definition of the older growth stage is dependent upon 
reliable differentiation of the early regrowth stage and remnant 
forest.  However, for discrimination of both, the thresholds 
were defined using data acquired unevenly and for only eight 
of the 12 BBB brigalow REs in Queensland.  Hence, a more 
logical approach, and one that is currently being investigated is 
to use variable thresholds for each RE, thereby accounting for 
local differences in these data as a function of, canopy height, 
cover, AGB and other structural attributes. 

The estimates of the extent of forest growth stages reported 
in this study are indicative and based largely on single 
thresholds applied to Landsat FPC and PALSAR L-band HH 
and HV mosaics; these may be adjusted in later revisions of the 
mapping.  To increase the accuracy of this mapping, further 
refinements are being implemented including a) the use of 
thresholds specifically derived for each RE and b) integration 
of additional field data to better define the transitions from 
non-forest through to regrowth and remnant forests and the 
associated manifestation within remote sensing data.  

IX. CONCLUSIONS 

A. Pre-processing and impacts of ground moisture 
• The use of Landsat sensor panchromatic data in the 

geocoding procedure allows reliable co-registration of 
ALOS PALSAR strip data with existing thematic 
datasets. 

• Through reference to AMSR-E soil and effective 
vegetation water content surfaces, the adverse influence 
of ground moisture conditions on ALOS PALSAR 
backscatter and relationships formed with AGB has been 
highlighted. 

• Regional mosaics of PALSAR data were generated from 
strips associated with relatively minimal L-band HH 
backscatter, with these corresponding closely with 
periods of minimal ground moisture.   The use of these 
data avoided the need for brightness correction 
algorithms, within and between strips. 

• Daily AMSR-E soil moisture and effective vegetation 
water content images, available for the entire life of 



ALOS PALSAR, are therefore advocated as a standard 
ancillary data product for selection and interpretation of 
PALSAR imagery over large areas and over time. 
 

B. AGB estimation 
• A statewide map of AGB has been generated for 

Queensland using data acquired during periods of 
relatively dry moisture conditions and a single 
relationship established between L-band HV !o

f and 
AGB. However, better mapping would most likely be 
achieved using relationships specific to different 
structural formations (e.g., forests, woodlands and open 
woodlands).  

• Whilst the map provides a broad indication of the 
distribution of AGB in Queensland, saturation of the L-
band HV above certain levels of AGB (which vary as a 
function of structural formation) is evident and 
discrepancies resulting from, for example, geology, 
infrastructure and unique signatures associated with some 
vegetation types (e.g., early regrowth, mangroves and 
flooded forest).    

• The mapping could be refined also by including Landsat-
derived FPC and ICESat GLAS-derived estimates of 
height into the retrieval algorithm. The use of multi-
temporal data is advocated as long as the capacity for 
detecting changes in AGB is not compromised. 

• Queensland is in a unique position to advance the 
mapping of AGB using algorithms that integrate ALOS 
PALSAR data because of the availability of interannual 
mosaic data and Landsat-derived FPC.  The approaches 
developed can also be applied to other states in Australia 
if algorithms are adopted and appropriate datasets 
obtained. 

C. Growth stage mapping 
• By integrating Landsat-derived FPC and ALOS PALSAR 

L-band HH and HV data, maps of three growth stages 
(early regrowth, older regrowth and remnant forest) have 

been generated for the Brigalow Belt Bioregion of central 
southeast Queensland.  

• The first stage is uniquely defined by this combination of 
data and is based on a physical principle of L-band 
microwave interaction with the woody components of 
vegetation and a retrieved biophysical attribute (i.e., 
FPC). Whilst studies have quantified the extent of 
regrowth brigalow communities, the extent of the early 
regrowth stage was not previously known 

• Remnant forests are identified as these exhibit 
comparatively greater values of ALOS PALSAR L-band 
HH and HV and Landsat FPC compared to non-remnant 
(including regenerating) forests.   

• Most regrowth is attributed to the recovery of forests 
following the extensive clearing of vegetation in mid 
1990s and early 2000s.  Through effective management, 
these previously forested areas provide the best 
opportunity to restore the carbon and biodiversity lost 
through clearing.  As such, the maps generated from this 
research can be used to identify and recommend areas 
most suitable for restoration of brigalow ecosystems.  

D. Detection of change 
• Annual (2007, 2008 and 2009) mosaics of ALOS 

PALSAR data have been generated for Queensland, 
Australia.  

• Whilst these mosaics can be used to generate maps of 
AGB change, the uncertainties associated with ground 
moisture effects reduce reliability in detecting losses or 
gains in AGB (apart from through clearance events) and 
transitions between growth stages  

• Confidence in the use of these data for detecting change is 
likely to increase following generation of tree to stand 
level change maps for selected sites through time-series 
comparison of airborne LiDAR datasets. 
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Abstract— This paper presents the status of ALOS/PALSAR - 
Kyoto and Carbon Initiative radar images for the Brazilian 
Forest Monitoring Program. Using deforestation polygons 
mapped by INPE’s DETER and PRODES projects, 
ALOS/PALSAR ScanSAR images were analyzed considering the 
capability to detect deforestation patterns. Assessments on the 
capabilities and limitations of multi-temporal PALSAR K&C 
ScanSAR (HH polarization) data for detecting recent 
deforestation are presented. The multi-temporal data processing 
included image co-registration and multi-temporal speckle 
filtering which benefited subsequent segmentation and 
classification of the imagery.  For a deforestation hotspot in the 
state of Para, Brazil, 83 % of deforested areas classified using 
ScanSAR images from 2007 and 2008 were also mapped by 
PRODES.  62 % of DETER warning’s were identified, which 
collectively corresponded to 85 % of the deforested area.  Most 
areas of deforestation > 1 km2 and degraded forest prior to clear 
cutting could be detected before the DETER warning, largely 
because of the ability to penetrate cloud.  The study concludes 
that the PALSAR ScanSAR HH polarization multi-temporal 
product is a valuable complementary data source that should be 
used for forest monitoring within PRODES and the DETER 
system  

Index Terms—ALOS PALSAR, K&C Initiative, forest 
monitoring, DETER. 

I.  INTRODUCTION 

A. Deforestation and SAR data over Brazilian Amazon  
Early deforestation stages by slash-and-burn practices were 

previously identified at L band JERS images as distinct 
patterns from those of the original forest cover in the Brazilian 
Amazon [1]. Airborne L Band data also demonstrated to be 
very sensitive to radiometric differences between recent 
deforestation and primary forest [2].  

Polarimetric radar data acquired in a Mapsar simulation 
showed also capability to detect recent deforestation over 
Tapajós National Forest (Pará), in the Brazilian Amazon [3]. 

Among polarimetric data, HH-HV showed to be the most 
adequate polarization combination for land cover mapping, for 
it is possible to discriminate primary forest, secondary forest, 
bare soil, agriculture and degraded forest [4]. Preliminary 
investigations using ALOS PALSAR images, using only HH 
polarization, over Amazonia, showed distinct responses from 
slash-and-burn practices and also different degradation stages 
of the forest [5]. 

Comparisons between optical and radar images suggested 
that SAR L-band images are an important and complementary 
information source for land cover change mapping, specially 
over frequently clouded areas as is most of Amazon region [6]. 

This paper describes the project developed within the 
Kyoto & Carbon (K&C) Initiative [7] which is assessing the 
use of ALOS PALSAR K&C images for the DETER 
qualification procedure as initial steps to introduce ALOS 
PALSAR products to the Brazilian Forest Monitoring Program.  
 

B. ALOS Imagery for forest monitoring in Brazil 
The Brazilian Institute for Space Research (INPE) 

conducts the Amazon Deforestation Monitoring Program 
which comprises of a set of remote sensing based systems to 
monitor the state of the Amazonian forest cover. The Real-
Time Deforestation Detection System [8] identifies and maps 
recently deforested areas in the Brazilian Amazon forests 
every fifteen days to support law enforcement for 
deforestation control. DETER is based on TERRA/MODIS 
and CBERS-2B/WFI images to exploit their high revisiting 
capability. With spatial resolution of both sensors limited to 
250 meters, DETER maps new deforestation areas of at least 
25 ha. In DETER, all deforestation identified in an image and 
not previously detected by Legal Amazon Deforestation 
Monitoring Project [9] is considered new deforestation, 
regardless of chronological time. The PRODES map, 
containing deforestation from prior years, together with non-



forest areas (such as savannah, water surfaces and rocky 
outcrops) is used to mask out old deforestations. New 
deforestations are detected and outlined by visual 
interpretation of the MODIS image. 

For every interval of 15 days the best set images is selected 
in order to attain maximum cloud free data. DETER produces 
a digital map with all new deforestation observed during this 
period. These digital maps containing Alert polygons and 
tables describing them are sent to IBAMA (Instituto Brasileiro 
do Meio Ambiente e dos Recursos Naturais Renováveis) 
within 15 days after the image acquisition period. IBAMA is 
responsible for law enforcement and deforestation control at 
the Federal level. A cloud cover map is also provided to 
inform the area that was effectively monitored. The maps for 
the two halves of each month are integrated and, together with 
the cloud cover maps and images for the period, are placed on 
the Internet (http://www.obt.inpe.br/deter/) for consultation, 
where they remain available for download.  

For every month, associated to DETER data, a technical 
report assessing DETER information and results is also 
published on the Internet. Based on cloud free and high spatial 
resolution images (20 – 30m), a sample of DETER Alert 
polygons is validated.  Multi-temporal and visual analysis 
classify DETER Alert polygons as light forest degradation, 
moderate forest degradation, intense forest degradation, clear 
cut and non-confirmed deforestation. Validation results 
provide basic information about types of deforestation mapped 
by DETER and data accuracy, considering also the 
information about polygons area. From May to August, 2008, 
an average of 91% of DETER Alert polygons were confirmed 
as deforestation [10].Data from field observation is also 
periodically obtained to improve DETER methodology and 
data evaluation [11]. This validation of DETER Alert 
polygons using optical remote sensing imagery is strongly 
limited by the cloud cover over the Amazon region. 

We propose the use of ALOS PALSAR K&C ScanSar 
images as additional data source for deforestation monitoring, 
as part of DETER system. It is not expected that PALSARr 
imagery would provide information about different 
deforestation intensity, as it is usually detected by optical 
images and multi-temporal approach, but to increase the 
monitoring frequency avoiding cloud cover limitations for 
optical images.   

 

II. DESCRIPTION OF THE PROJECT 

A. Relevance to the K&C drivers 
The use of ALOS imagery operationally at DETER system, 

as an improvement of the forest monitoring system, is in 
according to the Conservation thematic driver outlined in the 
K&C Science Plan [12]. To effectively monitor deforestation, 
especially over frequent cloud cover areas, ALOS information 
will be very helpful to define policy and plans of actions, either 
for carbon emission reduction or for conservation strategies.  

 

B. Work approach 
The main objective of this project is to understand the 

temporal variation of deforestation detection, and to develop a 
feasible methodology in order to include ALOS/PALSAR 
ScanSar data operational at DETER deforestation detection.  
More than providing deforestation maps, we are focus on the 
usefulness and potential of radar L band data at INPE´s 
Amazon Deforestation Monitoring Program. 

This paper describes the results and the progresses for 
deforestation detection based on multi-temporal PALSAR 
ScanSar data for a deforestation hot-spot area in the Brazilian 
Amazon, based on PRODES deforestation mapping, and 
DETER deforestation Alerts comparisons.  
 

C. Satellite and ground data 
 
In the Brazilian Amazon, most of the deforestation in 

recent years has been taken in Pará and this area was therefore 
selected to assess the potential of ScanSAR data for detecting 
deforestation and degradation. In 2008, Pará state was 
responsible for 38% of DETER Alert polygons (from January 
to December), and associated with the highest deforestation 
rate (5606 km2 y-1 from PRODES) in the Legal Amazon [13]. 
The southwestern of Pará, the region comprising the 
boundaries of the municipalities of Novo Progresso, Itaituba, 
and Altamira (Figure 1a), is a notorious hotspot of change that 
has two distinct patterns of deforestation.  Deforested areas 
that correspond to approximately 1 km2 in area, and are 
adjacent to previously deforested areas, closer to the main BR-
163 highway, can be attributed to small ranches within the 
municipality of Novo Progresso. The second pattern are 
related to deforestation between 2 and 20 km2 in area,  located 
in the municipalities of Altamira and Itaituba, more distant 
from the BR-163, and hence more difficult to access.  These 
clearings can be attributed to bigger livestock farmers 
Figure 1b). Within these area, fieldwork was conducted in 
September 2008, and in September 2010, whereby DETER 
deforestation polygons were validated from aerial 
photographs, available at 
http://www.obt.inpe.br/fototeca/fototeca.html.     

For the analysis presented here, we used the followed 
ALOS-PALSAR K&C ScanSAR images acquired in 
descending mode (WB1, K&C format), slant range format and 
HH polarization for the dates:  

a)  For the first and second analysis: 28th May, 13th July 
and 28th August 2007 and also the 13th January, 30th May and 
30th August, 2008, from the same path (RSP406)  

b)For the third analysis : 4th November 2009, 4th February 
and 7th August 2010 from the path RSP 407, and also on the 
18th January, 20th April and 21th July 2010 from the path 
RSP406. 

Based on the method for routine and automated processing 
of PALSAR K&C ScanSAR images previously developed 
(Figure 2), the images were co-registered, filtered, and 
georeferenced using SRTM - digital elevation model, and 
resampling to 100 m of spatial resolution.  Multi-temporal 
Anisotropic Non-Linear Diffusion Filter reduced the speckle 



noise and provided smoother images for deforestation 
detection [14]. From these, maps of deforestation were 
generated and compared subsequently to the deforestation 

mapping from PRODES in 2009, and DETER deforestation 
warnings from 2007 and 2008.  

 

a) b)  
 Figure 1. Study site comprising the municipalities of Altamira, Novo Progresso and Itaituba (Pará), Brazil: (a) Fieldwork track over ALOS ScanSAR image 

(WB1-HH–083008) and (b) PRODES deforestation map 2009.  
 

Every clear-cut polygon was visually interpreted over the 
PALSAR image, seeking to identify differences in the radar 
response as lighter digital values, with linear boundaries, or 
backscattering patterns different from the forest background 
and the darker pattern of older deforested areas.  

DETER Alert polygons from May to August 2008 field 
checked (September, 2008) were superposed to the PALSAR 
K&C image from Augut. All of the analyzed DETER 
polygons referred to clear-cut deforestation, comprising areas 
that will be likely converted to pasture, located at 
municipalities of Itaituba, Novo Progresso and Altamira (PA) 
(Figure 1b).   

 

 
Figure 2. Processing steps for deforestation classification based on PALSAR 

ScanSAR imagery 
 

A second analysis was performed observing only DETER 
Alert Polygons for September 2008, over ALOS PALSAR 
ScanSAR image from October (10-15-2008), with the same 
methodological procedure. This analysis simulated the use of 
ALOS PALSAR in an operational basis.Finally, a third 
analysis compared ALOS PALSAR multi-temporal images of 
2009-2010 with PRODES 2009. 

 

III. RESULTS AND SUMMARY 
ALOS PALSAR K&C ScanSAR classification x DETER 
Alerts 

Most of deforestation segments identified from ScanSAR 
were equivalent to clear-cut class of PRODES in the 
correspondent year of mapping (Table 1); a few segments 
referred to old deforested areas, and several segments were 
only mapped by PRODES in the consecutive year. 
Considering the average for the six individual PALSAR 
ScanSAR analyzed images, the general agreement between 
ScanSAR deforestation segments and PRODES deforestation 
mapping was of 62%. Analyzing each PALSAR ScanSAR 
image separately, a large number of segments (an average of 
38%) corresponded to Forest class at PRODES mapping. This 
was attributed to relieve roughness that confuses the 
identification of deforested areas, but also can be associated to 
forest degradation process that is not mapped at PRODES. 
Considering those segments identified as DETER warnings 
from 2007 and 2008, the percentage of deforestation segments 
detected by ScanSAR that corresponds to deforestation 
mapping reaches 69%. As pointed out by Almeida-Filho et al. 
[15], although most of the recent deforestation appears 
brighter than mature forests, the identification of these areas 
using only the HH band depends on the stage of the clearing 
process. The average of ScanSAR segments area identified as 
forest (1.01 km2) and deforestation (1.45 km2) was statistically 
different (P value equals to 0.0006), suggesting that an area 
threshold could be applied to generate a better efficiency in 

• P
ará 

Brazilian Legal Amazonia 



the deforestation detection based on PALSAR ScanSAR 
segments.   

Regarding to the relieve effect, based on the digital 
elevation model from SRTM data (90m), the study site is 
relatively flat, with 48% of the area having slope values under 
5% (average slope of 7.55%, with variance of 50%, and 
maximum of 69%). PALSAR ScanSAR segments identified as 
recent deforestation but corresponded to Forest class at 
PRODES mapping, presented slope values of approximately 
20%, and preferential east-facing slope (aspect values of about 
87o). For the K&C PALSAR ScanSAR imagery, with 
incidence angle of 27o, the roughness of these small hills were 
observed as brighter values, misleading the recent 
deforestation detection. 

 
Table 1. Recent deforestation segments identified at PALSAR ScanSAR 

images from May 2007 to August 2008, compared to PRODES 2009 
deforestation mapping 

 PALSAR ScanSAR Segments   PRODES09* 

070528 070713 070828 080113 080530 080830 
D1997 0 1 0 0 1 1 
D2000 0 1 0 0 0 0 
D2003 0 0 0 0 1 0 
D2004 1 0 0 0 0 0 
D2005 1 0 0 0 0 0 
D2006 0 0 0 0 0 1 
D2007 21 36 33 5 0 2 
D2008 5 7 7 2 14 39 
D2009 2 2 2 0 1 16 

FOREST 13 34 18 8 11 30 
TOTAL 43 81 60 15 28 89 

% Deforest 69.77 58.02 70.00 46.67 60.71 66.29 
%  Forest 30.23 41.98 30.00 53.33 39.29 33.71 

(*) PRODES classes are associated to the year when first the clear-cut area was 
mapped. 

 
The rainy season in the study area takes places from 

November to June [16], when deforestation activity is 
generally less intense, and at the same time, the deforestation 
backscatter became less distinctive in the radar scene. The 
primary physical property that affects the microwave 
measurement is directly dependent on the amount of water 
present in the soil: increasing the moisture level in the surface, 
generally improve the backscattering coefficients, independent 
of the land cover. High values of moisture (field capacity 
higher than 100%) do not allow the discrimination between 
bare soil, pasture and field crops [17].  These factors explain 
the minor performance for January 2008. 

Even tough, the total number of PALSAR ScanSAR 
segments was comparable to DETER warning for each month, 
there are differences in the detection time between ScanSAR 
imagery and DETER warnings (Table 2 and Table 3). 
Considering monthly DETER warnings as reference for the 
temporal ability of ScanSAR to detect recent deforestation, 
single ScanSAR images showed to be more conservative in 
detecting recent deforestation than DETER deforestation 
warnings for the same month (Table 2 and Table 3). At 
DETER, any change in the forest cover identifiable at MODIS 
imagery in a month period, not mapped by PRODES in the 
previous year, is considered an Alert. Eventually, some Alert 
was already issued, and at the same time, the cloud cover can 
preclude forest conversion for a couple of months. This can 

explain the differences between ScanSAR segments and 
DETER deforestation warnings polygons. Taking May 2007 
as example (Table 2), only seven PALSAR ScanSAR 
segments were corresponding to May DETER warnings (15 
deforestation warnings polygons), the others segments were 
detected by DETER in June and July. As previously described, 
after the clear-cut, the radar backscattering of deforested areas 
can evolve to darker signatures, closer to forest response, 
indistinct in a single PALSAR ScanSAR image. 

  
Table 2. Recent deforestation segments identified at PALSAR ScanSAR 

images from May 2007 to August 2008, compared to monthly DETER 2007 
deforestation warnings.  

   PALSAR ScanSAR Segments 
 DETER07 070528 070713 070828 080113 080530 080830 Total 

May 15 7 6 2 0 0 0 15 
June 40 7 8 6 5 1 2 29 
July 27 2 12 8 2 0 1 25 

August 13 0 1 2 0 0 0 3 
September 12 0 0 0 0 0 0 0 

October 5 0 0 1 0 0 0 1 
TOTAL 112 16 27 19 7 1 3 73 
 

Table 3. Recent deforestation segments identified at PALSAR ScanSAR 
images from May 2007 to August 2008, compared to monthly DETER 2008 

deforestation warnings.  
   PALSAR ScanSAR Segments 
 DETER08 070528 070713 070828 080113 080530 080830 Total 

May 9 1 0 0 0 8 17 26 
June 22 0 2 0 1 9 13 25 
July 18 0 0 0 0 1 6 7 

August 29 0 0 1 0 0 11 12 
September 1 0 0 0 0 1 0 1 

October 68 1 1 2 0 0 8 12 
November 6 1 0 0 0 0 0 1 

TOTAL 153 3 3 3 1 19 55 84 
 

Considering the multi-temporal color composition for 
image segmentation and classification for 2008 image 
composition 2008-08-30 (R), 2008-05-30 (G), 2008-01-13 
(B), PALSAR ScanSAR recent deforestation segments 
presented an agreement of 83% with PRODES deforestation 
mapping (Figure 3, Table 4). Half of PALSAR ScanSAR 
segments mapped by PRODES as Forest was consistent to 
DETER warnings, increasing to 92% of correct deforestation 
detection by PALSAR. Also, 25 polygons identified as 
PALSAR ScanSAR 2008 recent deforestation segments can be 
related to forest degradation, since they were mapped as 
D2009 by PRODES.  

 
Table 4. Recent deforestation segments identified at PALSAR ScanSAR 

composition 2008-08-30 (R), 2008-05-30 (G), 2008-01-13 (B), compared to 
PRODES 2009 deforestation mapping. 
 PRODES09* PALSAR ScanSAR 

Segments 2008 
D1997 2 
D2000 0 
D2003 0 
D2004 1 
D2005 0 
D2006 3 
D2007 5 
D2008 34 
D2009 25 

FOREST 14 
TOTAL 84 

% Deforest 83.33 



%  Forest 16.67 
(*) PRODES classes are associated to the year when first the clear-cut area was mapped.  

 

 

a)     b)  
 Figure 3. Recent deforestation segments over (a)ALOS PALSAR ScanSAR composition 2008-08-30 (R), 2008-05-30 (G), 2008-01-13 (B), and (b) PRODES 

2009 mapping for a detail area of the study site.  
 

 
Comparing to DETER warnings, the multi-temporal 

PALSAR ScanSAR recent deforestation classification 
identified fewer polygons than DETER (Table 5).  Analyzing 
DETER warnings that were not detected by PALSAR 
ScanSAR procedure for the same time period (May to 
August), it was observed that 38% of DETER warnings were 
not detected by PALSAR ScanSAR classification (Table 6). 
However, in terms of deforestation area, 84% of deforestation 
was identified with PALSAR ScanSAR classification. 
Deforestation segments with area smaller than 1 km2 were not 
detected with the proposed procedure, what is in agreement 
with the average area of segments corresponded to Forest class 
at PRODES mapping (false positive) described earlier.        

 
Table 5. Recent deforestation segments identified at PALSAR ScanSAR 

composition 2008-08-30 (R), 2008-05-30 (G), 2008-01-13 (B), compared to 
monthly DETER 2008 deforestation warnings.  

 DETER08 
PALSAR ScanSAR 

Segments 2008  
May 9 4 

June 22 13 
July 18 14 

August 29 25 
September 1 2 

October 68 5 
November 6 0 

TOTAL 153 63 
 

Table 6. DETER 2008 deforestation warnings (May to August) compared to 
PALSAR ScanSAR recent deforestation segments. 

DETER Warnings 2008 (May-Aug) 
Number of 
polygons Area (km2) DETER Warnings 

Total % Total % Average 
Scansar Segments 48 61.53 153.74 84.03 3.20 

NO Scansar Segments 30 38.46 29.20 15.96 0.97 
Study Area 78  182.95  2.34 

 

In addition, during the identification of recent 
deforestation in the PALSAR ScanSAR multi-data colour 
composition, there were differences in backscattering values 
for some regions clearly associated to local soil moisture 
variation from local precipitation, and flooded areas along 
rivers, similar to recent deforestation backscattering values. 
The intense local variability in precipitation and the absence of 
sufficient meteorological stations to cover the Amazon make 
difficult to propose an automated solution to discriminate 
these moisture variation features from recent deforestation 
areas. However, a semi-automated procedure, as proposed at 
this work for segment classification minimizes the local 
precipitation effect. 

 
ALOS PALSAR K&C ScanSAR time series x PRODES  

For the study site, PRODES 2009 deforestation map was 
used as reference to monitor the evolution of deforestation 
backscattering pattern along ALOS PALSAR ScanSAR 
images from January 2009 up to August 2010. 

 We evaluated the mean backscatter (average of the digital 
numbers after the methodology described earlier) of PRODES 
deforestation polygons larger than 25 ha (compatible to the 
detection limit of  DETER), and some forest samples. From an 
ordinary rank of deforestation and forest polygons response 
(Figure 4) most of deforestation areas were similar to forest 
for every ScanSAR image (DN average from 140 to 180). 
However, some deforestation polygons were darker than forest 
(DN < 130), and brighter then forest (DN > 180).  

We observed the deforestation evolution over this 
PALSAR time-series, computing the mean digital number of 
PRODES2009 polygons, no rmalized by the response of 
homogeneous forest samples. PRODES2009 polygons with 
backscatter values higher than forest in the first date 
(09/11/04) are presented in Figure 5. PRODES2009 polygons 
with backscatter similar to forest in the first date (09/11/04) 

• P
ará 



are presented in Figure 6. And finally, PRODES2009 
polygons with backscatter values lower than forest in the last 
date (10/08/07) are presented in Figure 7.  

  

F
igure 4. Ranking of PRODES2009 polygons according to PALSAR ScanSAR 
backscatter value (Digital Numbers) related to images acquired in 09/11/04, 

10/01/18, 10/04/20, 10/07/21 and 10/08/07. 
 

 
Figure 5. PALSAR ScanSAR backscatter value (Digital Numbers) related to 
images acquired in 09/11/04, 10/01/18, 10/04/20, 10/07/21 and 10/08/07 for 

the 30 brightest PRODES2009 polygons, normalized by forest signal. 
 
Recent deforestation exhibits a brighter L-band HH 

backscattering coefficient compared to mature or older 
secondary forest (Figure 5). This pattern is associated with the 
felling of the taller trees, the trunks of which are left lying on 
the ground, and these produce a strong double bounce 
scattering response.  The moisture content of the vegetation 
may also contribute to the relative magnitude of the response. 
However, as the trunks are removed and the deforested areas 
become progressively drier, the L-band HH backscatter 
similarly decreases until the deforested areas support a 
backscatter equivalent to the forest areas and can no longer be 
discriminated (Figure 6). This change in the backscattering 
pattern occurs over a period of approximately 5 months, with 
the rate depending upon the ground moisture variation as a 
function of season and also rates of regrowth if this is allowed 

to occur. Subsequently, and often within a year, many of these 
areas are converted to pasture or agriculture and the L-band 
HH backscatter reduces further such that they again become 
distinguishable from forest (Figure 7).  

 

 
Figure 6. PALSAR ScanSAR backscatter value (Digital Numbers) related to 
images acquired in 09/11/04, 10/01/18, 10/04/20, 10/07/21 and 10/08/07 for 
the 30 PRODES2009 indistinct from forest in 09/11/04, normalized by forest 

signal. 

 
Figure 7. PALSAR ScanSAR backscatter value (Digital Numbers) related to 
images acquired in 09/11/04, 10/01/18, 10/04/20, 10/07/21 and 10/08/07 for 

the 30 darkest PRODES2009 polygons in 10/08/07, normalized by forest 
signal. 

 
ALOS PALSAR K&C ScanSAR – Fieldwork 

 Following the BR-163 road from the municipalities of 
Santarém to Novo Progresso (Pará) the fieldwork was held on 
September 13th to 24th, 2010. Different land cover were 
registered as well as deforestation areas identified at 
PRODES2009 and DETER. The correspondent photographic 
records are available at INPE´s photo-library  
(http://www.obt.inpe.br/fototeca/fototeca.html, reference: 
2010-Cenários/Santarém).   Most of the new deforested areas 
selected from ALOS PALSAR ScanSAR multi-temporal color 
composition classification could not be observed because they 
were inaccessible by roads.  

Some of features identified in the field were selected to 
illustrate the patterns from PALSAR ScanSAR multi-temporal 
color composition. Areas with agricultural activities are 



clearly identified because of the land cover dynamic from the 
crop seasonality (Figure 8). 

  
 

Figure 8. PALSAR ScanSAR colour composition 10/01/08 (B), 10/04/20 (G), 
10/07/21(R) and ground information. Extensive areas of grain production in 

Belterra municipality.   
Generally, areas of pasture are more stable than agriculture 

ones, and in the multi-temporal colour composition will 
present dark patterns of gray scale for extensive areas 
(Figure 9). Recent deforestation areas are usually identified 
because of its brighter backscattering, and in the multi-
temporal colour composition are related to light reddish 
patterns (Figure 10 ).  

 
 
Figure 9. PALSAR ScanSAR colour composition 09/11/04 (B), 10/02/04 (G), 
10/08/07(R) and ground information. Extensive areas of grain production in 

next to BR-163 highway. 
 

Finally, a detail about the influence of hilly surface is 
presented in Figure 11, where the relief is not flat and in some 
cases, it can present rocky outcrops, resulting in double 
bounce and saturate pattern in multi-temporal color 
compositions.      

 

 
 

Figure 10. PALSAR ScanSAR colour composition 10/01/08 (B), 10/04/20 
(G), 10/07/21(R) and ground information. New deforestation area identified at 

Itaituba municipality. 
 

 
Figure 11. PALSAR ScanSAR colour composition 10/01/08 (B), 10/04/20 

(G), 10/07/21(R) and ground information. Effect of relief at Novo Progresso 
municipality. 
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IV. FINAL REMARKS  
The ALOS K&C Initiative provided the opportunity to 
consider the use of SAR data within the Brazilian forest 
monitoring system, particularly given the high persistence of 
cloud in the Amazon region.  The provision of these data on a 
regular basis has allowed operational procedures for L-band 
detection of deforestation to be developed. 

The results obtained so far indicate that ALOS PALSAR 
imagery has a potential to detect only part of the deforestation 
polygons that are normally published as deforestation alerts. 
However, as the deforestation detection has to be operational 
and expedited, we need an uncomplicated approach, based on 
ScanSAR – HH polarization, multi-temporal data.  

The proposed method provides an automated and optimized 
processing of ALOS PALSAR K&C ScanSAR HH 
polarization data. It allows efficient extraction of segments and 
subsequent identification of recent deforestation.  80 % of areas 
associated with degradation identified by DETER were 
mapped using the ScanSAR, with areas larger than 1 km and 
associated with early degradation stages and clear cuts more 
readily identified.   

The use of multi-temporal ScanSAR data within DETER 
and PRODES is therefore advocated, largely because the 
problems associated with cloud cover are avoided and early 
forest degradation can be detected prior to clear cutting.   The 
ScanSAR data would also contribute to the generation of 
deforestation warnings, thereby increasing ability to control 
deforestation on the ground.  For this purpose, the radar 
database and image processing should be further integrated into 
the TerraAmazon system, which is a computational platform 
based on open source TerraLib technology [18].  This allows 
use of imagery from multiple dates and sensors, sharing of 
tasks relating to image analysis and classification and 
systematising the Amazon deforestation satellite monitoring 
database to operate DETER and PRODES. 

The integration of ScanSAR data within a forest monitoring 
systems should be straightforward as the image database and 
computational frameworks are in place.  However, research 
needs to be undertaken to develop methods that reduce the 
impact of topography, seasonal flooding and variations in 
surface moisture, with these considering detailed digital 
elevation models to compensate for terrain effects and 
meteorological data from satellites to adjust for moisture 
variations.    Methods for automated classification and change 
detection also need to be advanced.     

The combination of spatial resolution (100 m), image swath 
(350 km) and acquisition frequency (45 days, 8 orbits/year) 
makes PALSAR ScanSAR HH polarization the better choice to 
support the DETER system, at least in this development stage. 
However, as suggested by related works, HV polarization is 
more sensitive to changes in biomass [19] and more useful for 
differentiating forest structural stages from other land cover 
classes [4]. These data should therefore be considered further 
for detecting deforestation.  To detect deforestation areas 
smaller than 1 km2, finer spatial resolution images from 
PALSAR, as Fine Beam Single (FDS, 10m) or Dual 
polarization (FDB, 20m) mode could also be used as an 
additional source of information for detecting deforestation or 
to validate the ScanSAR classification.    

Another benefit from being part of ALOS K&C Initiative 
and conduct this project, it the construction of a radar culture, 
not only at the scientific level, but also in an operational basis 
with implications on the public awareness about the 
technological capability of remotely sensed monitoring of the 
deforestation process in Brazil. This is especially important 
considering that the Brazilian Spatial Program is planning to 
develop radar sensors onboard of Brazilian satellites in the next 
decade.   
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Abstract. This paper describes the operational radar mapping processing chain developed and 
steps taken to produce a provisional wide-area PALSAR forest and land cover map of Borneo 
for the year 2007, compliant with emerging international standards (CEOS guidelines, FAO 
LCCS). The methodology is based on the classification of FBS and FBD image pairs. To 
cover Borneo the equivalent of 554 standard images is required. The final overall accuracy 
assessment result shows this demonstration map product is in 85.5% full agreement with the 
independent reference dataset and in 7.8% ‘partial agreement’. 
Monitoring land cover change on an annual basis requires consistent year-to-year mapping. 
This implies that the localised and temporal effects of environmental factors on the 
backscatter level (such as inundation or El Niño drought) and variation due to differing 
observation dates/cycles (related to change of season) have to be accounted for strip by strip.  
New concepts for (a) automated intercalibration of radar data, (b) time-consistency and (c) 
automated adaptation of radar signatures to changing environmental conditions have been 
evaluated for its usefulness to improve the classification and the consistency of annual 
monitoring. 
 
I. INTRODUCTION 
 
Worldwide concern about global climate change driven by increasing greenhouse gas (GHG) 
emissions is growing. Land cover change, including deforestation, plays a significant role as it 
was estimated to represent 20% of global annual CO2 emissions in the 90’s [1, 2], while 
recent studies show a decrease to 12.5% in the last decade [2].  Consequently, measures are 
taken to reduce emissions from land cover change. For example, the EC and several countries 
(such as The Netherlands, the UK, Belgium and Germany) require compliance with 
sustainability criteria for the production of biofuels and bioliquids [3]. Specific references are 
made to land cover in such schemes. For example, the EU Renewable Energy Directive [4] 
excludes areas with high carbon stocks, including forests and wetlands, for the production of 
biofuels and bioliquids. In addition, agreements are being negotiated under the UN 
Framework Convention on Climate Change (UNFCCC) to compensate tropical forest 
countries for Reduced Emissions from Deforestation and forest Degradation [5].  
 
The availability of credible and regularly updated spatial information on forest and land 
use/cover (change) at the local to national levels will be a precondition for successful 
implementation of the abovementioned initiatives. Such information is currently not readily 
and consistently available in most tropical forest regions. Satellite observations will play a 
key role to help objectively measure forest, land cover, and biomass changes.  
 
Persistent cloud cover in tropical rain forest areas severely limits the practical use of optical 
satellite observation [6, 7]. This is especially true when systematic annual wall-to-wall 
coverage or fast response over ‘hot spot’ areas is pursued. Radar (or SAR) does not have this 
limitation. Besides looking through clouds, smoke and haze, radar is capable to look inside 



and below the forest canopy, revealing unique information related to wetland ecosystem 
features, hydrology and biomass.  
The classification of (L-band) radar images is hard in comparison to optical images. The radar 
return signal not only depends on the upper canopy or bare soil characteristics (like in optical 
systems) but is also sensitive to bio-physical characteristics such as biomass, flooding under a 
closed canopy, and soil moisture. The sensitivity to a larger number of terrain parameters 
gives rise to more ambiguities in the interpretation of radar images. This problem can be 
mitigated by using time series of radar observation or by using additional (historical) optical 
data. 
 
The Kyoto & Carbon (K&C) Initiative was initiated by the Japanese Space Exploration 
Agency (JAXA) Earth Observation Research and Applications Centre (EORC) in 2000, to 
support environmental conventions, carbon cycle science and natural conservation, with 
information that cannot be obtained in a feasible manner by any other means [8, 9]. Relevant 
to the establishment of the K&C Initiative is the unique suitability of ALOS PALSAR to 
support acquisition of the type of regional-scale information needed, given the L-band SAR 
sensitivity to vegetation structure and inundation, and the microwave cloud-penetrating 
capacity to ensure global observations. The K&C Initiative aims to provide (1) systematic 
global observations and consistent data archives, and (2) derived and verified thematic 
products. The PALSAR observation strategy has been designed to provide consistent wall-to-
wall observations at fine resolution of almost all land areas on Earth on a repetitive basis, in a 
manner which has earlier been conceived only for coarse- and medium-resolution instruments 
[8, 9].  
 
The prototype area for demonstrating the PALSAR wide-area forest and land cover mapping 
methodology is the island of Borneo in South East Asia. Borneo is the third largest island in 
the world and covers approximately 750,000 km2.  Almost three quarters of the island is part 
of Indonesia (Kalimantan), with the remainder covered by Malaysia (Sarawak and Sabah) and 
Brunei Darussalam. Borneo was almost entirely covered by tropical evergreen broadleaved 
forest until the 1950s. Intensive logging of predominant commercial Dipterocarp species and 
conversion to cropland, oil palm and timber plantations has reduced forest cover significantly. 
Other major natural vegetation types include [10, 11]: peat swamp forests, which are found in 
the coastal and sub-coastal lowlands, freshwater swamps along rivers inland, and mangrove 
forests in the coastal plains. 
 
The main objective of this paper is to summarise progress made during the second phase of 
the K&C Initiative with a focus on the methodologies for wide-area mapping (section 2) and 
wide-area monitoring (section 3) and the prototype area Borneo. Some results for consistent 
time series mapping are discussed in section 4. Ad hoc results for other areas, including 
Sumatra, Papua and the Amazon, and other product types, such as inundation or biomass 
maps, will not be addressed here. An outlook for further development is presented in section 
5. The wide-area mapping methodology and the validation of the 2007 Borneo map has been 
published already [12]. For completeness of understanding this methodology will be 
summarised (section 2) and extended (section 3) to a framework methodology for handling 
annual and consistent wide-area time-series.  
 
II. WIDE AREA MAPPING 
 
A. Summary of wide area mapping methodology 
 
Input data 



PALSAR is operated in one mode only during a cycle of 46 days [8]. The default mode 
changes for ascending passes, while descending passes are always acquired in ScanSAR mode 
(Table 1). Path images (or strip data) constitute the basic input data for all products to be 
generated within the K&C Initiative. Path images are extended images, which may extend to 
several thousands of km in length (Table 1). For Borneo, for 2007, Fine-Beam data are 
acquired in cycle 9 (FBS) and cycle 13 (FBD), coinciding with the wet and dry season, 
respectively. The methodology presented in [13, 12] is based on the classification of FBS-
FBD image pairs.  
 
Table 1. PALSAR radar default observation modes and K&C path product characteristics. 

Mode FBS FBD ScanSAR 
 Polarization HH HH+HV HH 
 Incidence angle range 36.6°~40.9° 36.6°~40.9° 18.1°~43.0° 
 Swath width 70 km 70 km 360 km 
 Resolution (4 looks) 10 m 20 m ~100 m 
 Pass designation Ascending Ascending Descending 
 Coverage Global Global Regional /Global 
K&C slant range path images: 
   Nominal pixel spacing 52x35 m 52x70 m 40x70 m 
   Number of looks 64 64 12~20 

 
 
A wall-to-wall coverage of Borneo in Fine-Beam mode requires 277 standard images (or 22 
strip images) collected in 22 passes. Ideally, to reach the optimum spatio-temporal 
homogeneity, all data should be collected within one cycle. In practice, because of technical 
reasons not discussed here, only 70-80% of the desired radar images actually become 
available. In many instances missing data can be replaced by data from an adjacent cycle. 
Since replacement data reduce the spatio-temporal homogeneity this should be done with 
care. The time structure within one cycle is such that the time elapsed between observations 
of adjacent strips is 17 days or 29 days. The time laps are an inherent feature of any mosaic 
and these have to be dealt with carefully within classification procedures. 
 
Processing chain 
The processing chain consists of three blocks sub-divided in eleven steps, as illustrated in 
Fig.1.  It starts with the selection of radar data, geometric and radiometric pre-processing 
steps, and further preparations for the thematic classification process (the pre-processing 
block). Next, radar path images are classified, labeled and the resulting maps are validated 
(the classification block). Finally, the classified path images are mosaicked by processing the 
areas of overlap and tiled into the final map sheets (the mosaicking block).  
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Figure 1. Basic elements of the processing chain for wide-area radar mapping. 
 
Data preparation (steps 1-5) 
K&C strip images may suffer from substantial radiometric deformation. For some strips the 
values fall-off in the near range, for other strips in the far range. Very often the brightness 
varies in azimuth direction. To allow classification of the Borneo 2007 strips these errors have 
been estimated and corrected strip by strip using ad-hoc procedures. Handling multi-annual 
data series requires a more systematic approach which will be discussed in section 3. 
  
For radar orthorectification the software package of Gamma Remote Sensing [14] is used 
together with the SRTM-4 DEM. Slope steepness and slope orientation maps are created as 
auxiliary output layers. Using the WGS84 datum, the strips are projected as an unprotected 
map with latitude and longitude (or Equiangular map projection), which is convenient for near 
equator latitudes. The geo-location accuracy of the final product depends on the quality of the 
DEM. For flat areas and Fine-Beam mode this accuracy is 9.3 m, with a standard deviation of 
5 m [15, 16]. 
 
Auxiliary spatial information layers can be used as a priori information to constrain the 
classification process.   The ocean mask, for example, is used to limit classification to the land 
surface. The lowland mask (experimentally selected as < 50m amsl) indicates the area where 
wetland classes are likely to occur. The mangrove mask is made by visual inspection of the 
FBS-FBD radar mosaic. These areas have typical drainage patterns and backscatter levels and 
are easily recognized. This mask is helpful to avoid confusion created by the similarity of 
radar backscatter levels for nipah and recently deforested areas. When handling multi-annual 
data series the possibilities to handle such ambiguities are much better (see section 3). 
 
Slope correction (step 4) 
Backscatter of terrain is modulated by the surface geometry of hills and mountains. This 
modulation is a function of slope steepness, slope orientation and the scattering mechanism of 
the terrain. Several approaches for radiometric slope corrections can be found in literature. 
These approaches differ in the physical description of the backscatter mechanism. In our 
approach the terrain is assumed to behave as an opaque isotropic volume scatterer. This 
assumption seems appropriate for Borneo, where most slopes are covered by (dense) forest. 
Test results for an area almost completely covered by dense forest confirm this assumption as 
demonstrated in [12].  



 
Classification steps (steps 6-9) 
Several approaches for continental scale mapping (and monitoring) have been tested. A 
literature review and comparison of techniques is presented in [13]. It was found that the most 
promising and most accurate approach is a Bayesian approach based on (supervised and/or 
unsupervised) mixture modeling followed by Markov Random Field (MRF) classification. 
This approach has been validated successfully on agricultural areas in Europe [13]. The 
unsupervised approach is ideal for the complex and heterogeneous landscapes encountered in 
the tropics, where ground truth is often very limited or missing, and where a rigid overview of 
the bio-physical characteristics and dynamics of the terrain is often lacking. The basic 
principles are simple. The feature space of the radar data set is analyzed and divided (or 
segmented) in statistical clusters following certain criteria. In case the complexity of the 
terrain is not well-known the optimum number of clusters can be computed from the so-called 
Bayesian Information Criterion or BIC. One or more clusters can be assigned to a single 
thematic class on the basis of field data and/or physical considerations. Additional ground 
data collection may be needed in case clusters can not be identified. 
 
The challenges for wide area mapping of heterogeneous landscapes are substantially larger 
than for localized areas. The (wide) area is covered by images of many different dates, which 
are constrained within 46-days cycles as much as possible.  However, even within this short 
time span backscatter differences between adjacent strips may occur (caused by factors such 
as flooding, logging or fire). Moreover, local differences, for example run-off differences 
between watersheds, may result in additional complexity. This means that clusters found in 
different radar images may have different statistics, even though they belong to the same 
thematic class. Radiometric error increases this problem. Another complication is the large 
variation in landscapes, the various degrees of forest disturbance and degradation, and the 
wide spread of crop cultivation (such as oil palm, and rice paddy) and presence of severely 
degraded wastelands. Hence, within our methodology, an overall legend should be 
constructed from an analysis of clusters of local mixture models created for many 
characteristic zones in Borneo. The resulting legend is mainly based on the radar data, i.e. on 
what the radar can differentiate. A validation study using a fully independent set of reference 
data should confirm the appropriateness of this radar legend, and provide a means to translate 
(or aggregate) the classification results into a map compliant with FAO Land Cover 
Classification System (LCCS) standards. 
 
The adapted approach consists of the following four steps: (1) Stratification of the area in a 
number of landscape types, each comprising a number of typical land cover types; (2) 
Selection of representative sub-areas within each landscape for a fair number of radar strips; 
(3) Selection and provisional labeling of representative clusters; (4) Analysis of selected 
clusters. The selected clusters are evaluated for statistical consistency (i.e. similarly labeled 
clusters should be close in feature space), completeness (the clusters should give a description 
of feature space, i.e. without leaving large areas unidentified) and physical consistency 
(relative position of clusters in feature space should have a physical meaning). 
 
Because of the aggregation of clusters from different strips (i.e. observations at different times 
and additional radiometric unbalance as compared to a single strip) the aggregate is larger 
than it would be for clusters from a single strip. Consequently, wide area mapping results in a 
certain decrease of thematic detail. For multi-annual data sets this problem can be mitigated 
(see section 3). It should be noted that the cluster aggregate not necessarily should have to 
contain unsupervised clusters only. When good ground truth is (or becomes) available many 
clusters equally well could be obtained (or replaced) from supervised delineation of training 



areas. Cluster aggregates are the basis of the thematic classification. After evaluation of the 
thematic map individual clusters could be removed, added or re-labeled. This procedure is 
iterative: validation or additional/better ground truth may lead to improved tuning and a 
revision of the map. 
 
For multi-annual data sets the above-mentioned procedure for legend development, notably 
step 3, i.e. the selection and provisional labeling of representative clusters, can be improved 
significantly by analysis of the temporal change of the statistics of the clusters of 
representative areas and incorporating knowledge on the dynamics of land cover change and 
dynamics of environmental factors such as inundation and drought (see section 3). 
 
Mosaicking approach (steps 10-11) 
Mosaicking takes place after classification. The classification of pixels in the overlap regions 
may differ because of small differences in observation date(s) and residual radiometric error. 
Within the Bayesian approach applied, the posterior likelihood for all classes are available 
and a single classification can be constructed according certain (Bayesian) criteria, resulting 
in a seamless map for those areas where real changes (like flooding, cutting, or fire) did not 
take place.  
 
B. Borneo 2007 map and validation procedure 
 
The provisional PALSAR map of Borneo for the year 2007 (Fig.2) has an LCCS-compatible 
legend with 18 land cover classes including seven forest types, two woodland types, two 
shrubland types, two grassland types and three anthropogenic vegetation types (Table 2). A 
more elaborate description of this legend as well as qualitative validation results (from 
comparison with other maps, with other legends) and quantitative validation results (from 
Landsat, Quickbird and IKONOS images, acquired in the same year 2007) are reported in 
[12]. It should be noted that many classes form continua along a biomass and/or wetness 
gradient. These ranges are arbitrarily split in a number of classes. In this context, partial 
agreement is defined as confusion with an adjacent class along a continuum, with a fairly 
similar biophysical characterization. The final overall accuracy assessment result showed that 
this demonstration map product is in 85.5% full agreement with an independent reference 
dataset and in 7.8% ‘partial agreement’. The accuracy achieved is widely considered 
adequate, a very promising result for a sub-continental high resolution map based on just 
single-year radar data. 
 

 Lowland forest  
 Riverine forest  
 Swamp forest  
 Mangrove forest  
 Nipah mangrove forest  
 Peat swamp pole forest  
 Peat swamp / Riverine shrub  
 Forest mosaics 
 High shrub  
 Medium shrub  
 Ferns / grass 
 Grasslands 
 Cropland (upland) 
 Cropland (irrigated) 
 Plantations 
 Tree cover, burnt 
 Water bodies  
 Layover /Shadow 
 No strip coverage 
 Mountain forest 

 
Table 2. Legend for PALSAR map of Borneo. 
 



 
 
Figure 2. Overview thematic map of Borneo, 2007, derived from FBS and FBD PALSAR 
strip data (Legend: Table 2). Input PALSAR data courtesy: ALOS K&C © JAXA/METI. 
 
C. Single year classifications of 2007, 2008 and 2009 
 
The legend developed for the Borneo 2007 map and its associated class statistics, in principle, 
can be applied in a straightforward manner to the 2008 and 2009 radar data sets. After careful 
calibration and intercalibration (to be discussed in section 3) the map series shown in Figure 3 
emerges. Although gross features are identical and processes of deforestation are captured 
fairly well, careful inspection reveals inconsistencies which apparently result from local 
changes in class statistics, notably in the El Niño year 2009. These changes can be caused by 
environmental factors such as drought and inundation and will be discussed in the next 
section. 
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Figure 3. After careful calibration and intercalibration of the 2007, 2008 and 2009 data sets 
and straightforward application of the statistics associated with the legend developed for the 
Borneo 2007 map, corresponding 50 m resolution maps for the years 2008 and 2009 have 
been produced. Input PALSAR data courtesy: ALOS K&C © JAXA/METI. 
 
III. CONSISTENT TIME SERIES 
 
Structure of section 3 
In this section (A) the general approach to handling time series, (B) physical background, (C) 
details of the processing steps and (D) modelling results are discussed. 
 
A. General approach 
 
Monitoring land cover change on an annual basis requires consistent year-to-year mapping. 
This implies that the localised and temporal effects of environmental factors on the 
backscatter level (such as inundation or El Niño drought) and variation due to differing 
observation dates/cycles (related to change of season) have to be accounted for strip by strip.  
The approach is based on the availability of sufficiently long radar time-series for a wide area. 
Such a series ideally should provide sufficient information to detect ‘within-class’ variation of 
backscatter levels and to deduce its physical cause. 
In Borneo the weather conditions in the years 2007 and 2008 have been “average” and 
relatively wet. The year 2009 has been “dry” because of a moderate El Niño event, which is 
usually more pronounced in the Provinces Central and East Kalimantan.. As such, these three 
years form a good basis to explore the possibilities for a system capable of handling within-
class backscatter variation. 
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Figure 4. Simplified flow chart showing additional steps for automated time-consistent 
classification in relation to the steps already shown for single-year wide area mapping in 
Fig.1. 
 
Flow chart 
Fig.4 shows a simplified flow chart with the additional steps needed for automated time-
consistent classification. The chart is divided in three basic blocks. The first block, the pre-
processing block, has a lot in common with the flow presented in Fig.1 for a single year wide 
area classification. The main difference is that the radiometric calibration should result in 
radar strips not only being of the same level between strips but also between years. This is not 
done anymore in the ad-hoc manner as discussed earlier in section 2, but in an automated way 
to be discussed in more detail hereafter (in paragraph C).  The second block is a library. This 
library contains several types of data of which the maps of class likelihoods of earlier years 
and a legend with associated features in the form of ‘base signatures’ are the most important 
elements. The new concept of base signatures will be elucidated later (in paragraph C). The 
third block is entitled automated time-consistent classification. It entails several new 
approaches to classification such as a ‘pre-classification’ (step 20), an automated estimation 
of (localised in space and time) signature correction or ‘δ-signature’ estimation (step 21), a 
process which simultaneously functions as a temporal filter as well as a change / no-change 
detector (step 22), and the final classification (step 23). These latter steps are also elucidated 
later (in paragraph C), 
 
B. Physical background 
 
The classification of the wide area map is based on the HH and HV radar backscatter level of 
the ‘dry’ season and the HH radar backscatter level of the ‘wet’ season. The underlying 
assumption is that for the whole island of Borneo, and during the entire periods for acquisition 
of FBS and the FBD radar data, these levels are class specific, and only depend on the season 
(i.e. dry or wet).  This assumption may be violated regionally, in parts of strips, notably under 
more extreme conditions such as El Niño periods (which are more severe in Central 
Kalimantan as compared to Sarawak), or when replacement data are used from adjacent 
cycles with dates which may already fall into the dry-wet period transitions. This is illustrated 
in Fig.5. It shows the averaged backscatter for a number of classes over an entire Wide Beam 
scene located in Central Kalimantan for the period November 2006 until December 2007. 



These nine scenes are acquired consecutively with the omission of the July 2007 acquisition. 
The dates with sequence number 5, 6 and 7 are located in the dry season (April-October) and 
the remaining in the wet season (November-March). The upper three curves show land cover 
classes with increased backscatter in the wet season due to increased soil moisture and 
flooding under the canopy. The two lower curves show decreased backscatter in the wet 
season because of partial inundation. The remaining three are fairly stable over the year. The 
characteristics of the first date (which is in the wet season) resemble those of the dry period. 
This is caused by the extension of the dry period in the El Niño year 2006 into November. 
Similarly, the characteristics at the fifth date resemble those of the wet season and indicate a 
prolonged flooding period. Since the FBS and FBD acquisitions are taken in the middle of the 
dry and wet periods they usually have the characteristic levels corresponding to this seasons. 
It can be noticed that the backscatter levels in November 2006 (date 1) correspond well with 
the levels at the end of the next dry period September 2007 (date 7) and that the December 
2006 and 2007 levels (dates 2 and 9, respectively) are fairly similar. During the transition 
period between seasons backscatter levels increase and decrease at class dependent rates. 
These changes are correlated between classes and may be modelled empirically (as will be 
discussed later on).  
 

 
Curve type Land cover type Dates 
     1 20061111 
Solid - triangle Degraded forest 2 20061227 
Dashed - asterisk Burnt forest 3 20070211 
Long dash - plus Swamp forest and woodland 4 20070329 
Dashed - square Mixed forest 5 20070514 
Dots -  cross Mangrove forest 6 20070814 
Solid -  diamond Peat swamp pole forest 7 20070929 
Solid - plus Rice paddy fields 8 20071114 
Long dash - diamond Regularly flooded shrub 9 20071230 

Figure 5. Central Kalimantan, PALSAR Wide Beam time series acquired in nine consecutive 
passes (the dates are shown in the legend; only July 2007 is missing). The three curves in the 
middle show a relatively small temporal backscatter variation for HH-polarisation for the 
classes mixed forest, mangrove forest and peat swamp pole forest. The upper three curves 
show classes with increased backscatter and the lower two curves show classes with 
decreased backscatter in the dry season. Note that 2006 was a very dry year with prolonged 
dry season. Consequently on 11 November 2006 (Date 1) the terrain is still very dry, while on 
14 November 2007 the terrain is already wet and more inundated (Date 8). 
 



C. Details of processing steps 
 
Calibration and intercalibration 
The absolute calibration accuracy of PALSAR standard data is < 0.64 dB [15, 16]. This 
means that data of subsequent years could have a difference in radar backscatter level up to 
0.64 dB (which is fairly large), even though there is no change in land cover or environmental 
conditions.  This shift could result in classification error and the subsequent erroneous 
interpretation as land cover change.  
 
Wide area classification and monitoring requires far more precise calibration. This can be 
achieved by using stable objects as a reference. In our approach this is done by matching the 
radar backscatter level of (closed canopy) forest between strips and between years (this is 
called ‘intercalibration’). It is expected that radar backscatter variation through 
intercalibration, can be limited to a few tenths of a dB, which probably is sufficiently small to 
allow for accurate classification and land cover change detection. 
 
This process is illustrated in Figures 6 and 7. It uses range profiles averaged over land pixels 
and forest pixels (iteratively, from previous classification results). These shapes are analysed 
and processed by cutting of parts in the near and far range, and by flattening the central parts. 
For the flattening, in general, a first order polynomial is sufficient. Subsequently the levels are 
corrected using the stable (Bornean Dipterocarp) forests areas as reference. Small ‘hubs’ at 
the near and far ends of the reduced range window usually fall into overlap regions and are 
removed later in the classification process. In rare cases these areas are needed (when strips 
have poor overlap) and these ‘hubs’ should be corrected in addition. This type of automation 
allows fast processing of large data sets with little (< 0.2 dB) remaining variability between 
strips and years. 

 
a    b 

Figure 6. Range profiles of backscatter averaged over entire strips. A selection of strips from 
Borneo FBS 2009 data are shown ranging from strip RSP412 (left and East) until strip RSP 
418 (right and West) with the near range at the left side of each strip. These figures are 
indicative for the presence of (visual) striping patterns. (a) Original data with black curve 
indicating the mean backscatter values over azimuth lines for all land pixels and green 
showing the mean values for all forest pixels. (b) Idem, after calibration and intercalibration, 
showing a flattening of these black and green curves, notably the green curve. The red arrow 
corresponds to strip RSP416. 
 



  
Figure 7. Borneo FBS 2009 mosaics before (left) and after (right) calibration and 
intercalibration. The red arrow corresponds to the darker strip RSP416 (as shown in Fig.6). 
The mosaics are created by warping near range over far range. The white striping pattern 
which remains after (fully automated) correction are near range pixels in the overlap zone 
which are usually not selected for mapping purposes. Input PALSAR data courtesy: ALOS 
K&C © JAXA/METI. 
 
Concept of differential signatures (step 21) 
For each class a radar signature (S) can be thought of as having a fixed part, the base signature 
(SB) depending on the characteristic ‘average’ structure of a class, and a variable part, the 
differential signature (Sδ). The variable part Sδ is a function of within-class structural 
differences (fS) and environmental factors (fE) such as soil moisture level (ms) or inundation. 
The structural differences are local and refer to objects or parts of objects, such as even-aged 
sections of an oil palm plantation area. The environmental factors are global, i.e. they are 
manifest in an entire image or part of a strip, and affect multiple classes simultaneously. This 
model for the radar signature of a class can be expressed as follow: 
 

S = SB + Sδ (fS ; fE),         [1] 
 
With: 

S = signature in terms of mean backscatter vector  and covariance 
matrix  (for specific band combinations, e.g. FBS-HH, FBD-HH 
and FBD-HV) 

SB = base signature related to characteristic ‘average’ class structure 
Sδ = differential signature in terms of mean backscatter shift and as 

function of fS and fE 
fS = local (within-class) structural variation 
fE = global (scene averaged) variation due to environmental factors 

 
Techniques are in development to (automatically) estimate the influence of fE on Sδ and apply 
these corrections on the class signatures SB of a whole scene. Accounting for the influence of 
environmental factors in the (multi-temporal) classification process should allow for more 
consistent mapping and monitoring. Several examples will be shown in paragraphs D and E. 
 
Consistent time-series theory (or temporal filter) (step 22) 



In case the Borneo 2007 map is based on 2007 data exclusively and the Borneo 2008 map is 
based on 2008 data exclusively, then errors in the 2007 map and errors in the 2008 map, both 
may result in the erroneous mapping of change. This huge error propagation may be mitigated 
by techniques which do not treat 2007 data and 2008 data as being fully independent. An 
approach with three components is proposed with the following elements which are 
tentatively referred to as: (i) probabilistic normalisation, (ii) land cover change modelling and 
(iii) incorporating spatial extent of change. Mathematically such a process can be described 
by two 17-dimensional vectors (we use 17 primary classes during the classification 
processing; some more classes result from the post-processing steps) and a 17x17 matrix 
(which relates to all possible class changes between the 2007 and 2008 map). 

(i) The first component is probabilistic normalisation. For example, when the 2007 
posterior probability vector (or likelihood vector) for a pixel xi, has the highest 
value for the vector entry associated with class a, then this pixel gets label a in 
2007. However, when in 2008 class b is the most likely one, then a state change to 
label b should be considered. In this case the posterior probabilities of class b in 
2007 and class a in 2008 should also be taken into account. There are three 
possibilities for the 2007-2008 state, namely a→b (as suggested by the individual 
ML classifications), or a→a (no change), or b→b (backward change). An 
estimator for the normalization has been developed. 

(ii) The estimation of changes can be additionally constrained by including the 
likelihood of land cover changes following from locally developed land cover 
change models. 

(iii) A final additional constraint follows from spatial filtering of change conform a 
Markov Random Field process, i.e. a certain change is more likely when many 
neighbouring pixels befall a similar change. 

The first two components have global validity (i.e. they are identical for all pixels) and the 
third component has local significance only (i.e. in the pixel neighbourhood). As a result the 
computation gets very demanding when the third component is included. For the preliminary 
results given in the next paragraph the second component is applied in a very conservative 
way and the third component is not yet included at all. Further increase of computational 
complexity follows from adding additional years. 
 
D. Modelling results 
 
Following the empirical result of Figure 5, the theoretical concept of differential signatures 
and the application of new techniques to estimate the fraction of signature change caused by 
environmental variability, the correlation of such changes can be derived empirically. Figure 
8 shows results for data of Sarawak for a limited number of strips (RSP423-425) and years 
(2007-2009). For example Figure 8a shows the strong correlation with r2=0.90 for FBS-HH 
data between environmentally induced radar signature changes of the classes 2 (riverine 
forest) and 7 (peat swamp padang forest). Also class 6 (peat swamp pole forest) and 9 (high 
shrub) are highly correlated at r2=0.88 (Figure 8b). However, classes 6 and 7 are negatively 
correlated with r2=-0.71 (Figure 8c). Evaluation of all results reveals a correlation structure of 
two groups with high within-group correlation and negative between group correlation. This 
result is in accordance with the empirical finding shown in Figure 5. The group members are 
shown in Table 3. For FBD-HH and for FBD-HV the grouping is different as illustrated by 
the positive correlation r2=0.91 for classes 6 and 7 in FBD-HH (Figure 8d).  
 
 



 
 

 
 
Figure 8abcd. Correlations of differential signatures for several class pairs. 
 
Table 3. Differential signature correlation structure for FBS-HH data. 

 Group 1  Group 2 
2  Riverine Forest 1  Forest 
3  Swamp Forest 6  Peat Swamp Pole Forest 
7  Peat Swamp Padang Forest 8  Secondary Forest 
16  Burnt Peat Swamp Forest 9  High Shrub 
  10 Medium Shrub 
  11 Ferns / Grass 
  12 Alang-Alang 
  13 Dryland Agriculture 
  14 Wetland Agriculture 
  15 Tree Plantation 

 
Another example of the influence of environmental factors is shown in Figure 9. Though all 
data are from the same strip (RSP422) and carefully calibrated and intercalibrated (between 
the years 2007, 2008 and 2009) and, as a result, the forest levels seem to be near identical 
everywhere, the backscatter level of young oil palm plantation areas seems to vary strongly, 
and particularly in the southern part of the strip (in East Kalimantan). The excessive drought 
caused by the 2009 El Niño Central Kalimantan is believed to be the main cause of a 
significant backscatter level decrease. 
 
The example shown in Figure 10 shows that the effects of drought can occur within a short 
time span. A section in Sarawak near along the border of strips RSP424 and RSP425 is shown 



for the years 2007 (Fig.10a) and 2009 (Fig.10b). Again the border is invisible within the 
forest areas. In 2007 the border is prominent in the mangrove area (near centre) while in 2009 
the border is prominent in the young oil palm plantation (near top) and the older oil palm 
plantation (near bottom). The 2007 mangrove example is a special case. This mangrove 
complex is surrounded by peat swamp forests and is located more than 100 km from open sea. 
This may cause specific hydrological conditions which makes this mangrove complex the 
only complex in Borneo frequently showing noticeable backscatter level increases. The sharp 
contrast in the 2009 image is caused by the difference between slightly dry conditions for the 
strip RSP 425 observation (at 19 July) and the very wet condition for the strip RSP 424 
observation (at 17 August). From a simple model describing Sδ (see eq.1) with fE = fE (m), 
where m is a terrain wetness indicator, the results in Table 3 follow. According to this model, 
the FBD observation of RSP424 at 17 August 2009 is taken under very wet terrain conditions 
(m=+3.5) which causes the light brown hues in the young oil palm plantation area. For the 
other observations shown in Table 3 the value of m ranges between +1 and -1.2, which is 
considered to be a typical range of terrain wetness variation. 
 

 
2007     2008    2009 

Figure 9. Oil palm development area in Sarawak (top, 25 x 22 km) and in Central Kalimantan 
(bottom, 36 x 17 km). Colour scheme: FBS-HH, FBD-HH, FBD-HV. Though all data 
originate from the same strip (RSP 422) the plantations in Sarawak maintain fairly stable 
backscatter levels, while in Central Kalimantan they seem to vary from year to year. The latter 
is partly related to the 2009 El Niño drought. Input PALSAR data courtesy: ALOS K&C © 
JAXA/METI. 
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Figure 10ab. A 33km x 52 km section at the border of strips RSP424-425 in Sarawak for the 
years 2007 (left) and 2008 (right). In 2007 the contrast is noticeable in the mangrove area 
(centre image) and in 2009 in the young oil palm plantation (top) and older oil palm 
plantation (bottom). The seam between the RSP424 and RSP425 FBD 2007 strips had to be 
shifted to the right (red dashed line) because of a slightly different (approx. 10 km more 
eastwards) coverage. 
 
Table 3. Results of differential signatures modelling *) using the parameter m as wetness 
indicator.  

 RSP425 m RSP424 m 
2007-FBS 26Feb (cycle 9) 0.1 9Feb (cycle 9) -0.2 
2007-FBD 29Aug (cycle 13) -0.4 12Aug (cycle 13) -1.2 
2009-FBS 3Mar (cycle 25) +0.3 14Feb (cycle 25) -0.1 
2009-FBD 19Jul (cycle 28) +1.0 17Aug (cycle 29) +3.5 
*) version B2D2-A2.2 420-426 

 
IV. TIME SERIES CLASSIFICATION EXAMPLES 
 
A. Examples at two test sites 
 
ALOS PALSAR is well suited to provide accurate and up-to-date information in a consistent 
and repetitive way. In the example shown in Figure 11 radar images of a 25 km wide oil palm 
plantation development area in Sarawak, Insular Malaysia, are shown. The radar images of 
the years 2007, 2008 and 2009 and the associated land cover classification maps show the fast 
conversion of forest and grasslands into new oil palm plantations.  
 
Indonesia and Malaysia are the world’s largest producers of palm oil and both countries have 
promoted rapid expansion of the plantation acreage in the past decade(s). Existing land use 
plans designate large tracts of land as so-called “forestlands” (in Indonesia: “kawasan hutan” 
and in Malaysia: “Permanent Forest Estate”). These forestlands are largely reserved for 
forestry, biodiversity conservation and environmental functions and exclude its use for forest 
plantation. In Borneo, forestlands also comprise vast areas of peat land. Nevertheless, local 
NGO and national government reports indicate that there are numerous cases where oil palm 



concession areas overlap with forest areas and wetlands (such as peat swamp forests) in 
legally protected forestlands. The actual extent of plantation development and associated 
risks, however, are not sufficiently known. This is a major barrier to the implementation of 
sustainable palm oil production and its certification. 
 
The ecological, social and economic impacts of (illicit) forestland conversion are of concern 
to many stakeholders. Palm oil from illicit sources can undermine the credibility of 
certification schemes (such as Roundtable on Sustainable Palm Oil, RSPO) and government 
policies and schemes (such as the Reduced Emissions from Deforestation and Degradation, 
REDD). 
 
A second example is given in Figure 12. This area in Central Kalimantan is covered with 
regenerating peat swamp forest. The peat swamp forests in this area were heavily drained by 
canals which were constructed for the mega-rice project in the period 1996-1997. During the 
severe El Nino drought of 1997 the area was damaged severely by forest fires and (below) 
ground fires. In recent years efforts have been made to restore the ecosystem by blocking 
canals. As a result the forest is regenerating in wet and ‘normal’ years, while in dry years, 
such as in 2006 and 2009, the regeneration is slower or new damage occurs. Since 2006 this 
process can be monitored with PALSAR and since 2009 this area is a GEO-FCT validation 
site (BOR-3) where a REDD project is being implemented. 
 
Several cases of consistent succession stages can be observed in Fig.12a. Overall, the area of 
ferns reduces; grass is replaced by high shrubs; high shrubs by peat swamp forest and a 
(seasonally flooded) area of burnt peat swamp forest changes into riverine shrubs. In Figure 
12b FBD-HV backscatter levels in dB for three areas of change are indicated. These values 
are indicative to the phenomenon that in consistent time series mapping (1) land cover type 
can change even though backscatter levels do not change and (2) backscatter can change even 
though land cover type does not change. In both cases this can be the correct interpretation 
which follows from the change in radar signatures due to local and temporal environmental 
factors 
 
 

   
 

   



 2007    2008    2009 

 
Figure 11. Consistent time-series result (RSP422). ALOS PALSAR is very useful for the 
detection of changes in forest and land cover. The systematic data acquisition strategy 
implemented by JAXA allows annual updates of land cover maps over wide areas, such as 
Borneo island. The purple colour shows the development of oil palm plantations in an 
approximately 25 km wide area in the state of Sarawak, Malaysia. (Top row) radar data with 
same colour coding as in all previous figures; (bottom row) maps in colours according the 
legend shown in Table 2. 
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2007     2008     2009 

Figure 12a. Consistent time-series result for the GEO FCT validation site BOR-3, located in 
strips RSP421-422. This area is covered with regenerating peat swamp forest. Several cases of 
consistent succession stages can be observed. Overall, the area of ferns (olive green) reduces; 
grass (B; yellow) is replaced by high shrubs (brown) and high shrubs (A) by peat swamp 
forest (blue green). In the bottom left (C) a (seasonally flooded) area of burnt peat swamp 
forest (grey) changes into riverine shrubs (cyan). (Top row) radar data with same colour 
coding as in all previous figures; (bottom row) maps in colours according the legend shown in 
Table 2. 
 

-16.1-16.2-16.9C

-17.6-19.1-20.5B

-17.4-18.7-19.1A

200920082007

-16.1-16.2-16.9C

-17.6-19.1-20.5B

-17.4-18.7-19.1A

200920082007

 
Figure 12b. FBD-HV backscatter levels in dB for the 3 areas indicated in Fig.12a. These 
values are indicative to the phenomenon that in consistent time series mapping (1) land cover 



type can change even though backscatter levels do not change and (2) backscatter can change 
even though land cover type does not change. This is a result of the effect of correcting for 
changing environmental conditions in time series analysis. 
 
B. Example of wide-area products 
 
Though the techniques for consistent time series classification are still under development it 
was possible to generate prototype wide area map products for Sarawak.  
Figure 13 shows a forest cover change map for the years 2005, 2007 and 2009. This map is 
based on the combination of a land cover map derived from Landsat 2005 images, the land 
cover maps derived from PALSAR FBS and FBD data of the years 2007, 2008 and 2009 data, 
supporting MODIS data and the map of peatland distribution [ref]. The map shows forest and 
non-forest areas and differentiates between deforestation on peat and deforestation elsewhere. 
The deforestation is shown for the 2005-2007 interval and the 2007-2009 interval. Validation 
is still ongoing. 
Figure 14 shows a biomass stratification map based on the PALSAR 2009 land cover map and 
proxy above-ground dry biomass values measured in Sarawak as found in the literature. 
 

 
 
Figure 13. Forest cover change map of Sarawak for the years 2005, 2007 and 2009. The map 
shows deforestation on peat soil and deforestation elsewhere (both for 2005-2007 and 2007-
2009). Input PALSAR data courtesy: ALOS K&C © JAXA/METI. 
 



 
Figure 14. Biomass stratification for Sarawak based on the 2009 PALSAR land cover map. 
The map shows 15 biomass levels, which are the typical averaged values found in literature 
for the land cover classes mapped. Input PALSAR data courtesy: ALOS K&C © 
JAXA/METI. 
 
 
V. CONCLUSIONS AND OUTLOOK 
A. Results and conclusions 
 
Wide-area mapping 
Wide-area radar mapping in complex tropical rain forest areas faces two main challenges. The 
first is to assess probabilistic descriptions of classes in a sufficiently robust manner to handle 
the variability caused by radiometric error (within and between strips) and variability caused 
by the range of observation dates. The second challenge is the need to cope with a situation 
where ground truth is sparse, often outdated or erroneous. 
A Bayesian approach based on (unsupervised) mixture modeling followed by Markov 
Random Field (MRF) classification has been selected for its suitability and flexibility to deal 
with these circumstances. Slope corrections are necessary. In our approach the terrain is 
assumed to behave as an opaque isotropic volume scatterer. This assumption seems 
appropriate for Borneo, where most slopes are covered by (dense) forest.  
With two observations in Fine-Beam mode (per year) only, it is not possible to capture the 
complex dynamics in certain areas well. This limits the possibility to map agricultural areas 
and wetlands accurately and may be a source of confusion between wetlands, agricultural 
areas and dryland forests. Since many low biomass classes are very dynamic and wetland 
forest classes show seasonal behavior as well as differences due to local variation in 
watershed run-off regime, the additional use of ScanSAR data is highly recommended to 
improve results further. The use of long (multi-year) time-series of ScanSAR data (approx. 
100 m resolution) is expected to yield a more detailed mapping of the various types of peat 
swamp forest. Optical data may provide relevant additional information to improve 



differentiation between primary and secondary forest, which is difficult with the current 2007 
FBS-FBD PALSAR data set.  
The official map of the Ministry of Forestry (MoF) of Kalimantan based on Landsat data 
(acquired until 2005) and the Globcover map of Borneo based on MERIS data have been used 
as reference land cover maps for qualitative comparison. A reference data set was created by 
stratified random sampling of IKONOS and Quickbird images, using Landsat data and 
available local maps as supporting data.  
The overall classification result for the single year 2007 is that 85.5% is in full agreement and 
7.8% in ‘partial agreement’. Only 4.1% is in clear disagreement. Minor confusions add up to 
the remaining 2.6%.  For a wide-area map with a relatively large number of 18 thematic 
classes, using only two radar observations, and considering the time-lags between adjacent 
strips, this result is very promising. For more details see [12]. 
 
Consistent time series 
New concepts for (a) automated intercalibration of radar data, (b) time-consistency and (c) 
automated adaptation of radar signatures to changing environmental conditions have been 
evaluated for its usefulness to improve the classification and the consistency of annual 
monitoring. 
(a) For automated intercalibration range profiles averaged over land pixels and forest pixels 
are made. These shapes are analysed and processed by cutting of poor data parts in the near 
and far range, and by flattening the central parts. This type of automation allows fast 
processing of large data sets with little (< 0.2 dB) remaining variability between strips and 
years. 
(b) Huge error propagation may be mitigated by techniques which do not treat 2007 data and 
2008 data as being fully independent. An approach with three components has been discussed 
with the following elements which are tentatively referred to as: (i) probabilistic 
normalisation, (ii) land cover change modelling and (iii) spatial extent of change.  
(c) An approach has been introduced to describe radar signatures as consisting of a fixed part 
depending on the characteristic ‘average’ structure of a class, and a variable part depending on 
environmental factors such as soil moisture level or inundation. Since environmental factors 
affect many classes simultaneously within a large region within a strip, the strength of such 
factors can be estimated and adaptations to the radar signatures can be made. Several 
examples of the impact of environmental factors have been presented. Accounting for the 
influence of environmental factors in the (multi-temporal) classification process should allow 
for more consistent mapping and monitoring. Several time series examples in peat swamp and 
oil palm plantation development areas have been shown. 
 
B. Outlook to K&C phase 3 
 
The validation of the 2007 Borneo map revealed some weaknesses. It is believed these may 
be mitigated with the development of a more appropriate legend either in terms of class 
description, associated statistics and/or completeness (i.e. by adding missing classes). To this 
aim new field work campaigns have been executed in 2010 in East Kalimantan and in West 
Kalimantan, with a focus on complex and dynamic areas.  Another campaign was executed in 
Harapan forest in Sumatra, one of the new Indonesian GEO-FCT validation sites. More 
campaigns in Borneo are foreseen in the coming two years (2011-2012). The developed 
mapping and monitoring methodologies and future legend development for Borneo may 
benefit similar work in Sumatra and Malaysia equally well because of ecological similarities. 
In an effort to develop generic methodologies, parallel efforts are ongoing in totally different 
eco-regions such as the Guiana Shield, Gabon and New Guinea. An example for Surinam, 
where work commenced in 2010 is shown in Figure 15. 



 

 
Figure 15. PALSAR FBS-FBD 2009-2010 mosaic of Suriname. The mosaic is stretched to 
enhance features of the forest in the interior. As compared to Borneo forest biomass levels are 
substantially lower and, consequently, seasonal variation caused by wetness is more 
pronounced. The coastal region is characterised by the presence of mangroves, swamps, 
marshes and savannas. PALSAR data courtesy: ALOS K&C © JAXA/METI. 
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Abstract— Comparison of FBD imagery with deforested areas 
deduced from land cover maps  in the Sumatran province of Riau 
has shown that both positive and negative changes in HH and HV 
backscatter can be associated with deforestation.  Using the 
ratios of time separated images a detection rate of 60% at 20% 
false alarm rate can be achieved.  Multi-temporal analysis of 
ScanSAR time-series for the same region has found that 
deforestation can best be identified by a relatively high temporal 
standard deviation.  Any attempt to constrain the search to a 
specific temporal deforestation signature reduces the detection 
rate.  At a false alarm rate of 20% the detection rate is 
comparable with FBD results, but the data are complementary 
and can be combined to enhance retrieval to 70%.  Large areas 
of known forest can therefore be rapidly surveyed for evidence of 
deforestation by measuring temporal variability in a ScanSAR 
time-series.  Further analysis using FBD imagery for suspected 
areas can refute or support the findings.  

Index Terms— ALOS PALSAR, K&C Initiative, change 
detection, ScanSAR, tropical deforestation 

I. INTRODUCTION 

A. Phase 2 
 

Tropical deforestation is a major factor in climate change, 
contributing around 20% of the total amount of anthropogenic 
carbon dioxide emissions. The 2009 Copenhagen Climate 
Conference therefore recommended that steps be taken 
towards establishing the Reduction of Emissions from 
Deforestation and Degradation (REDD) mechanism [1, 2], 
which will provide economic incentives for tropical countries 
to preserve their forests.  Yet there is huge uncertainty in the 
estimates of global deforestation rates [3]. Reducing this 
uncertainty is crucial to assessments of global carbon balance 
for climate modeling and harnessing political will for change. 
Crucial to REDD are reliable methods to monitor tropical 
forests; these should also, if possible, provide frequent 
observations so that national authorities can respond quickly 
to illegal logging. The ScanSAR mode of ALOS-PALSAR 
seems ideal for this purpose, since it allows wide area 

coverage every 46 days and is unaffected by the cloud and 
smoke that cause serious problems for optical observations in 
the tropics. Methods to detect deforestation from time-series 
of ScanSAR images have been developed and applied to the 
Riau province of central Sumatra. This area is of global 
significance because much of the forest grows on deep peats, 
whose degradation after deforestation can lead to major 
emissions of carbon dioxide. The temporal signature of 
deforestation is surprisingly varied, and undisturbed forest 
also shows marked temporal variability, probably caused by 
changes in soil water. Hence automatic methods achieve high 
rates of detection of deforestation only at the expense of false 
detections in undisturbed forest. Visual analysis helps with 
this problem, but current results suggest that high levels of 
performance need ScanSAR to be supplemented by less 
frequent cross-polarized PALSAR data.  

B. Scientific findings 
Analysis of ScanSAR time series for the Riau and Jambi 

provinces of Sumatra has shown that deforestation can be 
associated with both positive and negative changes in HH 
backscatter.  It was not possible to clearly identify any time 
signatures for the changes that would improve detection 
characteristics.  The implication is that the response associated 
with deforestation, as deduced from a comparison of the 
available WWF databases, is very variable.  A consequence is 
that the temporal standard deviation is the best measure to use 
for detection and using this we have achieved a detection rate 
of 58% in dry forest and 45% in swampy forest at a false 
alarm rate of 20%. 

 
Analysis of the backscatter ratios between pairs of FBD 

images and comparison with WWF databases has shown that 
positive and negative changes in backscatter can be identified 
for both the HH and HV channels. Each type can associated 
with deforestation deduced from a comparison of WWF land 
cover databases.  A combination of all four types of change 
leads to an overall deforestation detection rate of 60% at a 
false alarm rate of 20%.  However, in swampy forest the 
figure is 70% and in dry forest we obtained 47% for our 
primary sample.  This is the reverse of the situation for the 



multi-temporal analysis where dry forest gave the better 
detection rate.   

 
The ScanSAR HH time-series and dual-polarised FBD data 

contain different information and a fusion of the two types 
results can lead to an enhancement in the detection rate of up 
to 10%.  At a false-alarm rate of 20% the combination of 
ScanSAR and FBD results produces an enhanced overall 
detection rate of ~70%, an improvement over the FBD result 
of ~10%.   

 

II. PROJECT DESCRIPTION 

A. Relevance to the K&C drivers 
 

The key goals of this project are set out in the original 
proposal as follows: 
 
1. Demonstrate that ALOS ScanSAR and FBD HV data 
can successfully detect natural forest cover change in 
Indonesia where cloud and haze hamper natural forest 
monitoring based on optical remote sensing data. 
2. Demonstrate that ALOS data can be used to detect 
key natural forest and land cover types in Indonesia. 
3. Develop software so that ALOS-based monitoring 
can reasonably easily be done in a scientifically robust manner 
at technician level. 
4. Provide the Indonesian and global community with a 
tool to transparently, accurately and frequently track natural 
forest cover change independently of cloud and haze and that 
can be used as a basis for action on biodiversity conservation, 
forest carbon management, etc. 

 
Points 1-3 have been addressed – but methods are limited 

to regions of known forest.  We have developed methods using 
FBD and ScanSAR data and been able to show that both can be 
competitive with standard optical methods in the tropics 
provided the forest cover is known as a prior.   

 

B. Work approach 
 

The initial phase of work was directed towards the use of 
multi-temporal ScanSAR data as a deforestation detection and 
monitoring tool.  Some regions of clearly identifiable 
deforestation could be identified by a sharp increase followed 
by decay in backscatter and considerable effort was devoted 
towards attempting to define signature characteristics as a basis 
for detection.  A comprehensive study of this showed that the 
changes due to deforestation are very variable and best 
detected simply by using the temporal standard deviation.   A 
second phase of study has dealt with identification of 
deforested areas using time-separated FBD images of the same 
scene.  A third area of study has been the combination and 
mutual support of these two types of data. 

 

C. Satellite and ground data 
 

The work has benefited greatly from access to the WWF 2007 
land-cover database for Riau & Jambi [4] and a WWF 2008 
database covering a more restricted region partially 
overlapping the 2007 database.  Both are derived manually 
from Landsat imagery and subject to error partly because of 
the limited availability of suitable data due to obscuration by 
cloud. The work described here was restricted to the primary 
forest area covering the intersection between these databases 
and a ScanSAR scene, “S1”, and is shown in yellow outline as 
region “Y” in figure 1.  The areas of primary forest indicated 
as being lost between the years covered by the databases were 
used as our reference for deforestation.  
 

 

 
Figure 1.  A ScanSAR image of the Riau and Jambi regions of Sumatra 
overlaid by the WWF 2007 land-cover database, shown with a white outline, 
and the WWF 2008 database (coloured green to indicate natural forest and red 
for non-forest areas).  The ScanSAR image, S1, is shown as a RGB composite 
of images acquired in Jan. 2007, Sept. 2007 and June 2008, ALOS K&C © 
JAXA/METI. The two databases and the ScanSAR footprint intersect in the 
region “Y” outlined here in yellow.  Also shown, fully enclosed by region 
“Y”, is the FBD scene (path443/frame7170)focussed on in sections 3.3 and 
4.2.  This is a RGB composite of the HH, HV channels and the ratio HH/HV, 
ALOS K&C © JAXA/METI.   All images are overlaid on a map of the region. 

A timeline for the acquisition if these data is shown in figure 2 
 



 
Figure 2 Acquisition timeline for satellite data used in this study.  The 12 
ScanSAR images were acquired at intervals of 46 days between 2007/01/31 
and 2008/06/20.  The three FBD images were obtained on 2007/06/28 & 
2008/06/30.  The WWF databases were derived from Landsat data.  For the 
2008 database, region “Y” discussed here is covered by images for rows 60 
and 61(indicating position in the azimuth direction) acquired on 2008/07/22 
and 2008/09/24 respectively.  The images used for the same region in the 
2007 database were not specified, but suitable Landsat 5 candidates were 
found for the times indicated on the timeline.  

 
The whole area is subject to very significant monsoon rainfall 
(200-300 mm / month) between November and March and 
even between May-September the rainfall is generally more 
than 100 mm/month.  Nevertheless, the 2007 database 
distinguishes several types of primary forest including “dry” 
and “swampy” (usually peat swamp) derived from the WWF 
2007 database.  The region “Y” contains a significant 
proportion of both types as shown in Figure 3. 
 

  
Figure 3 RGB composite showing the areas of primary forest and 
deforestation derived from the 2007 and 2008 databases in region “Y”.  In this 
image red and green indicate dry and swamp forest respectively.  Regions 
deforested during the interval between construction of the two databases are 
shown as pink in the dry areas and light blue in the swampy areas. 

More recent work to confirm the transferability of our 
results has extended the study to a second ScanSAR scene, 
“S2” and two further FBD pairs of time-separated scenes 
shown in figure 4. 

 

 
Figure 4.  Showing the context of an extended dataset used to study 
transferability of results.  Two ScanSAR composite images (the lower S1 and 
the upper S2)  are overlaid by the WWF 2007 land-cover database, shown 
with a white outline, and the WWF 2008 database (coloured green to indicate 
natural forest and red for non-forest areas).  The ScanSAR images are RGB 
composites of images acquired in Jan. 2007, Sept. 2007 and June 2008, ALOS 
K&C © JAXA/METI. Also shown, are three FBD scenes that also intersect 
the databases, from the bottom up these have frame numbers 7170, 7180 and 
7190 (Table 2).  These are RGB composites of the HH, HV channels and the 
ratio HH/HV, ALOS K&C © JAXA/METI.  All images are overlaid on a map 
of the region. 

Table 1  Acquisition dates for ScanSAR scenes used in this 
work.  S1 has path115/frame3650 and S2 path115/frame3600.  
No Date 
1 2007/01/31 
2 2007/03/18 
3 2007/05/03 
4 2007/06/18 
5 2007/08/03 
6 2007/09/18 
7 2007/11/03 
8 2007/12/19 
9 2008/02/03 

10 2008/03/20 
11 2008/05/05 
12 2008/06/20 

 
Table 2  FBD scenes discussed in this work. 
No Path Frame Date1 Date2 
1 443 7170 2007/06/28 2008/06/30 
2 443 7180 2007/06/28 2008/06/30 
3 443 7190 2007/06/28 2008/06/30 

 
 

1) Analyses of ScanSAR Images 
 

Average intensities for both ScanSAR scenes itemized in  
Table 1 are shown in Figure 5.  Images of both scenes were 



acquired on the same day (Table 1), so identical image 
numbers correspond to the same dates in each case.  There are 
differences of up to ~2dB between the average intensities of 
some images between the two scenes.  For scene S1 the 
highest intensity levels occur in the first and the 8th images 
dated 31/01/2007 and 19/12/2007 and for scene S2 for the first 
and the 9th image 03/02/2008.  These dates correspond to the 
seasonal high monsoon rainfall between November and March 
(> 200mm/month). The lowest levels occur for the 5th the 12th 
images dated 03/08/2007 and 20/06/2008 corresponding to the 
“dry” season (75-150mm/month).   

 

 

 
Figure 5 shows the average intensity for scenes S1 and S2 for each of the 12 
images.  Total refers to the average intensity of the whole image including 
non-forest areas.  Swamp and dry refers to areas designated as swampy and 
dry in the WWF2007 database. 

Since these trends would complicate change detection, they 
were removed by scaling each image in the series by a factor 
that makes the mean forest intensity in each image equal to the 
mean forest intensity for the whole set of images. To achieve 
this, the mean forest intensity in the kth image, is 
measured, using the forest area given in the 2007 database, 
and these values are averaged to produce the overall average 
forest intensity, .  All pixels in the kth image are then 

multiplied by the factor  
 
L-band HH measurements in temperate and boreal regions 
have indicated that forest areas tend to exhibit more stable 
backscatter than other vegetated or bare soil land cover types 
[5]. Hence it was expected that general change detection 
methods would be effective in detecting the presence of 
deforestation in the ScanSAR time-series, before more 
detailed analysis locating the event within the series.  At each 
pixel, the change measures considered were: 
 
Range:  Imax(x) - Imin(x)   (1) 
 
Standard deviation:  

  (2) 

Mean absolute variation from the mean:

  (3) 

Mean absolute inter-image variation:

  (4) 

Maximum absolute inter-image change: 
  (5) 

Minimum absolute inter-image change: 
  (6) 

 
where Imax(x) and Imin(x) are the maximum and minimum 
intensity values in the time-series at  position x, and 

 is the temporal mean intensity at 

position x, and the images were acquired at times ti, i = 1-N. In 
addition, at each pixel we measured the net change in intensity 
from its initial value: 

  (7) 

and, for reasons discussed below, we also considered 
separately those pixels with net positive and negative changes 
(i.e. those with a net increasing and decreasing trend).  Each of 
these quantities gives rise to two probability density functions 
(PDFs), and corresponding cumulative frequency distributions 
(CFDs), one for deforested areas and one for undisturbed 
forest. Examples of such PDFs and CFDs for the temporal 
standard deviation measure are shown in Fig. 6; they are 
calculated over the WWF 2007 forest region within the 
database intersection area “Y” covering the ScanSAR scene 
(Figure 1), under the assumption that WWF databases are 



accurate. 
 

From the CFDs we can find the proportion of pixels at which 
any given threshold value is exceeded and hence, for any fixed 
threshold, the detection probability for true deforestation, Pd, 
and the false alarm probability for undisturbed forest, Pfa.  

 

 
Figure 6 (top) PDFs of the temporal standard deviation in undisturbed forest ( 
! )  and deforested (-!-) regions.  (bottom) The corresponding CDFs.  In this 
region the undisturbed forest and deforested areas have areas of  827121 and 
151380 ha respectively. 

 
The most useful way to display this information is through the 
“receiver operating characteristic” (ROC) curve, which plots 
Pd against Pfa; each point on this curve corresponds to a 
particular threshold value. ROC curves for several change 
measures are given in Figure 7.  In fact the results in Figure 
7(a) were obtained by directly counting pixels associated with 
deforestation and those that are not, for a set of thresholds for 
each measure.  The equivalent result obtained by integrating 
the PDF for the standard deviation is shown in figure 7(b).  
The close correspondence between this and figure 7(a) and 
serves as a check on the methodology.  An optimized 
detection strategy seeks to maximize detections for a given 
false alarm level, and Fig. 7(a) shows that this is best achieved 
by the temporal standard deviation (although the range gives 
almost the same performance), except at unacceptably low 

detection probabilities. However, even for a false alarm rate as 
high as 20%, only ~60% of the deforestation is detected.   
 

 

 
 
Figure 7. (a)  ROC curves for the following change measures over region “Y” 
obtained by pixel counting: SD "#"; (Imax–Imin) "!";  !max  "$";  Vm "%"; 

Imaxc "&";  Iminc "'";   |Isum| "(". The net change in intensity is shown as 
partial ROC curves: (Isum>0) "+";  (Isum<0) ")".  The solid diagonal line 
represents the ROC expected if the deforested and undisturbed regions have 
the same CFD.   (b) ROC curve for ScanSAR for region “Y” from integrating 
the PDF for temporal standard deviation. The top percentile values are shown 
as vertical lines. 

Improved performance would be possible by combining 
measures if they gave different information. This possibility 
was tested using Principal Component Analysis of the full set 
of change measures, but none of the combinations this 
produced gave results that improved on the standard deviation 
for discriminating between deforestation and undisturbed 
forest. Hence this single measure appears to be the most 
appropriate.  
 
The temporal standard deviation, by definition, is sensitive to 
all types of variation irrespective of shape.  A second method 



of improving performance uses a two-stage detection process, 
the first emphasizing high recall and the second preferentially 
discarding false alarms to improve the precision of the results, 
[6].  In our case, using the temporal standard deviation as the 
primary stage, we tried a number of fitted variables 
characterising the change as the secondary stage. As well as 
those described in Eqs(1)-(7), this included variables such as 
the rise and decay time of a response designed to recognise 
organized change, which we found to be associated with some 
regions of deforestation.  We found that minor improvements 
in retrieval were possible at values of false alarm rate below 
15% through using the mean absolute inter-image variation 
Eq(4).  This quantity is sensitive to fluctuating variation and 
less so to more organized change.  It possibly produces some 
enhancement by preferentially screening out fluctuations 
associated with flooding, for example. However, none of the 
variables characterizing the shape of the response (peak 
height, slope, decay rate, etc.) gave any improvement in 
retrieval by this method. The implication is that the response 
associated with deforestation as deduced from a comparison of 
the available WWF databases is very variable and not possible 
to characterize simply by shape. 
 

Work in tropical and boreal forests has previously 
suggested that deforestation should lead to a decrease in 
scattering [7].  However, in some cases, sharp increases in 
backscatter followed by a relaxation to lower values, were 
clearly associated with geometrically-shaped regions of 
deforestation and thus associated with large scale industrial 
operations.  Partial (in that the contributing pixels are mutually 
exclusive but together cover forest regions used to generate 
the full curves) ROC curves for the positive and negative net 
changes in intensity, Eq. 7, are also shown in Figure 7(a).  
These show that deforestation can be associated with either 
positive or negative changes in intensity and that positive 
changes account for slightly more than negative in this scene.   
 

2) Analysis of FBD images 
Several Fine Beam Dual images covering part of the forest 
area covered by database overlap region have also been 
analysed.  The process starts with two FBD intensity images 
A, B of the same scene acquired at different times.  As with 
the ScanSAR images it has been convenient to concentrate on 
just the changes that have occurred in the designated forest 
regions of the WWF2007 database.  Thus, non-forest areas are 
masked out and currently ignored in the analysis.  The 
comparison routine then treats each channel separately.  First 
the two images are normalised to the same average intensity 

 

 (8) 

 

where Af and Bf are the extracted regions (here forest) in 
original images A and B and x denotes pixel position.  The 
results are then processed to give normalised and window-
averaged images a and b before ratios are taken. 

 
As an example, we have chosen two images of a single scene 
acquired a year apart on 28/06/2007 and 30/06/2008 
respectively.  As shown in figure 1, this scene lies entirely 
within region “Y” and can thus be compared with ScanSAR 
results.  Regions deforested between the two dates are 
deduced from differences between the forest regions reported 
by the two databases.   Our initial study used simple ratios 

 of the intensity values, which correspond to 
differences when viewed on a decibel scale. 

 
As with the ScanSAR analysis above, we found that 
deforestation could be associated with both “positive” and 
“negative” changes, where a positive change from a(x) to b(x)  
means an increase in intensity with time; hence b(x) >a(x)  
and  a(x) /b(x)  < 1 if a is the older image.  This occurs for 
deforestation in both the HH and HV channels.   As the 
window size increases, the width of distributions for R(x) 
narrows. As defined, “negative” changes have ratio values 

and “positive” changes have values 

. Both types of change can conveniently be 
combined by defining a quantity R1 such that, 
 

 , (9) 

 
where a “1” is subtracted to adjust the minimum value to zero. 
The value of R1 is zero if there is no change and always > 0 for 
any change “positive” or “negative”.  PDF’s for the resulting 
values are shown in Figure 8. 

 

  



Figure 8 Probability density functions for the value R1,  HH channel 
undisturbed ( ) and deforested (*!*) regions and for the for HV channel 
undisturbed (- - -) and deforested ("&") regions.   Results obtained from 
window-averaged images using a window size 23)23. 

 
By integrating the probability density function shown in figure 
8 we can obtain detection and false alarm rates for each value 
of R1, and, from these, ROC curves.  A number of different 
methods have been investigated for combining these results 
but few could compete with the sum of the R1 values for each 
channel, 
  

.    (10) 
 
Small (<1%) improvements over this method were obtained 
by combining the HH and HV results using a data fusion 
technique.  This involved ranking the values of both sets of 
results in ascending order, and then assigning to each pixel the 
highest rank-value obtained for that pixel by either the HH or 
HV channels.  The linearization of two distributions by this 
method can improve the chance of a good combination.  In 
this case it seems that the distributions of R1 values for the HH 
and HV channels are sufficiently similar to give little 
advantage in using the more sophisticated method.  Beyond 
this, there is no obvious reason why a simple equal-weighted 
sum should give the best result and we use the data fusion 
result, as it perhaps more generally applicable.  ROC curves 
obtained from the R1 data for the individual HH and HV 
channels are compared with the best combined result in figure 
9.  

 

 
 

Figure 9.  Comparison of HH (*!*) and HV ("&") ROC curves obtained 
from R1 using a window size 23)23, and the combined result obtained by 
maximum-rank data fusion, maxr ("'"). 

 
Three points are worth noting about this figure.  Firstly, the 
detection capabilities of the HH channel are almost as good as 
the HV channel: either detects more than 50% of the 
deforestation at a false alarm rate of 20% as derived from the 

WWF databases.  Secondly, at this level of false-alarm, the 
single-channel results are comparable with the ScanSAR 
multi-temporal detection rate, but much better performance is 
achieved if only lower false alarm rates can be tolerated.  
Thirdly, the combined result gives a detection rate of ~65% at 
a false alarm rate of 20%:, i.e. an increase of ~10% over the 
result for the HV channel alone.   
 

III. RESULTS AND SUMMARY 
1) Results for FBD 

 
Figure 10(a) shows the regions selected as having the top 
combined values of the ratio R1 for a portion of the FBD scene 
and are compared directly with the deforested regions picked 
out in figure 10(b). 

 
Figure 10 (a) shows pixels from the top percentile values of the combined 
result from FBD ratio using data fusion for a portion of the scene measuring 
40)36 km.  All results are for window-averaged images with a window size 
23)23.  The ranges are colour coded 10% (red), 10-20% (green), 20-30% 
(blue) for values of the maximum rank data fusion maxr.  For comparison, (b) 
show masks representing the undisturbed forest and deforested areas for the 
region as derived from the WWF 2007 and 2008 databases. 

 
 



Figure 11 presents a map of the results over thwhole FBD 
scene obtained by applying thresholds to select pixels with the 
highest values of the combined measure.  The ROC curve for 
this measure is included, with the thresholds used 
superimposed.  For this measure a threshold accepting only 
the top 30% of results retrieves nearly 60% of the deforested 
regions assigned by the databases for a false alarm rate of 
16%.  By comparison the top 30% threshold for ScanSAR 
yields 62% of the deforested regions for a false alarm rate of 
23.8% (figure 6) 

 

 
Figure 11.  FBD detections for the full scene obtained using R1 and combining 
HH and HV channels for the whole FBD footprint (path443/frame7170) 
measuring 59)70 km.  The top percentile ranges are colour coded 10% (red), 
10-20% (green), 20-30% (blue) The white area represents the primary forest 
regions according to the WWF 2007 database. 

 
The combined result for HH & HV FBD is shown, resolved 
into wet and swampy areas, in Figure 12.  It is clear that 
retrieval in swampy forest is significantly better than in dry for 
FBD.    

 

 
 

Figure 12  ROC curves obtained using R1 from window-averaged images 
using a window size 23)23 followed by data fusion using the maximum-rank 
technique. For swampy areas ("&"); dry areas (*!*), and both areas ( ). 

 
2) Results for ScanSAR 

 
The ROC curves obtained from pdf’s of the temporal 

standard deviation for swampy and dry forest are shown in 
Figure 13.  The combined result for “total” forest is equivalent 
to that already shown in Figure 7.  As for the FBD results, 
there significant differences between swamp and dry forests, 
and at the 10% false alarm rate, the probability of detecting 
deforestation of dry forest is roughly twice that for swampy 
forest.  Thus, while FBD is more sensitive to change in 
swampy forest, the greater background temporal variability 
reduces the sensitivity of multi-temporal detection in these 
regions.  The methods are thus complementary.  

 
Figure 12  ROC curves for the temporal standard deviation computed for: 
(*!*) dry, ("&") swamp, and ( ) total forest areas.  The dashed diagonal 



line shows the expected ROC if the CDFs of undisturbed and forested regions 
are the same.  

 
A map of the ScanSAR detections over region “Y” obtained 
from the temporal standard deviation is shown in Figure 14.  
A detail of this result is shown for the FBD footprint in Figure 
15 to allow easier comparison with the FBD detections shown 
in Figure 11.  Many of the areas found to have a high level of 
change using the FBD images and highlighted in Figure 11 are 
also represented here.  However, there are also significant 
differences: a large red area left of top centre can be associated 
with a river valley and the mottled red and green areas to the 
far right of the image (region “A”) was reached by a WWF 
ground survey on 18th June 2008 which confirmed that the 
area is “peat swamp forest of palm, pandan and rattan, with 
very open canopy, that is frequently flooded”.  A different 
river valley also shows up very clearly at the top left of figure 
14 outside the FBD footprint.  Colored red it is highlighted as 
a region of substantial change, but there is very little evidence 
of any deforestation from the database comparison.  The high 
variability in backscatter associated with flooding in swampy 
forest is thought to account for the lower detection rate in 
these regions compared with dry forest (Fig. 13).   
 

 
 
Figure 14.  ScanSAR detections for the region Y.  Colours correspond to top 
percentile ranges of the temporal standard deviation 10% (red), 10-20% 
(green), 20-30% (blue).  The white area represents the primary forest regions 
according to the WWF 2007 database. 

 

 
Figure 15.  ScanSAR detections for the FBD footprint (59)70 km).  Colours 
correspond to top percentile ranges of the temporal standard deviation 10% 
(red), 10-20% (green), 20-30% (blue).  The white area represents the primary 
forest regions according to the WWF 2007 database. 

  
3) Combination of FBD with ScanSAR detections 

 
The complementary nature of FBD detection using dual 
polarisation and multi-temporal single polarisation detection 
has been demonstrated for the response to dry and swampy 
forest. It is clear that the methods provide different 
information and that the complementarity may extend to other 
factors underlying the detection.  It also suggests that a 
combination of results from the two schemes could be 
beneficial.  Multi-temporal ScanSAR retrieval performance 
based on the temporal standard deviation is shown in figure 7 
for the overlapping region, “Y”, between databases and a 
single ScanSAR scene.  Although this is taken over a different 
area to the FBD results and hence not directly comparable, it 
nevertheless suggests that performance is comparatively 
reduced at low values of the false alarm rate.  However, at a 
false alarm rate of 20% the detection rate of 58% is slightly 
better than the 55% achieved by the FBD HV channel alone.   
ScanSAR data is supplied at a different resolution orientation 
(due to orbital direction) to FBD data, making combination 
awkward.  The procedure adopted here was to obtain rasters of 
ScanSAR results for the top 10%, next highest 10-20% and 
next highest 20-30% standard deviations, and convert each to 
vector graphics, or shape files, using Envi [8].  These were 
then used to generate three raster masks, which we label 
SC09, SC08 and SC07 respectively, each with pixel values 0 
or 1, covering the footprint of the FBD image.  These could be 
recombined into a single raster, , with values 0.9, 0.8 and 
0.7 using the expression  
 

  (11) 
 



to represent the three categories.  The raster, S, representing 
ScanSAR detections is composed of pixels co-registered with 
the FBD results and can now be combined.   Because the 
raster S contains only discrete values and zeros many 
combination schemes give unsatisfactory results.  Our scheme 
first ranked the combined FBD result followed by re-scaling to 
give linearised values, , between 0 and 1.  These were 
then combined with the raster S using, 
 

.   (12) 
 

Using this scheme, if a value of  is high but S is zero 

 retains the high value.  If S is non-zero the value of 

 is always increased above that of , but 
because this increase is always mediated by the term 

 the combination has the effect of smoothing the 
discrete values of S leading to a smooth distribution the 
combined result.  An ROC curve for the combined result is 
shown in Figure 16 where it is compared with the ROC curve 
for the best FBD result obtained by combining the HH and 
HV channels. 
 
At a false-alarm rate of 20% the combination of ScanSAR and 
FBD produces a detection rate of ~70%, an improvement of 
the FBD result of ~ 10%.   The result of the fusion is shown as 
a map for the FBD footprint in figure 17.   
 
 

 
Figure 16  ROC curves for the combined results of HH and HV channels 
using the ratio R1 and widow averaging with window size 23)23 ("&");  
further combination with ScanSAR results  as discussed (*!*). 

 

 
Figure 17  the final result of combining HH,HV and ScanSAR.  The percentile 
ranges are colour coded 10% (red), 10-20% (green), 20-30% (blue) for values 
of Rcombined.  The white area represents the primary forest regions according to 
the WWF 2007 database. 

 
  A comparison of this with best FBD result, figure 11, 
suggests that the main difference is that the combination has 
cleaned up some of the noisy areas (e.g. the large area at the 
bottom left of figure 11) and “moved” the noise to areas where 
the SCanSAR result disagrees with the FBD result – notably 
region “A” and the river valley already alluded to above.   

 
4) Transferability 

 
The analysis has, to date, been carried out on one other 
adjacent ScanSAR scene, S2 in Figure 4, that also covers an 
intersection of the databases.  For this scene the deforestation 
retrieval rate was reduced to ~46% for a false alarm rate of 
20%.  The forest cover for this scene is almost exclusively 
categorized as swampy, and the lower detection rate can be 
ascribed to the higher temporal variability in this type of 
forest.  Two further FBD scenes (Figure 4) have also been 
analysed.  For one of these (F7180) The detection rate at false 
alarm rate 20% is 71% for the FBD and slightly improved to 
74% for (F7190) combined with ScanSAR; for the other a 
reduced detection rate of 51% at false alarm rate 20% was 
obtained and increased to 55% when combined with 
ScanSAR.   
 

5) Summary  
 

It is often reported that deforestation should lead to a decrease 
in scattering for both the HH and HV channels [7].  However, 
for both the SCanSAR and FBD results we found that positive 
and negative changes in backscatter intensity can be 
associated with deforestation.   Positive changes can arise if 
the initial stage of cutting, which reduces attenuation by the 
canopy,  leaves standing trunks which reflect strongly through 
a double bounce mechanism [9, 10], or a significant amount of 



branches and other detritus on the ground.  In Amazonia, slash 
and burn methods have been linked to increases in backscatter 
through the practice of leaving trunks standing and stems and 
branches on the ground to dry, sometimes for months, before 
burning and final clearance [11].  Thus the change in 
backscatter can depend on the stage of deforestation: e.g. 
slashing, burning and clearing [12].  For the ScanSAR results, 
we found that some areas of deforestation showed a 
characteristic temporal signature consisting of an initial rise 
followed by a relaxation, but the signature was far from 
universal.  This signature is likely to be associated with 
industrial logging as it appeared for geometrically shaped 
regions.  In general, however, we could find no consistent 
pattern of change that could be associated with deforestation 
as defined by the available databases.  It is also possible that 
forest regrowth contributes to some of the changes seen here, 
as there is some uncertainty in the land cover classification 
dates, so that deforestation could have occurred before the 
start of the time-series.  Finally, the meaning of deforestation 
is poorly defined and covers a range of different types of 
degradation [13].  Other types of deforestation including forest 
degradation, forest thinning and burning may contribute 
different signatures depending upon how the databases were 
constructed.   
 
By using the temporal standard deviation as a general measure 
of change for a set of ScanSAR images, a detection rate of 
58% could be achieved at a false alarm rate of 20% for known 
primary forest areas. At this level of false alarm rate the 
method is competitive with a comparison of time-separated 
FBD images, which achieved a 65% detection rate.  A 
combination of the two types of data is mutually beneficial 
and raised the detection rate to 73% at this level of false alarm 
rate.  We have also established that comparable results can be 
obtained for adjacent images. 
 

6) Future perspective 
 
The work presented in this report has provided a thorough 

investigation of the strengths and limitations of ScanSAR and 
FBD in detecting deforestation in Sumatra. It has shown that 
conventional wisdom about the primary importance of HV 
compared with HH is not so clear in this dataset, and that 
expected indicators of deforestation (reduced HH and HV 
backscatter) form only part of the measurements need to 
achieve optimum detection of deforestation. It has also made 
clear ALOS-PALSAR achieves its best performance when 
FBD is fused with ScanSAR in the detection process. 

 

A weakness of the current work is that is has only 
considered a single (large) region. This leads to two obvious 
extensions in order to realise the full significance of this work: 

1. Apply the same methods other tropical forests, 
both in Sumatra and in other parts of the tropics, 
including other parts of Indonesia but also Africa 
and S. America. Here a key issue is  ancillary data 
to test performance, so ideally this would be done 
in collaboration with other K & C team members 
or with other groups able to provide independent 
deforestation estimates. 

2. Evaluate the computing, data and human resources 
needed to apply these methods over large regions, 
for example the whole of Sumatra, and investigate 
the feasibility of doing this. 

 
ALOS-PALSAR should not be seen as the sole sensor 

suitable for monitoring tropical deforestation, and it needs to be 
placed within the total global capability relevant to this task. A 
natural framework for this is provided by the GEO Forest 
Carbon Tracking initiative: http://www.geo-fct.org/ and the 
development of National Forest Monitoring and Carbon 
Accounting Systems “as part of provision of the technical 
capability and continuity to support the monitoring, reporting, 
and verification (MRV) information required by future 
regulatory frameworks for the inclusion of forests in post-
Kyoto climate agreements”. We aim to develop a position for 
ALOS-PALSAR within these schemes. This was a strong 
motivation for the work reported here, as we wanted to make 
sure the use of ALOS-PALSAR was fully understood, so that 
its use in FCT will be well-founded, use optimal approaches, 
and have quantified limitations. 

 
We also recognise that, while deforestation is of interest to 
tropical countries in its own right, its importance is seen 
internationally in terms of its effects on climate and 
biodiversity. Hence we would like to interface deforestation 
observations with ecosystem modelling, along the lines 
proposed in the GEO-FCT Document 7 “Linking remotely-
sensed data, in situ forest measurements, and models to 
calculate GHG fluxes from forests” (Quegan et al., currently 
only available in draft form, but final form is expected to be 
completed in February 2011), with the objective of 
understanding the importance of deforestation in the tropical 
carbon balance and reducing the very large current 
uncertainties in GHG fluxes due to land use change.   
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Abstract—A new clear-cut detection algorithm was de-
veloped and yearly maps of clear-cuts covering the entire 
Sweden for the period 2008-2010 were produced, based 
on an extensive dataset of ALOS PALSAR Fine Beam Dual 
(FBD) HV-polarized backscatter images. The new algor-
ithm is able to detect clear-cuts with high accuracy and 
map the areal extent of the detected clear-cuts well. At 20 m 
pixel size (path data), 79.4% of the pixels in 31 clear-cuts 
were correctly detected. The majority of misclassified pixels 
were located along the clear-cut edges. The detection accur-
acy improved to 90%, when applying a one-pixel edge-
eroded version of the reference dataset. At 50 m pixel size 
(strip data), the corresponding figures were 72.5% and 
85.9% without and with one edge-eroded pixel, respect-
ively. PALSAR strip data are judged to be sufficient for 
detection of clear-cuts and provide a rough delineation of 
the clear-cut extensions. A resolution of 10-20 m (e.g., 
PALSAR path data) is, however, recommended if higher 
precision is required. Nation-wide clear-cut mapping using 
strip data and the new detection algorithm proved to be 
very robust and computationally fast. For the period span-
ning the growing season of 2008-2009, a total of 168,279 ha 
were detected as clear-cuts. For the same period, the Swed-
ish National Forest Inventory reported 168,645 ha. For 
2009-2010, 156,910 ha were detected with PALSAR as 
clear-cuts. A comparison at county level with information 
from the Swedish Forest Agency and the Swedish National 
Forest Inventory shows an overall good agreement, but also 
local discrepancies likely due to time differences in the 
datasets. The results highlight the usefulness of ALOS 
PALSAR strip data in an operational scenario for clear-cut 
mapping at a national level. 
 

Index Terms—ALOS PALSAR, K&C Initiative, boreal forest, 
forest theme, deforestation, clear-cuts, Sweden. 

I.  INTRODUCTION 
In Sweden, a nation-wide coverage of optical satellite data 

is acquired yearly by the government. These images are free to 
download for all citizens of Scandinavia and Finland through 
the Saccess database (http://saccess.lantmateriet.se/). Among 
others, the images are used by the Swedish Forest Agency for 
change detection to find clear-cuts and to check the cutting 
permits of about 70,000 clear-felled areas nation-wide and 
yearly. In combination with about 50,000 Swedish National 
Forest Inventory field plots, the images are also used by the 
Swedish University of Agricultural Sciences for producing 
nation-wide forest maps (http://skogskarta.slu.se/). Sweden is, 
however, characterized by long periods of reduced solar 
illumination and frequent cloud-cover. To obtain the about 
200 cloud-free SPOT scenes that are needed for a nation-wide 
coverage, about 1,500-2,000 programming attempts of the 
SPOT satellites are needed (in the past over 3,000 attempts). 
In this respect it is of interest to investigate the capability of 
spaceborne synthetic aperture radar (SAR) as a complement 
for forest mapping due to its independence of sun illumination 
and cloud cover and, thus, the possibility to obtain the needed 
imagery in a foreseeable way. Compared to other spaceborne 
SAR missions, data acquired by the Advanced Land Observ-
ing Satellite (ALOS) Phased Array L-band type Synthetic 
Aperture Radar (PALSAR) have a threefold advantage for 
forest mapping activities: 

(i) strong sensitivity of the backscatter to forest structural 
properties, e.g. [1]; 

(ii) acquisition strategy aimed at maximizing the informa-
tion content of the data with respect to such properties [2]; 

(iii) acquisition plan to obtain full regional coverage within 
short time periods on a yearly basis [2]. 

In the first phase of the Kyoto & Carbon Initiative project 
(hereafter referred to as the K&C project) on clear-cut mapp-
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ing, the potential of ALOS PALSAR data was demonstrated 
[3]. This has motivated further investigations of PALSAR 
images for forest change detection and mapping. To fulfil the 
goals of the K&C project on nation-wide clear-cut mapping, 
efforts had to be paid to the development of a robust and fast 
clear-cut detection algorithm. The present study here reported, 
referred to as phase 2, is a continuation of the first phase. 
 

II. DESCRIPTION OF THE PROJECT 

A. Relevance to the K&C drivers 
The major scope of the present K&C project is to develop, 

verify and demonstrate a methodology for detection and de-
lineation of clear-cuts in boreal forest and to produce yearly 
clear-cut maps of Sweden using multi-temporal ALOS PAL-
SAR data. Methods for detecting land use change are of great 
interest for greenhouse gas reporting, in line with international 
agreements. In the case of Sweden, most changes in mature 
forest occur at harvesting, turning the mature forest into clear-
cuts, which are then re-planted after a few years. Here, it is of 
interest to develop a methodology able to detect all clear-felled 
areas and sort out the large majority of legal fellings by 
comparisons with granted cutting permits. The remaining de-
tected forest changes are likely to be large damages, permanent 
land cover changes or illegal fellings and should, thus, be 
visited in field. 

B. Work approach 
In the first phase of the K&C project, the signatures of 

ALOS PALSAR backscatter were analyzed in order to under-
stand which acquisition configuration is most suitable for the 
detection of clear-cuts. Then, a simple algorithm for clear- 
cut detection was developed and maps of clear-cuts were 
produced. For signature analysis, development of the detection 
algorithm and production of clear-cut maps, the counties of 
Västerbotten and Västra Götaland (i.e., prototype areas), in the 
north and in the south of Sweden, respectively, were selected 
(Fig. 1). The signature analysis revealed that the largest back-
scatter difference as a consequence of clear-cut was observed 
at HV-polarization. Unfrozen conditions were characterized 
by very stable signatures, whereas at HH-polarization the 
backscatter depended more on the environmental conditions 
[1, 4]. For this reason, the clear-cut detection algorithm was 
developed to exploit the temporal stability of multi-temporal 
HV data. Each summer/fall, at least two PALSAR Fine Beam 
Dual (FBD) HV images are acquired over Sweden; the partial 
degree of overlap of adjacent PALSAR swaths increases the 
number of observations. The advantage of working with a 
stack of measurements, even if small, is that detection per-
formed with a simple thresholding algorithm is only margin-
ally affected by backscatter variability due for example to 
residual speckle, calibration uncertainties or specific environ-
mental conditions. Details on the detection algorithm can be 
found in [4]. The algorithm was applied to PALSAR strip data 
at 50 m pixel size acquired during the summer/fall of 2007 and 
2008. To validate the detection algorithm, a database of clear-
cuts obtained from the forest company Sveaskog was used. 

Despite the single global threshold used to map clear-cuts at 
county level, the algorithm could correctly detect at least 
half of the area of each individual clear-cut for more than 
90% of the clear-cuts reported in the database for the county 
of Västerbotten [4]. While the central part of the clear-cuts 
was identified well, discrepancies occurred at the edges. The 
accuracy assessment also revealed that the total felled area 
obtained with the PALSAR dataset differed by only 5% with 
respect to official statistics reported by the Swedish Forest 
Agency [4]. The results from Västra Götaland were character-
ized by a much larger degree of uncertainty, likely because of 
the small number of clear-cuts available for validation and the 
smaller size of clear-cuts in this area [4]. 

From the analyses carried out in phase 1, it could be 
concluded that detection of clear-cuts with PALSAR data 
is highly feasible. Open issues concerned the effect of (i) 
spatial resolution and (ii) underlying assumptions in the de-
tection algorithm on the precision of the detection. The latter 
aspect has been addressed in [5-6]. These studies were focused 
on change detection automatization, and the possibility of 
achieving fine detail delineation of clear-cuts. Radiometric 
normalization and initial change/no change classification were 
achieved using histogram matching and automatic image ratio 
thresholding (GKIT) [7] combined in an iterative manner. 
 

 
Figure 1. The K&C project prototype areas and local test sites in Sweden. 



As an optional final change/no change classification step the 
data fusion based multi-channel change detection (MCD) 
method proposed in [8] was tested. This method is based on 
Markov random fields and can take into account the spatial 
contextual information from one or multiple SAR channels. A 
set of computationally fast histogram based techniques was 
applied to bi-temporal PALSAR backscatter path images with 
a pixel size of 20 m acquired the during summer of 2007 and 
2008 over test sites within the two prototype areas. Various 
combinations of methods, channels (HH, HV or HH+HV), 
settings, and filtering options were evaluated for clear-cut 
detection performance. Pixel-wise detection accuracies of 90% 
could be achieved with a false error rate around or below 10%, 
when combining the GKIT and MCD method (Fig. 2). The 
contribution of the HH channel was, furthermore, marginal 
with respect to the detection achieved with HV data only. 
Most misclassified pixels were located along clear-cut edges 
indicating that most errors were due to layover, shadowing or 
image co-registration errors. 

The satisfactory results from the test sites suggested using 
the improved algorithm for fulfilling the goal of the second 
phase of the K&C project, i.e. the production of yearly clear-
cut maps for entire Sweden using PALSAR strip data acquired 
during the summer/fall of 2008, 2009 and 2010. Nevertheless, 
it had to be ensured beforehand that the algorithm would 
perform equally well with the PALSAR strip data, which 
present a lower spatial resolution (pixel size of 50 m) com-
pared to PALSAR path data (pixel size of 20 m). 

C. Satellite and ground data 
In the second phase of the K&C project, three sets of ALOS 

PALSAR FBD HV-polarized images (with 34.3 degrees look 
angle) were considered. 
 

(a) (b)

(c) (d)

(e) (f)
 

Figure 2. Clear-cut detection maps from unfiltered ALOS PALSAR images 
acquired over hemi-boreal forest in southern Sweden (3600×1800 m2

1) Strip data at 50 m pixel size covering the county of 
Västerbotten and acquired during the summer/fall of 2007 and 
2008 (first project phase, [4]). These were used to compare the 
performance of the new clear-cut detection algorithm with re-
spect to the former detection algorithm. 

). White 
pixels are classified as clear-cuts. (a) HH change map from GKIT, (b) HV 
change map from GKIT, (c) HH change map from GKIT+MCD, (d) HV 
change map from GKIT+MCD, (e) Dual channel (HH+HV) change map from 
GKIT+MCD, and (f) Reference map derived using SPOT-5 SWIR images. 

2) A pair of path images (70×70 km2

 

) over part of Väster-
botten acquired on 2007-07-24 and 2008-09-10 (RSP: 615, 
Frame number: 1280). These images were used to assess the 
impact of spatial resolution on the performance of the new 
detection algorithm. The original data, with pixel size of 9.4 m 
in slant range and 3.1 in azimuth, were multi-looked to obtain 
pixel sizes of 10 m and 20 m in ground range. The same 
dataset was also available as strip data at 50 m pixel size. 

 
 
Figure 3. Mosaic of ALOS PALSAR FBD strip images acquired during 2009 
covering Sweden (red: HH-polarized backscatter; green: HV-polarized back-
scatter; blue: HH/HV-polarized backscatter ratio). 



3) Strip data at 50 m pixel size covering Sweden and 
acquired during the summer/fall of 2008, 2009 and 2010 (see 
Table 1). These images were used for nation-wide mapping 
of clear-cuts with the new detection algorithm on a yearly 
basis. To be able to provide yearly maps of clear-cuts, it was 
necessary to consider strips achieving (i) complete coverage of 
Sweden, (ii) within the shortest possible time interval (e.g., 
within one repeat-pass cycle), (iii) for each of the three years. 
Data acquired between the end of July and the beginning of 
September satisfied the requirements. Only in a few cases, gap 
fillers from different periods were necessary. Table 1 presents a 
list of the strip data used for clear-cut detection, expressed in 
terms of the RSP number (i.e., satellite path number), acquisi-
tion date and satellite repeat-pass cycle number. Complete 
coverage of Sweden was achieved for the years 2008 and 2009. 
For 2010, a small gap occurred, which represents 0.8% of the 
Swedish territory. Fig. 3 shows a false color composite mosaic 
of ALOS PALSAR FBD strip images acquired during 2009. 

The processing of the PALSAR images has been described 
in [1]. Each image strip was calibrated according to [9] and 
geocoded to 50 m pixel size in the Swedish RT90 coordinate 
system. Topographic normalization of the backscatter for local 

incidence angle and pixel area was then applied. Co-registra-
tion accuracy between overlapping images was typically 0.2-
0.3 times the pixel size. The images were finally divided into 
tiles of 50×50 km2

To avoid that changes occurring in other land cover classes, 
such as cropland, would be confused with the detection of 
clear-cuts, the Swedish CORINE Land Cover dataset (http:// 
www.lantmateriet.se/upload/filer/kartor/kartor/SCMDspec.pdf) 
was used to mask out non-forested areas. Temporal signatures 
of the backscatter for agricultural fields and clear-cut areas are 
in fact similar, i.e. sudden decrease of backscatter at harvest. 

 to allow easier management of the large 
dataset. Each tile was identified by a string of characters 
corresponding to the first three digits of the easting and the 
northing coordinate of the top-left pixel. For example, tile “155 
725” corresponds to the area with easting coordinates between 
1,550,000 m and 1,600,000 m and northing coordinates be-
tween 7,250,000 m and 7,200,000 m. Each tile included 1,000 
×1,000 pixels. 

To assess the performance of the clear-cut detection, three 
datasets were used. 

1) The GIS layer of forest clear-cut polygons provided by 
the forest company Sveaskog [4] served to allow a comparison

 
 
Table 1. ALOS PALSAR strip data acquired during summer/fall of 2008, 2009 and 2010 used for nation-wide clear-cut detection of Sweden. 

 2008   2009   2010  
RSP Date Cycle RSP Date Cycle RSP Date Cycle 
613 20080622 20 615 20090613 28 615 20100801 37 
615 20080726 21 633 20090713 28 634 20100802 37 
634 20080727 21 625 20090715 28 607 20100803 37 
607 20080728 21 631 20090725 28 626 20100804 37 
626 20080729 21 634 20090730 29 618 20100806 37 
629 20080803 21 626 20090801 29 629 20100809 37 
621 20080805 21 621 20090808 29 621 20100811 37 
605 20080809 21 613 20090810 29 613 20100813 37 
624 20080810 21 632 20090811 29 632 20100814 37 
627 20080815 21 605 20090812 29 605 20100815 37 
619 20080817 21 624 20090813 29 635 20100819 37 
611 20080819 21 619 20090820 29 627 20100821 37 
630 20080820 21 611 20090822 29 619 20100823 37 
603 20080821 21 622 20090825 29 611 20100825 37 
622 20080822 21 617 20090901 29 630 20100826 37 
633 20080825 21 609 20090903 29 622 20100828 37 
625 20080827 21 628 20090904 29 633 20100831 37 
617 20080829 21 620 20090906 29 625 20100902 37 
609 20080831 21 623 20090911 29 617 20100904 37 
620 20080903 21 607 20090915 30 609 20100906 37 
631 20080906 21 629 20090921 30 628 20100907 37 
623 20080908 21 627 20091003 30 631 20100912 37 
632 20080923 22 630 20091008 30 624 20101001 38 
628 20081017 22 603 20091009 30 623 20101030 38 



with respect to the detection achieved with the multi-temporal 
algorithm used in the first phase of the K&C project. In 
addition, the dataset was used to assess the impact of spatial 
resolution on the detection accuracy. 

2) A GIS layer of clear-cuts provided by the Swedish 
Forest Agency using ancillary data and optical satellite remote 
sensing imagery (http://www.skogsstyrelsen.se/Aga-och-bruka 
/Skogsbruk/Karttjanster/Skogens-Kalla/) was used to assess 
the quality and the consistency of the changes detected with 
the new algorithm for the period 2008-2009. At the time of 
writing, information on clear-cuts were available for 15 out of 
21 counties in Sweden until September 2009. In addition, stat-
istics from the Swedish Forest Agency of notified areas of 
final fellings > 0.5 ha were included in the evaluation [10]. 

3) The performance of the new clear-cut detection algo-
rithm was also compared to statistics of clear-felled areas 
estimated by the Swedish National Forest Inventory for the 
period 2008-2009. Information on clear-felled areas for the 
period of 2009-2010 will be available during the spring of 
2011. 
 

III. RESULTS AND DISCUSSION 
The results achieved in the second phase of this K&C 

project are here grouped into three themes:  
1) assessment of stability of the new clear-cut detection 

algorithm; 
2) assessment of the performance of the new clear-cut 

detection algorithm with respect to spatial resolution of the 
ALOS PALSAR data and to the detection algorithm developed 
in phase 1; 

3) generation of yearly nation-wide clear-cut maps. 
 
A. Assessment of algorithm stability 

Testing the algorithm stability was necessary to identify 
and correct for possible weaknesses prior to its utilization for 
the nation-wide detection of clear-cuts. When testing the al-
gorithm on PALSAR strip data, the threshold value proposed 
by [8] for stopping the refinement iteration turned out to be 
too low. In several cases, the algorithm converged to a final 
solution after a large number of iterations (> 20). The resulting 
map was always characterized by substantial overestimation of 
the change features. To get insight in this issue, the trend of 
the residual difference between change maps at the last and 
second last iteration (hereafter referred to as the fractional 
difference) was plotted with respect to the iteration number. 
Fig. 4 shows an example of such plots for five tiles in the 
county of Västerbotten. The level of 1×10-3 corresponds to the 
threshold set in [8]. Fig. 4 shows that the fractional difference 
decreased after a small number of iterations, reaching either 
saturation or increasing afterwards. When looking at the 
change maps produced after the first three iterations, it was 
noticed a clear detection of areas of major change and an 
improvement of the delineation with respect to the previous 
iteration. For further iterations, either only some small 
additional changes were detected (case of saturated trend) or 
substantial additional changes were detected (case of increas- 

 
Figure 4. Trend of fractional difference with respect to iteration number. Each 
trend refers to change detection in a 50×50 km2

 

 area in the county of 
Västerbotten. Each area is identified by the tile number (see text for details). 

ing trend). Based on these observations, it was decided to 
iterate the refinement three times and keep the output as the 
final change map. In this way, robustness of the detection 
algorithm was ensured. 
 
B. Impact of spatial resolution on clear-cut detection 

The impact of the spatial resolution of the ALOS PAL- 
SAR data on the detection performance was substantial. Fig. 5 
shows an example in the case of a 28 ha large clear-cut, where 
felling took place on 2008-04-04. The PALSAR images were 
acquired on 2007-07-24 and 2008-09-10. For the PALSAR 
strip data (pixel size of 50 m), the bulk of the clear-cut was 
detected well, whereas a detailed description of the edges was 
hindered by the low resolution of the SAR data. At 20 m pixel 
size, the description of the edges improved, although small 
features were not detected. At 10 m resolution, the contours 
were further better detected and small features became more 
visible. 

The indication given by visual interpretation of the clear-
cut maps was confirmed by statistical analysis. In the analysis, 
an area of 50×50 km2, corresponding to tile “165 725” was 
selected. For this area, both strip and path images were 
available. The Sveaskog GIS database reported 98 clear-cuts 
of which 31 occurred between the acquisition of the two 
images and 67 took place before. For the analysis, the GIS data 
were rasterized to the pixel size of interest. To further assess 
the impact of polygon edges, the assessment was carried out 
with the original rasterized map and a corresponding one-pixel 
edge-eroded version. At 50 m, the erosion caused about half of 
the polygons to disappear. For each polygon, the percentage of 
correctly detected pixels was computed. For the 31 polygons, 
Table 2 reports the statistical distribution of the polygon-wise 
percentage of correctly detected pixels in terms of the average 
value and, the 10th and the 90th

Table 2 shows that the largest agreement between detected 
and actual clear-cuts was obtained at 20 m pixel size. For the 
31 polygons here evaluated, on average 79.4% of the reference  
 

 percentile. 



 
(a) 

 
(b) 

 
(c) 

Figure 5. Example of a detected clear-cut using ALOS PALSAR data (red) at 
(a) 10 m, (b) 20 m and (c) 50 m pixel size. For reference, the border of the 
clear-felled area is outlined as reported in the Sveaskog GIS database. As 
background, the PALSAR image acquired after clear-felling has been used. 
 
Table 2. Average value and, 10th and 90th

Pixel size 

 percentile of the polygon-wise 
distribution of correctly detected pixels for different pixel sizes. The reference 
dataset consisted of 31 polygons, where clear-felling took place between ALOS 
PALSAR data acquisitions. The last line with the asterisk refers to the clear-cut 
map obtained with the algorithm developed in phase 1 [4]. 

(m) 

Correctly detected pixels 
(original / edge-eroded) 

Average 
(%) 

10th and 90th 

10 

percentile 
(%) 

62.7 / 71.5 34-87 / 38-95 
20 79.4 / 90.6 56-96 / 67-100 
50 72.5 / 85.9 33-98 / 52-100 
50* 58.0 / 78.8 22-88 / 41-100 

pixels had been detected correctly. The detection accuracy 
increased substantially when comparing against the edge-
eroded map. In this case, on average more than 90% of the 
pixels were correctly detected. At 10 m and 50 m pixel size, the 
detection accuracy was lower; nonetheless, it improved when 
considering an edge-eroded version of the clear-cut mask used 
as reference. The 10th

The results indicate that the new algorithm is able to detect 
clear-cuts with high accuracy, matching the areal extent of a 
clear-cut. There is, however, an issue on spatial resolution if 
detailed delineation of a clear-felled area is aimed at, as shown 
in Fig. 5. It should be noted that a possible further explanation 
for the substantial improvement of the detection statistics 
shown in Table 2 when considering an edge-eroded version 
should point at the vector-to-raster transformation of the GIS 
polygons. 

 percentile indicates that at 10 m and 50 
m, for some clear-cuts the detected area did not match with the 
area reported in the GIS database, whereas at 20 m there was 
mostly a strong agreement. The larger discrepancy at 10 m 
compared to 20 m is related primarily to residual speckle. The 
20 m dataset was obtained with stronger multi-look factors. In 
addition, although multi-channel filtering was applied [11] to 
preserve resolution, the small number of images (two) was not 
effective to suppress speckle sufficiently. Table 2 also includes 
the results at 50 m for the multi-temporal algorithm developed 
in phase 1 of the K&C project [4]. The detection accuracy was 
slightly lower, which indicates that the idea of pursuing a more 
advanced algorithm for detection of clear-cuts from PALSAR 
data was correct. 

For the 67 polygons where clear-felling occurred before the 
acquisition of the PALSAR dataset, no pixel was classified as 
change, regardless of the spatial resolution of the PALSAR 
dataset. Further assessment of the detection error with respect 
to false detection was not possible, since the dataset available 
as reference provided only information on areas that had been 
subject to felling activities by Sveaskog. 
 
C. Nation-wide clear-cut maps 

The new detection algorithm was applied to the ALOS 
PALSAR strip data on a track-by-track basis, i.e. change was 
detected between two images acquired on different years along 
the same satellite track. For each pixel detected as change, the 
last PALSAR acquisition date before the detected change and 
the first PALSAR acquisition date after the detected change 
were stored as well. 

Fig. 6 shows an example of detected changes in the county 
of Västerbotten with respect to the Swedish Forest Agency’s 
database. The large majority of detected changes (colored in 
red) correspond to clear-cuts reported in the Forest Agency’s 
database (white polygons). Some small clusters of detected 
changes have also been found in polygons reported as felled 
before the acquisition of the PALSAR data (black polygons). 
In this case, the date reported by the Forest Agency might be 
questionable. The Forest Agency’s database defines as date of 
cutting the date on which the latter optical satellite image 
forming an image pair was acquired. Hence, the temporal 
uncertainty in the felling date affects the interpretation whether 



 
Figure 6. Clear-cuts detected in an ALOS PALSAR strip image pair (red). White polygons indicate clear-cuts reported in the Swedish Forest Agency’s database for 
the time frame of the PALSAR image acquisitions. Black polygons indicate clear-cuts reported in the Forest Agency’s database as felled before the acquisition of the 
PALSAR image pair. 
 
the PALSAR-based detections are correct or not. Finally, some 
clusters of pixels were labeled as change where no information 
was available in the Forest Agency’s database. Due to the 
considerable clustering, the result was interpreted as a possible 
failed detection by the Forest Agency or a data gap (in space 
and/or in time) in the optical satellite dataset available at the 
Forest Agency. 

A rigorous quantitative assessment of the agreement 
between the Swedish Forest Agency and the PALSAR datasets 
was hindered by the lack of exact information on felling date in 
the Forest Agency’s database. For this reason, we looked at the 
distribution of the pixel labeled as change by the detection 
algorithm with respect to the felling date reported in the Forest 
Agency’s database and defined three categories: 

1) detection likely to be correct if both PALSAR and Forest 
Agency datasets showed a clear-cut, and the felling date was 
reported to have occurred after the acquisition of first PALSAR 
image; 

2) detection likely to be erroneous if both PALSAR and 
Forest Agency datasets showed a clear-cut, and the felling date 
was prior to the date of acquisition of the first PALSAR image; 

3) detection not verifiable if a pixel was detected as change 
but there was not corresponding information in the Forest 
Agency’s database. 

Table 3 shows the percentage of pixels labeled as change 
with respect to these three categories for a number of tiles 
located in different counties of Sweden. It is here remarked that 
these percentages express the likeliness of the agreement since 
no detailed information on cutting date were available. 



Table 3. Likeliness of agreement between pixels detected as change from 
ALOS PALSAR images and Swedish Forest Agency’s clear-cut polygons for 
tiles from six counties in Sweden. Each tile corresponds to a 50×50 km2

Tile ID 

 large 
area. 

County 
Likeliness of detection 

Not 
verifiable 

(%) 

Errone- 
ous 
(%) 

Correct 
 

(%) 
130 640 Västra Götaland 11 10 79 
165 715 Västerbotten 12 12 76 
150 690 Gävleborg 18 9 73 
165 735 Norrbotten 20 8 72 
160 670 Uppsala 17 14 69 
135 680 Dalarna 31 15 54 

 
The likeliness of correct detection was generally high, with 

percentages of 70% or above in most cases. In case of lower 
agreement, the percentage of unverifiable results increased 
conversely. The percentage of pixels likely to be erroneous was 
within 8-15%. This could be considered as an approximate 
indication on the detection error. The percentage of pixels for 
which the verification could not be carried out was not the 
same all over Sweden. In some areas, the amount of detected 
pixels for which no corresponding information were available 
in the Forest Agency’s database was considerable (e.g., central 
part of the Dalarna county in Table 3). Considering that the 
likeliness of error is in the same order among counties in 
Sweden, it is believed that the large percentage of pixels 
labeled as unverifiable is due to missing information in the 
 

Forest Agency’s database. Further investigations are needed to 
verify this. 

The assessment of the 2008-2009 nation-wide ALOS PAL-
SAR clear-cut map consisted of a comparison of county-wise 
statistics of clear-cuts between 2008 and 2009 from the 
Swedish Forest Agency and the Swedish National Forest 
Inventory. These statistics were in turn compared to statistics 
of notified areas of final fellings reported by the Forest Agency 
[10] (Table 4). The PALSAR-based estimates are larger than 
those reported by the Forest Agency and the National Forest 
Inventory, but below the level reported on notified felling by 
the Forest Agency. Furthermore, the figures of clear-felled 
areas differ a lot at county level when compared across the 
different datasets. One explanation of the large discrepancy 
might be that the detected clear-cuts are registered within 
different time frames, even though the detection, in all cases, 
has been carried out during a time period of one year. 

For the majority of the counties presented in Table 4, a 
substantially larger clear-felled area is detected by PALSAR 
compared to the Forest Agency. For eight of the counties, 
larger areas of clear-cuts are also estimated by the National 
Forest Inventory compared to the Forest Agency. It should be 
noted that the statistics from the National Forest Inventory are 
here based on a total of about 10,000 field plots, where only 
about 50 of these were registered as harvested at the time of 
field inventory. As an example there were no field plots 
registered as harvested in the counties of Stockholm and 
Halland. Thus, the estimated area of clear-cuts for those two 
counties is zero, even if clear-felling has taken place. 
 

 
Table 4. County-wise statistics of clear-felled areas between 2008 and 2009 from the Swedish Forest Agency, Swedish National Forest Inventory, ALOS PALSAR 
strip data and notified areas of final fellings > 0.5 ha as reported by the Forest Agency [10], for all counties in Sweden except the counties of Östergötland, 
Kronoberg, Kalmar, Gotland, Blekinge and Skåne, where no statistics were available from the Forest Agency at the time of writing. 
County 
 
 

Swedish Forest Agency 
 

(ha) 

Swedish National Forest 
Inventory 

(ha) 

ALOS PALSAR 
 

(ha) 

Notified areas of final 
fellings 

(ha) 
Stockholm 1,568 0 2,209 1,488 
Uppsala 2,997 10,688 5,383 5,520 
Södermanland 811 4,288 1,427 2,930 
Jönköping 1,693 5,125 3,708 9,623 
Halland 690 0 891 3,518 
Västra Götaland 6,430 13,041 6,400 17,306 
Värmland 5,218 6,750 7,750 15,295 
Örebro 2,880 1,838 5,235 7,868 
Västmanland 3,205 876 2,585 4,173 
Dalarna 12,107 5,836 17,503 18,313 
Gävleborg 14,804 3,531 15,282 17,356 
Västernorrland 5,647 14,136 15,536 20,412 
Jämtland 24,412 19,665 19,077 20,435 
Västerbotten 23,046 38,305 26,649 20,394 
Norrbotten 15,424 16,509 25,355 15,804 
Total 120,931 140,590 154,990 180,435 
 



The statistics of notified areas of final fellings (> 0.5 ha) in 
Table 4 should be interpreted as a reference of the maximum 
area that is allowed to be clear-felled. However, in six of the 
investigated counties, at least one of the other datasets of clear-
cut statistics report an area exceeding the notified area of final 
felling. A more detailed analysis is recommended to find out 
more about the underlying error sources. 

Total figures of detected clear-cuts were also compared 
against official statistics provided by the Swedish National 
Forest Inventory at national level. Table 5 shows yearly figures 
of total area detected as clear-felled with ALOS PALSAR strip 
data and the total forest land area subject to final felling 
according to estimates from the National Forest Inventory [10]. 
The agreement for 2008-2009 is remarkable. At the time of 
writing, the statistics from the National Forest Inventory for the 
period 2009-2010 were not available so that no further con-
clusion on the reliability of the PALSAR-based estimate can be 
drawn. However, the decrease of total area detected as clear-cut 
is consistent with the slight decreasing trend of total felled area 
reported by the Forest Agency for the last 15 years [10]. 
 
Table 5. Total area detected as clear-felled per growing season from ALOS 
PALSAR and the Swedish National Forest Inventory. The figure within 
parenthesis refers to the clear-felled area reported in [10]. 

Time 
period 

ALOS PALSAR 
 

(ha) 

Swedish National Forest 
Inventory 

(ha) 
2008-2009 168,279 168,645* (170,000) 
2009-2010 156,910 Not available 

* In the counties of Stockholm, Halland and Skåne, no field plots were 
registered as harvested at the time of field inventory. 
 

IV. CONCLUSIONS AND RECOMMENDATIONS 
In the second phase of the K&C project a new clear-cut 

detection algorithm was developed and evaluated, and clear-cut 
maps were produced based on ALOS PALSAR strip data 
covering the entire Sweden over three subsequent years, i.e. 
2008, 2009 and 2010. 

The new detection algorithm proved to perform better 
compared to the approach developed during phase 1, con-
firming the necessity of an advanced method for change 
detection if high accuracy is aimed at. With respect to spatial 
resolution, the best detection result was achieved at 20 m pixel 
size (path data), where on average 79.4% of the pixels of 31 
clear-cuts used as reference were correctly detected. The 
majority of misclassified pixels were located along the clear-
cut edges, indicating that most of the errors were due to 
layover, shadowing or image co-registration errors. This is 
confirmed when comparing an edge-eroded version of the 
reference clear-cut map. The detection accuracy improved and 
over 90% of the pixels were then correctly detected. In the case 
of strip data (pixel size of 50 m) the corresponding figures were 
72.5% and 85.9% without and with one edge-eroded pixel, 
respectively. Furthermore, 67 stands clear-felled before the 
acquisition of the PALSAR data were used as reference for 
 

false detections. The error rate for these stands was 0%. 
PALSAR strip data with 50 m pixel size are, therefore, judged 
to be sufficient in order to detect clear-cuts and to provide a 
rough delineation of the clear-cut extensions. However, a reso-
lution of 10-20 m such as for PALSAR path data is recom-
mended if higher precision is required. 

The independence of cloud cover and day/night cycle 
capability allows ALOS PALSAR to obtain repeated full image 
coverage within one growing season. Complete image cover-
age of Sweden was achieved for the growing seasons 2008 and 
2009, whereas a small gap remained for the 2010 mosaic. To 
avoid gaps in the mosaics, it is recommended that acquisition 
of PALSAR data should be guaranteed over more than two 
cycles. 

The developed detection algorithm using PALSAR FBD 
HV-polarized backscatter data proved to be very robust and 
computationally fast in terms of performance. In order to 
produce a clear-cut map over Sweden, it took about 90 minutes 
to run the algorithm on a standard computer using PALSAR 
strip data with 50 m pixel size. 

The areas detected as clear-cut are in good agreement with 
other information sources (i.e., Swedish Forest Agency and 
Swedish National Forest Inventory). The likeliness of correct 
detection was generally high, with percentages of 70% or 
above at several locations in Sweden. In case of lower agree-
ment, the percentage of unverifiable results increased convers-
ely. The percentage of pixels likely to be erroneous was within 
8-15%. At national level, the total area detected as clear-cut for 
2008-2009 was exceptionally close to the estimate provided by 
the Swedish National Forest Inventory (168,279 ha vs. 168,645 
ha). Discrepancies were, however, observed at county level, 
depending on information source. 

Combining the issues of spatial resolution and the benefits 
of complete spatial coverage at national level, the use of high 
resolution and large swath acquisition techniques (http://www. 
eorc.jaxa.jp/ALOS/en/kyoto/jun2010_kc14/presen/3-11_KC14_ 
ALOS-2_Workshop_KC-pres_March2010.pdf) as proposed for 
the forthcoming ALOS-2 mission is one possible future direc-
tion of research activities for nation-wide mapping. However, 
as a direct continuation of the research carried out in the second 
phase of the K&C project, further evaluation is needed of the 
proposed clear-cut detection methodology and related results. 
Once data are available from the Swedish Forest Agency and 
the Swedish National Forest Inventory for 2010, it is of high 
interest to perform an accuracy assessment of clear-cut detec-
tion between 2009 and 2010. In addition, the time frame 2008-
2010 should be investigated as the results based on data from a 
longer time period (using about twice as much data) will be of 
higher confidence. 

The research carried out in the second phase of the K&C 
project has clearly demonstrated the possibilities to produce 
yearly clear-cut maps for entire Sweden using ALOS PALSAR 
strip data acquired during the summer/fall of 2008, 2009 and 
2010 with promising results for future potential operational 
use. 
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Abstract—Original idea of the phase 2 proposal was to use the 
information contained in the winter coherence additionally to the 
backscatter for land cover mapping in the boreal zone. This idea 
was based on the very promising results of phase one. So far, the 
data base in terms of coherence data strips could not be 
provided. However, the whole approach is pending and might be 
accomplished at phase 3, at least for a smaller demonstration 
area. Thus, phase 2 had to concentrate on a different topic. New 
topic was to investigate the use of interferometric coherence for 
forest biomass estimation. This study was accomplished by using 
standard FBS/FBD SLC data provided by JAXA. Major results 
are: 1.) Winter coherence contains much information on forest 
stem volume, even if temporal baseline is larger than one cycle; 
2.) For winter coherence no spatial baseline dependency is 
evident; 3.) Surprisingly the coherence for dense forest is larger 
in summer than in winter; 4.) At forest scattering processes in 
summer and winter are different; 5.) The scattering phase centre 
drops in winter. 

Index Terms—ALOS PALSAR, K&C Initiative, Forest 
Theme, above-ground biomass, Coherence, Baseline effect 

I.  INTRODUCTION 

A. Background of investigating multi-seasonal coherence 

The great potential of SAR data for forestry applications 
has been clearly demonstrated by a remarkable number of 
studies. While techniques aiming at forest cover and forest 
disturbance mapping (e.g. logging, forest fire, and wind 
damage) almost reached operational stage (at least in the 
boreal zone) [1, 2, 3, 4, 5, 6, 15], the estimation of forest 
biomass still struggles with problems related to saturation and 
considerable uncertainties [7, 8, 9]. However, the extension of 
the timeline (multitemporal data) proved having the potential 
to overcome these shortcomings [10, 11, 12, 13, 14, 19]. 

If SAR data are used in the boreal zone, the extreme 
seasonality needs to be considered throughout the SAR data 
exploration [13, 14]. During winter the trees are frozen and 
thus, in particular at L-band, almost transparent for the 
incoming radar wave. The backscatter generated by the trees 
as well as the contrast between forest and non-forest is 
significantly reduced [18]. In winter, the environmental 

conditions are very stable. Due to the very low temperatures, 
the snow is very dry and does hardly impact the scattering. As 
the soil is also frozen, soil moisture changes do not appear. 
With regards to coherence, these circumstances lead to very 
low temporal decorrelation. Even long temporal baselines of 
44/46 days (JERS-1/ALOS PALSAR) do not necessarily 
cause problems due to temporal decorrelation [6, 11]. From a 
number of studies it is evident that in particular coherence 
images acquired during winter do have great potential for 
forest biomass estimation [10, 11, 12]. 

The thawing phase (spring time) however was recognised 
being the most unsuitable time for coherency based forest 
parameter retrieval [11, 14]. Due to the very unstable 
conditions in terms of snow cover and soil moisture coherence 
is almost completely lost. During midsummer major sources 
of temporal decorrelation are rainfall (changing soil moisture 
and interception water) and wind. Thus, in general repeat pass 
coherence of forest is assumed being much smaller compared 
to mid-winter. 

The above mentioned hypothesises on the seasonal 
variation of repeat-pass coherence are substantiated by a 
number of ERS-1/2 Tandem coherence studies [10, 12, 13, 
14]. However, not much is known about the seasonality of 
repeat-pass L-band coherence. There is one study by [11] on 
multitemporal JERS repeat-pass coherence for stock volume 
estimation in Siberia. However, [11] clearly focus on winter 
coherence, as the database did not allow a thorough multi-
seasonal investigation. 

 

B. The content  

Altogether 16 sites have been in the focus of this study. 
Those sites were covered by 8 (sometimes more than one site 
is covered by one frame) frames and altogether 87 images. All 
summer-summer and winter-winter (and some summer-
winter) combinations of SLC pairs have been implemented for 
coherence estimation ending up with a number of almost 300 
coherence images. The results can be summarised as follows: 
1.) Winter coherence contains much information on forest 
stem volume, even if temporal baseline is large 
2.) No spatial baseline dependency is evident for winter 
coherence 



3.) Surprisingly the coherence for dense forest is larger in 
summer than in winter 
4.) At forest scattering processes differ in summer and winter  
5.) The scattering phase centre drops in winter. 

 

II. DESCRIPTION OF YOUR PROJECT 

A. Study area 

The study area is located in Central Siberia, Russia (see 
Fig. 1) and features the administrative compartments Irkutsk 
Oblast and Krasnoyarsk Kray. The Middle Siberian Plateau in 
the southern part of the territory is characterised by hills up to 
1,700 m. The northern part is flat with heights up to 500 m. 
Taiga forests (spruce, birch, larch, pine, aspen etc.) dominate 
and cover ca. 80% of the region. The region exhibits 
continental climatic conditions. The yearly amount of 
precipitation is generally below 450 mm; the winters are very 
cold and dry, the summers are warm; most of the precipitation 
occurs in summer. The whole territory is characterised by 
extreme land cover changes caused by forest fires and logging. 
 

Figure 1. Study area (light green) in Central Siberia and forest inventory data; 
Area covered by right image ca. 2,000 km × 2,000 km 

B. Relevance to the K&C drivers 

Primary objective is to investigate interferometric 
coherence data with regards to their potential for forest stem 
volume estimation in the boreal zone. Basing on these findings 
an estimation/monitoring approach will be developed in phase 
3. Thus, the objective is very much related to all of the three 
C’s Conventions, Carbon and Conservation. Additional and 
very important scientific objective is to understand the seasonal 
differences of coherence. 

C. Work approach - summary 

Besides the impact of the environmental conditions 
(seasonality) also the impact of the spatial baseline for the 
SLC pairs has to be considered. Thus, the spatial baseline 
effect was investigated for dense forest, where it is expected 
having the greatest impact. To support the clarification of the 
coherence behaviour an investigation of the INSAR phase has 
been added to the work plan. 

Considering all required framing conditions the data has 
been investigated with regards to correlation between 
coherence and stem volume, point of saturation, average site 
coherence, and average dense forest coherence. 

D. Satellite data and processing 

Tab. 1 summarises the implemented PALSAR data. Only 8 
frames were required as some of the frames cover more than 
one test site. In general, FBS was acquired in winter and FBD 
in summer. For the coherence estimation level 1.1 FBS/FBD 
scenes were applied. Interferometric processing consisted of 
SLC data co-registration at sub-pixel level, slope adaptive 
common-band filtering in range [16, 17], and common-band 
filtering in azimuth. The interferograms/ coherence images 
were generated using 10x20 looks for FBS and 10x40 looks 
for FBD data. The coherence images were orthorectified using 
SRTM elevation data. 

 
TABLE  I 

IMPLEMENTED PALSAR DATA; CURSIVE: UNFROZEN 

CONDITIONS, BOLD: FBD, STANDARD: FBS, FROZEN 

CONDITIONS 
Chunsky N Chunsky E Primorsky Bolshe 

T475/F1150 T473/F1150 T466/F1110 T481/F1140 
(Track/Frame) 30dec06 18jan07 28dec06 

 14feb07 05mar07 12feb07 
20jun07 02jul07 21jul07 15aug07 
05aug07 17aug07 05sep07 30sep07 
20sep07 02oct07 21oct07  

 17nov07   
05nov07    
21dec07   31dec07 
05feb08 02jan08 21jan08 15feb08 
22mar08 17feb08   
07may08    
22jun08    
07aug08 04jul08  02jul08 

 19aug08  17aug08 
 04jan09  02jan09 
 19feb09  17feb09 

 

Shestakovsky Nizhne-
Udinsky 

Irbeisky Hrebtovsky 

T0463/F1130 T0471/F1100 T0478/F1100 T0468/F1190 
13jan07 11jan07  06jan07 
28feb07 26feb07  21feb07 
16jul07 14jul07  09jul07 
31aug07  10aug07 24aug07 
16oct07 14oct07  09oct07 
16jan08  10nov07 09jan08 
02mar08 29feb08 26dec07 24feb08 
17apr08  10feb08 11jul08 
18jul08 16jul08 27jun08 26aug08 
02sep08 31aug08 12aug08  
18jan09 16jan09 28dec08 11jan09 
05mar09 03mar09 12feb09 26feb09 
21jul09  30jun09 14jul09 
05sep09  15aug09 29aug09 
21oct09  30sep09 14oct09 

 
Tab. 2 - Tab. 9 exhibit the perpendicular baselines derived 
using state vector data. N/a values denote that for the 
respective image pair no coherence was computed. This 
applies to some summer-winter coherence combinations and 
some pairs with presumably very large perpendicular baseline 
due to orbit correction manoeuvres. 



TABLE 2. PERPENDICULAR BASELINES T475/F1150 
 20jun07 05aug07 20sep07 05nov07 21dec07 05feb08 22mar08 07may08 22jun08 

05aug07 343 0        
20sep07 430 86 0       
05nov07 -1107 -763 -676 0      
21dec07 -1159 -815 -729 52 0     
05feb08 -2049 1705 -1618 942 889 0    
22mar08 -2472 560 -2041 1364 1311 422 0   
07may08 3032 2688 2601 1925 1872 983 560 0  
22jun08 n/a n/a n/a n/a n/a n/a n/a -3749 0 
07aug08 n/a n/a n/a n/a n/a n/a n/a -7810 -4059 

TABLE 3. PERPENDICULAR BASELINES T473/F1150 
 30dec06 14feb07 02jul07 17aug07 02oct07 17nov07 

14feb07 1406 0        
02jul07 n/a n/a 0    
17aug07 n/a n/a 272 0   
02oct07 n/a n/a 668 396 0  
17nov07 3505 2099 1146 874 478 0 
02jan08 -3636 -2229 n/a n/a n/a -129 
17feb08 -4668 -3261 n/a n/a n/a -1161 
04jul08 n/a n/a -1265 -1538 -1934 -2412 
19aug08 n/a n/a -4661 -4934 -5330 -5808 
04jan09 -534 -1940 n/a n/a n/a 4040 
19feb09 94 -1311 n/a n/a n/a 3411 

 

 02jan08 17feb08 04jul08 19aug08 04jan09 

17feb08 1031 0       
04jul08 n/a n/a 0   
19aug08 n/a n/a -3394 0   
04jan09 -4170 -5203 n/a n/a 0 
19feb09 -3541 -4573 n/a n/a 628 

TABLE 4. PERPENDICULAR BASELINES T466/F1110  
 18jan07 05mar07 21jul07 05sep07 21oct07 

05mar07 1630 0    
21jul07 2472 842 0   
05sep07 2703 1073 -230 0  
21oct07 3139 1509 -666 -435 0 
21jan08 3953 2324 -1481 -1251 -815 

TABLE 5. PERPENDICULAR BASELINES T481/F1140 
 28dec06 12feb07 15aug07 30sep07 31dec07 15feb08 02jul08 17aug08 02jan09 

12feb07 1278 0               
15aug07 2450 1171 0       
30sep07 2880 1601 430 0           
31dec07 3473 2194 -1023 -593 0     
15feb08 4576 3298 -2127 -1697 1103 0       
02jul08 962 -315 -1487 1918 -2511 -3615 0   
17aug08 -2463 -3741 -4914 5343 -5939 -7044 3425 0   
02jan09 -652 -1930 n/a n/a -4127 -5232 1614 -1810 0 
17feb09 50 -1227 n/a n/a -3424 -4528 911 -2514 703 

TABLE 6. PERPENDICULAR BASELINES T0463/F1130 
 13jan07 28feb07 16jul07 31aug07 16oct07 16jan08 02mar08 17apr08 18jul08 

28feb07 1610 0        
16jul07 n/a n/a 0             
31aug07 n/a n/a 337 0      
16oct07 n/a n/a 836 500 0         
16jan08 4092 2482 n/a n/a n/a 0    
02mar08 4857 3248 n/a n/a n/a 765 0     
17apr08 5312 3702 n/a n/a n/a 1220 455 0  
18jul08 n/a n/a -1303 -1640 -2140 n/a n/a n/a 0 
02sep08 n/a n/a -4421 -4759 -5260 n/a n/a n/a -3119 
18jan09 -207 -1817 n/a n/a n/a -4301 -5067 -5523 n/a 
05mar09 320 -1291 n/a n/a n/a -3774 -4540 -4996 n/a 
21jul09 n/a n/a -1689 -2027 -2527 n/a n/a n/a -386 
05sep09 n/a n/a -1064 -1401 -1901 n/a n/a n/a 239 

21oct09 n/a n/a -599 -937 -1437 n/a n/a n/a 704 
 

 02sep08 18jan09 05mar09 21jul09 05sep09 21oct09 
18jan09 n/a 0         
05mar09 n/a -527 0    
21jul09 2731 n/a n/a 0     
05sep09 3357 n/a n/a 626 0  
21oct09 3821 n/a n/a 1090 464 0 

TABLE 7. PERPENDICULAR BASELINES T0471/F1100 
 11jan07 26feb07 14jul07 14oct07 29feb08 16jul08 31aug08 16jan09 03mar09 

26feb07 1650 0               
14jul07 n/a n/a 0       
14oct07 n/a n/a 884 0           
29feb08 4862 3213 n/a n/a 0     
16jul08 n/a n/a -1293 -2177 n/a 0       
31aug08 n/a n/a -4419 -5303 n/a -3127 0   
16jan09 -102 -1753 n/a n/a -4968 n/a n/a 0   
03mar09 364 -1287 n/a n/a -4501 n/a n/a 466 0 

TABLE 8. PERPENDICULAR BASELINES T0478/F1100 
 10aug07 10nov07 26dec07 10feb08 27jun08 12aug08 28dec08 12feb09 30jun09 

10nov07 1157 0               
26dec07 n/a 129 0       
10feb08 n/a -879 1008 0           
27jun08 -1072 n/a n/a n/a 0     
12aug08 -4725 n/a n/a n/a -3651 0       
28dec08 n/a 4261 -4134 -5142 n/a n/a 0   
12feb09 n/a 3405 -3278 -4286 n/a n/a 855 0   
30jun09 -1479 n/a n/a n/a -407 3243 n/a n/a 0 
15aug09 -1407 n/a n/a n/a -335 3315 n/a n/a 72 
30sep09 -848 n/a n/a n/a 225 3875 n/a n/a 632 

 15aug09 
30sep09 560 

TABLE 9. PERPENDICULAR BASELINES T0468/F1190 
 06jan07 21feb07 09jul07 24aug07 09oct07 09jan08 24feb08 11jul08 26aug08 

21feb07 1608 0               
09jul07 n/a n/a 0       
24aug07 n/a n/a 175 0           
09oct07 n/a n/a 629 455 0     
09jan08 3978 2371 n/a n/a n/a 0       
24feb08 4866 3259 n/a n/a n/a 888 0   
11jul08 n/a n/a -1388 -1562 -2017 n/a n/a 0   
26aug08 n/a n/a -4810 -4983 -5439 n/a n/a -3421 0 
11jan09 -427 -2035 n/a n/a n/a -4407 -5296 n/a n/a 
26feb09 122 -1486 n/a n/a n/a -3858 -4747 n/a n/a 
14jul09 n/a n/a -1356 -1530 -1985 n/a n/a 32 3451 
29aug09 n/a n/a -957 -1131 -1586 n/a n/a 431 3850 
14oct09 n/a n/a -698 -872 -1327 n/a n/a 690 4109 

 

 11jan09 26feb09 14jul09 29aug09 14oct09 
26feb09 549 0    
14jul09 n/a n/a 0     
29aug09 n/a n/a 399 0  
14oct09 n/a n/a 658 259 0 

 

E. Ground reference data 

With regards to the coherence investigation forest 
inventory data was used for the sites Bolshe Murtinsky NE 
and SE, Chunsky N and E, Primorsky N, E, S, and W, 
Hrebtovsky S, and NE, Nishni Udinsky, Irbeisky E, N, W, and 
CTR and Shestakovsky. The forestry data contains lots of 
parameters, so far only stem volume, stand ID, and relative 
stocking have been considered. The data was provided 
digitally (vector data). 



Some specific characteristics of the forestry data base had 
to be considered: i) Only trees with economic relevance are 
included (stem diameter > 8 cm etc.), ii) In places high 
heterogeneity within forest stands was detected (e.g. only 
partly logged), iii) Polygons are inaccurate – the 
misregistration is partially more than 100 m, iv) The forest 
information is outdated (GIS layer 15 years old, information 
contained in GIS even older, thus potentially new clear-cuts, 
growth and regrowth of forest). To overcome some of these 
issues the following strategies have been applied: i) Buffering 
polygon information, ii) Excluding forest stands which have 
been logged or burned during last 10 years (detection by 
means of HR EO data, creation of list with obsolete stands), 
iii) Exclusion of stands with very high variance of coherence, 
iv) Excluding stands smaller than 2 ha, v) Excluding outliers, 
the threshold was set to 2 standard deviations. 

 

 
Figure 2. Example for forest inventory data (Chunsky E) 

 
 

F. Meteorological Data 

The meteorological network in Siberia is not very dense. 
Thus, the distance between the forest inventory data sites and 
the corresponding meteorological station can be greater than 
200 km. Meteorological data was collected for the stations 
Bolshaja Murta (93°08'E, 56°54'N), Bogucany (97°27'E, 
58°23'N), Tulun (100°36'E, 54°36'N), and Bratsk (101°45'E, 
56°17'N). Due to spatial constraints the data is not provided in 
this paper. The reader is referred to [18]. All meteorological 
data was gathered from the webpages www.wunder-
ground.com and www.wetteronline.de. It was collected for the 
acquisition date of the SAR data. Regarding precipitation also 
a sum for the 3 and 7 days before the acquisition (including 
the acquisition day) was determined. 

In general, typical weather conditions have been observed. 
Temperatures were far below freezing point during winter 
acquisitions and well above 0°C during summer. No or only 
little precipitation was measured at the acquisition dates and 
the days before. Wind did not play a major role. Furthermore, 
no remarkable snow melt occurred during the winter cycles. 
 
 

III.  RESULTS AND SUMMARY  

A. Investigation of impact of spatial baseline 

With regards to the earth’s surface and its objects 
coherence is determined by temporal and spatial decorrelation. 
Temporal decorrelation is cause by natural and human induced 
changes resulting in differing dielectric and geometric 
properties when comparing both SLC images. The prediction 
of temporal decorrelation is hardly possible, thus, with regards 
to stem volume estimation it introduces unwanted noise. 
Spatial decorrelation is caused by the differing viewing 
geometry of both SLC images which introduces a wave 
number shift, which in turn decreases the coherence. For 
vegetation-free terrain this shift can be predicted and a 
correction (common band filtering) of this component of 
spatial decorrelation is possible. However, in areas with dense 
and high vegetation such as forests the vertical assembly of 
scatterers introduce a second component of decorrelation, 
which is referred to volume decorrelation. It is depending on 
the perpendicular baseline and the vertical distribution of the 
scatterers. If the vertical distribution of the scatterers is not 
known, which is mostly the case, this component is not 
predictable. Thus, the impact of spatial baseline for dense 
forest was empirically investigated first. 

Within this study the average forest coherence was 
computed for each coherence image and test site. All forest 
stands with a stem volume of 250 m³/ha – 350 m³/ha were 
considered. The average forest coherence was plotted against 
the perpendicular baseline (see Fig. 3-6). 

 

 
Figure 3. Interferometric summer coherence of dense forest as function of 

spatial baseline – temporal baseline = 46 days. Horizontal lines denote 
coherence (and its standard deviation) for decorrelated data 

 
Fig. 3 depicts the interferometric coherence of dense forest 

as function of spatial baseline for summer coherence data with 
a temporal baseline of 46 days. First of all it becomes apparent 
that the ALOS orbit is in a stable tube and the baselines range 
from 100 m to 600 m only. However, for some SLC pairs the 
perpendicular baseline is much larger (3,100 – 4,100 m). The 



large baselines are the result of orbit correction manoeuvres 
which are in general required every second year. 

With regards to coherence a wide spread, even for the 
same spatial baseline, is apparent. This spread is mainly 
caused by the varying temporal decorrelation. However, 
comparing small and large baseline forest coherence, a clear 
decrease with baseline is obvious. Thanks to the well managed 
orbit no intermediate baselines (~2000 m) can be found for 46 
day summer coherence, even though these would help 
interpreting the impact of the spatial baseline. 

As zero reference the coherence for completely 
decorrelated images is represented by a horizontal line 
(0.070); the dashed lines represent the respective standard 
deviation. These parameters have been computed by 
processing random data. Additionally the results have been 
compared with the coherence for water bodies (0.076) – both 
measures were in good accordance. The expected value of 
coherence for uncorrelated datasets is a function of the number 
of independent looks – thus it can also be computed without 
running the coherence processor. However, the application of 
the common band filter diminishes the number of independent 
looks. Thus, the actual look number is unknown (not provided 
by the gamma software). 

When not considering large baselines the above Fig. 3 
becomes as follows (Fig. 4): 

 

 
Figure 4. Interferometric summer coherence of dense forest as function of 

spatial baseline – temporal baseline = 46 days, small perpendicular baselines 
 

By showing small baseline data only no specific trend is 
visible. Again, the variations of coherence of around 0.3 are 
most likely driven by varying temporal decorrelation. Thus, 
considering only these small baseline data sets for further 
investigation, baseline effects can be neglected. 

 
By increasing the temporal baseline a much larger number 

of potential SLC pairs results in a much larger variety of 
perpendicular baselines: 

 

 
Figure 5. Interferometric summer coherence of dense forest as function of 

spatial baseline – temporal baseline = 72 days (blue) and > 72 days (red), all 
perpendicular baselines 

 
By examining Fig. 5 one must mind that the summer 

coherence for forest is depicted for a large variety of temporal 
baselines. They range from 72 days to more than 2 years. 
Thus, the potential of having temporal effects is also large. 
Still, all measures are above the minimum expected coherence 
for random data, i.e. some remaining forest coherence can be 
found in each image. Even though this investigation was 
accomplished for dense forest, there might appear gaps in the 
canopy which result in some residual coherence. 

As expected, the average coherence for small spatial 
baselines is reduced against the 46 day coherence. 
Furthermore, having also intermediate perpendicular baselines 
available, the clear trend of decreasing coherence with 
increasing baselines becomes apparent. In particular between 
1,000 m and 2,000 m this tendency is obvious. This effect 
must be considered during the following data interpretation. 

 
Analogue to the summer data the same plots were 

generated for winter coherence images. Fig. 6 depicts the 
result for 46 day coherence.  

 

 
Figure 6. Interferometric winter coherence of dense forest as function of 

spatial baseline – temporal baseline = 46 days 
 
In comparison to 46 day summer data we find larger 

perpendicular baselines in winter. The overall coherence for 



dense forest is surprisingly about 0.1 lower than in summer. 
The same applies to the variability of the winter coherence of 
forest. This can be explained by the reduced variations of the 
temporal decorrelation in winter (more stable conditions). 

Of particular interest is the fact, that even over the large 
range of baselines no general trend of coherence is evident. 
Thus, working with 46 day winter coherence data, baseline 
effects can be neglected. 

 
Fig. 7 summarises the baseline impact on coherence with 

large temporal baselines of 72 days (blue) and > 72 days (red). 
The latter one refers to inter annual coherence with temporal 
baselines greater than 2 years. The largest spatial baselines are 
around 5,500 m, thus we find about the same baseline 
distribution as for the summer coherence data (Fig. 5). First of 
all, again a decrease of forest coherence with increasing 
temporal distance between the two acquisitions is evident. We 
find an average forest coherence of 0.3 for 46 day coherence, 
of 0.25 for 72 day coherence, and of 0.2 for greater temporal 
baselines. 

Secondly and even more interesting, again there is no 
impact of spatial baseline on forest coherence. Although some 
of the measures are quite close to the noise level, we find 
sufficient points with no complete decorrelation. Also these 
measures show no impact of the spatial baseline. Thus, again, 
we find a different behaviour of winter forest coherence with 
regards to spatial baseline. Thus, also working with large 
temporal baseline winter coherence data, spatial baseline 
effects can be neglected. 
 
 

 
Figure 7. Interferometric winter coherence of dense forest as function of 
spatial baseline – temporal baseline = 72 days (blue) and > 72 days (red) 
 

B. Methodology of coherence analysis 

The correlation analysis between stem volume and 
interferometric coherence is conducted on forest stand level. 
Thus, coherence was averaged for each stand. The standard 
deviation was also computed stand wise and was used as 
exclusion criterion (all stands with STDCOH > 0.1 are 
excluded). All remaining forest stands have been considered 
as separate entities and the empirical model was fit to the 

whole set of entities. In the next step an empirical model by 
[19] was fit to the data (Eq. 1): 

(1)

In this model γvol is the interferometric coherence, vol 
refers to stem volume, and a, b, and c are empirical 
coefficients. After fitting the model outliers have been 
removed and the model was fit again (only one iteration). R² 
and the coefficients of the empirical model are provided as 
well. 

 

C. Results of coherence analysis 

The coherence was estimated for temporal baselines of 46 
days up to two years. The individual images have been 
acquired during summer and winter. Depending on temporal 
baseline and combination of acquisition season the coherence 
images feature various characteristics. 

Fig. 8 & 9 demonstrate the typical behaviour of 46 day 
winter-winter coherence. Clear-cuts and forest are well 
distinguishable; coherence is high for low biomass patches 
and decreases with increasing stem volume. This relationship 
can be well described by means of the empirical model; the 
coefficient of determination is fairly high. 

 

 
Figure 8. Coherence for northern part (~20 km x 10 km) of Chunsky N 

(21dec07_05feb08), average coherence 0.42, Bperp = 889 m 
 

 
Figure 9. Scatterplot for Chunsky N (21dec07_05feb08) 

 
Fig. 10 & 11 demonstrate the same issue, this time 

however for winter-summer coherence and a longer temporal 



baseline. Besides the fact that the overall scene coherence is 
very low (0.16), and the image is very noisy, only minor 
information can be gathered from this image. It is even 
difficult to detect forest free patches. From the scatterplot (Fig. 
5) it gets clear that only very low stem volume forest patches 
can generate coherence above the noise level. 

 
Figure 10. Coherence for northern part (~20 km x 10 km) of Chunsky N 

(05feb08_20jun07), average coherence 0.16, Bperp = -2,049 m 

 

Figure 11. Scatterplot for Chunsky N (21dec07_05feb08) 
 
Fig. 12 & 13 provide an example for 46 day summer-

summer coherence. Remarkable is the overall high scene 
coherence, even for high stem volume forest. 
 

 
Figure 12. Coherence for northern part (~20 km x 10 km) of Chunsky N 

(05aug07_20sep07), average coherence 0.46, Bperp = 86 m 

 
Figure 13. Scatterplot for Chunsky N (05aug07_20sep07) 

 
By viewing Fig. 12 forested and non-forested areas can 

hardly be discriminated (compare to Fig. 8). Still, with 
increasing stem volume the coherence decreases, the slope 
(Fig. 13) however is much smaller compared to the winter-
winter example. Additionally, the coherence seems to be much 
more scattered. In summary, 46 day summer coherence is not 
very sensitive to stem volume. In fact, for most of the 
coherence images there was hardly any trend of decreasing 
coherence with increasing stem volume. Actually, some 
examples with reverse trend were found (see Fig. 14 for one 
and later section for discussion). 

 
Figure 14. Scatterplot for Primorsky W (05sep07_21oct07), Bperp = -435 m 

 
By increasing the temporal baseline (Fig. 15 & 16) the 

observed characteristics remain the same. Again, winter-
winter coherence is favourable against summer-summer 
coherence for stem volume retrieval, although R² is reduced 
and saturation occurs at lower stock volume. Although not 
visible in example provided by Fig. 16, an increment of the 
temporal (and spatial) baseline of summer-summer coherence 
can lead to an improvement of the stem volume – coherence 
relationship (see section below). In particular the perceptibility 
of non-forest areas is increased. 
 
 
 
 
 



 
Figure 15. Scatterplot for Chunsky E (30dec06_02jan08), Bperp = -3,636m 

 

 
Figure 16. Scatterplot for Chunsky E (02jul07_04jul08), Bperp = -1,265 m 

 

D. Summary of coherence analysis 

Basing on the baseline effect investigation baseline effects 
will be neglected for all winter-winter combinations. With 
regards to summer-summer SLC pair combinations only pairs 
with a perpendicular baseline smaller 640 m have been 
considered, which also allows the negligence of baseline 
effects with regards to volume decorrelation. This assumption 
is yet not valid for summer pairs with baselines larger 1 km. 
This report does not consider the baseline induced reduction of 
forest coherence. This will be focus of future work. Yet, the 
large database allows some general conclusions. 

 
Several statistical parameters have been computed to 

describe the characteristics of the coherence data (compare 
Fig. 17-19). These parameters have been computed for each 
considered coherence image. To summarise the results, the 
coherence images are grouped by season and temporal 
baseline, expressed as orbit cycles (one cycle equals 46 days): 

• ww1: winter-winter coherence, 1 cycle 
• ss1: summer-summer coherence, 1 cycle 
• ww2-3: winter-winter coherence, 2-3 cycles 
• ss2-3: summer-summer coherence, 2-3 cycles 
• ww>3: winter-winter coherence, >3 cycles 
• ss>3: summer-summer coherence, >3 cycles 
• sw>0: summer-winter coherence, all cycles 

For each group mean, minimum, and maximum are 
provided. The reader must be aware that for some of the 
groups only a very limited number of coherence images was 
available. As not all results can be presented here, a selection 
of parameters is provided for Chunsky North (Fig. 17 – Fig. 
19). For some further results see [18]. 
 

 
Figure 17. Average coherence for stem volume 250-350 m³/ha (Chunsky N) 

 

 
Figure 18. R² for stem volume vs. coherence (Chunsky N) 

 

 
Figure 19. Saturation level [m³/ha] (Chunsky N) 

 
Basing on all investigated data the following summary of 

the statistical analysis can be given: 
i) Consecutive cycles (temporal baseline = 1 cycle): 

• The averaged summer-summer coherence of a complete 
scene and of dense forest in general well exceeds winter-
winter coherence; 



• R² (stem volume vs. coherence) is not depending on mean 
coherence (of complete scene & dense forest); 

• Saturation occurs at very low stem volume for summer-
summer coherence and close to maximum biomass for 
winter-winter coherence; 

• Increasing stem volume always results in decrease of 
winter-winter coherence, for summer-summer coherence 
a reversal of this relationship was observed four times; 

• For summer-summer coherence in general weak 
correlation (stem volume vs. coherence) was observed, 
the spread of coherence measures per stem volume class 
is much higher than in winter; 

ii) For temporal baseline of 2-3 cycles (intra season): 
• Winter-winter coherence in general behaves as the 

consecutive cycle coherence, average coherence values, 
R², and saturation are slightly decreased; 

• Summer-summer coherence also decreases for complete 
scene and for dense forest, however R², and saturation can 
improve compared to consecutive cycle coherence 

iii) For temporal baseline of > 3 cycles (inter season): 
• Winter-winter coherence behaves as 2-3 cycle winter 

coherence – no remarkable change of average coherence 
values, R², and saturation; 

• Summer-summer coherence in general further decreases 
(for complete scene and for dense forest); R², and 
saturation can improve or degrade against 2-3 cycle 
coherence – seemingly strongly dependent on 
environmental conditions 

iv) Summer-winter coherence, all temporal baselines: 
• In general almost complete decorrelation was observed, 

hardly any practical information can be gathered – very 
few images (Chunsky North) could be useful (very low 
sensitivity to stem volume, yet very low intra-stem-
volume-class variation). 

 

E. Phase analysis 

The results of the above coherence analysis are in some 
part very surprising as they deviate from recent theory. In 
particular the high coherence for dense forest in summer 
(greater than in winter) and the inverse trends of the stock 
volume – coherence relationship during snow melt can be 
hardly explained with recent theory. 

As one major reason for the decreased decorrelation in 
summer the decrease of volume decorrelation needs to be 
considered (see discussion paragraph), the penetration depth 
into the canopy is investigated. The higher the penetration 
depth, the higher is the vertical extension of the scattering 
relevant volume and thus the higher is the volume 
decorrelation. The difference of penetration depth between 
summer and winter data is derived from the INSAR phase 
offsets at forest/clear-cut edges (wanes). 
 

The generation of the interferograms followed the same 
steps as described above: SLC data co-registration at sub-pixel 
level, slope adaptive common-band filtering in range, and 
common-band filtering in azimuth. The filtering of the 
flattened interferogram was conducted by means of the 

adaptive spectral filter as proposed by [20] applying the 
following parameterisation: exponent for non-linear filtering 
alpha = 0.5, filtering FFT window size = 32, coherence 
parameter estimation window size = 7. 
 

Areas with coherence less than 0.95 and with slopes 
steeper than 5° were masked out. This step was required to 
include only low noise phase and minimise the topographic 
effects in this study. At this point it must be emphasized, that 
only SRTM elevation data was available as height reference. 
In Fig. 20 the effect of forest on the elevation data can be 
identified. As both, the penetration depth at C-band during 
SRTM campaign and the exact tree heights are not known, the 
methods of investigation are limited. For simplicity, only 
those wanes were considered, were the SRTM data features 
greater elevation for forest as for the related clear-cut.  
 

 
Figure 20. Clear-cuts visible at shaded relief based on SRTM elevation data 

(Chunsky N) 
 

Analogous to SRTM data also ALOS PALSAR 
interferograms are affected by forest in terms of adding a 
height term to the surface elevation. Fig. 21 shows an example 
of an interferometric phase image. The dark rectangle in the 
middle of the image corresponds to a remaining patch of dense 
forest surrounded by clearings. Across that forest patch an 
intersection AB has been defined. The related interferometric 
phase profile is provided at Fig. 22. The offset of the 
interferometric phase φ at the southern wane is assigned with 
∆φHH and ∆φHH respectively. Besides that fact that there is an 
offset in this example, this offset obviously differs for HH and 
HV. Main focus of this side study is put on this difference. 
However, major interest exists for the phase offset difference 
between winter and summer HH data. 



 
Figure 21. Interferometric phase for an area featuring forest and clear-cuts 

(RGB = φHH φHV φHH) 
 

 
Figure 22. Smoothed interferometric phase profile for intersection at Fig. 21 

 
The interferometric phase offsets were scaled to meters by 

applying Eq. (2). In this equation the height offset ∆h is 
determined by ∆φ - the interferometric phase offset, λ is the 
wavelength, R corresponds to the slant range distance, θ 
corresponds to the incidence angle, and Bperp to the 
perpendicular baseline. Being independent of the baseline the 
measurements from all interferograms can be compared. 

(2)

In the majority of cases, more than one expedient 
interferogram was available per season (summer and winter). 
In those cases, the interferometric phase offsets have been 
investigated for all possible combinations of summer and 
winter interferograms (compare Fig. 23 & 24). 

 
In order to avoid unwrapping effort the investigation was 

conducted with unwrapped interferograms. Hence, the forest 
patch as well as the related clear-cut must be located within 
one INSAR phase cycle (fringe). For both, the forest patch and 

the clear-cut a representative area close to the wane, each 
covering 200-400 pixels, was selected manually. The selection 
was based on forest inventory data and high resolution optical 
and SAR data (TerraSAR-X) and considered the masking 
criteria from above. Due to the low coherence at dense forest 
areas (only winter pairs have been affected) the whole 
approach was somewhat limited. Still, quite a number of 
wanes could be detected, whereas the wanes at the high stem 
volume forests are lost. For each representative area the 
average phase has been computed. 
 

The following two diagrams (Fig. 23 & 24) summarise the 
results of the phase analysis. The first one compares the phase 
centre offset of HH summer against HH winter interferograms. 
Although the relative offset is biased by topography (this bias 
can unfortunately not be corrected for, as no topographic 
surface model is available), a clear trend is visible. 
Furthermore, the absolute offset (difference) is unaffected by 
this error source. Although the trend is not very significant, 
the phase offset in summer is about two times larger than in 
winter. The maximum offset in summer is about 37 m, 
whereas only 18 m are measured for the same wanes in winter. 
As only those wanes were considered, were the SRTM data 
features greater elevation for forest as for the related clear-cut, 
merely positive offsets emerge. Even affected by some 
uncertainties, Fig. 23 proves the greater penetration of the 
SAR wave during winter. Fig. 24 shows the same dataset, 
however by means of employing the summer-winter offset 
difference. This emphasises the significant phase offset at the 
wanes during summer. The minor impact of the winter offset 
results in a high remaining autocorrelation proportion of 
∆φHHSummer. 

 

 

Figure 23. Offset φ at wanes, summarised for all sites (320 entities): 
∆φHHSummer vs. ∆φHHWinter 



 
Figure 24. Offset φ at wanes, summarised for all sites (320 entities): 

∆φHHSummer vs. ∆φHHSummer - ∆φHHWinter 
 
As side product, Fig. 25 provides a comparison of phase 

offsets for HH and HV polarisation; both acquired 
simultaneously (summer data). Surprisingly, the phase offsets 
do not differ significantly. As volume scattering – producing a 
high cross polarisation term – is usually linked to the forest 
canopy, one could have expected an increased phase centre 
against HH, were the scattering at L-band is generated by 
stem-ground like interactions. However, even the HH phase 
centre seems being located in the upper forest layer. 
 

 
Figure 25. Offset φ at wanes, summarised for all sites: ∆φHHSummer vs. ∆φ 

HVSummer (170 entities) 
 

IV.  DISCUSSION 

 
Besides the beneficial effect to learn more about L-band 

repeat pass coherence in the boreal zone and its suitability for 
stem volume retrieval, this study brought up an interesting and 
to some part unexpected aspect of the seasonal behaviour. For 
consecutive cycle coherence in summer obviously the overall 
temporal decorrelation is not larger than in winter. This 
surprisingly also applies to high stem volume classes. So far, 
the decorrelation of high stem volume areas is interpreted as 
effect of volumetric decorrelation. Temporal decorrelation is 
assumed to have minor effects (so far only winter coherence 
data have been applied to model the relationship between stem 
volume and L-band coherence; in winter we find extremely 
stable environmental conditions in Central Siberia). 

The decrease of penetration depth into the canopy of the 
incoming SAR wave in summer, as proved by means of the 
phase analysis, could result in reduced volumetric 
decorrelation (raised and narrower scattering centre). Further 
evidence of this assumption could be seen in the remarkable 
examples, where increasing coherence with increasing stem 
volume was detected (Fig. 14), because potential changes in 
soil moisture in particular impacts areas with low stem volume 
and thus large penetration. Also the fact, that the HH phase 
centre for forest is vertically located close to the HV phase 
centre could indicate a high HH backscatter portion coming 
from the upper forest layer. A clear indicator for differing 
scattering processes in summer and winter is that coherence 
images, computed by means of one summer and one winter 
image, feature almost complete decorrelation for the whole 
frame, except some forest free patches. Thus, even there are 
changing soil conditions, some correlation remains. At 
forested areas however complete decorrelation is measured. 

Besides the differing temporal decorrelation the larger 
spread of summer coherence could be caused by differing tree 
geometries, which are related to diverse tree types. In winter, 
the trees are semitransparent; twigs and branches can be 
expected to hardly impact the backscatter. Thus, all tree types 
are more or less equal targets, as the stem is the only part 
being able to interact with the radar wave. 

Another very meaningful issue arises from the 
investigation of the perpendicular baseline effect on the 
coherence over dense forest. For winter coherence no impact 
of spatial baseline was evident. This introduces another big 
advantage of winter coherence for stem volume retrieval, even 
though the reason of this behaviour is not yet fully clear. One 
possible explanation, which is in accordance with all above 
results, is as follows: The frozen forest, represented by stems 
and canopy, is a semitransparent layer on top of the surface. 
This layer introduces a noise component to the coherent signal 
coming from the ground (point- and surface scattering). The 
amount of noise is driven by the density and the depth of this 
forest layer, which is in turn a function of stem volume. 
Basing on this assumption the coherence modelling over forest 
becomes rather simple. 

 



The statements above are based on initial interpretations 
and more work has to be done to completely understand the 
seasonality of coherence and backscatter in the boreal zone. In 
particular, backscatter models need to consider this variable. 
Further and more meaningful results could be delineated based 
on polarimetric data. However, so far no suitable datasets are 
available. 
 

V. CONCLUSIONS AND OUTLOOK 

 
ALOS PALSAR data proved having great potential for 

forest stem volume estimation in Siberia. Winter FBS 
coherence is the most powerful measure. Summer FBD 
coherence can provide additional information (e.g. for forest 
cover mapping), but the temporal baseline must be enlarged to 
increase temporal decorrelation of forest. However, this 
approach is very susceptible to variable environmental 
conditions. The computation of coherence based on FBS 
(winter) and FBD (summer) images is technically feasible but 
not very useful; it might - if at all - be used to support forest 
cover mapping. 

With regards to the high summer coherence at dense forest, 
some evidence for a potentially reduced volumetric 
decorrelation has been discovered. In particular the reduced 
penetration in summer at forested areas supports this 
assumption. 

So far, the effect of forest types has not been considered. 
This will be done in future and is of particular interest 
regarding summer coherence data. 
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Abstract— This paper presents a preliminary assessment of 
ALOS/PALSAR data from the Kyoto and Carbon Initiative 
program for monitoring of forest status and mapping of biomass 
in Vietnam. The changes in forest status (deforestation, 
reforestation, growth) occurred during three years (2007-2008-
2009) were detected in a region of intensive rubber plantation  
program. Biomass estimation has been estimated in a province of 
active  tree planting. Optical data (SPOT 5) have been used for   
mapping of forest types and in-situ biomass measurements have 
been used to analyse PALSAR data. The resulting biomass map 
of the Hoa Binh province has been validated using forest 
inventory data. The results obtained indicate that the forest 
biomass is relatively low (average values less than 40 ton/ha). 
This is due to the shortened exploitation cycle of the forest 

plantation (harvest of acacia mangium species after 4-5 years 
instead of 6-8 years). This change in the forest exploitation 
practices effects the carbon stock  of the region, and will need to 
be accounted for in the carbon budget calculations. ALOS 
PALSAR data proved particularly useful for providing 
information relevant to carbon budget calculation and to the 
assessment of forest states, from logging to regrowth during the 
first decades after disturbances in Vietnam. Future works will 
consist of applying the methods developed to the entire Vietnam, 
for the present period starting  from 2007. 

 
Index Terms: ALOS PALSAR, K&C Initiative, forest biomass, 
reforestation, afforestation, tree plantation, Vietnam. 
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 INTRODUCTION 

Estimates made for FRA 2010 [1] show that the world’s 
forests store 289 Gigatonnes (Gt) of carbon in their biomass 
alone. While sustainable management, planting and 
rehabilitation of forests can conserve or increase them, 
deforestation and degradation and poor forest management 
reduce forest carbon stocks. Globally, carbon stocks in forest 
biomass decreased by an estimated 0.5 Gt annually during the 
period 2005-2010, and this loss has significant implications 
for the Earth system 
Increased awareness of these impacts has led to a number of 
international conventions including the UN Framework 
Convention on Climate Change (UNFCCC), its Kyoto 
Protocol contributing to the preservation, enhancement and 
long-term sustainability of global forest carbon stocks. For 
this reason, there is a need to continue the mapping of forests 
on a regular basis and to assess the changes in extent and in 
status (in terms of structure and biomass), so that processes 
and drivers of change can be better quantified. For reporting to 
international agreements, there is also a requirement to 
retrieve specific data relating to the carbon budgets associated 
with these forests. Although considerable advances have been 
made in these areas in recent years, significant obstacles still 
remain in terms of collecting and collating relevant and timely 
data. 
Forests act both as sources and sinks of CO2 as deforestation 
depletes carbon stocks and releases CO2 to the atmosphere, 
while on the other hand, forest regrowth can result in large 
absorptions of carbon. Quantifying forest carbon stocks and 
their changes is therefore critical. However, the magnitude, 
stability, and regional and temporal variability of these sinks 
and sources are poorly known and are the subject of heated 
debate, particularly because of its relevance to the Kyoto 
Protocol.  
 
According to available data, in 1943 Vietnam had 14.3 million 
ha of natural forests, accounting for 43% of the country’s area. 
Since that time, forest cover has decreased dramatically, 
especially during the 1976–1990 period. During that period, 
about 98,000 ha were annually contracted for logging. Forest 
cover declined to 27.2% in 1990, but increased again to 28% 
in 1995, as a result of forest protection and rehabilitation 
programs. This changing trend, however, still meant that from 
1991 onward the area of natural forests continued to decline, 
although at a slower pace than in previous years. The 
establishment of plantations increased fast. Vietnam is 
currently carrying out a large-scale "reforestation" 
programmes. Much of the planting taking place today is of 
fast-growing tree species aimed at producing raw materials for 
the pulp and paper industry or manufacturing of woodchips for 
export. Selection and breeding of new tree species with high 
productivity and adaptability make a significant contribution 
to the implementation of the national planting program. 
Hybrids of Acacia mangium and A. auriculiformis are among 
the species selected for reforestation work, together with  
various Eucalyptus and Pinus species. Also, the area of rubber 

(Hevea brasiliensis) plantations increases very fast to produce 
more natural rubber. According to Vietnam’s agriculture 
ministry, the area of rubber has increased from about 75,000 
ha of rubber in 1975, to about 700,000 ha in 2010. In 2009 
alone, some 37,000 ha of new plantations were created. 
Despite a decreasing density of biomass due to the degradation 
of forests and the increasing proportion of young trees, the 
total carbon stock in forests also followed a pattern of 
transition. Forests in Vietnam represented a net carbon sink of 
around 36TgC per year since the beginning of the 1990s. 
Forests in some regions became more fragmented and 
subjected to edge effects, while the opposite occurred in other 
regions [2].  
 
Currently, forest area and resource in Vietnam are surveyed 
every 5 years. Earth Observation data have been introduced 
since the 1990-1995 period, based on Landsat data; and SPOT 
data have been used since 1995-2000.  
For the recent period 2005-2010, SPOT 5 (5 m x 5 m  and  2.5 
x 2.5 m resolution) data  have been used to establish forest 
maps  at scales  of 1/25,000 (commune), 1/50,000 (district), 
1/100,000 (province), 1/ 250,000 (region) and 1/1,000,000 
(nation). Remote sensing digital processing and interpretation 
units have been set up at 39 out of 40 provinces with 
significant forest cover [3]. Systematic in-situ survey provides 
data for forest inventory. They are also used as training data 
for forest mapping using SPOT data. The biomass and carbon 
stock accounting for every 5-year period are based on forest 
maps and on biomass in-situ sampling. 
 

OBJECTIVE 

 
In this context, the objective of this study is to assess the use 
of ALOS-PALSAR data to provide information that can be 
used to replace or to extend the in situ sampling measurements 
in the carbon stock estimates in Vietnam. Moreover, it is 
expected that the changes in forest status and in biomass 
following tree harvesting, deforestation and regrowth can be 
effectively detected on an annual basis using time series of 
ALOS PALSAR data. ALOS is programmed by JAXA to 
cover all of Vietnam at least 2 times every year  
 In the phase 2 of the project, a feasibility study has been 
performed at two forestry development areas in Vietnam.  
 

DESCRIPTION OF THE PROJECT 

Relevance to the K&C drivers 

The use of ALOS data to quantify changes in forest status is in 
accordance with the Carbon driver outlined in the K&C 
Science Plan [4]. The ALOS PALSAR is expected to facilitate 
estimation of changes in biomass associated with deforestation 
and degradation (clearing, felling of timber) and to monitor 
(re)growth through temporal comparison of SAR backscatter 
data. Relating such changes to fluxes of carbon is difficult 
given uncertainties in the processes of decomposition and 
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regeneration and the rates of change [5]. Nevertheless, by 
integrating models and observations of carbon dynamics with 
forest cover or change information generated using PALSAR 
data (either singularly or in combination with other remote 
sensing data), improved estimates of carbon flux may be 
obtained [6]. 

Work approach 

ALOS PALSAR K&C data have been assessed for 
mapping of forest cover and biomass in prototype regions of 
Vietnam. Changes in forest status (clearfelling, plantation and 
growth) are tested in a region of active plantation of rubber in 
the South of Vietnam. Forest biomass mapping is assessed in 
one province of forestry development area in the Red River 
watershed in the North of Vietnam. For biomass mapping, in 
situ forest biomass measurements have been  used to establish 
the relationship between the  backscatter coefficient and  
biomass. Optical data (SPOT 5) have been used for the 
mapping of land cover, forest/ non forest and forest types. The 
inversion of PALSAR data into biomass has been applied to 
the forest maps derived from SPOT 5. The resulting biomass 
map is validated using independent forest inventory data  

Satellite and ground data 

PALSAR data used in the study were acquired during 
summer 2007 (cycles 12 and 13) in fine beam dual 
polarization (FBD) mode (polarizations HH and HV).  Data 
from paths 460 to 468 and 473 to 484 were processed and 
geocoded using a Shuttle Radar Topography Mission (SRTM) 
derived digital elevation model (DEM) [7]. Moreover, data 
from 2008 and 2009 have been used for change detection. 

Figure 1 shows the location of the two test regions in 
Vietnam studied using PALSAR data. 

Processing and results  

1. Change in forest cover: 
PALSAR images of 2007, 2008 and 2009 have been analysed 
for change mapping in the prototype area 1. Figure 2 shows 
the changes observed during this 3-year period in the region of 
Dau Tieng, Binh Duong province. The plantation cycle, 
previously of 30 years, is at present much shortened, to 20 
years or less. Old plantations have been clearfelled and 
replaced by new plantations and the possibility to monitor the 
process is assessed with ALOS- PALSAR data.   
Figure 3 shows a comparison between the forest map of the 
area of Dau Tieng reservoir in 1989, based on classification of 
Landsat data and the forest map provided by HH and HV 
ALOS PALSAR data.in 2007. Significant changes can be 
observed. While most close forests in 1989 (e.g. north of the 
reservoir) have been transformed to non forest area (e.g. 
agriculture land), new forests set up on previously bare land 
are found in 2007 (e.g. South East of the reservoir), most of 
them are rubber plantations. 
 

 
 

Figure 1. JAXA Forest/non forest map of South East Asia. 1 
and 2 are the two prototype areas studied during phase 2. 
Area 1 is an region of  active rubber plantation  in South West 
Vietnam, and area 2 is a region of dynamic forest development 
in North Vietnam.  

 

 
 

Figure 2: Multi-temporal HV PALSAR image over Dau Tieng, 
province of Binh Duong, Vietnam (R: 2007; G: 2008; B: 
2009). The area is part of the extensive rubber plantation 
program. Red: forest cleared 2007-2008, Yellow: clearings 
between 2008-2009, Blue: young growing rubber.  
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Figure 3: Forest map of the region of Dau Tieng Reservoir, 
11.379°N, 106.345 E. Left:  map of forest in 1989 based on 
Landsat data, dark green: close forest, light green: open 
forest. Right: Forest map using PALSAR 2007 data. Dark 
green: forest, light green: rubber plantation. 
 
The result shows that ALOS-PALSAR can be used for 
monitoring changes in forest cover and status. To apply the 
method to the whole extent of Vietnam, PALSAR data will be 
used to detect changes in the forest cover provided by existing 
forest maps obtained using SPOT 5 data (e.g. for the period of 
2005-2010). A study will be needed to assess the used of 
forest maps at different scales, from local to national. It is 
expected that regional (or national) maps will be used for 
masking of non forest area, whereas local maps (ward or 
district) will be used for training. 

2. Biomass estimates 
The biomass mapping has been tested in the province of Hoa 
Binh, North Vietnam.  Hòa Bình has an area of 469,912 ha, 
about 44% of it is covered by forest (208,922 ha). The 
topography is complex, ranging from moderate to high 
mountainous areas.  
 
Ground data 
Ground data consist of measurements in sampled plots. Each 
plot has an area of 400 m2. All the trees with diameter at 
breast height (DBH) > 5 cm are measured and recorded. 
(species, diameter, total height, crown height, crown 
diameter). Biomass has been estimated following IPCC 
guidelines [8]. Allometric equations established by destructive 
sampling have been used for the same species in similar 
growth conditions. The following relations have been used: 

- Tree volume= Stem volume*1,3736 

- Tree Fresh biomass=Tree volume* 0,9 ( wood density) 

- Tree Dry biomass= Tree Fresh biomass *0.53 

- Dry forest above ground biomass= Dry above ground 

biomabioof all the trees in 1 ha.   

In this study, 20 sampling plots have been used to establish the 
relationship between the backscatter and biomass. whereas 52 
inventory plots  are used to validate the result. 
 

Land cover and forest map 
SPOT 5 images have been used for land cover and forest 
mapping. The network of reference plots are used for 
supervised classification. Forest is classified into 5 classes: 
afforestation (plantation on non forest land), reforestation 
(plantation after forest clearfelling or disturbances), evergreen 
deciduous forest, montane forests and other natural forests. 
Figure 4 shows the resulting forest map of the province. 
According to the area distribution of the 5 forest classes in 
figure 5, reforestation and afforestation account for 70% of the 
forest area in the province.   
 

 

Figure 4: Forest map of the province of Hoa Binh based on 

SPOT 5 data.  

 

Figure 5: Area (in ha) of the 5 forest classes in the province of 

Hoa Binh. 

Relationships between PALSAR backscatter and biomass 
Because of the highly dynamic forest plantation and 
exploitation program, and because of the small size of 
exploitation units, forest classes as found in figure 4 form a 
mosaic of backscatter levels, depending upon the status and 
history of the exploitation. In order to reduce the errors due to 
localisation, reference plots located well inside a 
homogeneous units are selected for the analysis of the 
backscatter coefficient as a function of biomass 
As expected, the HV and HH backscatter coefficients show 
increasing trend with biomass. The increase is about 4 dB for 
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biomass from 10 to  80 ton/ha and about 2 dB for  biomass 
varying from 80 to 160 ton/ha.  The topographic effect is 
present in HH, and reduced in HV.  HV is thus retained for 
biomass inversion. The following equation is used, 
corresponding to a correlation coefficient R2=  0.7907 with the 
data.  

 

Where B is the above ground biomass in ton/ha, and  is 
the backscattering coefficient HV in dB. 
Figure 6 shows the biomass map of the province of Hoa Binh, 
after inversion of PALSAR HV data and masking of non 
forest area using the forest map obtained with SPOT 5 data. 
The image displays biomass classes of < 10 ton/ha, 10-25, 25-
50, 50-75, 75-100, 100-120 ton/ha. 
The map appears to be made of inhomogeneous plots of 
different biomass density, as illustrated in figure 7.  
The result has been validated by using 52 independent plots. 
The RMS Difference is 3.26 ton/ha (11.11% of the mean 
values of biomass in the reference plots), with a Pearson 
coefficient rs = 0.94 (figure 8). However, because most of the 
plots (44 out of 52) are in reforested and afforested areas  
having biomass values in the range of 6 to 40 ton/ha, the 
validation is biased towards these two types of forest of low 
biomass values. 
Figure 9 shows the amount of biomass distributed in the 5 
forest classes. The figure shows that reforestation and 
afforestation contain the major part of biomass in the 
province.   
  

 
Figure 6: Forest biomass map of the province of Hoa Binh 
derived from PALSAR data. 
 
Figure 10 shows the area distribution ( in ha) of the different 
classes of biomass. The result is rather surprising. For a 
majority of forest area the above ground biomass is less than 
50 ton/ha, with the highest percentage of the area occupied by  

 
Figure 7: Plantations of acacia mangium in the province of 
Hoa Binh. Left: plot before harvest, Right: recently clearfelled 
plots adjacent to a plot ready for harvest. 
 

 
Figure 8: Comparison between retrieved biomass and in situ 
biomass. RMSD = Root Mean Squared Difference, MPE= 
mean percentage error, rs= Spearson coefficient. 
 

 
Figure 9: Distribution of biomass (in tons) by forest classes in 
the province of Hoa Binh. 
 
very low biomass (< 10 ton/ha). The reason of these low 
biomass distributions is understood as due to a very active 
forest exploitation. The main species used in reforestation and 
afforestation are hybrids of Acacia mangium and A. 
auriculiformis used in paper  industry. The usual turn over 
cycle for such species was 6-8 years, when the trees reached 
100-120 ton/ha at harvest. In the last few years, because of the 
strong demand in paper pulp, the cycle is shortened to 4-5 
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years, yielding 40-50 ton/ha at harvest. The landscape appears 
as a mosaic of small exploitation units having various status 
from clearcut to young (re) growth (Cf. figure 7). The mean 
biomass value of the reforested and afforested areas is about 
30 ton/ha. Forests of biomass higher than 100 ton/ha occupy 
only about 5% of the province area. 
 
Potential use of the result in carbon stock estimates 
 
Above ground biomass retrieved from PALSAR can 
contribute effectively to the carbon stock estimates, at least by 
complementing the in situ inventory results with the highly 
dynamic part of the biomass of reforested, afforested and 
regrowth areas . For the below ground biomass and dead wood 
biomass, default values recommended by IPCC can be used 
[8]. However, for the managed forest in Vietnam, the amount 
of dead wood left after harvest is not significant. To apply the 
method to the whole country will require more work to 
valídate the results various ecosystems. To improve the 
mapping accuracy, the biomass mapping method can be fine 
tuned to regional forest characteristics (natural forest, 
plantation..), soil and climatic conditions.  

  
Figure 10: Statistics of area (in ha) in ranges of biomass in 
the province of Hoa Binh.Biomass is in classes of < 10 ton/ha, 
10-25, 25-50, 50-75, 75-100 and > 100 ton/ha. 
 

CONCLUSIONS 
This paper presents an assessment of the use of ALOS 
PALSAR data to map changes in forest status, and to estimate 
forest biomass in Vietnam. The change in forest status has 
been tested in a region of active rubber plantation in the South 
of Vietnam. The study shows clearly that clearfelling, 
reforestation and young regrowth could be monitored using 
time series PALSAR data (here, 3-year data in 2007, 2008, 
2009). The biomass estimation methodology is developed and 
applied to a prototype province in the North of Vietnam. The 
biomass results and their uncertainties still need further 
assessment. However, the study already shows that biomass 
and consequently the carbon stocks of the forests can be 
estimated with the help of PALSAR data, in particular in 
Vietnam where  the forest biomass density is low because of 
 the degradation of natural forests and the increasing 
proportion of young trees. The study needs to be pursued 
using multi-year ALOS PALSAR data for the whole of 

Vietnam. ALOS K&C Initiative provides the opportunity for 
such assessment during its timelife, and hopefully, during the 
ALOS follow-on mission.  
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Abstract — Current convention in establishing 

compartment level timber volume utilises a system of 

sample plot measurements of tree height, diameter at 

breast height, basal area, and other contextual 

information. Applying standard allometric equations 

these sample plot values are extrapolated to produce 

estimates of timber volume per compartment. The cost of 

conventional compartment enumeration limits the 

frequency and intensity of plantation wide estimates of 

timber volume and therefore the potential to improve 

accuracy at plantation level. A customized Earth 

Observation service aiming at the provision of 

transparent, comprehensive, and cost effective 

information has been designed and implemented by 

integrating, in forestry models, specific Earth 

Observation products derived (in primis) and inferred 

(exclusively) from high to very high resolution (15m to 

3m) spaceborne Synthetic Aperture Radar (SAR)  data. 

In essence, it consists of two main components:  
  

– Generation of thematic products (maps and change 

maps;  

– Inference of key biophysical forest parameters. 

 

In a series of trials in the Mpumalanga province of South 

Africa, SAR data were acquired and the service has been 

tested over a range of operational conditions to confirm 

its robustness for application in typical plantations. 

Overall, the proposed methodology clearly demonstrated 

that ALOS PALSAR combined with Cosmo-SkyMed 

data are a viable solution in reducing costs without 

compromising on data quality, while increasing data 

transparency with potential improvements in efficiency 

in forest management. 

   

Index Terms — K&C Initiative, ALOS PALSAR, 

Cosmo-SkyMed, forest management, thematic products, 

biophysical forest parameters. 

I. INTRODUCTION 

Optimized forest management requires a superior 

understanding and knowledge of forest science and 

extensive optimization and decision support systems. 

However, knowledge and systems, without relevant and 

accurate input data will not provide optimized solutions and 

may even lead to inferior decisions being made. 

 

Data collection is expensive and the perceived benefits of 

good data have to be weighed against the cost. In order to 

mitigate this dilemma, whilst improving data quality and 

quantity, conventional data collection methods have to be 

executed more cost effectively, or one has to find 

alternative, more efficient ways of obtaining data. Earth 

Observation (EO) – conventional aerial photography in 

primis – is being increasingly used in forest management 

with many positive benefits, but to date little success has 

been shown particularly in obtaining biophysical forest 

parameters from EO sources suitable for supplementing 

more conventional field-based measurements.  

 

The proposed service, which is primarily based on the 

integration of  ALOS PALSAR and Cosmo-SkyMed data, 

consists of two main components:  

– Generation of thematic maps (maps and change maps), 

in particular forest area, burnt areas and re-growth, status 

of fire breaks, clear cut and re-growth, forest 

homogeneity, and land cover in non forest areas; 

– Inference of biophysical forest parameters such as tree 

height (TH), diameter-at-breast height (DBH), basal area 

(BA), and timber volume (TV). 

 

Current practices for forest inventory in South Africa and 

many other parts of the world is based on a systematic 

sampling process using circular plots. These plots have a 

radius of 12.5 meter, giving a plot area of 500 sqm. Normal 

practice is for one sample plot per hectare, leading to the 

prerequisite 5% sampling intensity. A minimum of 5 plots 

per compartment is required. Occasionally the sampling 

strategy and/or intensity may be changed to meet particular 

requirements. It is worth mentioning that, generally, due to 

the time intensiveness and high cost of field enumerations, 

the sampling percentage is kept low, but this leads to the 

possibility of under-sampling some forest stands. Plot radii 

are measured electronically with a hypsometer. Within the 
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plots all tree diameters (DBH) are measured with manual 

callipers, and a sub-set of DBH/TH pairs (two per plot with 

a minimum of 30 pairs) is collected. Tree heights are 

measured using the same hypsometer. These data are 

processed and provide key information on the forest stand, 

used to determine current standing volume and for 

projecting yields. The forest stand volume calculation 

algorithms require as inputs the DBH distribution in 2 cm 

intervals, and the number of trees per hectare (TPH) in each 

diameter class. A predicted TH is obtained for each diameter 

class through the DBH/height relationship. The outputs of 

this process are volume (m
3
) for the stand in pre-defined log 

classes.  
 

 

II. METHOD 

The service, illustrated in Figure 1, consists of basic 

processing (blue), the provision of thematic products 

(green), and the inference of selected biophysical parameters 

(magenta). From an Earth Observation point of view, forest 

EO products are generated based on spaceborne SAR and – 

whenever required – optical data: depending upon the 

product type, geographical area, data availability, data cost, 

and user requirements, the most appropriate data set is 

selected.  

Purpose and functionality of each module are shortly 
presented.  

 

1.  Basic Processing 

The purpose of this component is to obtain geometrically 

and radiometrically calibrated EO data. With respect to the 

processing of SAR data following steps are performed:  
 

Intensity 

– Focusing, if raw data are provided, omitted if starting 

from SLC data, and multi-looking; 

– Co-registration including Digital Elevation Model 

(DEM), if multi-temporal data are available;   

– Single-image (Gamma Distribution Entropy MAP) or 

multi-temporal (De Grandi) speckle filtering;  

– Terrain geocoding and radiometric calibration; 

– Radiometric normalisation; 

– Anisotropic Non-Linear Diffusion filtering. 
 

Coherence 

– Focusing, if raw data are provided, omitted if starting 

from SLC data; 

– Co-registration including DEM. 

– Generation of coherence including DEM; 

– Terrain geocoding; 

– Anisotropic Non-Linear Diffusion filtering. 
 

For details refer to [1] and [2]. 
 

2.  Generation of thematic maps 

Thematic products should be distinguished between: 

– Maps, e.g. a particular theme connected with a specific 

geographic area, for instance forest area; and 

– Change maps, e.g. a particular theme connected with a 

specific geographic area within a given timeframe, for 

instance forest area change. 
 

While in the first case the product is derived from a single 

image, in the second one the thematic product is generated 

by considering two (bi-temporal) images.  

 
 

Knowledge based classifier 

The algorithm – an automatic pixel-by-pixel modular 

hierarchical knowledge-based one – has been developed 

based on the characteristics of PALSAR Fine Beam Dual 

(HH/HV) data and subsequently extended to the use of 

interferometric PALSAR FBD and FBS (HH) data. In a 

second round, the use of 1 day interferometric Cosmo-

SkyMed StripMap data have been introduced. In synthesis, in 

this system, rules are designed to detected and extract well-

known land cover signatures for L-band HH/HV data, L-

band HH/HV data and HH-coherence, L-band HH data and 

HH-coherence, and finally X-band HH data and HH-

coherence. It has to be pointed out that the rules have been 

initially derived from the literature, and later extended 

through the analysis of a significant amount of SAR scenes 

acquired over different ecological zones, geographic areas 

and time periods.  

 

Bi-temporal classifier 

Instead of visually comparing classes derived from SAR 

data, it is more convenient to consider a product (i.e. 

classification) including classes representing thematic 

information and related land cover changes, if any. The 

fundamental idea of the implemented algorithm is based on 

the fact that thematic information and changes can be 

defined in a semantic way rather than in statistical terms. In 

fact, knowing the symbolic (spectral, interferometric or 

pseudo-thematic) name of two classes, the new class can be 

set using a common denominator between them. For 

instance, if in the first date, the detected class is dense 

vegetation (e.g. forest), and, in the second one, the pixel id 

classified as bare soil, the resulting class will be clear fell.  
  

3.  Inference of biophysical forest parameters 

A well established method for estimating forest biophysical 

parameters is to relate the observed backscattering 

coefficient to forest samples where they were previously 

measured during field visits. Using a semi-empirical model 

based on exponential function, bio-physical parameters are 

retrieved from SAR intensity (in this specific case using 

ALOS PALSAR) for the area of interest. Improvements in 

the estimation can be achieved by combining different 

polarisations and/or by ratioing several frequencies 

whenever available.  
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       Figure 1 –  Data Flow Diagram. 

 

A major problem of this technique is the saturation level, i.e. 

the situation where an increase of the radar backscatter does 

not correspond to an increase of the above-ground biomass. 

A way to overcome/reduce the saturation problem is to push 

the saturation point towards higher values by using low 

frequency systems such as P- (400 MHz) or VHF-band (20-

90 MHz). The consequence is that the attenuation is 

significantly reduced, and the large scale structures (of the 

order of the wavelength) dominate the backscatter.  

 

A conventional way to derive the coefficients of the 

exponential function is to use individual geo-located field 

measurements for biometric parameters and link them to 

corresponding terrain geocoded backscattering coefficient 

sample. Typically, the following geo-referenced 

enumeration data are required for each sample site: 
 

– Diameter at Breast Height (DBH) of all trees in a circular 

plot with a radius of 12.5 meter centered around  a 

selected centre point with known position (GPS 

measurement) is measured;   

– Tree Height (TH) of two typical trees within the sample 

group is measured; 

– Slope of the surrounding area is measured using a 

clinometer;    

– Only homogeneous areas are considered. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Once that the relationships between in situ measurements 

(for TH and DBH),  calculated parameters (for BA), 

modeled parameters (for TV)  and radar backscatter are 

established, following bio-physical parameters over the 

whole compartments are estimated: 

– Tree Height (TH); 

– Basal Area (BA); 

– Diameter Breast of Height (DBH); 

– Timber Volume (TV). 

Straightforward, whenever BA and DBH (in meter 

corresponding to d) are available, the number of Tree Per 

Hectare (TPH corresponding to N) can be estimated using 

the relationship: 

                       ∑
=

⋅=

N

i

dBasalArea
1

2

4

π  

 

 

However, it is worth mentioning that due to interference from 

the trees and canopy, GPS systems cannot accurately pick up 

signals from satellites close to the horizon, leading poor 

spatial location with typical offsets of 20 meter or more. 

Compounding this, is the time it takes for the GPS to register 

the few available signals, typically five minutes or more per 
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point, which adds to field costs. Due to these issues, several 

forestry companies have abandoned the use of GPS receivers 

under canopy and geo-locating the enumeration field trial 

plots. Foresters therefore establish growth and yield models 

at the compartment level by extrapolating in situ sample data 

across the compartment. Based on this situation, i.e. 

whenever geo-located bio-physical parameters are not 

available, the coefficients of the exponential function are 

derived exclusively from homogeneous (low variance) 

compartments, by taking in situ data and establishing average 

compartment level estimates of the selected biophysical 

forest parameter. 

 

III. PILOT AREA AND DATA SETS 

York Timbers owns and leases about 86,900 hectares of 

land, of which 57,400 hectares are used for FSC-certified 

plantations and 29,500 hectares are reserved for 

conservation, streams, heritage sites, roads and access 

routes. Of the 57,400 hectares, 53,100 hectares are 

softwoods (approximately 63% Pinus patula, 27% Pinus 

elliottii, 9% Pinus taeda, and 1% other) and the balance is 

primarily Eucalyptus nitens and Eucalyptus fastigata. The 

plantations have been managed in 22-28 year rotations for 

over 50 years, and the silvicultural and pruning regimes 

have resulted in a high percentage of clear wood and Mean 

Annual Increments (MAI) of approximately 16 cubic meters 

per hectare per year.  
 

Two different  pine plantations areas have been identified: 
Jessivale – largely flat (maximum variations up to 400 
meters) area with an average height of 1700 masl – and 
Mauchsberg – a relatively mountainous (maximum variations 
up to 1300 meters) area with an average height of 1650 masl.  

Following SAR data have been collected: 
 

Jessivale 

– ALOS PALSAR data acquired on: 

11 August 2007 (winter), FBD 

11 February 2008 (summer), FBS 

13 August 2008 (winter), FBD 

28 September 2008 (spring), FBD 

13 November 2008 (late spring), FBS 

– Cosmo-SkyMed data acquired on: 

8 December 2009 (late spring), StripMap HH 

9 December 2009 (late spring), StripMap HH 

– ENVISAT ASAR data acquired on: 

10 December 2009 (late spring), AP 
 

Mauchsberg 

– ALOS PALSAR data acquired on: 

22 January 2007 (summer), FBS 

25 July 2007 (winter), FBD 

25 January 2008 (summer), FBS 

27 July 2008 (winter), FBD 

11 September 2008 (spring), FBS 

All products have been processed using the Shuttle Radar 
Topographic Mapping DEM and referenced to the UTM 
zone 36, Southern hemisphere, WGS-84 system. 

IV. RESULTS AND DISCUSSION 

The relevant results for Jessivale are illustrated in Figures 2 
to 7. Note that the results for Mauchsberg, not shown in this 
paper but reported in [3], are similar to the Jessivale ones.  

The performance of the products has been validated and 

evaluated by York Timbers for 199 compartments and 

during a joint three days field visit in November 2009. 

Following conclusions can be drawn:  

 

Thematic products 

– Clear evidence of usefulness of PALSAR FBD thematic 

products (Figure 2 and 3). In overall, the level of detail 

(in terms of information) is slightly increased in non-

forest areas, if HH coherence is additionally considered 

within the knowledge based classifier. In general ALOS 

PALSAR FBD data provide a more detailed information 

(with respect to forest) than SPOT-4 or -5 (today used at 

York Timbers). The reason is that, being L-band data 

correlated with forest biomass (this is not true for 

optical), a better discrimination of different forest 

operations across compartments – in particular with 

respect to the variability in growth – levels can be 

achieved. All compartments have been correctly 

classified. 

 

– Due to the higher spatial resolution of Cosmo SkyMed (3 

meter) and complementary X-band frequency, the 

information content is significantly increased, 

particularly – but not exclusively – in non forest area 

(Figure 4), when 1-day interferometric Cosmo-SkyMed 

products are fused with the ALOS PALSAR ones.  

 

– By analyzing multi-temporal (interferometric, whenever 

applicable) ALOS PALSAR FBD data, it is possible to 

identify, over the whole forest concession, cover changes 

(mainly logged compartments), the status of fire breaks 

to a given period of the year, and the effective forest area 

at compartment level. On this subject, it is worth 

mentioning that compartments are assumed in terms of 

coverage and biophysical parameters homogeneous, but 

in fact they are not. In this sense, geo-spatial data 

provides precious information in terms of effective forest 

area and compartment heterogeneity.  

 

Inference of biophysical forest parameters 

– Clear relationships were established between L-band HV 

data and field based, geo-referenced plot level standing 

volume, average tree height, average DBH and basal area 

(Figure 5). The number of trees per hectare (TPH) have 

not been estimated from ALOS PALSAR data, but 

mathematically derived from the basal area/DBH/TPH 

relationship.  
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Figure 2 –   Jessivale: ALOS PALSAR FBD acquired on 18
th

 August 2008 (left) and interferometric ALOS PALSAR 

FBD acquired on 18
th

 August and 28
th

 September 2008 (right). Forest compartments are overlaid in red and 

yellow respectively.  

 

Figure 3 –  Jessivale: Top – Land cover map  based on ALOS PALSAR FBD data acquired on 18
th

 August 2008. Green: 

forest (the different tones corresponds to the different timber volume levels; Brown: rough (dark) and smooth 

(light); Blue: water. Bottom (detail) – Land cover map (left) based on ALOS PALSAR FBD data acquired on 

11
th

 August 2007 and corresponding land cover change map (right) between  11
th

 August 2007 and 18
th

 

August 2008. Clear cut harvested areas are marked in orange. 
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The coefficient of determination, R
2
, is typically higher 

than 80% between plot parameters and the L-band HV 

backscatter, while at L-band HH backscatter R
2 

is in 

general 20% lower for Jessivale and up to 35% for 

Mauchsberg  due to the influence of the topography  in 

particular at this polarization (note that the data have 

been radiometrically normalized). At L-band HV, over 

the range of data available (up to 400 m
3
/ha timber 

volume) there is little evidence of saturation, although 

the relationship is non-linear and tending to an asymptote 

around 500 m
3
/ha.  

 

– For completeness, ENVISAT ASAR AP data have been 

acquired and biophysical parameters inferred. As 

expected, at both polarizations the coefficient of 

determination is very low (Figure 6).  
 

– The L-band HV inferred biophysical functions were 

extrapolated to all pixels within and averaged by 

compartment in order to be compliant with the existing 

forest database. Thus a comprehensive set of biophysical 

products were provided at compartment level over the 

whole concession (Figure 7),  and subsequently imported 

into existing forest management system for further 

validation and evaluation according to: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Extrapolation – The purpose of this test is to validate the 

relationships established in this study with field-measured 

data of compartments within the region of interest. The 

relationship established with the training compartments is 

tested against other field-enumerated compartments.  Items 

1, 2, 3 and 5 as indicated in Table 1 were calculated by 

extrapolation. 

Volume equation input variables – L-band HV inferred 

parameters, DBH and TH are used to calculate an average 

TV for each compartment, using York Timbers’ volume 

equations. To convert the average TV to a compartment 

level volume, the L-band HV BA and DBH are used to 

establish a calculated TPH value. This TPH multiplied with 

the average TV to provide a compartment volume.  Item 4 in 

Table 1 is determined in this way. 

Hybrid approach – In this test, field measured DBH are 

combined with L-band HV estimates of BA and TH.  The 

rationale behind this approach is that it is easy and efficient 

to measure diameters in-field, but more cumbersome to 

obtain the other required measures. Making use of easily 

obtainable DBH field data and combining it with L-band HV 

inferred BA and TH, provides outputs indicated as items 6, 7 

and 8 in Table 1.  

 

 

 

 

 

 

 

 

 

 

 

Figure 4 – Jessivale (detail): ALOS PALSAR FBD data acquired on 18
th

 August 2007 and corresponding land cover map 

(top) and interferometric Cosmo-SkyMed data  acquired on 8
th

 and 9
th

 December 2009 and corresponding land 

cover map (bottom). 
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Figure 5 –  Jessivale: Relationship between selected biophysical parameters and ALOS PALSAR HV data  

acquired on 18th August 2008. 

 Figure 6 –  Jessivale: Relationship between selected biophysical parameters and ENVISAT ASAR HV data  
acquired on 10

th
 December 2009. 
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Ref Variable Route ∆  % 

1 BA based on PALSAR Extrapolation -7.9 

5 TH based on PALSAR Extrapolation -3.3 

2 DBH based on PALSAR Extrapolation -1.3 

6 
TPH using PALSAR BA, 

PALSAR DBH 
 +2.7 

7 
TPH using PALSAR BA and 

measured DBH 
Hybrid -10.0 

3 TV based on PALSAR Extrapolation -24.0 

4 
Modeled TV using PALSAR BA, 

PALSAR TH, PALSAR DBH 

Volume 

equation 
-11.1 

8 

Modeled TV using PALSAR TH, 

PALSAR BA, with calculated 

TPH using measured DBH 

Hybrid -11.7 

Table 1 – Summary of the validation results. Difference is 

L-band HV inferred, expressed as a percentage of 

the field-measured equivalent.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In general, and except for some outliers which most 

probably are due to inconsistencies between the two 

approaches (geospatial data versus average parameters at 

compartments level), the estimated parameters are more than 

satisfactory. Specifically:  

– The EO obtained results (Table 1, Ref 1 and 2) for DBH 

and Height are encouragingly good, so much so that 

supplanting the EO DBH measurement with the field-

measured DBH degraded the accuracy of the results.  

The EO volume measurement (Table 1, Ref 4) was not 

as reliable and the high standard deviation around this 

variable may indicate more research is required to fully 

understand the EO interaction.  

– Using EO derived variables as inputs into standard 

volume equations showed the best results for standing 

volume estimation. This implies that only DBH, TH and 

BA need to be estimated from EO data in order to obtain 

acceptably accurate volume estimates. 

– The hybrid approach (combining EO with field-

measured data) did not result in improved results for 

either volume or number of trees per hectare. 

 

Figure 7 –   Jessivale: ALOS PALSAR FBD acquired on 18
th

 August 2008 with corresponding land cover map and inferred 
biophysical parameters. The illustration shows also the selected strategy. 
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It is further concluded the methods explored in this work 

will not totally displace field-based forest inventories as 

there are occasions where very high accuracy levels are 

required or where the comfort afforded by direct 

measurements would be preferred. However, at this stage, 

the cost implications of employing EO data vs. field 

measured data have not investigated, and due to the large 

spatial footprint of EO, it is clear that there is a point in 

spatial coverage where EO will become financially 

beneficial.   

Therefore, despite using only one non geo-referenced point 

per compartment reflecting average measurements of 

biophysical parameters across the compartment, York 

Timbers is highly encouraged by the results obtained so far 

and believes results could only improve by using either more 

points or a closer geo-referencing of point source field data 

and EO derived data.  

 

Finally, it is well known that moisture has a significant 

effect on the radar backscatter. Radiometric changes in the 

order of 2 to 3 dB have been observed between data 

acquired during the dry (August) and the wet (February) 

season. Two considerations: 

– This information can be provided to the forest manager 

in qualitative form (very wet, wet, normal, dry, very dry) 

which can be used to interpret conditions on the ground.  

– With respect to the inference of biophysical forest 

parameters, these radiometric variations must be 

considered. In this way the reference function is 

applicable irrespective to the acquisition date.   

 

 

 

CONCLUSIONS 

The outputs of this work, based on two discrete and 

disparate pine sawn timber producing areas belonging to 

York Timbers in South Africa, indicate that the developed 

service can be successfully used to determine the input 

variables required to calculate standing timber volume at a 

compartment level. 

 

Using the proposed strategy, there could be many 

applications in plantation forestry. The main ones identified 

are: 

– To obtain forest inventory data for the first time, e.g. 

when investigating a possible purchase or when field-

based information is unavailable or of questionable 

accuracy.    

– To obtain data data for the first time on large tracts of 

young compartments where the cost/benefit of field 

measurements may be prohibitive.  High accuracy 

inventory data is normally not crucial for younger 

compartments.    

– To obtain data obtain data for unmeasured compartments 

in a mix of measured areas, i.e. filling gaps where some 

compartments may not yet have been enumerated These 

are often in accessible areas, hence the fact that they had 

not been enumerated. 

– Could be used to reduce the frequency of ground data 

collection or the intensity of data collection. 

– Could supplant some field measures that are relatively 

difficult and expensive to acquire (e.g. BA and tree 

height) and combine these with the easier to measure 

field based variables.  

– Loss and damage assessments such as fire and other 

disasters – quick and easy means of obtaining loss value 

for damage valuations and insurance claims. 

– Could be useful as an independent means and in due 

diligence exercises. 

– Forest certification uses – perhaps not that important for 

as long as certifiers or FSC continue to rely on forestry 

companies’ data. But it would be valuable where 

certification bodies wanted to source independent data to 

investigate resource management and increase 

efficiency. For potential new certifications, it could 

satisfy certifiers that operations are economically and 

environmentally sustainable. 
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European Space Agency. The remaining 1/3 focused on the 
developments of innovative remote sensing based products/services for 

the World Bank, EC Joint Research Centre, JAXA, and private sector 
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avoided emissions as well as carbon sequestration through avoided 
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Abstract—The purpose of this work was to explore the 
dependence of remote sensing observations available from 
ALOS/PALSAR and full waveform lidar, on vegetation 
structure.  For this study, an intensive ground validation effort 
was conducted at the Harvard Forest in Western Massachusetts.  
The ground validation data was used in conjunction with the 
remote sensing measures to determine the degree of accuracy 
that the remote sensing methods could be used to provide 
meaningful structure metrics of the vegetation.  It was generally 
found that the interferometric measures alone were not sufficient 
to characterize the vegetation, largely due to temporal 
decorrelation.  Better success was achieved with lidar 
measurements and backscatter data.  For the radar backscatter, 
it was determined that speckle noise was a dominant source of 
error, and hence, large regions needed to be averaged (greater 
than one hectare) to produce satisfactory results. 

Index Terms—ALOS PALSAR, K&C Initiative, Vegetation 
structure, SAR Interferometry. 

I. INTRODUCTION 
Among the areas necessary for continued scientific 

development identified by United Nations Framework 
Convention on Climate Change via the Kyoto Protocol and 
REDD (Reducing Emissions and Deforestation and 
Degradation) is the need for quantifying carbon stores held in 
the world’s vegetation and characterization of species habitats 
through the measure of vegetation structure, both horizontal 
(on a hectare-to-hectare scale) and vertical (to a meter-level 
accuracy).  Through JAXA’s Kyoto & Carbon Initiative, the 
L-band SAR, ALOS/PALSAR, provides unprecedented access 
to detailed, expansive and continued coverage of the world’s 
forests in the form of data that can be used to characterize the 
current state of the vegetation and its change (both seasonal 
and long-term) over time.  In this study conducted by the 
University of Massachusetts, NASA’s Jet Propulsion 
Laboratory, and the University of Aberystwyth, we are using 
data from ALOS/PALSAR and an Airborne lidar (LVIS; from 
NASA’s Goddard Space Flight Canter) to image the 

vegetation structure over the Harvard Forest located in 
Western Massachusetts. The Harvard Forest 
(harvardforest.fas.harvard.edu) is a mixed hardwood, 
transitional forest that has been the subject of many studies, 
both large and small, for the purposes of characterizing the 
environment and the many species that benefit from the 
presence of the forest. 

The series of repeat ALOS observations made available 
from the Japanese Space Agency since the launch of the 
platform in 2006 has provided a rich and consistent data set 
which provides an opportunity to explore relationships 
between the SAR, InSAR and lidar data, to better understand 
methods of combining these fundamental data sources for 
studying the ecosystems, carbon balance and vegetation three-
dimensional structure in the Harvard region and to extrapolate 
the results as they would apply to similar observations 
worldwide.  

 
Figure 1. Image of a subset of the SAR (white), InSAR (pink colorwrap) and 
lidar (yellow patch) data over the Harvard Forest. 



In this science report, we provide insight into the use of 
SAR, InSAR and lidar for the use of vegetation structure 
characterization in the Harvard Forest with the intent that the 
results from this results can be used as part of a larger system 
for global products that would be based on a similar set of 
remote sensing observations.  In particular, it is expected that 
the L-band observations available from ALOS/PALSAR, 
which is expected to be sensitive to vegetation structure 
through backscatter and interferometric (repeat-pass) 
observations, and full waveform lidar, which is directly 
sensitive to vegetation vertical structure, can be used in 
conjunction with one another for providing an observation set 
that can reach the desired goals 

The report begins by providing a brief description of the 
Harvard Forest test site and of the ground validation work that 
our group has performed in the region for characterizing the 
vegetation structure.  We then parse through the three different 
data types and then demonstrates how each has been used in 
the analysis of vegetation structure for the Harvard Forest, and 
then finish with a set of conclusions and recommendations for 
future work, much of which is ongoing by our group right 
now. 

II. INPUT DATA 

A. The Harvard Forest 
After heavy logging in the Northeast, the Harvard Forest 

was a 2000 acre site established in 1907 in Western 
Massachusetts (Figure 2), to study sustainable Forestry.  The 
sight consists of mixed hardwoods and softwoods; dominated 
by Hemlock, Red and White Pine, Red and White Oak, and 
Sugar Maples.  The average tree height within the forest is 
approximately 25m.  As part of our group’s study, a total of 15 
one hectare plots were established, with the orientation of the 
plot meant to nominally follow the flight track of 
ALOS/PALSAR.  Within each plot, a set of 16 25x25m 
subplots were created (Figure 2).  

 
Figure 2.  Relief map of the Harvard Forest geographic region and locations 
of the Harvard and State Forests (colored overlays).  A total of 15 one hectare 
plots were established with 16 25x25m subplots were established within each 
of the plots, as shown. 

 

 
Figure 3.  The “Prospect Hill” region within the Harvard Forest, shown on 
Google Maps.  Also indicated are a subset of the one hectare plots set up in 
the area along with their biomass estimated using the measured diameter at 
breast height. 

Within each subplot, each tree with a diameter of greater 
than 4 cm were catalogued in terms of its diameter at breast 
height (DBH), species, and whether it was alive or dead.  In 
total, over 10,000 trees were catalogued.  As part of the post 
processing of collected data, individual tree biomass was 
estimated using a set of equations developed for Northeastern 
US Hardwoods and Softwoods [Jenkins et al., 2004] and the 
results aggregated to make stand biomass determinations 
(Figures 3 & 4). 

 

 
Figure 4.  Estimates of above ground biomass (in MgC/ha) for each of the 
established Harvard Forest plots.  Shown as error bars are the range of per 
hectare biomass’ estimated from the subplots established within each of the 
one hectare plots. 

B. SAR 
Two sources of SAR data were used in this study.  One 

from JAXA’s ALOS/PALSAR, and the other from UAVSAR, 
an airborne, fully polarimetric L-band SAR operated by 
NASA.  A comparison of the copolarized (HH) backscatter is 
shown in Figure 5, where it can be seen that excellent 
agreement between UAVSAR and PALSAR exists when the 
two sensors are sampling the scene at the same incidence 
angle (38 degrees).  Further, as a test for consistency, 



UAVSAR was flown in a repeat track, with a time separation 
as short as 40 minutes.  Backscatter observations from the 
scene with these repeat tracks is also shown in Figure 5, where 
the backscatter stability of both the scene and the instrument 
can be seen to be better than 0.1 dB, as would be expected 
under these observing conditions.  In essence, this plot verifies 
both the radiometric accuracy of the two instruments as well 
as the radiometric stability of the target over short time 
periods. 

 

 
Figure 5.  Backscatter comparison between UAVSAR and ALOS FBD data.  
Shown are sections from the two data sources from the same geographic area.  
A cross-section in the range direction (shown as a yellow dashed line) is used 
to create a backscatter plot as a function of look angle in the lower plot.  

C. InSAR 
Cross-track Interferometric SAR (InSAR) is known to be 

fundamentally sensitive to topographic height and topographic 
change [Rosen et al., 2000].  It has also been shown to be 
useful for characterizing vegetation structure [Treuhaft and 
Siqueira, 2000].  Because of the large number of observations 
that ALOS/PALSAR has made over Western Massachusetts 
(Figure 6), there are many opportunities to explore the 
interferometric response as well.  
 

 
Figure 6.  A Google Earth image of Massachusetts with various outlines for 
scenes that have been observed by ALOS/PALSAR.   

The large number of collected scenes allows for the 
opportunity to perform repeat pass interferometry (minimum 
repeat period of 46 days) with the instrument.  An important 
parameter in forming interferograms for the purpose of 
characterizing the vegetation structure, is the perpendicular 
baseline of the interferometric pair; or more concisely, the 
distance between the two satellite passes measured 
perpendicular to the look direction.  Because of variation in 
the orbit of the ALOS platform, this distance varied quite a bit 
throughout the observing period; a summary of some of these 
perpendicular baseline measures is shown in Figure 7.  

Interferometric data were processed using the processing 
software produced by Gamma Remote Sensing.  This software 
takes into account the existing DEM and makes orbital 
corrections based on the observed fringe rate to optimize the 
alignement of the two collected SAR scenes.  Once aligned, 
the interferometric phase and coherence can be determined 
and explored for information related to the vegetation 
structure. 

 
Figure 7.  A “map” of perpendicular interferometric baselines and time 
separations for a subset of the ALOS PLR and FBS/FBD scenes collected 
from 2006-2008.  Color coding for different entries in the table provide a 
qualitative look at those baselines that would be most effective at probing the 
relationship between the interferometric observations and the vegetation 
vertical structure.  Dates of scenes are shown in white, with year, month and 
then day. 

D. Lidar 
For this project, the LVIS (Laser Vegetation Imaging 

Sensor) built by NASA Goddard Space Flight center was 
flown over the Harvard Forest in early August of 2009.  This 
collected data set complements a similar data collection over 
the Harvard Forest that was performed in 2003 (see the yellow 
highlighted region in Figure 1).  The LVIS instrument has a 
footprint of 25m and records the full scattered waveform with 
a 30 cm resolution, of the laser pulse reflected from the near-
nadir looking system.  This system also scans from side-to-
side as the aircraft platform moves forward, thus creating a 
three-dimensional image of the terrain below.  An example of 
the lidar waveform behaviour over a nadir-looking transect is 
shown in Figure 8.  Where slight errors in the registration of 
the waveform to the ground surface show up as negative 
heights, and are due to errors in the detection of the ground 
surface from the LVIS waveform. 



 
Figure 8.  Transect of the LVIS lidar waveform shown in terms of the ground 
elevation (top), as a transect projected onto an image from Google Earth 
(middle), and in terms of reflected intensity as a function of height and along 
the transect (bottom).  Clearly seen in the bottom plot is the presence of a 
tower that supports power lines in the forest clearing (center of bottom 
image).  

III. CHARACTERIZATION OF VEGETATION STRUCTURE 

A. SAR Backscatter 
Because of difficulties associated with the effect of 

temporal decorrelation on interferometric data [Ahmed et al., 
2010], much of the radar analysis for relating vegetation 
structure to observables that are available from 
ALOS/PALSAR, much of the effort in this task was 
associated with analyzing the backscatter data at both co-
polarized (HH) and cross-polarized from ALOS, and 
compared with similar observations made by NASA’s 
airborne UAVSAR.  Shown in Figure 9 is the observed 
relationship between the cross-polarized radar backscatter 
power and field measured biomass (from DBH) as described 
in Section IIA, plotted as a function of resolution and the 
number of looks.  Observations were also collected over 
multiple days (a ten day period for UAVSAR) and same-
seasons, but multiple months and years using PALSAR. 

 
Figure 9.  A comparison of UAVSAR (black dots) and PALSAR backscatter 
(x’s) as a function of geographic area and the number of looks.  The upper 
plot illustrates the observed backscatter at a resolution of 25x25m and the 
lower plot, using one hectare size plots, obtained from the ground validation 
effort described in Section IIA.  Multiple observations were obtained over 
same-seasons (ALOS) and within a ten day period (UAVSAR). 

What can be determined from Figure 9 is the fact that at 
narrow resolutions, the backscatter power is dominated by 
speckle (top plot).  This can be noted because the UAVSAR 
instrument has a much higher single-look resolution than 
ALOS (1.5m versus 12m), and therefore more looks can be 
made for one ground validation subplot (upper plot) or ground 
validation hectare (lower plot).  Here it can be seen that while 
the mean backscatter from both UAVSAR and PALSAR are 
similar, the variation in PALSAR is much greater.   

Note too that as the resolution is reduced from 25x25m 
subplots to one-hectare plots, the variation in backscatter as a 
function of biomass is much reduced, and the functionality of 
this relationship follows the exponential model for backscatter 
(red line) that is often used for characterizing this relationship.  
What this demonstrates is that the natural variability that is 
expected within a region of “uniform” vegetation growth and 
homogenous or heterogeneous species population (which is 
how the one hectare plots were chosen), has considerable 
variability within the plot.  In short, as these within-plot 
variations are removed through averaging, the expected 
functional relationship between SAR backscatter and biomass 
becomes more apparent. 

Shown in Figure 10 below is a more concise comparison 
of the observed cross-polarized backscatter from UAVSAR 
(with 3520 looks; 80 MHz) versus PALSAR (112 looks; 28 
MHz) over the fifteen, one hectare ground validation regions.  
The increased variation in PALSAR can be attributed to the 
dominance of speckle, even at these courser resolutions.  This 
courser resolution is a function of the bandwidth of the 
instrument, and ultimately is a fundamental limiting factor in 
collecting spaceborne data.  The effect of this limitation in 
characterizing the backscatter, and ultimately the estimation of 
biomass, can clearly be seen in this set of figures. 

 
Figure 10.  Comparison between UAVSAR and ALOS/PALSAR cross-
polarized backscatter for the fifteen, one hectare plots.  Similar to Figure 9, it 
can be seen that the variation in backscatter for ALOS is much larger than that 
for UAVSAR.  This difference in behaviour for the two instruments can be 
attributed to the improved resolution (higher bandwidth) of UAVSAR 
compared to PALSAR. 

As a final analysis that was performed with the PALSAR 
and UAVSAR data, was a comparison of the observed co-
polarized (HH) and cross-polarized (HV) backscatter over the 
fifteen, one hectare plots.  The results of this comparison are 
shown in Figure 11, where the backscatter is plotted as a 
function of biomass, and shown against a exponential function 
often used to provide an empirical relation between these two 



quantities. It can be seen in this set of plots that while the 
absolute value of the backscatter does change depending on 
the polarization (-12 dB for cross-pol versus -7 dB for co-pol), 
the dependence of this backscatter on biomass does not change 
appreciably between the two types of observations.  What this 
essentially means, from the first-order point of view depicted 
in Figure 11, is that the amount of information that is sensitive 
to the volume of vegetation, between these two measurement 
types, is essentially the same, at least for the fifteen plots used 
for comparison by this study. 

 
Figure 11.  A comparison between cross-polarized (HV; left) and co-polarized 
backscatter and biomass.  These two plots show that the two measurement 
quantities have a similar behavior in terms of their fundamental relationship to 
biomass. 

B. SAR Interferometry 
As described in Section IIC, the data collected by ALOS over 
Western Massachusetts, could not only be used for the 
backscatter versus biomass analysis described in the previous 
section, but also for forming interferograms which could 
possibly be used to explore the sensitivity of vegetation 
structure (or biomass) to the interferometric variables of phase 
(relative to a known DEM, such as that available from SRTM) 
and coherence, as in [Treuhaft and Siqueira, 2000].  For this 
project, both of these avenues were explored using the data 
made available through the K&C Initiative.  The set of plots 
and images shown in Figure 12, below, provide a summary of 
this analysis in graphical form. 

The first of these plots (topmost) shows the LVIS ground 
topography (bottommost line), the LVIS canopy top 
topography (topmost line), the SRTM topography (blue line), 
and the topography observed by ALOS, after using the 
Gamma interferometric processing software and the SRTM 
DEM as a reference for phase unwrapping and baseline 
calculation (red line with ‘dot’ symbols).  While the overall 
behavior of interferometric phase obtained by 
ALOS/PALSAR repeat-pass interferometric processing can be 
considered to be quite good in this example, it is difficult to 
see a direct relationship between the interferometric 
penetration into the canopy and the canopy height itself.  In 
other words, the interferometric processing for phase does do 
a reasonable job of determining the topography, but its 
relationship to the vegetation structure is not apparent.  This 
observation, obtained from this plot, has also been verified by 
making a direct comparison of this penetration depth versus 
the vegetation height, through an analysis not shown in this 
short paper.  Suffice it to say however, that no direct 

relationship was observed by making a plot of these two 
quantities against one another. 

The lower plot of Figure 12 shows the ‘best fit’ 
relationship between the interferometric correlation magnitude 
and the observed vegetation height, projected onto the same 
set of axes as the upper plot of this same figure.  In this case, 
the vegetation height is calculated not by the differential 
penetration between the ALOS/PALSAR repeat-pass 
interferometric data and the SRTM data, but by relating the 
correlation magnitude to the vegetation height using an 
empirical relationship between the interferometric 
observations and the vegetation height measures available 
from the LVIS sensor.  It can be seen in this plot that while on 
average the correlation magnitude dependent estimate does 
correctly estimate the vegetation height (which would be 
expected given that an empirical fit was used), it does not in 
general perform well at correlating to the vegetation height 
variations seen in the lidar data.  In short, the observed 
correlation magnitude from ALOS/PALSAR repeat-pass 
observations does not perform well in estimating the lidar 
derived vegetation height. 

 
Figure 12.  Plots and images used to explore the interferometric response to 
vegetation height and perhaps biomass.  See comments within the plots and 
text within Section IIIC for details. 

The reason for this general lack of sensitivity between the 
interferometric observations of correlation magnitude and 
phase can be generally attributed to the effect of temporal 
decorrelation in the data (which affects both the magnitude 
and the phase; see [Ahmed et al., 2010]) and the effect of 
differential propagation paths of the L-band signal through the 
troposphere (which affects primarily the phase).  A clear 
picture of this effect can be seen in Figure 13, where a 
histogram of the observed correlation is shown alongside an 
image of the correlation magnitude for a repeat-pass 
interferogram from PALSAR in the Harvard Forest region.  It 
can be seen here that the observed correlation magnitudes are 
much less than what would be expected for a short baseline 
(100m) and 20m tall trees.  The image below confirms this 
fundamental lack of sensitivity to vegetation structure, in that 



there is no discernable trend in the image shown in Figure 13, 
which indicates that the observation is geographically varying 
in a manner consistent with the vegetation characteristics 
know to exist on the ground. 

 
Figure 13.  A histogram and image of the observed interferometric correlation 
over the Harvard Forest region.  

C. Lidar Analysis 
As a final part of our study, the full waveform lidar data 

described in Section IID was used to relate the observed lidar 
height to the ground validated biomass measurements made 
within the 225 subplots that made up the 15 one hectare 
regions, complete with 16 25x25m subplots.  The resulting 
linear relationship that was used to relate the measured 
biomass to the LVIS measured height (rh100) is shown in 
Figure 14.  While it can be seen in this figure that the 
relationship between biomass and the lidar measured height is 
somewhat loose, a trend does exist that can be explored 
further.  

 
Figure 14.  Plot of field measured biomass over the 225 subplots that make up 
the components of the 15 one hectare plots in the Harvard Forest, versus the 
lidar measured heights, known as the rh100 (height of 100% energy). 

One way of using the data shown in Figure 14 is to extend 
the relationship between the field-measured biomass to the 
entire area covered by the lidar.  A result of applying this 
relationship to the LVIS observed region over the Harvard 
Forest is shown in Figure 15. 

 
Figure 15.  An LVIS-derived biomass map over the Harvard Forest.  Shown in 
the above image is a plot of the biomass as a function of geographic location, 
measured in 30m pixels.  The lines drawn on top of the image is the nadir 
track of the LVIS instrument, with the red track being shown as a plot in the 
lower part of the figure. 

IV. RESULTS AND SUMMARY 
The work carried out in this phase of JAXA’s K&C 

Initiative has produced number of important results.  While it 
could be argued that these results are specific to the Harvad 
Forest region, the methodology employed is applicable to a 
number of other regions in the Northeastern United States and 
in the Queensland region of Australia.  Indeed, our group is 
actively in the process of producing these additional analyses, 
and it is expected that this will be forthcoming over time. 

In summary however, the important conclusions and 
summary of work that have been reached as a result of this 
study are: 

• A total of fifteen one-hectare ground validation sites 
were established at the Harvard Forest.  The one 
hectare plots were split into sixteen 25x25m subplots, 
and the vegetation was characterized in terms of 
diameter at breast height, species, and live or dead.  In 
addition, UAVSAR, ALOS/PALSAR, and LVIS lidar 
data was collected over the larger Harvard Forest 
geographic region. 

• The inherent resolution of the ALOS sensor (28 MHz) 
requires that a minimum number of independent 
samples (i.e. looks) be used in relating the backscatter 
measurements to biomass.  This number of looks 
makes the minimum resolution for the biomass 
estimate to be on the order of one hectare or greater. 

• Our comparison between co-polarized and cross-
polarized backscatter over one hectare regions, 
indicates that there is some improved sensitivity to 
biomass using the cross-polarized measure, but that 
this sensitivity masked by other variables associated 
with the observed backscatter response. 

• The use of repeat-pass interferometric observations 
(either interferometric phase or correlation magnitude) 
available from ALOS/PALSAR for characterizing the 
vegetation structure, is limited because of the effect of 
temporal decorrelation on the observations. 



• A relationship was established between the lidar 
measured vegetation height (rh100) and the field-
measured biomass.  This relationship was extended 
over the full coverage area of the lidar data, and a 
biomass map of the region was created.  
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Abstract — The Brazilian Pantanal is a large continuous 

tropical wetland with large biodiversity and many threatened 

habitats. The interplay between the distribution of vegetation, 

the hydrology, the climate and the geomorphology nourishes 

and sustains the large diversity of flora and fauna in this 

wetland, but it is poorly understood at the scale of the entire 

Pantanal. This study uses multi-temporal L-band 

ALOS/PALSAR and C-band RADARSAT-2 and 

ENVISAT/ASAR data to map ecosystems and create a lake 

distribution map of the Nhecolandia region in the Brazilian 

Pantanal. A Level 1 object-based image analysis (OBIA) 

classification defining fresh and brackish lakes was achieved 

with accuracy results of 98%. A Level 2 classification 

separating two types of fresh lakes and brackish lakes 

achieved with accuracy results of 81%. The preliminary 

analysis of distribution of lakes in relationship to the marsh 

deer distribution showed that d7uring the dry season, the the 

marsh deer are in close proximity to permanent waterways 

such as the Rio Negro (Southern border of Nhecolândia) and 

the Rio Taquari (North-western border of Nhecolândia). 

During the flood season the deer begin to migrate away from 

the more deeply flooded low-lying areas and into the 

shallower, seasonally flooded areas, following the flooded/dry 

interface. However, the deer do not migrate into the central 

part of Nhecolândia, suggesting that the aquatic vegetation 

found in the baías alone is not enough to sustain the deer’s 

diet, regardless of season. 

Index Terms—ALOS PALSAR, K&C Initiative, Wetlands 

Theme, Pantanal, wildlife habitats. 

 

I.  INTRODUCTION 

The Pantanal is the world’s largest tropical wetland 

covering approximately 160,000km
2
 (larger than England) and 

is located between Brazil, Paraguay and Bolivia. The 

Paraguay River, its tributaries, and the rainfall patterns of the 

region, support an annual flood regime that varies both 

temporally and spatially, and helps define the geomorphology 

in the region [1]. The geomorphological and hydrological 

diversity of this region promote a unique landscape 

characterized by different compositions of savanna vegetation, 

abundant species of aquatic vegetation, different types of 

floodplain forests [2],[3], and a large number of 

hydrochemically varied lakes, and waterways [4], [5],[6]. This 

complexity of ecosystems results in an abundance of 

biodiversity [1]. However, the Pantanal and its rich 

biodiversity are vulnerable to anthropogenic disturbances 

including the construction of hydroelectric dams, 

channelization of major waterways, and deforestation and 

burning of grasslands for agriculture and cattle ranching [1], 
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[7], [8]. Environmental degradation in the Pantanal is 

becoming an issue and requirements for more comprehensive 

studies of the different habitats and their relationships with the 

hydrological cycle of the Pantanal are needed. Although there 

have been several previous habitat studies at a local scale in 

the Pantanal [9],[10], only a few have covered the entire 

Pantanal at a regional scale [11], as the size and relative 

inaccessibility of the region hinders traditional methods of 

data collection. The primary goal of this research is to define 

on a regional scale the distribution of the variety of lakes in 

the Nhecolândia sub-region and their relationship with the 

marsh deer (Blastocerus dichotomus) population. To 

accomplish this we used fine resolution ALOS/PALSAR, 

RADARSAT-2 and ENVISAT/ASAR imagery acquired at 

different months over the Pantanal region.   

 

II. DESCRIPTION OF YOUR PROJECT 

A.Relevance to the K&C drivers 

The primary goal of this research is to define on a regional 

scale the distribution of the variety of lakes in the Nhecolândia 

sub-region and their relationship with the marsh deer 

population. The following are the specific objectives: 

1. Mosaic imagery data acquired from different satellites 

at different spatial resolutions; 

2. Define the seasonal backscattering variability of the 

geochemically different lakes 

3. Apply an object based image analysis (OBIA) 

classification to map the lakes; 

4. Apply spatial analysis techniques to define areas 

preferentially used by the marsh deer, importance of 

lakes for marsh deer, and to define corridors and 

connectivity for conservation areas; (on-going) 

5. Apply the methodology to the entire Pantanal using the 

50m resolution mosaics. (on-going) 

 

Objectives 1, 2, and 3 have been accomplished, and we are 

presently merging marsh deer data with the map of lakes 

distribution (4); the next step will be the analysis of the 50 m 

mosaic data (5). 

 

The stated objectives are focused on providing quantifiable, 

accurate data for the purposes of improving management 

strategies of wild life habitat, and threats to which these 

habitats are exposed to, in the Pantanal. The outcomes are 

directly related to at least two “thematic drivers” of the K&C 

Initiative to support Conventions and Conservation. 

 

B.Work approach 

 

  Study area 

 

The Nhecolândia region is located in the south Pantanal, at 

approximately 19°00’S/56°12’W. It is bordered by the Negro 

River to the south and the Taquari River to the north (Fig 1). 

Nhecolândia experiences a monomodal flooding cycle, with 

high waters occurring Feb-April, and low waters Aug-Nov 

[11]. The region has a highly heterogeneous and dynamic 

landscape, with forest, savanna, wild grasslands, introduced 

pastures, seasonal waterways, herbaceous vegetation, aquatic 

macrophytes and numerous lakes locally called baías, salobras 

and salinas, all occurring in close proximity to each other (Fig. 

1).  

The Nhecolândia region contains tens of thousands of 

lakes, generally divided into three categories: two classes of 

fresh water lakes (locally known as baías and salobras), and 

brackish lakes (locally known as salinas) [4]. Baías and 

salobras vary in size seasonally, typically expanding and 

connecting through water channels in the high water season, 

and shrinking considerably in the dry season. Baías are 

populated by a variety of floating/emergent aquatic vegetation 

and typically exhibit a fairly low pH and TDS concentration. 

Salobras can also be populated by floating and emergent 

aquatic vegetation, but are distinguished from baías by stands 

of Typhaceae. Salobras generally have a higher pH and TDS 

concentration than the majority of baías. Salinas tend to be 

permanent, rounded depressions ~500-1000m in diameter, 0.5-

3.0m lower in elevation than baías and salobras, and are cut 

off from the flood by sandy barriers (cordilheiras) rising 2-3 

meters higher than the salinas [12]. Salinas are devoid of any 

emergent aquatic vegetation and show the highest values of 

both pH and TDS compared to the other two lake types.  

The emergent aquatic vegetation of these lakes essentially 

falls into two categories: blade-leaved, and broad-leaved 

plants. The first group is comprised of erectophile plants with 

blade-like leaves that are densely rooted and grass like. They 

range in height from 30-300cm tall and are populated by 

Cyperaceae (including Eleocharis sp., Scirpus sp. and Cyperus 

sp.), and Typhaceae (including Typha domingensis) [4]; 

occurrence of Typha sp. is restricted to salobras. The second 

group of broad-leaved plants are floating emergent species that 

can occur in dense or relatively sparse stands, range in height 

from 2-30cm tall, and are dominated by Pontederiaceae 

(Pontedera sp., Eicchornia sp.), Araceae (Pistia stratiotes), 

Salviniaceae (Salvinia auriculata), and Nymphaeaceae 

(Nymphaea sp.) [3],[4],[6]. This class of broad-leaved 

vegetation can be either rooted floating plants or free-floating 

plants, and represent the primary vegetal biomass, and an 

important primary producer of the Pantanal [6].  

This variety of vegetation is a key component to the marsh 

deer’s diet, which is chiefly composed of aquatic plants and/or 

by plants characteristic of wet and flooded habitats, including 

a significant portion of those species found in freshwater lakes 

(Cyperaceae, Pontederiaceae, Nymphaeaceae)[9]. The deer 

frequent habitats with inundation depths lower than 70cm, and 

typically range from low-lying areas along permanent 

waterways in the dry season to slightly higher elevations in 

flood season, following the seasonally dynamic ecotones 

between aquatic and terrestrial habitats [10].  

Out of the hydrological regions in the Pantanal, the 

Nhecolândia region was chosen for this study because: it has a 



high diversity of habitats; it has the highest number of lakes 

represented from all three categories; both L and C-band 

imagery were obtainable for both the high and low water 

season; primary ground reference data has already been 

collected for this region coinciding with dry season image 

acquisition for both L and C-band. 

 

Field data 

Field data were acquired for 75 lakes in July of 2008. 

Preliminary analysis of 2007 ALOS PALSAR imagery, 

Landsat ETM, and field data acquired in 2001, provided the 

approximate location of regions to be visited for this campaign. 

In addition, 55 lakes from the 2001 campaign were also used as 

ground reference data for this classification. Lake vegetation 

characteristics (species and distribution) were determined from 

direct observation, then recorded and photographed for each 

location. A handheld multiparameter Y.S.I (model 556) was 

used to collect conductivity, pH, and temperature for the lakes, 

and water samples from these lakes were taken to determine 

TDS concentrations. Alkalinity of the lakes was measured in 

the field using a HACH digital titrator. The collected data was 

organized into a database with geographic coordinates for each 

site. The lakes were divided into three categories (floating and 

emergent vegetation only; presence of Typha sp.; no 

vegetation), and alternating lakes in each category were 

assigned to training data or test data. From a total of 130 lakes, 

7 were not usable for this study as they fell outside of the 

Nhecolândia border; from the remaining, 60 were used for 

training samples, and 61 were held back as testing samples for 

subsequent accuracy assessment.  

Further, spatial distribution of different ground cover 

(forest, grasslands, agriculture, aquatic vegetation, open water, 

savanna) and vegetation characteristics (approximate height 

and dominant species) for a radius of approximately 100 m 

were determined, photographed, and recorded in visual 

observation diagrams for 209 additional sampling sites. 

Photographs included differing vegetation species/cover, and 

north, east, south and west views at each sampling site. This 

data was used as ground truth to define classification rules for 

separating lakes from other landscapes. Geographic location 

for each lake and sampling site was recorded using a Global 

Positioning System (GPS) receiver, with accuracy of 15-30 

meters. 

 

Marsh deer location data was provided by Walfrido Tomas 

of The Brazilian Agricultural Research Corporation 

(EMBRAPA). The data was collected from aerial survey with a 

Cessna airplane, using the double count technique as a strategy 

to correct detectability less than 1. This is a standard technique 

that used in the Pantanal and other wetlands in Brazil [10]. The 

data was collected from parallel transects with 30 km in length, 

spaced 3 km from each other. This data taken from a collection 

spanning 1991-2008, and month/year was included for each set 

of coordinates. 

Satellite data 

L-band images from ALOS/PALSAR were acquired for 

January/February 2008 (12.5m, HH polarization) coinciding 

with high water, and for August/September 2008 (12.5m, HH 

and HV polarization) coinciding with low water and the field 

campaign. ALOS/PALSAR images were acquired as part of 

the ALOS Kyoto and Carbon Initiative – Pantanal. C-band 

images from RADARSAT-2 were acquired for August 2008 

(25m, HH and HV polarization) coinciding with low water and 

field campaign. Additional C-band data for high water was 

acquired in February/March 2010 from ENVISAT/ASAR 

(12.5m, HH and HV polarization). General characteristics of 

the data are provided in Table 1. 

Images from all three sensors were acquired at a pre-

processed level, and thus already radiometrically calibrated for 

incidence angle and radiometric distortions [14],[15],[16].  

Water Geochemistry Analysis 

 

 Water samples from each of the lakes were collected in at a 

depth of approximately 20cm and were immediately filtered on 

site through Millipore 0.22µm MCE (mixed cellulose esters) 

membranes, then preserved and properly stored until analysis 

in the laboratory. Alkalinity of the samples was measured in 

the field by titration using a HACH digital titrator, and pH and 

conductivity were determined on site using a handheld 

multiparameter Y.S.I (model 556). 

Major dissolved cations and anions were analyzed in the 

laboratory using a Dionex DX-600 ion cromatograph. Total 

Dissolved Solids (TDS mg/L) were comprised of the total 

cation and anion content, as well as the alkalinity measured in 

the field.  

 

Imagery processing 

 

Step 1: Radiometric calibration 

ALOS/PALSAR level 1.5 image files were processed using 

calibration tools made available by the Alaskan SAR facility, 

using provided geometric and radiometric data. RADARSAT-2 

level 1-SGF images were processed and orthorectified using 

PCI Orthoengine, a SAR specific satellite orbiting model. 

ENVISAT/ASAR level 1P images were processed using 

calibration tools provided in the Next ESA SAR toolbox, a 

calibration software package provided by the European Space 

Agency (ESA). All data was converted to standardized 

backscatter coefficient intensity images.  

Step 2: Geometry and mosaicking 

Primary data geocoding was executed using provider 

software packages (mentioned above). Images were 

georeferenced and projected to UTM coordinates (zone 21, row 

K) using the WGS84 reference ellipsoid. Each set of images 

(L-band Feb 2008 HH; L-band Aug 2008 HH; L-band Aug 

2008 HV, etc.) were mosaicked to form cohesive coverage of 

the study area. Cross-sensor geometric inconsistencies were 

corrected using the RADARSAT-2 mosaic as a master and 



using a second order polynomial approach.  All images were 

projected to UTM coordinates (Zone 21S), using the WSG84 

reference ellipsoid. The Nhecolândia region vector based on 

Hamilton et al [11] (from EMBRAPA) was then utilized to 

delineate the study area from the mosaics. 

Step 3: Speckle Filtering  

Images were filtered to reduce the effect of speckle by 

utilizing a Kuan filter with a 3 x 3 kernel [17]. The resultant 

imagery showed preservation of the mean values, while 

decreasing the standard deviation of homogenous targets, and 

visually preserving the feature edges.  

 

Step 4: OBIA Classification and Backscattering Analysis: 

The classification was performed using an OBIA 

approach, executed using the eCognition software package 

(V.8.0) Generally, OBIA processing involves two main steps: 

multi-resolution segmentation and classification of resultant 

objects based on user defined rules. The multi-resolution 

segmentation algorithm in eCognition is controlled by three 

user-defined parameters: scale, shape and compactness. The 

scale parameter determines the maximum allowable 

heterogeneity of the image objects, and varies the size of the 

resulting image objects:  larger scale values produce larger 

objects. The shape parameter determines the degree of 

influence of radiometry versus object shape in the delineation 

of image objects. Inputs values range between 0-1; smaller 

values result in objects optimized for radiometric 

homogeneity, higher values optimize for shape homogeneity 

[18]. Compactness also varies between 0 and 1, and 

determines the degree of smoothing for object borders. 

Different sets of parameters were tested, and optimal values 

selected separately for the classification of lakes in the 

Nhecolândia region. The general approach was as follows: 

A primary multiresolution segmentation was performed 

using an optimal set of parameters for this stage: scale = 50 

(resulting in objects that represented landscape features such 

as small lakes as individual entities, while not providing too 

fine a detail as to overload the software); shape = 0.005 

(heavily emphasizing radiometry over shape); compactness = 

0.5 (equal emphasis on smoothness and compactness); and, 

more heavily weighting the dry season imagery to better 

separate the lakes from seasonal flooding areas.  To separate 

lakes from the rest of the terrain, sample training objects for 

“lakes” (fresh water floating and emergent vegetation; Typha 

sp.; open water) and “not lakes” (forest; grass/agriculture; 

savanna; seasonally flooded waterways) were chosen based on 

field data, and then a supervised classification using a 

combination of hierarchical rules and nearest neighbour 

parameters was performed. This primary classification was 

aided by the analysis of backscattering variability of observed 

land cover in the field for defined land covers of the 

Nhecolândia [19]. Everything classified as “not lake” was 

removed from subsequent analysis. 

 

 Mean values and standard deviations were exported for 

training site image objects from the three lake types and 

converted to normalized backscattering coefficients (σ
0
) 

expressed in dB. The conversion process for ALOS/PALSAR 

(from DN values) is as follows:  

σ
0 
= 10*log10 (DN

2
) +CF  (Equation 1) 

 

where CF is the calibration coefficient for PALSAR standard 

products, and equals –83 dB [20]. 

For RADARSAT-2 images (from intensity values), 

conversion was performed as follows: 

C = (DN
2
 + B) / A  (Equation 2) 

 

where C is the calibrated value; B is the offset; and A is the 

range-dependant gain, both supplied in the LUT file [21]. The 

calibrated values were then expressed in dB via the following 

calculation: 

σ
0
 = 10*log(C)   (Equation 3) 

 

 

For ENVISAT/ASAR images (from intensity values), σ
0 

was derived from the absolute calibration constant (K) from 

measurements over precision transponders via the following 

calculation (this step was performed by the NEST software 

package)[16]: 

 

    
  

     
 

 
   (    ) 

     (Equation 4) 

where K = absolute calibration constant 

DNi,j
2
 = pixel intensity value at image line and 

column “i,j” 

σi,j= sigma nought at image line and column “i,j” 

αi,j = incidence angle at image line and column “i,j” 

The calibrated values were then expressed in dB via 

Equation 3. 

Two levels of classification were produced as follows: 

Level 1 Lakes Classification:  

Based on the backscattering analysis and the image objects 

created in the primary classification, the lakes class was 

divided into fresh water lakes (lakes with only floating and 

emergent vegetation, as well as lakes with the presence of 

Typha sp.) and brackish lakes (lakes with no vegetation).  

Level 2 Classification:  

The creation of a Level 2 lakes classification was achieved 

by creating a mask for everything but the lakes to exclude it 

from further analysis. A new segmentation was performed, 

using the same parameters as the primary segmentation, 

however this time, the scale parameter was lowered to 10 to 

allow for much finer image objects, and a more detailed 

classification. A hierarchical classification scheme was 

developed using a myriad of rules based on mean 

backscattering, standard deviation, and area of image objects, 

as well as proximity parameters. The same training lakes used 

in the Level 1 classification were utilized for Level 2, but the 

more refined image objects allowed for greater distinction 

between floating and emergent vegetation, and stands of Typha 



sp., that may have been combined in a single image object in 

Level 1. Some water channels that connect fresh water lakes in 

the flood season were erroneously classified as lake in the 

Level 1 classification; however, the finer scale segmentation at 

Level 2 allowed for the identification and removal of these 

areas, thereby further refining the lakes as individual entities. 

At this time, the marsh deer point location data was split 

into dry and flood season and overlaid with the classification 

maps for spatial analysis.  

Step 5: Validation of the classification results 

Validation of the Level 2 lakes classification results was 

performed using the half of the field lake data held back for 

testing purposes. Lakes classified as having emergent/floating 

aquatic vegetation only were classed baías; lakes exhibiting 

either Typha sp. alone, or a combination of Typha sp. and 

emergent/floating aquatic vegetation were classified as 

salobras, and lakes showing open water/no vegetation were 

classified as salinas.   

III. RESULTS AND SUMMARY 

 

Water Geochemistry Analysis 

Ranges for both TDS and pH for the three classes of 

lake/vegetation were determined by plotting TDS vs. pH on a 

simple scatterplot, and separating the lakes based on vegetation 

characteristics (Fig. 2); thus, a relationship between water 

geochemistry and vegetation was established.  

Level 1 classes (vegetation/fresh water and no 

vegetation/brackish water) were clearly separable in terms of 

pH. The Level 1 freshwater class encompassed all lakes with 

vegetation, both floating/emergent, and with the presence of 

Typha sp., and the brackish class contained all lakes with no 

vegetation. From the sampled lakes, all lakes with vegetation 

had a pH value of approximately ≤9, and those with no 

vegetation ≥9. Grouping via TDS was not as well defined; in 

general, fresh water lakes contained  total TDS≤500mg/L, and 

brackish ≥500mg/L, but with a few outliers. 

The Level 2 classification attempted to distinguish between 

lakes with floating/emergent vegetation only, and those lakes 

with the presence of Typha sp. While no clear-cut separation 

was found to distinguish these two lakes types by either TDS 

or pH, there appeared to be an optimal range within which the 

presence of Typha sp.  could be found: pH ~6.8-8, and TDS 

100-500mg/L (excluding one outlier with much lower pH).  

 

Backscattering separability of the lakes 

Backscattering analysis was performed using the training 

objects from the three lake categories to determine which 

band/polarization/season was best able to separate the three 

lake types (Fig. 3).   

Floating/emergent vegetation exhibited moderate to high 

backscattering variability, regardless of band or season. Mean 

backscattering values for this vegetation class were 

approximately -15 dB at L-band, HH for both flood and dry 

season, and -25 dB for L-band HV, and the variability was 

somewhat higher in the dry season. For C-band, variability was 

lower, but mean backscattering was higher in the wet season at 

both polarizations (-7dB for HH and -15dB for HV in flood 

compared to -10dB HH and -18dB HV for dry).  

Typha sp. exhibited the highest overall mean backscattering 

values for all imagery, ranging from approximately -5 dB for 

L-band HH dry season, and C-band HH both seasons, to -10dB 

L-band HH flood season, to -15dB for HV polarizations, both 

bands, both seasons. Typha sp. showed the highest variability 

in the L-band HH flood image, but variability was fairly low 

across all of the imagery.  

Open water exhibited the lowest backscattering values and 

the lowest variability overall for all imagery. Mean 

backscattering values were approximately -22dB at L-band 

HH, flood and dry seasons, -30dB and at HV polarization, dry 

season. Open water was slightly more variable at C-band than 

at L-band, and backscattering was slightly higher (-17 to -20dB 

for HH and -20 to -25dB HV, both seasons).  

Overall, open water was most separable from the vegetation 

classes based on mean backscattering at C-band, particularly in 

the flood season HH image, and based on variability  in the L-

band HH flood season image. Although no clear separation 

was apparent between floating/emergent water vegetation and 

Typha sp., L-band dry season imagery (both HH and HV) 

showed the most difference between the two classes in terms of 

both mean backscattering and variability.  

 

Lakes Classification 

The Level 1 OBIA classification map shows the broad 

distribution of fresh and brackish lakes in the Nhecolândia 

region of the Pantanal (Fig. 4). An overall accuracy of 98% 

was achieved at this level. The only misclassification at this 

level was a single baía classified as a salina, likely a result of 

minimum of aquatic vegetation at the edges of a large, deep 

lake being mixed in the same pixels as the surrounding terrain. 

However, there were also three very small lakes in the testing 

data that were erroneously classified as “not lake” in the 

primary stage. This was likely due to a combination of factors: 

the scale parameter chosen for this stage may not have been 

fine enough to capture lakes of this size; lakes may have been 

desiccated at the time of image acquisition (3-6 weeks later 

than field campaign) thus causing confusion between the lakes 

and the surrounding terrain.  

 

The Level 2 classification map shows the finer separation 

of aquatic vegetation into floating/emergent and Typha sp.  

classes, thus allowing the further distinction between baías, 

and salobras, and retaining the salinas from Level 1 (Fig. 5). 

For this level, an overall accuracy of 81% was achieved.The 

largest confusion, and thus the lowest producer’s accuracy 

(56%) and low user’s accuracy (75%), was for the Salobra 

class, where a little less than half of salobras observed in the 

field were misclassified as baías. This confusion is a result of 

several factors: the stand of Typha sp.  observed in a lake in 

the field may have been too small to be captured as a single 



object in the segmentation; the stand of Typha sp.  may have 

been sparse and mixed with other aquatic vegetation, thereby 

reducing the backscattering signal considerably; Typha sp.  

stands observed in the 2001 field campaign may no longer be 

present, or may have been reduced in size and/or density.  

 

The Level 2 classification shows the greatest concentration 

of salinas to be in the south-central/south-east portion of 

Nhecolândia, and dispersing towards the northwest. The 

spatial distribution of these lakes appears to follow diagonal 

lines (SWNE) running perpendicular to the general 

direction of dispersion. Salobras follow the same general 

pattern as salinas; however they are also distributed in western 

Nhecolândia, where salinas are sparse. Baías are evenly 

distributed across the entire region; however, they gain in size 

towards the east.  

 

Marsh Deer Spatial Distribution 

Preliminary visual inspection and interpretation of the 

spatial distribution of the marsh deer show a seasonal trend in 

movement consistent with that reported in Tomas et al [10]. 

During the dry season, the majority of location points are 

located in close proximity to permanent waterways such as the 

Rio Negro (Southern border of Nhecolândia) and the Rio 

Taquari (North-western border of Nhecolândia). During the 

flood season the deer begin to migrate away from the more 

deeply flooded low-lying areas and into the shallower, 

seasonally flooded areas, following the flooded/dry interface. 

However, the deer do not migrate into the central part of 

Nhecolândia, suggesting that the aquatic vegetation found in 

the baías alone is not enough to sustain the deer’s diet, 

regardless of season. However, a more in depth analysis of the 

marsh deer distribution in regard to the different habitats in the 

region is required. This is our next step by incorporating the 

50m mosaics and classification of other important habitats in 

the Pantanal. 

 

This project will provide vital habitat information for 

determining refuge zones for terrestrial species; connectivity 

of aquatic habitats during the dry season and implications for 

aquatic dependent species; examination of species distribution 

as a result of a flood-pulse regime; and risks of environmental 

changes to the animal population. Thus, by delineating habitat 

suitable to threatened species, such as the marsh deer, this 

study will help to define conservation strategies for the region. 
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Table 1 – SAR image dataset characteristics 

SAR Imagery Dataset Characteristics 

Sensor 
Processing 

Level 
Band Polarization 

Spatial 
Resolution 

(m) 

Swath 
Width 
(km) 

Incidence 
Angle (°) 

dates 
(dd/mm/yyyy) 

scene ID 
(frame-
path) 

Season 

ALOS PALSAR 
fine beam mode 

1.5 
L-band 

(23.6cm) 

HH 

12.5 40 34.3 

27/01/2008 

74-6790 

Flood 

74-6800 

74-6810 

01/02/2008 
77-6790 

77-6800 

13/02/2008 

75-6790 

75-6800 

75-6810 

01/03/2008 

76-6790 

76-6800 

76-6810 

HH/HV 

29/07/2008 

74-6790 

Dry 

74-6800 

74-6810 

15/08/2008 

75-6790 

75-6800 

75-6810 

01/09/2008 

76-6790 

76-6800 

76-6810 

18/09/2008 
77-6790 

77-6800 

ENVISAT ASAR 
ASA_APP_1P 

1P 
C-band 
(5.5cm) 

HH/HV 12.5 30 36 

11/02/2010 
439-3987 

Flood 

439-4005 

27/02/2010 
167-3987 

167-4005 

15/03/2010 
396-3987 

396-4005 

RADARSAT-2 S4 
beam mode  

1-SGF 
C-band 
(5.5cm) 

HH/HV 25 25 

36.5 

04/08/2008 

91715 

Dry 

91728 

91741 

11/08/2008 

91304 

91317 

91330 

RADARSAT-2 S5 
beam mode  

39.2 22/11/2008 

90901 

90913 

90927 

 

 



Table 2 – Accuracy Assessment 

 

Level 1   

  
Fresh 
Water 

Brackish 
Water 

Total 
Producer's 
Accuracy 

User's 
Accuracy 

  

Fresh 
Water 

46 1 47 98% 100%   

Brackish 
Water 

0 11 11 100% 92%   

Total 46 12 58 
  

  

  
     

  

Level 2   

  Baia Salobra Salina Total 
Producer's 
Accuracy 

User's 
Accuracy 

Baia 27 3 1 31 87% 79% 

Salobra 7 9 0 16 56% 75% 

Salina 0 0 11 11 100% 92% 

Total 34 12 12 58     
 

 

 

 
 

Figure 1 – Study Area 



 
Figure 2 – Lake Geochemistry 

 

 
Figure 3 – Lake Vegetation Backscattering 



 

 
Figure 4 – Level 1 Lake Classification 

 



 
Figure 5 – Level 2 Lake Classification 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



APPENDIX 1  

Field Sample Lake Geochemistry 

Lake Vegetation Code: 1 - Fresh Water Vegetation;      
2 – Typha sp.; 3 - No Vegetation/Open Water 

Sample 
Name 

pH 
Total 
TDS 

(mg/L)  

Lake 
Vegetation 

1 6.94 158.10 2 

2 6.67 114.59 2 

3 6.96 164.27 1 

4 9.42 1616.28 3 

5 7.2 92.08 1 

6 5.57 32.71 1 

7 5.45 40.75 1 

8 6.24 119.43 1 

9 9.08 1035.94 3 

10 9.71 1811.29 3 

11 9.95 851.83 3 

12 6.94 139.80 2 

13 7 80.93 1 

14 7.27 140.02 1 

15 6.97 264.61 2 

16 9.4 1388.91 3 

17 6.6 79.99 1 

18 6.64 66.83 1 

19 8.61 220.96 1 

20 7.6 42.03 1 

21 9.85 2463.92 3 

22 6.82 74.39 1 

23 5.78 21.59 1 

24 5.79 102.90 2 

25 5 16.04 1 

26 7.09 286.56 1 

27 7.05 153.55 1 

28 7.25 466.24 2 

29 8.61 698.77 1 

30 7.4 178.16 1 

31 8.38 303.83 1 

32 5.63 66.27 1 

33 5.77 31.69 1 

34 5.57 28.72 1 

35 6.03 139.57 1 

36 5.53 101.75 1 

37 5.84 56.06 1 



38 9.55 948.08 3 

39 5.8 23.19 1 

40 5.76 14.20 1 

41 7.83 504.81 2 

42 6.44 186.47 1 

43 6.99 350.79 1 

44 8.94 734.47 3 

45 9.9 382.23 3 

46 9.99 375.33 3 

47 10.02 460.54 3 

48 8.04 54.11 1 

49 6.05 15.10 1 

50 5.6 14.58 1 

51 5.16 22.82 1 

52 6.07 26.77 1 

53 8.43 53.37 1 

54 6.92 228.56 1 

55 7.05 160.92 1 

56 6.14 112.71 1 

57 7.38 368.83 2 

58 9.68 1941.77 3 

59 7.25 212.38 1 

60 6.78 154.90 2 

61 10.09 836.79 3 

62 7.03 236.04 1 

63 6.91 171.18 2 

64 6.99 193.81 2 

65 5.92 58.56 1 

66 9 301.94 1 

67 5.84 25.51 1 

68 5.7 32.79 1 

69 6.96 109.94 1 

70 6.96 148.06 1 

71 6.74 123.08 1 

72 6.42 79.17 1 

73 6.74 90.53 2 

74 6.37 65.76 1 

75 6.87 53.13 1 
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Abstract— Inland wetlands occur extensively across Sub-Saharan 
Africa.  These ecosystems typically play a vital role in supporting 
rural populations and their sustainable management is thus 
critical.  In order to prevent depletion of resources and ecosystem 
services provided by these wetlands, a balance is required 
between ecological and socio-economic factors.  The sustainable 
management of wetlands requires information describing these 
ecosystems at multiple spatial and temporal scales.  However, 
many African countries lack regional baseline information on the 
temporal extent, distribution and characteristics of wetlands.  
PALSAR data provides invaluable information related to the 
flooding patterns and vegetation characteristics of these 
wetlands. Due to political instability in Sudan and the 
inaccessible nature of the Sudd, recent measurements of flooding 
and seasonal dynamics are inadequate.  Analyses of multi-
temporal and multi-sensor remote sensing datasets are presented 
in this paper, in order to investigate and characterize flood 
pulsing within the Sudd wetland over a twelve month period.  
Wetland area has been mapped along with dominant components 
of open water and flooded vegetation at five time periods over a 
single year.  The total area of flooding over the twelve months 
was 41,334 km2, with 9,176 km2 of this constituting the 
permanent wetland.  Mean annual total evaporation is shown to 
be slightly higher and with narrower distribution of values from 
areas of open water (1718 mm) than from flooded vegetation 
(1641 mm).  While the exact figures require validation against 
ground based measurements, the results highlight the relative 
differences in inundation patterns and evaporation across the 
Sudd. 

Index Terms— ALOS PALSAR, K&C Initiative, Wetland 
Theme, Africa, flooding patterns, vegetation. 

 

I.  INTRODUCTION 
 

Originating in Lake Victoria, the White Nile, one of the two 
major tributaries of the Nile River, flows from Uganda into 
Southern Sudan where it enters a shallow depression and forms 
the vast Sudd wetland.  Beyond the Sudd the river flows to 
Khartoum where it merges with the Blue Nile, forming the 
main stem of the Nile River which subsequently flows through 
Egypt and into the Mediterranean Sea. While wetland 
ecosystems occur extensively across the basin, from Lake 
Victoria in the south to the Nile Delta in the north, the swamps 
and floodplains of the Sudd constitute the largest wetland 

ecosystem in the Nile Basin and one of the largest tropical 
wetlands in the World. The Sudd is dependent on the outflow 
from Lake Victoria, but exhibits large seasonal changes as a 
consequence of variation in flow downstream of the lake.   The 
“Flood Pulse Concept” (FPC; [1]) describes the importance of 
the hydrological pulse to the functioning of wetlands, and 
states that it is the annual inundation pattern which is primarily 
responsible for the high productivity of, and the biotic 
interactions within, such systems.   

In addition to supporting high levels of biodiversity, the 
Sudd provides many other ecosystem services. It is estimated 
that more than 1 million people are almost entirely dependent 
on the wetland. The socio-economic and cultural activities of 
the Nilotes living within and adjacent to the Sudd region are 
entirely dependent on the Sudd wetland [2]. It is a major source 
of water for domestic use, and for livestock, and is an 
important source of fish. The Sudd is one of the only water 
bodies of the Nile which is not overfished and the potential 
yield (based on a surface area of 30,000–40,000 km2) has been 
estimated at 75,000 tons per year [3]. Many fish species 
migrate from the surrounding rivers to the nutrient rich flood 
plains to feed and breed during the seasonal floods [4].  The 
socio-economic and cultural activities of local people are 
dependent on the annual floods to regenerate the floodplain 
grasses which feed their cattle.  However, due to the protracted 
civil war in the region with the latest episode lasting from 1983 
till 2005, very little is known about the current status of the 
biodiversity or the livelihood practices which are supported by 
the wetland. 

The Comprehensive Peace Agreement (CPA), signed in 
2005 ended 22 years of civil war, and subsequently in 2006 a 
core area of 57,000 km2 of the Sudd was designated as a 
Ramsar wetland site of International importance.  Despite this 
status, recent discovery and exploitation of oil reserves in the 
Sudd threatens the diversity of the wildlife, aquatic 
macrophytes and floodplains, as well as the hydrology of the 
intricate ecosystem [5].  With the signing of the CPA another 
major threat to the wetland is the completion of the Jonglei 
Canal. The original aim of the canal was to divert inflows to 
the Sudd in order to reduce evaporation from the wetland, 
thereby gaining approximately 4,700 Mm3 of water for 
downstream use, as well as to reclaim approximately 100,000 
ha of land for agriculture [6]. Construction of the canal started 
in 1980 but was stopped by the onset of the civil war in 1983, 
after 260 of the total 360 km had been completed. In 2008, 
discussions to continue the work were resumed.  If completed 



the canal is likely to have a significant impact on groundwater 
recharge, silt and water quality; it is also likely to result in the 
loss of biodiversity, fish habitats and important grazing areas, 
all of which will have an effect on the livelihoods of the local 
populations. 

An understanding of the links between the hydrological 
pulse and the ecosystem is a prerequisite for deriving 
management plans for flood pulse wetlands such as the Sudd.  
While it is known that the size of the Sudd varies substantially 
in response to seasonal and inter-annual changes in inflows, 
maps of recent flood extent and seasonal changes are 
unavailable for the total Sudd area, and figures in the literature 
on the areal extent of the wetland vary considerably [7,8,9].  
This is due to variations in the definition of what constitutes the 
wetland, as well as differences in the approach used to map the 
area.  In addition the area of wetland increased dramatically 
after the early 1960’s due to increases in outflows from Lake 
Victoria.  Different techniques have been applied to determine 
the size of the Sudd including hydrological modelling [10], 
thermal remote sensing [8], and a combination of hydrological 
modelling and remote sensing of evaporation [9].  While an 
area of 30,000 to 40,000km2 is frequently cited in the literature 
[7,8,9], figures range from approximately 7000 km2 of 
permanent swamps to 90,000 km2 of seasonal floodplain [6].  

Due to the political instability in the region as well as the 
inaccessible nature of the Sudd, recent analyses have typically 
focussed on the use of remote sensing datasets.  Remote 
sensing technologies are essential in providing up-to-date 
spatial and temporal information about wetlands and their 
catchment basins, and should be seen as a fundamental 
component in the development of wetland management plans 
for conservation and sustainable utilization [11].  While 
mapping of wetlands has proved difficult in many areas due to 
the lack of temporally and spatially consistent datasets, the 
systematic data acquisition strategy of new satellites such as 
the Advanced Land Observing System (ALOS) seek to redress 
this.  The acquisition of data at a high temporal frequency is 
essential for the analysis of wetlands such as the Sudd, which 
are defined by seasonal flows. 

II. DESCRIPTION OF THE PROJECT 

A. Relevance to the K&C drivers 
The project aims to generate knowledge to assist in the 

sustainable management of wetlands which are utilised for 
agriculture and fisheries activities, and to assist the countries 
concerned to put in place or enhance mechanisms that 
minimize degradation of the wetlands, in order to optimize the 
ecosystem and livelihood benefits.  Project objectives also 
include the provision of baseline wetland information from 
remote sensing and GIS data, and the generation of generic 
guidelines, tools and methodologies for wetland mapping and 
characterisation. 

The Wetlands Theme of the K&C Initiative focuses on the 
provision of remote sensing datasets that can be used to assist 
the global mapping and monitoring of wetlands and identifying 
and quantifying the threats to which these are exposed. 
Specifically, it aims to develop a suite of products which may 

be used to improve the understanding of carbon cycle science, 
assist the implementation of conservation and management 
strategies and support national and international obligations to 
multi-national conventions [12].  The work reported here is of 
relevance to all three of the thematic drivers: Carbon, 
Conservation, and Conventions i.e. the three C’s.  The draining 
and transformation of wetlands for agricultural (as well as for 
other) uses is likely contributing to the carbon imbalance in the 
atmosphere [13].  Wetlands contain and cycle a significant 
amount of carbon and play a key role in the global carbon 
cycle, not least because of the large turnover of methane within 
these systems; it is estimated that natural wetland sources emit 
about 20% of the methane entering the atmosphere each year 
[14] and they are responsible for a significant proportion of 
biogeochemical fluxes between the land surface, the 
atmosphere, and hydrologic systems [15].  A basic requirement 
for modelling regional to global methane or carbon dioxide 
emissions from wetlands is information on their type and 
distribution. 

In Africa where wetlands are utilised extensively for 
agriculture and fisheries activities, the loss of these ecosystems 
will also have a more direct effect on local populations.  Long-
term preservation and sustainable use of these resources is 
therefore critical for the economic and social well being of 
current and future generations. Key requirements include the 
establishment of regional and temporal datasets of wetland 
extent and condition which incorporate an understanding of the 
inundation dynamics of an area and spatially quantifiable 
measures of both anthropogenic and natural pressures and 
threats to wetland communities [12].    

The Ramsar Convention on wetlands of International 
Importance promotes the conservation and wise use of all 
wetlands through local, regional and national actions and 
international cooperation, as a contribution towards achieving 
sustainable development throughout the world (Ramsar COP8, 
2002).  The Convention aims to halt and reverse the global 
trends of wetland degradation and destruction through the 
dissemination of information, involvement of local 
communities and establishment of sustainable management 
plans.  While Contracting Parties to the Convention have been 
encouraged to undertake better and more efficient wetland 
inventory, and to establish and maintain national inventories, 
many African countries lack the resources to achieve this.  
Remote sensing technologies are essential in providing up-to-
date spatial and temporal information about wetlands and their 
catchment basins, and should be seen as a fundamental 
component in the development of wetland management plans 
for conservation and sustainable utilisation.  While mapping of 
wetlands has proved difficult in many areas because of the lack 
of temporally and spatially consistent datasets, the systematic 
data acquisition strategy of ALOS PALSAR seeks to redress 
this [13]. 

 

B. Site Description 
The analyses have been conducted in the Nile Basin, with a 

focus on the Sudd wetland. Located on the Bahr el Jebel (the 
White Nile) in southern Sudan, the Sudd is one of the largest 



floodplain wetlands in the world.  The total catchment area of 
the Sudd is nearly 3 million km2.  Located between 6ο to 9ο 8’ 
N and 30ο 10’ to 31ο 8’ E, the Sudd consists of a diverse range 
of habitats which support a rich array of aquatic and terrestrial 
fauna [16].  Biodiversity within the Sudd is high, supporting 
over 400 bird and 100 mammal species. Located on the eastern 
flyway between Africa and Europe/Asia, the Sudd is one of the 
most important wintering grounds in Africa for Palaearctic 
migrants, providing essential habitats for millions of migrating 
birds [7].  During the 1980’s the region was listed as 
supporting the highest population of Shoebill Storks 
(Balaeniceps rex) [17] and the greatest numbers of antelopes in 
Africa [18].  Many of the antelopes undertake large scale 
migrations across the Sudd, following the changing water 
levels and vegetation. The wetland also has a high density and 
diversity of aquatic plants [19]. 

As the objective of the work was to characterize seasonal 
patterns of inundation and evapotranspiration from the Sudd, 
the study area was defined as the Bahr el Jebel contribution to 
the Sudd wetland, i.e. excluding the neighouring Bahr el Gazal 
swamps and the Sobat marshes. The Sudd area was determined 
by delineating the catchment for the main stem of the Bahr el 
Jebel between Juba in the south and the confluence with the 
Sobat in the north (see Figure 1).   

C. Datasets 
Delineation of the Sudd wetland is extremely difficult due 

to its dynamic nature as well as due to the presence of 
adjoining wetland systems.  In this study, the area of interest 
was derived from elevation data and catchment boundaries. 
The boundaries were delineated using the Digital Elevation 
Model (DEM) from the Shuttle Radar Topography Mission 
(SRTM) and standard processing steps using the HydroSHEDS 
GIS Toolkit [20].  The elevation at Juba (455m on the SRTM 
Digital Elevation Model) was used to define the southern 
boundary. 

Inundation patterns were mapped over a twelve month 
period from PALSAR data.  K&C ScanSAR strips with a pixel 
spacing of 70 x 50m acquired at five time periods were used as 
input to the analysis; June, September and December 2007, and 
January, May 2008.  Three paths were required to cover the 
study area; RSPs 250, 253 and 256. These were provided by 
JAXA in ORT format, and were processed to geotiffs and 
mosaicked across the area of interest following the  
 

 
 

Figure 1.  The Sudd region, southern Sudan; river network and settlements 
  

processing chain in Figure 2. The mosaics used in the analysis 
for three of the observation periods are shown in Figure 3.  A 
principal components analysis over the three months of peak 
inflow (June, September and December 2007) is shown in 
Figure 4. The PALSAR amplitude data were converted to 
normalized backscatter coefficients (σ0) following Equation 3, 
where DN is the Digital Number and CF refers to the 
calibration co-efficient provided by JAXA [21]. 

 Equation 1 

 

 
Figure 2. ScanSAR processing chain 

 



The data were filtered using a 3x3 median filter, followed by a 
5x5 Enhanced Lee filter in order to reduce speckle and smooth 
areas of the image with similar ground cover [22]. 
 

 
 

Figure 3: ScanSAR strips over the Nile Basin © JAXA/METI 2007, 2008 
 

 
Figure 4: Principal components analysis of three dates (June, September and 

December 2007) of ScanSAR strips over the Sudd wetland, southern Sudan © 
JAXA/METI 2007, 2008 

 
The detection of open water and flooded vegetation from 

SAR data is well established, and time series of SAR images 
have been used successfully to map flood dynamics in different 
ecosystems [23,24,25].  The backscatter response from open 
water and from flooded vegetation at L-band is well 
understood.  The signal exhibits i) high returns in areas of 
flooded vegetation due to the double bounce effect as the radar 
signal is reflected off both the vegetation and the water surface, 
ii) intermediate returns for dry land due to diffuse scattering 
from the ground and/or volume scattering within vegetation 
canopies, and iii) very low returns from open water due to 
specular reflectance [26,27].  Open water bodies and flooded 
vegetation have traditionally been detected in SAR images 
through thresholding, with class boundaries set through 
empirical evaluation of the image histograms [28].  This is the 
approach followed in this study, with threshold levels 
identified through histogram analysis.  While an absolute 

measure of soil moisture is not achieved, this approach 
provides a means of monitoring spatial and temporal changes 
in the hydrological state [29].  The histograms indicate a high 
level of separation between the three classes, with open water 
exhibiting very low returns, dry land intermediate values, and 
flooded vegetation high values (Figure 5). The horizontal lines 
show the selected thresholds with an upper value of -15 db for 
open water, and a lower value of -9 for flooded vegetation.  
The overlap between the histogram classes gives an indication 
of the errors associated with the threshold values. 

 
Figure 5: Frequency distribution of backscatter coefficients for different 

landcover types 
 
Monthly maps of actual evapotranspiration (ETa) for the study 
area were generated using the Simplified Surface Energy 
Balance (SSEB) model [30] for the period between 2001 and 
2009 (Figure 6). The SSEB model uses a combination of 
thermal data sets to develop ET fractions and reference ET 
(ETo) generated using weather data sets from NOAA’s global 
data assimilation system (GDAS), as described in detail in 
[31].  The Land Surface Temperature (LST) is derived from 
satellite thermal data and suggested value of alpha is 1.2 when 
ETo is based on clipped grass reference ET. Rn is net 
radiation; T is air temperature; U is wind speed; RH is relative 
humidity; P is atmospheric pressure.  
 

 
 

Figure 6: Schematic Representation of the SSEB modeling setup  
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ETa = ETf * αETo 
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III. RESULTS AND SUMMARY 
 
The area of the Sudd and the components of open water and 

flooded vegetation vary considerably over the twelve month 
period.  Lowest areas of open water are identified in September 
(4,313 km2), whilst the highest expanse of flooded vegetation 
(27,186 km2) is also evident during this month.  In contrast the 
greatest expanses of open water occur in December and 
January, when the area of flooded vegetation is lower.  The 
monthly total area of wetland within the study site ranges from 
a minimum in June of 22,892 km2, to a maximum of 32,701 
km2 in January (Table 1).  Note however that the latter figure 
does not refer to the total flooded area within the study site as 
different areas may flood at different times of the year.  The 
total area of the wetland, defined here as areas which were 
detected as either open water or flooded vegetation for any of 
the five dates during the twelve month period, is 50,510 km2 
(Figure 7). It should be noted that the flooding identified is not 
limited to river-fed flooding only, but also to rain-fed flooding.  
Temporary flooding due to rainfall may occur locally in the 
rain-fed grasslands adjacent to the wetland [32].  Of the 50,510 
km2, 9,176 km2 constitutes the area of “permanent” swamps, 
i.e. the locations where open water or flooded vegetation 
(Figure 7) is detected in each of the five dates during the 
twelve month period.  The ratio of permanent to seasonal 
swamps is thus 18%, with the wetland area expanding to more 
than 4 times the size of the permanent swamps with the annual 
flood pulse and rainfall in the catchment. 

Table 1: Seasonal variations in inundated areas (km2) 

 

The ET varies substantially both spatially across the study 
site), as well as temporally, over the twelve month period.  
Between June 2007 and May 2008 the estimated total ETa is 
1449 mm while the annual rainfall for the same period was 779 
mm meeting 54% of the ETa demand. The minimum ET 
occurs at the end of the dry period in April. The deficit ET 
months were August to April, with the maximum deficit 
occurring in December with the lowest rainfall and a relatively 
high ET period.  The peak ETa occurred in October.  Mean ET 
values were calculated for areas of permanent wetland, i.e. 
pixels which were either classified as open water or flooded 
vegetation in each of the images, i.e. their status did not change 
during the twelve month period, as well as for the areas which 
were seasonally flooded (Table 2). 

Table 2: Mean ET values for open water and flooded vegetation 

 Total ET 
(Mm3) 

Mean ET 
(mm) 

Area (km2) 

Open water 1,162 1718 692 
Flooded vegetation 14,098 1641 8488 
Seasonally flooded 59,763 1422 41334 

Terrestrial  9,075 1311 6823 
 

 

 
Figure 7: Spatial patterns of inundation (both river- and rain-fed), analysed 

at five time periods between June 2007 – May 2008.  

 
Two parameters which are widely debated in the literature on 
the Sudd are the area of, and the evaporation from, the wetland.  
Within the defined study site, the total wetland area (50,510 
km2) constituted 85% of the land surface between June 2007 
and May 2008.  Flooding in the Sudd wetland exhibits a 
distinct seasonal pattern which is determined by the level of the 
Bahr el Jebel and rainfall in the catchment.  While a core area 
of 9,176 km2 of permanent wetland was identified during the 
period June 2007 – May 2008, at 41,334 km2, the area of 
seasonal flooding over the twelve months was four times 
larger.  The total wetland area is thus composed of 18% of 
permanent and 82% of seasonally flooded wetlands.  The 
wetland was at its greatest expanse between September 2007 
and January 2008 and at its lowest in June 2007 and May 2008, 
suggesting a 3-4 month lag following inflow at Juba and 
torrents in the catchment. 

It has been emphasized in previous studies of the Sudd that 
one of the complexities in determining regional scale 
evaporation has been the variability in the boundaries of, and 
seasonal changes in, the wetland [9].  While mapping of 
tropical wetlands has proved problematic with the use of 

Month Open water Flooded vegetation Wetland 
June 2007 5850 17,042 22,892 
September 2007 4313 27,186 31,499 
December 2007 10947 18,873 29,821 
January 2008 10601 22,100 32,701 
May 2008 5365 19,892 25,257 



optical satellite images due to the presence of cloud cover at 
the time of maximum inundation, this study has mapped the 
seasonal changes in the Sudd wetland using radar remote 
sensing data, which are unaffected by cloud cover.  The 
systematic acquisition strategy of ALOS PALSAR has enabled 
characterization of wetland dynamics at a high temporal 
resolution.  Analysis of this data has provided high resolution 
(70m) maps of inundation patterns in the Sudd over the twelve 
month period June 2007 to May 2008.  Combining these with 
spatially explicit monthly calculations of ET over the Sudd has 
provided insights into variations in ET from the different 

wetland components.  While the exact figures presented require 
validation against ground based measurements and should 
therefore be treated with caution, the results highlight the 
relative differences in inundation patterns and 
evapotranspiration across the Sudd over a twelve month period. 
Future work will extend the analysis over multiple flood 
cycles, in order to characterize the intra- as well as inter-annual 
flood dynamics of the Sudd and provide information which is 
crucial to the management of this vast resource.  Lessons 
learned here will be applied to the analysis of regional scale 
inundation patterns across the Nile Basin. 
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Abstract - ALOS PALSAR data is used to analyse the flood 
dynamics of two semi-arid river systems and to characterise and 
define wetland typologies that result from infrequent and highly 
variable river flood regimes. The two sites, the Gwydir and the 
Paroo rivers, are both located within the Murray Darling Basin 
of eastern Australia. The methods developed have the potential to 
provide cost effective monitoring of wetland condition in inland 
Australia, and to also supply useful baseline data on flood pulse 
and vegetation response for the management of internationally 
significant Ramsar wetlands. 
 
Index Terms—ALOS PALSAR, K&C Initiative, Wetlands Theme, 
flood inundation, wetland condition 
 

I. INTRODUCTION 
 

While mapping the extent of flooded forests and wetlands 
in humid and tropical areas using radar has been readily 
demonstrated, the detection and analysis of flood patterns in 
semi-arid environments is less well known and understood. 
Flood events in these environments often depend on irregular 
and infrequent rainfall events or on the release of 
environmental flows from upstream storage dams on rivers 
where discharge is largely confined to in-channel rather than 
to overbank flows. Sheet flooding does however occur. These 
patterns of flooding are found especially within  the dispersive 
or braided stream systems which characterise many of the 
catchment basins found within the northern section of the 
Murray Darling Basin (MDB) of Eastern Australia. 
  
 Results of using ALOS PALSAR data to monitor 
inundation patterns and vegetation response to flood events in 
a semi-arid wetland environment, namely the Macquarie 
Marshes in Central New South Wales, were reported in  ALOS  
Kyoto & Carbon Initiative, Science Team Reports, Phase 1, 

2006-2008[1]. The results of this study showed that following 
the release of an environmental flow into the Macquarie 
Marshes, the following information could be obtained using a 
time series of PALSAR imagery:   
• Spatial mapping of inundation extent over the period of 
image acquisition; 
• Identification of changes in surface water and soil moisture 
content and distribution; 
• Monitoring of the changing wetland dynamics over the time; 
and, 
• The discrimination of wetland vegetation classes using time-
series data. 
 
 The wet conditions in the Macquarie Marshes during 
December 2007 and January 2008 presented an opportunity to 
refine techniques employing imaging radar for inundation 
mapping in semi-arid wetland environments and for assessing 
soil moisture changes. The study also showed that an 
operational system for monitoring environmental flows in 
semi-arid wetland environments using imaging radar is 
possible. The full results of this investigation are described in 
a three volume report, Trial of L-band radar for mapping 
inundation patterns in the Macquarie Marshes [2].    
 

II. DESCRIPTION OF PROJECT 
 

 The first objective of this study, which is ongoing, is to use 
ALOS PALSAR data to map changes in wetland hydrology 
and vegetation cover associated with land clearance for 
agriculture and to identify and monitor wetland morphological 
features that result from periodic flooding as a result of heavy 
rainfall events. 
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 The second objective is the development of an operational 
system using ALOS PALSAR data for mapping wetland 
typologies and assessing the effect of periodic flooding and 
environmental flows on vegetation and soil response in 
regional semi-arid wetland environments. 
 
 The two sites chosen for this investigation are the Gwydir 
River near Moree where large areas of wetland habitat have 
been cleared for grazing, irrigation and dryland farming, and 
the Paroo River in the far north–west of the State which 
constitutes one of the last “wildland” or free flowing river 
systems in  arid Australia. Both are found within the MDB. 
 
 The Murray Darling Basin (MDB) (Figure 1) occupies 
approximately one-seventh of the continental surface area of 
Australia or just over 1 million square miles. The Great 
Dividing Range marks the eastern and southern edges of the 
basin. The Darling River and its tributaries flow south and 
south west before joining the Murray system and discharging 
into the Southern Ocean at Lake Alexandrina near Goolwa in 
South Australia. Many of the Darling related stream networks 
have their source in the arid and semi-arid landscapes of the 
Australian inland. 
 

 
 

Figure 1.  The Murray Darling Basin and location of the Paroo and Gwydir 
Rivers, eastern Australia. (Source MDB) 

  
 Freshwater is a vital resource in Australia, and its 
availability is highly variable in semi-arid and arid zones [3].    
Rapidly expanding water resource development in the MDB 
has impacted natural flow regimes and the ecological integrity 
of many dryland rivers and their large floodplain wetlands [4], 
[5].    
 
 Declining river flows from reduced rainfall in recent 
decades together with the increased diversion of water for 
irrigation and excessive groundwater extraction, has impacted 

on both the quality of the natural environment and the 
economic sustainability of the MDB. It is estimated that there 
are some 30,000 individual wetland sites within the basin, 
most of which occur around farm dams and water courses on 
private land. Sixteen wetlands are RAMSAR declared sites 
with another 200 listed in the ‘Directory of Important 
Wetlands in Australia’ [6].    
 
 Efforts to manage and conserve the surface waters of rivers 
in the MDB are hampered by limited scientific data regarding 
the historical and contemporary flow and flooding patterns 
and of the response of flora and fauna to the high natural 
variability of flow regimes that typify the lowland-dryland 
rivers [7].    
 
 A major strategy of the Wetlands Policy of the 
Commonwealth Government of Australia is to “Document the 
extent of the Commonwealth’s wetlands and identify priorities 
for conservation action and rehabilitation” (Commonwealth 
Government of Australia, 1997). There is also a high 
importance placed on establishing the ecological character and 
flooding dynamics of the inland aquatic systems in order to 
manage and protect them into the future.  
 
A. Gwydir Wetlands    
 The Gwydir Wetlands are located in the Gwydir valley 
which lies to the north of the Macquarie Marshes, the site of 
the previous study. The wetlands include the Lower Gwydir 
and Gingham watercourses, both of which end in terminal 
floodplains, except during major floods when water may reach 
the nearby Barwon River. The Gwydir Wetlands support an 
estimated area of 102,000 ha of wetland vegetation and are 
recognized internationally for their significance as waterbird 
habitat and are listed in the Ramsar Convention.  The wetlands 
and wider area also support significant grazing and irrigated 
agriculture industries [8]. 
   
(i) Work Approach 
 This initial analysis focuses on identifying wetlands and the 
remnants of wetlands in an area partially cleared for 
agriculture and irrigated farming 
 
 Two PALSAR images were used in the study (Table 1). 
The first image was acquired on the 25th January 2007, in the 
middle of summer at a time when a peak in river flow of 
around 3,000 ML/day was observed at nearby Pallamallawa 
gauging station (Figure 2). The second PALSAR image was 
acquired on 12th June 2007 in winter, with water around 160 
ML/day at Pallamallawa and 30 ML or less at the other 
gauging stations. The June image was preceded by 
approximately three months of low river flows. 
 
 The images were co-registered and geo-referenced to the 
corresponding area on a SPOT-5 mosaic (Figure 3). Image-to 
image-registration was performed using a 1st order polynomial 
with 50 GCPs and a RMSE of 0.74. Two test sites were 
selected and subset from the PALSAR scenes. 
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TABLE I. 
ALOS PALSAR coverage of the Gwydir wetlands. 

 

 

 
 

 
 

Figure 2.  Daily river discharge (mean ML/day) for the Gwydir Wetlands as recorded at five gauging stations between January 2006 and September 2007.   
Acquisition dates of PALSAR imagery shown by arrows. 

 
 

 
 

Figure 3.  SPOT-5 mosaic of the Gwydir wetlands (NIR, green and red in R,G,B respectively) with the extent of ALOS PALSAR coverage overlain (41º; green 
outline). 
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 (ii) Inundation mapping  
 Areas of high soil moisture, storage dams for irrigation and  
ponding dams can be identified on the PALSAR imagery.  
Areas of open, clear water (including dams, ponds, creeks and 
irrigation reservoirs) are identified on SPOT-5 imagery as 
sites of very low albedo, with saturated soil and irrigated 
paddocks with crops being identified based on high visible 
green reflectance. In the corresponding PALSAR images for 
both test areas several sites of open water (dark response) are 
observed, see Figures 4 and 6. 
 
 Bright targets are highlighted in Figures 4 and 5 and 
represent areas of high dielectric content such as wet soil areas 
and water beneath the canopy along streamlines. Paddocks 
with high soil moisture are identified on the PALSAR images 
based on their bright response, and in particular, there is a 
large bright area of high soil moisture in the PALSAR image 
from June 2007 in Figure 7. 
 

 
 

Figure 4.  Gwydir wetlands Test Area #1: identification of open water in 
paddock dams (dark albedo – yellow arrow) and irrigated paddocks (green 
tones - blue arrow) in SPOT-5 (bands 3:1:4 displayed as R,G,B respectively) 
and PALSAR HH-polarisation data for January and June 2007.  Changing 
water levels in dams and irrigation paddocks show as black, specular surfaces 
in radar images (orange arrows).  Bright areas along streamlines in the JERS-1 
images indicate inundation beneath the tree canopy.  © JAXA/MET 

 

 
 
Figure 6.   Gwydir wetlands Test Area #1: contrast stretching of PALSAR 
imagery to highlight areas of open water and/or ground features with smooth, 
specular surfaces resulting in zero backscatter to the radar sensor.  These areas 
are shown in black on the derived masks. © JAXA/MET 
 

 
 
Figure 7.  Gwydir wetlands Test Area #2: contrast enhancement of PALSAR 
images to highlight rough, high dielectric surfaces, and water-beneath-canopy 
targets (red arrow).  These areas appear white on the derived masks.  There is 
a large area of high soil moisture (bright response) in the masked PALSAR 
image from June 2007 (orange arrow). © JAXA/MET

 

 
 
Figure 5.  Gwydir wetlands Test Area #1: contrast enhancement of PALSAR 
images highlight rough, dielectric surfaces, and water-beneath-canopy targets 
(i.e., bright response).  White areas on the masked PALSAR images 
correspond to areas of inundated trees and shrubs. © JAXA/MET 
 
 
 
 

(iii) Change detection  
 Change detection was undertaken using the two PALSAR 
scenes for the Gwydir wetlands captured in June and January 
of 2007. Figure 8a illustrates the three-band colour composite 
for the Gwydir wetlands with January 2007:June 2007:January 
2007 in R,G,B respectively, and Figure 8b illustrates the 
change between the two dates. In Figure 8a, the green areas 
are dominated by the June (winter) response and consist 
mostly of vegetation along streamlines and adjacent wetland 
vegetation and grasslands. The purple areas are dominated by 
the January (summer) response and relate to the majority of 
the agricultural area.   
 
 Only limited change is observed between the two dates, 
with the most obvious differences in the agricultural areas 
(Figure 8). Some paddocks show an increase in backscatter (> 
6 dB) in June, indicative of perhaps winter crops or irrigation, 
while numerous paddocks show lower backscatter (between 0 
– 3 dB) indicative of drier ground or limited crop cover. The 
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areas of wetland and grassland show variable backscatter but 
are typically higher in June (increasing by 0 – 6 dB). 

 

 
 

 
 

Figure 8a)  PALSAR 3-band colour composite for the Gwydir wetlands: Jan 
2007: June 2007:Jan 2007.  The purple areas are dominated by the January 
(summer) response while the green areas are dominated by the June (winter) 
response; and b) Change detection between January and June 2007.  A 
decrease in backscatter is observed over most of the agricultural areas (of the 
order of 0.1 – 6 dB), while areas with higher backscatter are dominated by 
wetlands and grassland.  © JAXA/MET 

 
 

B. Paroo River 
One of the last unregulated rivers of the MDB is the Paroo 

River in north-western New South Wales. The Paroo is 
connected to the Warrego River through an array of 
intersecting streams that congregate to form Cuttaburra Basin, 
a significant bird breeding area of swamp and marshland [9]. 

Both the Paroo and Warrego Rivers are the focus for this 
research since they have extensive floodplain wetlands (Figure 
9).  
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Figure 9. The Paroo and Warrego River Catchments in the Murray Darling 

Basin. (Source MDB). 
 
 
 The Paroo and Warrego catchments cover 7,400,224 and 
6,290,533 hectares respectively. Both rivers are approximately 
600 km long. They comprise a vast assemblage of braided 
channels, waterholes, swamps, claypans, mound springs, 
shallow freshwater lakes and salt lakes [10], [11].  There are 
two internationally recognised RAMSAR sites along the Paroo 
River (Ramsar Convention Secretariat, 2006) and numerous 
sites in the catchments designated on the Directory of 
Important Wetlands in Australia [12].   
 
 The mapping of widespread floods in these river systems is 
important for many aspects of catchment planning including 
the estimation of flood potential using historic data, 
sustainable grazing of pastures, flood risk modelling for flood 
mitigation, and catchment condition monitoring. For effective 
flood mapping, monitoring and management, the timing, 
duration, extent and drainage pattern of floodwaters need to be 
examined. Land managers, both private and within 

a) 

b) 
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government, require information about these complex 
interactions to incorporate effective policies, planning and 
management to ensure cost effective and ecologically 
sustainable management of floodplain areas. 
 
 During the last week of February and the first week of 
March 2010, the upper catchments of the Paroo and Warrego 
river systems received record rainfalls from a monsoonal 
trough centred over Northern Australia (Figure 10). 
Floodwaters from this rainfall event caused extensive flooding 
in the upper section of these rivers. Over the next three months 
the passage of floodwaters towards the confluence with the 
Darling River saw most of the water trapped in the network of 
channels, billabongs and floodplain lake storages on the 
Paroo. Little floodwater if any actually reached the Darling 
River system 700 kms downstream. The flow however 
watered thousands of square kilometres of floodplain, reviving 
many ecosystems and riverine environments that had not 
received water for over a decade [13]. 
   

     
 
 

 
Figure 10. Flooding in eastern Australia depicted on MODIS, 14th March 2010 

and rainfall totals for January-March 2010 (Australian Bureau of 
Meteorology). 

 
 
 

 
ii)Work Approach 
 Given the extensive surface flooding and the attenuation of 
the floodwaters which are stored in a “localised” network of 
riverine environments in the upper catchments, ALOS 
PALSAR data is being used to map the inundation patterns 
and recession of floodwaters to evaluate whether this data 
source can be used as an efficient monitoring and emergency 
response tool. 
 
 Also, it will be evaluated to see the extent to which the 
fluvial systems that characterise the dominant wetland types 
found in this area of the semi-arid MDB zone can be 
identified. These wetland types include; wetland freshwater 
lakes; periodically-inundated floodplain freshwater lakes;  
periodically-inundated non-floodplain (depressional) 
freshwater lakes; floodplain freshwater swamps;  non-
floodplain (depressional) freshwater swamps; saline lakes and 
saline swamps [14]. 
    
 Preliminary analysis of PALSAR FBD data (Scene 381-
6550) acquired on 25th May, 2010 of the Peery Lake region, 
which is downstream some 700 kms from the catchment areas  
shows that a range of wetland-riverine environments can be 
identified within this semi-arid area on L-band data. Peery 
Lake is a large overflow storage (Lat 30°45’ S, Long 143°30” 
E) and is located within and adjacent to the Paroo-Darling 
National Park, one of three reserves in the Paroo River system. 
The other reserves are Nocoleche Nature Reserve and 
Currawinya National Park are further north in south-western 
area of Queensland and will be the subject of future study. 
These three lake-reserves provide significant refugia for 
wildlife with diverse ecosystems and are major breeding 
grounds for more than 50 local and migratory waterbird 
species. 
 
(ii) Inundation mapping  
 Figures 11 - 14 show different stream patterns in the 
vicinity of Lake Peery carrying floodwaters. Some of the 
floodwaters appear dark due to surface reflection and are 
difficult to separate from bare sandy soils. However, most 
stream courses are lined with scattered trees and vegetation 
resulting in high backscatter when underlain with water. 

 
(iii)  Morpho-ecological mapping 
 The visual identification of fluvial patterns such as are 
found in Figures 11-14 is  a necessary first step to the 
characterizing and mapping of the different  semi-arid wetland 
typologies. The latter however, will require a multi-temporal 
dataset that extends along the length of the Paroo River system 
and be frequent enough to successfully separate out different 
riverine-ecological environments. 
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Figure 11.  L-Band ALOS PALSAR FBD and oblique photo (right) showing sheet-flooding where wide expanses of land are covered with shallow water.  Trees 
lining stream channels give high radar backscatter as a result of double bounce. Dark areas represent open water intermingled with islands and scattered tree cover. 
© JAXA/MET 
 

      
 

Figure 12.   L-Band ALOS PALSAR FBD (HH;HV;HH in RGB) sub–area (left) and Landsat insert (right) for comparison showing largely in-channel flow from 
increased discharge.  The “gallery” effect of trees lining the channel bank gives high radar return. © JAXA/MET 
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Figure 13.   L-Band ALOS PALSAR FBD (HH;HV;HH in RGB) sub–area (left)  and oblique photo (right) showing overbank and floodplain inundation. Water is 
largely confined to the immediate stream valley and adjoining cut-offs and billabongs (Photo. Anthony Scott, 6 May 2010).  © JAXA/MET 
 
 

      
 

Figure 14.  L-Band ALOS PALSAR  FBD (HH;HV;HH in RGB) sub–area (left) and Landsat insert (right) of Lake Peery which is the largest overflow lake on the 
Paroo River. It is approximately 15km long and covers over 5,026 hectares when in flood.  The lake is bordered by sedimentary ranges on the west and sand dunes 
and sand plains on the east and is a RAMSAR listed site. The Lake is fed by floodwaters passing down the Paroo River. © JAXA/MET 
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III. ONGOING WORK 
  
 Multi-temporal data stacks can yield more information 
about changing surface dynamics than single scene 
acquisitions and are necessary to capture environmental 
changes and help quantify bio-physical processes. Given the 
severe 10 year drought Australia has been experiencing (2000-
2010), there have been few flood events on inland river 
systems that would permit the identification of wetland types 
and none within the current lifetime of the ALOS sensors until 
early 2010. Where possible historical data from other sensors 
will be used to examine and supplement the historical record. 
 
 Twenty-five PALSAR scenes are currently being analysed 
to further this investigation. These include images from 
2/10/2009 which is the driest date before the February-March 
2010 flood. Other scenes cover the flood peaks (17/11/2010-
17/02/2010) and the recession period (4/4/2010-20-08/2010). 
Also, an extensive fieldwork program has been initiated in 
order to survey vegetation communities and examine their 
resilience to the changing flood conditions and to validate 
image interpretation and analysis of the geomorphological 
classes identified. 
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Abstract—As part of the Japan Aerospace Exploration Agency’s  
(JAXA) Kyoto and Carbon (K&C) Initiative, Advanced Land 
Observing Satellite (ALOS) Phased Arrayed L-band Synthetic 
Aperture Radar (PALSAR) dual polarization (L-band HH and 
HV) mosaics have been generated for several regions, including 
insular and mainland Southeast Asia, Australia and 
South/Central America.  This research aimed to evaluate and 
demonstrate the use of these mosaics for mapping, characterising 
and monitoring mangroves within these regions.   

Whilst the extent of mangroves could be discerned in some cases 
(e.g., when interfacing with estuarine areas), ALOS PALSAR 
data were generally limited for mapping.  For this reason, 
existing regional (e.g., Queensland Herbarium Regional 
Ecosystem Mapping) or global data (e.g., those available through 
the World Conservation Monitoring Centre (WCMC) or 
USGS/NASA) were used to define the extent of mangroves.  
Within this defined area, three classes of mangrove (low biomass 
and high biomass, with and without prop root systems) could be 
differentiated by integrating estimates of canopy height derived 
from Shuttle Radar Topography Mission (SRTM) data with L-
band HH data.   Maps of these structural classes were generated 
for several regions (northern Queensland, Australia, and Belize) 
where sufficient validation (ground or airborne) data were 
available.   

Throughout the tropics and subtropics, mangroves are subject to 
change in response to natural or anthropogenic drivers.   By 
using existing datasets (namely the USGS/NASA global 
mangrove dataset) as a baseline of mangrove extent, changes in 
mangroves were mapped for the Atlantic coast of South America, 
southeast and mainland Asia, northern Australia and Belize.   
Significant changes in the extent of mangroves were identified in 
northern Queensland (Gulf of Carpentaria, French Guiana and 
Sumatra), with these attributed to increased accretion or erosion 
of sediments and sea level fluctuation.   Hotspots of mangrove 
loss were identified in southeast Asia, including the northern 
Tawa Islands and northeast Borneo, with these primarily 
associated with human disturbance.  The study highlights the 
benefits of using ALOS PALSAR for detecting change, 
particularly given the prevalence of cloud-cover in many coastal 
regions and concludes by conveying the utility of and 
requirements for the inclusion of these data within a global 
mangrove mapping and monitoring system. 

Index Terms—ALOS PALSAR, K&C Initiative, Wetlands 
Theme, mangroves, Asia, Australia, South and Central America. 

I.  INTRODUCTION 

A. Approaches to discriminating and mapping growth stage 
For many regions, the classification of mangroves has focused 
largely on the use of optical remote sensing data and 
especially that acquired by Landsat, SPOT and ASTER 
sensors. A particular advantage of using these data is that 
mangroves are relatively distinct from non-mangrove areas, 
although confusion with adjoining closed forests often leads to 
errors in the mapping of mangrove extent.   The use of 
Synthetic Aperture Radar (SAR) for characterising and 
mapping mangroves has been comparatively limited, with 
most focusing on data collected by sensors operating at C-
band (~ 2.6 cm wavelength).  As C microwaves interact 
largely with the upper surface of canopies, information on the 
structure and biomass of the woody components has not been 
discerned, although some success has been obtained using 
combinations of SAR and optical data (e.g., [1]).    

The launch of the Japanese Space Exploration Agency’s 
(JAXA) Advanced Land Observing Satellite (ALOS) Phased 
Arrayed L-band SAR (PALSAR) in 2006 provided new 
opportunities for characterising, mapping and monitoring 
mangroves at regional to global levels. From the Fine Beam 
Dual (FBD; HH and HV polarisation) data, regional mosaics 
have been generated as part of the JAXA Kyoto and Carbon 
(K&C) initiative, including for Southeast Asia, Australia and 
the Atlantic coast of South America.  A particular advantage 
of using these L-band data is that microwaves (~ 25 cm 
wavelength) penetrate the canopy and interact with the woody 
components, thereby allowing retrieval of structural attributes 
and above ground biomass (AGB) and better detection of 
inundation. Comparison of data acquired by the ALOS 
PALSAR with archival optical or SAR data as well as existing 
mapping can also be used to quantify changes in mangroves 
which arise from both natural events (e.g., cyclones or 
tsunamis) or processes (e.g., sea level rise) and human 
disturbance (e.g., for logging or agriculture and mariculture).   
A particular advantage of the SAR is that they provide regular 
observations regardless of illumination conditions and cloud 
cover, which is often frequent in tropical coastal regions. 

Using mosaics generated by JAXA and also the Institute of 
Geography and Earth Sciences (IGES), Aberystwth 
University, the use of ALOS PALSAR for characterizing, 
mapping and monitoring mangroves was investigated. The 
research was undertaken as part of the JAXA Kyoto and 



Carbon (K&C) initiative and sought to provide better 
information on the state of mangroves to assist in their 
conservation.  More specifically, the research aimed: 

 
a) To establish the utility of ALOS PALSAR data, 

either singularly or in combination with other remote 
sensing data, for consistent regional characterisation 
of mangroves. 

b) To investigate the use of time-series datasets for 
detecting changes in mangroves and to establish 
causative factors.  

As illustration, examples are taken from Australia, Belize, the 
Atlantic coast of South America and Southeast Asia where 
extensive tracts of mangrove have been subject to natural 
and/or human-induced influences, including those associated 
with climate change. 

II. DATA PREPROCESSING 

A. Pre-processing of strip data 
For all regions (with the exception of southeast Asia), 

ALOS PALSAR strip mosaic data (Level 1.0) at a reduced 
spatial resolution of 50 m were provided by JAXA.  Using 
Gamma SAR processing software ([2][3]), these data were 
calibrated and orthorectified to standard regional coordinate 
systems. For all areas, orthorectification was undertaken by 
cross correlating a SAR image simulated from either 30 or 90 
m spatial resolution SRTM data with ALOS PALSAR data 
and using ALOS orbital state vectors and ancillary 
information.  For the Australian strips, the process was refined 
through cross-correlation with Landsat panchromatic mosaics, 
largely because of the lack of significant relief in many 
northern regions. Mosaicing of the orthorectified strips was 
undertaken using procedures available within ENVI and in-
house software.  The procedures were developed to ensure a 
high level of geometric accuracy (geocoding errors were 
typically less than one pixel, particularly in northern Australia 
where the panchromatic data were used in the 
orthorectification process).  The cross track correction and 
mosaicing procedures resulted in the generation of relatively 
seamless regional mosaics for these study regions.  For 
Australia, image strips acquired during periods of relatively 
low ground moisture were used to generate a data mosaic for 
2007. For mainland (Indochina) and insular (Borneo, Sumatra, 
Sulawesi, Tawa Islands, the Philippines and New Guinea) 
Southeast Asia, ALOS PALSAR mosaics generated by JAXA 
were used. 

III.   APPROACHES TO MAPPING MANGROVES 

When mapping the extent of mangroves, the nature of the 
land cover adjoining the mangroves presented different 
challenges, with the difficulty of separation being greatest 
where these were bordered by dense forest (Figure 1).  
However, where mangroves were bordered by expanses of 
mudflats or low vegetation (e.g., samphire flats), better 

delineation of the mangrove area was achieved although this 
was inconsistent within and between regions.  

Two approaches to defining the extent of mangroves were 
considered.  In the first, existing datasets were integrated to 
locate areas associated with mangrove. These included the 
Belize Ecosystem Mapping and the Regional Ecosystem 
Mapping of Queensland ([4]). For Southeast Asia and the 
Atlantic coast of South America, WCMC global mangrove 
datasets were considered initially for defining the extent of the 
mangroves.  However, as these were generated over various 
time-frames and using different source data, the accuracy of 
mapping was inconsistent across these regions. For this reason, 
the more recent USGS/NASA global mangrove dataset ([5]) 
was substituted.  In all cases, a high level of registration 
accuracy between the JAXA PALSAR mosaics and the 
USGS/NASA datasets was evident. 

 
Figure 1.  ALOS PALSAR image (L-band HH, HV and the 
ratio of HH and HV in RGB) of the Jardine River National 
Park, Cape York, Queensland, Australia.  Discrimination of 
coastal mangroves (darker green) and proximal forest and 

other vegetation covers is difficult because of similarities in L-
band backscatter).   

 
Figure 2.  ALOS PALSAR image (Landsat FPC, L-band HH 

and HV in RGB of mangroves and sugar cane fields in 
northern Queensland.   

A second approach was to include data or derived products 
from optical remote sensing data.  In Queensland, Australia, 
Landsat-derived Foliage Projected Cover (FPC) data ([6]) were 



used to guide or confirm the mapping of mangrove extent, as 
mangroves typically exhibited a higher FPC compared to other 
vegetation types, including rainforest.  This is highlighted in 
Figure 2, wherein mangroves are distinct from other vegetation 
and surface types in the composites of Landsat FPC and ALOS 
PALSAR L-band HH and HV (in RGB). In Belize, 10 m 
spatial resolution SPOT-5 High Resolution Geometric (HRG) 
imagery were integrated to assist the mapping of mangrove 
extent.  For other areas (e.g., French Guiana), and depending 
upon the age of the existing baseline datasets, other optical and 
also Japanese Earth Resources Satellite (JERS-1) SAR data 
were used to refine maps of the historical distribution of 
mangroves.  However, these were superseded by the 
USGS/NASA dataset, which was considered to provide a more 
consistent and reliable baseline. 

IV. CHARACTERISATION OF MANGROVES 
Within the mapped area of mangroves, three classes relating to 
structure (height) and relative biomass were discriminated and 
mapped using a rule-based approach developed within 
eCognition, with this based on ALOS PALSAR strip mosaic 
and Shuttle Radar Topographic Mission (SRTM) data.  

[5] demonstrated the potential of using SRTM data for 
retrieving the height of mangrove canopies. Using SRTM 
data, calibrated with both field and ICESat data, the crown 
weighted mean height of the canopy surface (HCWM) for 
mangroves was related to the SRTM height, with the margin 
of error being +/- 1.9 m. As mangroves occur at sea level, the 
requirement for a digital terrain model (DTM) was largely 
avoided. The reliability of mangrove canopy height retrieval 
is, however, optimal where mangroves are expansive and 
contiguous in cover over an area exceeding the spatial 
resolution of the digital surface model (DSM).  To evaluate 
the use of the SRTM for retrieving mangrove height, DSMs 
determined from Intermap X-band SAR and SRTM C-band 
SAR acquired over mangroves in Belize were compared.  
Retrieval using the SRTM was more reliable where 
mangroves were greater than ~10 m in height and the SRTM 
pixel area was entirely occupied by the mangrove canopy.  
Where the height was < ~10 m and the pixel area was only 
partially occupied by mangroves, height retrieval was less 
successful.  This was attributed in part to the lower stature and 
non-contiguous nature of mangroves (e.g., on the landward 
and seaward margins of more expansive stands).  On this 
basis, the SRTM was considered appropriate for 
approximating the height of mangroves, with 30 m spatial 
resolution data available for Australia and 90 m for all other 
regions, although adjustments for variations in mean sea level 
are needed.  However, a limitation is that the SRTM data were 
acquired in 2000 and hence significant changes may have 
occurred in the subsequent period.  For this reason, the use of 
DSMs generated from more recent sensors (e.g., Tandem-X) is 
advocated, particularly as these will be provided at finer 
spatial resolutions. 

The ALOS PALSAR data were used largely to identify 
communities dominated by species with an extensive prop 
root system, including Rhizophora stylosa and Ceriops tagal.  

Previous studies utilising NASA airborne SAR (AIRSAR) 
acquired over Kakadu National Park in Australia’s Northern 
Territory ([8]) and the Daintree National Park in Queensland 
([9]) established that high biomass mangroves dominated by 
R. stylosa exhibited an L-band HH and to a lesser extent HV 
backscatter which was similar in magnitude to that observed 
for non-forest.  Such observations were supported by field 
visits to both Belize (in 2010) and northern Australia (2009).  
Furthermore, with increases in AGB, L-band backscatter HH 
and HV backscatter declined after ~ 100-120 Mg ha-1.  By 
comparison, mangroves species lacking a root system (e.g., 
Avicennia, Sonneratia and Laguncularia) tended to support an 
L-band HH and HV backscatter equivalent to non-mangrove 
forests of similar AGB, with no decline recorded with further 
increases in AGB.    

On the basis of these observations, the following 
classification of ALOS PALSAR and SRTM data was 
developed and implemented within eCognition. First, a 
segmentation of the SAR data was undertaken whereby 
objects (one or several pixels in size) were generated within 
the pre-defined area of mangrove.  A rule-based classification 
was then applied to map three forest structural types, with 
these being:   
 
a) Low mangroves (HCWM < 10 m)  

b) High mangroves with prop root systems (HCWM ! 
10 m; L-band HH gamma0 (!o) below a specified 
threshold, with this determined as the lowest value 
for contiguous mangroves with a HCWM 
approximating 10 m). 

c) High mangroves with prop root systems (all 
remaining mangroves > 10 m with L-band HH above 
the threshold defined for b).   

The 10 m threshold of the HCWM was used as, in Belize, the 
correspondence between airborne-derived DEMs and the 
SRTM was greatest above this threshold. Furthermore, the 
reduction in L-band HH backscatter was observed to occur at 
approximately this height level in Kakadu NP, northern 
Australia, which corresponded to an AGB of ~ 100-120 Mg 
ha-1.  An example of the classification for Belize is given in 
the previous Phase 1 report to JAXA. 

A refinement to the segmentation was investigated for 
Queensland, where mangroves with a mean and standard 
deviation of Landsat-derived FPC above specified thresholds 
were mapped initially with these assumed to support a closed 
canopy and the same rules outlined above were applied.  
Below this threshold, mangroves were assumed to be of 
limited spatial extent and/or fragmented and a separate class 
was defined, particularly as the height estimates were then 
considered to be less reliable.   An FPC threshold of < 11 % 
was used to separate mangroves from non- or sparsely 
vegetated areas. The classification scheme was supported by 
field and airborne (including SAR) observations at sites in 
Australia (e.g., Kakadu and Daintree National Parks) and 
Central/South America (e.g., Belize) and with reference to 
published studies (e.g., [6][8][9]).   



For Queensland, statewide mosaics of Landsat-derived 
FPC were available and can provide an additional layer to 
describe the structure of mangroves.  The Landsat FPC relates 
indirectly to canopy cover and estimates are generated for the 
state of Queensland on an annual basis ([4]).  Within these 
mosaics, the FPC for mangroves can vary from 11 % 
(equivalent to ~20 % canopy cover and hence defined as 
forests; [10]) to 100 %, with the majority supporting an FPC 
towards this higher end. When combined with information on 
mangrove height from the SRTM, classes can be defined on 
the basis of height and cover.   As Landsat FPC data are only 
produced for Queensland and New South Wales, this approach 
to mapping was not applicable to other regions and hence is 
not reported further in this paper.  

V.  DETECTION OF CHANGE 
For the detection of change, differences between the 

existing baseline datasets of mangrove extent and the ALOS 
PALSAR data mosaics were highlighted.  A loss of 
mangroves by 2007 (when the first PALSAR observations 
occurred) was associated either with a low or elevated L-band 
HH backscatter compared to proximal mangroves.  Higher L-
band HH was associated with recently cut areas and was 
attributed to scattering from woody debris and cut stumps left 
following the clearance event.  The lower L-band HH was 
attributed to specular scattering from cleared and 
comparatively smooth surfaces (including from mariculture 
ponds or inundated areas).   Thresholds were identified 
through reference to known areas of change. For Southeast 
Asia, further change was identified by comparing L-band HH 
and HV backscatter obtained in 2007 with that observed in 
2008 and 2009, depending upon the availability of mosaics.  
The expansion of mangroves in the seaward direction was 
identified using a sea mask generated from SRTM data and 
assuming that all areas with an elevated L-band HH 
backscatter represented colonizing mangrove systems.  

For Southeast Asia, the Atlantic coast of South America 
and Belize, the USGS/NASA mangrove and 2000 SRTM 
datasets were used as reference, with the latter used 
specifically for detecting seaward expansion. For northern 
Australia, the Regional Ecosystem maps of mangrove extent 
provided the necessary baseline.  The change detection 
procedures were developed within eCognition and focused 
primarily on the loss of mangroves from within the previously 
mapped extent and on seaward expansion.  

A. Changes in Australian mangroves 
Mangroves in Australia are extensive (1.5 million ha in 

2005; [11]) particularly along the northern and eastern 
coastlines, and support a large diversity of species. Whilst 
urban expansion has resulted in the loss of mangroves in more 
populated areas, the majority remains relatively pristine and, 
as such, are useful barometers of coastal environmental 
change (e.g., sea level rise).  For the north and east of 
Australia, and focusing primarily on Queensland, significant 
change away from the established baseline was not detected 
with the exception of the southern Gulf of Carpentaria.  Here, 
seaward expansion of mangroves was observed within the 

ALOS PALSAR data, with this confirmed through subsequent 
comparison of time-series of Landsat data (Figure 4). 

Comparison of MODIS images prior to and during 
extensive flooding in 2009 suggested that seaward expansion 
may be attributed to increased sedimentation on the coastal 
fringe as a result of increases in rainfall and storm events, 
particularly as the area of mangrove expansion corresponded 
with that influenced by the flood waters of the Flinders River.  
However, landward expansion was also evident, which may be 
attributed to inland intrusion of seawater.  Whilst time-series of 
Landsat sensor data allows areas of change to be identified, the 
ALOS PALSAR data can indicate the relative structural 
development of the forests and also provide information over 
periods when cloud cover limits acquisition of optical sensor 
data.   

 
a)  1987 

 
b)  1995 

 
c) 2001 

 
d) 2008 

 
Figure 4.   The expansion of mangroves in the Gulf of 

Carpentaria, Queensland, observed through (a-d) time-series 
comparison of Landsat sensor data. 

B. Changes in South American mangroves, Atlantic coast. 
Along the Atlantic coast of South America, the loss and 

also expansion of mangroves was significant.   In French 
Guiana (Figure 6), widespread accretion and erosion of 
sediments [12] resulted in alternate expansion and loss of 
mangroves, with this being typical of region.  Similar changes 
were observed in the northern coastal sections of Brazil but a 
more consistent seaward expansion was observed in the 
Bragantino region [1] of northeast Brazil (Figure 7).   Many 
areas within the Amazon River had also silted up, with a 
corresponding increase in the extent of vegetation although 



establishing whether this was associated with mangroves or 
riverine forests was difficult.   

C. Changes in Belizean mangroves 
Within Belize, the loss of mangroves has been largely 

associated with urban expansion.  A field visit to the Belize 
region was undertaken to support characterization and the 
detection of change in mangroves, with this focusing on the 
Placencia lagoon area in the south of the country.  Most areas 
cleared were for the development of tourism facilities and 
coastal resorts, with these being readily detectable within the 
fine beam dual (FBD) data but less so the 50 m resolution strip 
mosaic data.  The study highlighted the requirement for finer 
spatial resolution datasets within a global mangrove 
monitoring system. 

 
a)  

 
b)   

 

 

 
Figure 5. a) The seaward and landward expansion of 

mangroves in the Gulf of Carpentaria, northern Australia, as 
observed by comparing ALOS PALSAR data with existing 

regional baseline data.  The changing extent of surface water 
under b) dry and c) flooded conditions within the Flinders 

River catchment, as observed by MODIS, is also highlighted. 

D. Changes in Southeast Asian mangroves 
The Southeast Asia region supports approximately 4.9 

million ha of mangrove, with these distributed primarily in 
Indonesia, Malaysia and Myanmar.  Whilst rates of change 
have generally been reported as < 1 % for many regions, this 
translates to significant losses for Indonesia and Malaysia in 
particular with most associated with land use change ([11]).    

Maps of mangrove change were generated for the majority 
of Southeast Asia (Figure 8).  Significant areas of seaward 
expansion were noted in south-east Sumatra, with this 
attributed to increased erosion as a consequence of increases 
in deforestation in the region.In several areas, including north- 

a)  

 
b)   

 

c) 

 
Figure 6).  a) JERS-1 SAR and b) ALOS PALSAR data of 

French Guiana acquired in the mid 1990s and 2007 
respectively. c) The extent of change mapped over the same 

period. 
 

 

 
Figure 7.  Expansion (magenta) and losses (blue) of a) 

coastal/estuarine mangroves and riverine forest along the 
Atlantic coast of South America and b) the Bragantina zone of 
northeast Brazil.  Areas of no change are highlighted in green. 

 
east Borneo (Figure 9) and the north of the Tawa Islands, 
hotspots of change were identified.  A limitation of the 
approach was that variations in inundation conditions often led 
to a decrease or increase in L-band backscatter, and gave a 
false alarm in terms of mangrove loss.  However, many areas 



of significant change had often previously experienced 
extensive deforestation and fragmentation of the mangrove 
systems and were therefore more vulnerable to further 
deforestation and degradation.  Few areas that were previously 
regarded as intact were subject to new deforestation and, 
within some regions (e.g., Irian Jaya), extensive areas of 
mangrove remained intact (Figure 10). 
 

 
Figure 8.  Mangrove areas (red) where change datasets have 
been generated by detecting losses of mangrove based on L- 

band HH and HV anomalies in ALOS PALSAR data acquired 
in 2007, 2008 and 2009 mosaics where available.  

 

 
Figure 9.  Areas of change (deforestation and regrowth) in 

Borneo detected through comparison of ALOS PALSAR data 
with the USGS/NASA global mangrove dataset. 

 
 

a) 

 
b) 

 
Figure 10.  Mangroves in western Irian Jaya a) observed 

within ALOS PALSAR data.  b) Time-series comparison of 
mosaics from 2007 and 2008 indicated minimal change.   
  

VIII. DISCUSSION 

A. Overview 
The majority of studies classifying mangroves have largely 

only mapped a few classes, with most of these being specific 
to the area of interest and focusing primarily on species or 
relative height or cover. The classification adopted in this 
study suggests a more consistent approach that utilises 
globally available datasets (i.e., the ALOS PALSAR and 
SRTM) and which can be applied within and between regions.  
Refinements to the classification can also be made using 
optical data where available.  The scheme has been applied to 
northern Australian and Belize. 

The study has highlighted the capacity of using ALOS 
PALSAR data in conjunction with existing mapping to detect 
changes in mangrove extent in response to both natural and 
anthropogenically-induced events and processes.  However, 



only changes in a seaward direction and losses of vegetation 
amount within the known areas of mangroves were mapped 
with confidence.  Inland or up-river extension of mangroves as 
a consequence of, for example, sea level rise, was less reliably 
mapped because of similarities in the backscatter of the 
vegetation covers being replaced.  Even so, such changes were 
evident within some regions (e.g., northern Australia) and are 
important to identify, particularly given predictions of sea 
level rise in some regions. 

The primary benefit of using ALOS PALSAR data was the 
provision of cloud-free observations for entire regions over a 
relative short (1 - 4 month) time period during any annual 
cycle.  The consistent provision of data over consecutive years 
also provided opportunities for detecting change.  However, 
change away from a baseline established using data other than 
ALOS PALSAR is considered essential as a first step, with the 
USGS/NASA dataset regarded as the most consistent globally.  
Subsequent changes can then be identified through time-series 
co-registered multi-temporal ALOS PALSAR data. 

Within the mapped area of mangroves, the use of the 
SRTM data is adequate for retrieving the height (within 
certain error bounds), but only for extensive areas of relatively 
closed-canopy mangroves.  However, the 90 m spatial 
resolution does limit retrieval and the integration of finer 
spatial resolution DEMs (e.g., 30 m SRTM data, 10 m 
NextMap Intermap or Tandem-X) is therefore advocated.  The 
reliability and consistency of height retrieval across regions 
and for a range of mangrove structural types and spatial 
configurations needs to be quantified in order to give greater 
confidence in the inclusion of these data in the classification 
approach.  

Whilst maps have been generated for all or part of the 
study regions, the validation of these remains a challenge, 
particularly in relation to the detection of change, the causes 
and magnitudes of which vary considerably between regions.   
This needs to be achieved by strengthening collaboration with 

existing mapping agencies in the countries involved, at both 
the national and international level.   

II. CONCLUSIONS 
The mapping of mangrove extent using ALOS PALSAR 

data is problematic in many regions because of the similarities 
in L-band backscatter with adjacent land covers, particularly 
those that are forested.  (In some regions (e.g., Southeast Asia), 
differentiation can be achieved where mangroves with 
extensive root systems adjoin tropical forests because of their 
comparatively lower L-band HH backscatter).   Therefore, for 
subsequent classification, an existing baseline map of 
mangrove extent is needed, with that generated by the 
USGS/NASA considered to be the most robust because of its 
consistency in generation (i.e., primarily from Landast sensor 
data). 

Using ALOS PALSAR in conjunction with SRTM data, 
extensive areas of mangrove were categorised into a minimum 
of three broad classes, with these relating to relative differences 
in biomass and structure (including the presence or otherwise 
of prop root systems).  A benefit of the classification approach 
is that the datasets used are available globally.   The 
classification is supported by observations using airborne SAR 
data at sites in Australia and Belize. A particular advantage of 
the technique is that the classification is simple and can be 
applied between regions. However, further validation of the 
resulting classifications based on reference sites needs to be 
undertaken if the approach is to be routinely adopted. 

The detection of change using ALOS PALSAR data again 
requires reference to existing baselines of mangrove extent.  
Whilst these baselines exist for many regions, they can be 
refined and/or updated using PALSAR data. From these, 
ongoing monitoring using PALSAR data, either singularly or 
in combination, can be undertaken. 
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Abstract- Primary goals of JAXA’s Kyoto and Carbon (K&C) 

Initiative are to utilize ALOS PALSAR to support 

conventions, carbon, and conservation science themes. 

During Phase 2 of the K&C Initiative we sought to 

operationalize a suite of rice monitoring algorithms to map 

rice extent and paddy agroecological attributes for sites in 

Asia and USA. We also carried out biogeochemical 

modeling simulations to assess the impact of rice 

managements on greenhouse gas emissions. Support 

Vector Machine and an operational thresholding approach 

that requires no a priori training data were applied. K&C 

SLT ScanSAR PALSAR strips, orthorectified ScanSAR 

images, and finebeam (FB) imagery were the primary data 

products used to support these activities during Phase 2. 

Field-level geophotos collected in China, India, Indonesia, 

and Thailand along with fine scale imagery were used as 

calibration and validation of the map products. Extensive 

preprocessing was carried out for Reference Path Systems 

(rsp) strips across regions of Monsoon Asia. Strip 

formatting structure and the complex nature of the K&C 

strips created computational and radiometric calibration 

challenges during pre-processing. Our results used 

PALSAR products to show the extent of rice for regions of 

Asia, the role of hydroperiod in influencing methane 

emissions, and the intensity of cropping cycles. 

Index Terms- ALOS PALSAR, K&C Initiative, rice, 

land use land cover, Monsoon Asia, biogeochemical 

modelling 

I.  INTRODUCTION 

A. Overview 

Human modification of landscapes has been the foremost 

factor in wetland loss and degradation. Studies estimate that 

up to half of the world‟s wetlands have been lost due to human 

activities
1
. Demand for agriculture and land use development 

are the primary drivers influencing landscape modification 

trends. Rice paddies are a landscape feature that often gets 

considered to be a wetland land cover and an agricultural land 

use. Globally rice agriculture influences regional economies 

and global trade, health and food security, and the Earth 

system. Rice is the predominant food staple in many regions 

with more than several million tones in production annually 

with 95% of cultivation in developing regions. Rice land use 

globally is approximately 13048 million hectares and 

cultivation utilizes extensive human and natural resources
1
.  

Rice agriculture requires large resources through irrigation 

management and hydroperiod control. Rice hydroperiod is the 

flood frequency and duration of flooding for a paddy. The role 

of rice hydroperiod is poorly understood and potentially plays a 

large role in greenhouse gas emissions
3-6

. Methane (CH4) is 

one of the largest contributors to human-induced atmospheric 

change, second behind carbon dioxide. CH4 from rice accounts 

for 20% of global sources with irrigated rice accounting for 

80% of rice CH4 emissions
6
. In order to more thoroughly 

monitor rice agriculture and land use changes improved 

methodologies and data products are needed. 

In the past decade a number of studies have highlighted the 

advantages of L-band Synthetic Aperture Radar (SAR) for 

wetlands assessment. The primary advantages of L-band SAR 

data are its ability to penetrate canopies and sensitivity to 

vegetation structure, water content, and biomass independent 

of weather conditions. As part of the Japan Aerospace 

Exploration Agency (JAXA) Kyoto & Carbon Initiative, a 

PALSAR acquisition strategy has been developed with a goal 

of having spatially and temporally consistent data at 

continental scales with adequate revisit frequency and timing to 

enable the development of large-area products. The wetlands 

science team contributed to the development of the PALSAR 

acquisition strategy that includes ScanSAR data acquisitions of 

major wetlands regions every 46 days for regional mapping 

and characterization of aquatic ecosystems. Adjacent 

acquisitions overlap 50%, so effectively there are potentially 2 

acquisitions every 46 days continuously starting from October 

2006. 

As part of JAXA‟s Kyoto and Carbon Initiative (K&CI), 

Applied Geosolutions, LLC (AGS) and colleagues applied 

operational mapping of rice ecosystems for large regions of 

Monsoon Asia and California, USA. In addition to the 

operational rice products, the team mapped land use land 

covers for regions of Monsoon Asia to improve monitoring and 

change analyses. This scientific progress report summarizes 

progress made by Applied Geosolutions during the JAXA 

K&CI Phase 2 activities during 2009~2010. 

 

II. KYOTO AND CARBON INITIATIVE PHASE 2 FOCI 

A. Relevance to the K&C drivers 

The overarching themes of the JAXA K&CI are guided by 

the three C‟s: Conventions, Carbon and Conservation. Under 

that guiding framework the rice and land use land cover 

mapping and modelling activities support projects to improve 

our understanding of human-environment interactions. During 

Phase 2 the activities and rice products have contributed to: 

 

 Map rice paddies in an operational context; 

 Assess the impacts of rice management decisions 

on methane and greenhouse gas emissions; 

 Map disease „hot-spots‟ and „hot-times‟ 

 Improve LULC datasets for scientists;  

 Monitor agriculture and biogeophysical attributes 

B. Sites 

We primarily focused our K&C efforts on five sites during 

our recent K&C Phase 2 efforts. Analyses were conducted at 

multiple scales and included the use of various PALSAR 

products, including Slant Range ScanSAR strips, 

Orthorectified ScanSAR images, finebeam SLT strips, 

finebeam images, and optical imagery.  

 



Study site 1. The Poyang Lake region, Jiangxi Province, 

China was a primary algorithm development site during Phase 

1. During Phase 2 we operationalized the algorithms and 

validated products using field data from the region. Poyang 

Lake is the largest freshwater body in China and has 

significant ecological value. Multi-temporal ScanSAR (Red: 

DOY241, Green: DOY149, Blue: DOY103) WB1 (HH: 

100m) display rice paddies (bright red) and other land use land 

covers in figure 1.  

 

 

 
Figure 1: Multi-temporal ScanSAR data of Poyang Lake 

Watershed. Rice paddy areas appear as areas with various 

shades of red. The city of Nanchang is found near the 

center of the watershed (white area). Open water of 

Poyang Lake is the dark area. 

 

Study site 2. During Phase 2 we utilized 

multitemporal (2009) SLT strips for large areas in Monsoon 

Asia with a focus on Thailand and Southeast China. The study 

is intended to understand the rate and magnitude of landscapes 

changes and the amount of rice agriculture. We carried out 

operational rice mapping for regions of Thailand, Laos, 

Cambodia and Vietnam. These information products are now 

being used to study land use changes by combining with 

decadal Landsat maps and climate models. Figure 2 presents 

an outline of the Countries for the rice study sites. 

 

Study site 3. We used ALOS PALSAR to map LULC 

and rice agro-ecological patterns to help model highly 

pathogenic avian influenza (HPAI) across Java, Indonesia. 

HPAI hotspots occur where people, domestic poultry, and 

migratory waterfowl mix; often in rice paddies. The tropical 

island is approximately 132,000km
2
 and is one of the world‟s 

leading rice producers with more than 50 million tones 

annually and 13 million hectares cultivated. The region has 

dramatic topographic changes and rice is grown at a variety of 

altitudes with a range of continuous crop cycles. The majority 

of rice paddies in Java are under some mechanism of irrigation 

control with only 10% considered rainfed lowlands. Large 

urban populations and coastal communities tend to cultivate 

indica subspecies. Paddies range from large-area commercial 

farms to terraced rice and isolated communities in the 

highlands creating a challenging rice mapping environments in 

this tropical climate. Better rice and LULC information help 

monitor potential HPAI hot-spots and hot-times. Figure 3 

shows a mosaic of PALSAR data for study site 3. 

 

 
Figure 2: Study area for operational rice mapping. All 

major rice growing regions of the countries outlined were 

analyzed. 

 

 

 
Figure 3 Study area for HPAI rice analysis. Island of Java, 

Indonesia was the study are for mapping rice attributes 

for HPAI risk modeling. 

 

 

Study site 4. During Phase 2 we assessed the role of 

hydroperiod in greenhouse gas emissions for rice in 

California. Much of the rice grown in the USA is located in 

the northern Sacramento Valley of California (centered 

~121.825W, 39.20N). Eight counties have substantial rice 

paddy agriculture include: Butte, Colusa, Glenn, Placer, 

Sacramento, Sutter, Yolo, and Yuba. Other dominant LULC 

classes in the region include sub/urban, natural vegetation, 

deciduous fruits and nuts, and field crops. Intensive irrigation 

and agricultural management occurs in the area. We used FBS, 

and ScanSAR images, and FBS strips products for the rice 

products and to parameterize a biogeochemical model. Figure 

4 illustrates the location of study site 4. 



 
Figure 4 California rice study area. 

 

 

C. Approach 

 

During Phase 2 we executed and tested two primary 

classification approaches to generate a suite of geospatial map 

products. The first approach included an operational decision 

tree that requires no a priori training data. The output products 

from the operational approach map rice extent, map 

hydroperiod, and generate metrics of cropping intensity and 

crop calendar. Initially operational algorithms were developed 

using FBS (HH, 12.5m spatial resolution) PALSAR images. 

Once the algorithms were designed they were scaled up and 

applied to ScanSAR strips. The simple decision-tree 

framework based on thresholding and tracking dynamics range 

of L-HH backscatter values was first used to identify rice 

paddies by capturing the characteristics of flooded areas and 

dynamic range representing rice phenology and harvest. Next, 

segmentation procedures are performed to create individual 

classified polygons of rice paddies. For each rice paddy, 

informative products were generated based on temporal 

dynamics of backscatter. Multi-temporal PALSAR is used to 

identify crop cycles, flood status, and phenology/biomass 

changes for each rice paddy. Empirical rice growth models and 

various post processing tools are used to refine those products 

Figure 5 illustrate the flow, logic and output products of the 

decision tree classification and processing system. 

 

 The second classification approach used Support vector 

machine (SVMs) framework. An SVM optimally discriminates 

any pair of classes by identifying a linear hyperplane that 

maximizes the distance between two training datasets. An 

SVM has several unique characteristics that are superior to 

conventional classifiers such as the maximum likelihood 

classifier (MLC) and artificial neural network (ANN). First, an 

SVM is not affected by the dimensionality problem for large 

satellite imagery. It effectively avoids overfitting of a training 

dataset by controlling the margin with the identification of a 

small subset of informative points, for example support 

vectors
9
. Consequently, SVMs have been applied successfully 

in land cover classifications with multitemporal, 

multifrequency, multipolarization SAR imagery
7-10

. Second, an 

SVM deals with noisy samples in a robust way. Camps-Valls et 

al.
7 

reported that an SVM performed similarly for different 

training subsets with varying input dimension; for example, 

noises in training data were successfully detected and reduced 

in classification. Other studies also proved that, compared with 

conventional supervised classifiers, SVMs were more 

successful in processing noisy, heterogeneous multilayer data. 

Third, for classes that are not linearly separable in original 

image space, an SVM performs a kernel transformation to 

project raw data into a higher-dimension feature space. The 

classes in the new space become linearly separable and the 

margins between the classes are maximized
8
. For these reasons, 

an SVM could provide better accuracy in distinguishing paddy 

rice from other land uses. 

 

 
Figure 5.The product generation stream ingests fully pre-

processed PALSAR imagery to provide spatially-explicit 

rice information products including biomass, crop cycles, 

and hydroperiod.   

 

D. Satellite data 

 

Slant Range ScanSAR 

During this K&C period (2010) we focused on the 

utilization of Slant Range (SLT) ScanSAR strips for the study 

regions across Monsoon Asia and California. The primary 

regions of focus during Phase 2 period included Reference 

System for Planning (RSP) strips 91-115 covering Indonesia 

and China, RSPs 212-225 covering the pacific coast of the 

USA, and RSPs 106-139 covering Thailand and portions of 

neighboring peninsular countries of Cambodia, Laos, 

Myanmar, and Vietnam. Our archive of PALSAR strip 

products illustrated in Figure 6. Regions of Peninsular South 

East Asia and China have a large number of ScanSAR strips 

for 2006 to 2010. 



 

 
Figure 6. PALSAR image products pre-processed during 

Phase 2 for analysis and the number of overpasses for 

multitemporal mapping. Data cover 2006 to 2010. 

 

The SLT ScanSAR imagery was preprocessed from native 

resolutions to radiometrically normalized and calibrated terrain 

geocoded strips. Raw SLT data was imported using orbit, 

doppler, and parameter files. Strips that observed similar 

geographic area underwent coregistration using a 4
th

 order 

cubic convolution algorithm and SRTM DEM as input. Cross 

correlation windows had a range and azimuth size of 1024 and 

4096, respectively, and a cross correlation grid threshold of 

0.25. Fine shift parameters had range and azimuth sized 

windows of 32. These parameters were used due to the large 

coverage of the long ScanSAR strips. 

 

All coregistered images underwent multitemporal filtering 

to reduce speckle or random multiplicative noise. An optimum 

weighting factor was applied to balance difference in signal 

across time. The data next were terrain geocoded following the 

range-Doppler approach as polynomials are inappropriate for 

SAR systems as nonlinear compression occurs. Imagery was 

radiometrically calibrated and normalized by eliminating local 

incident angle effects and antenna gain and spread loss patterns 

using an optimal resolution resampling approach. Local 

incidence angle and layover/shadow maps were generated for 

post classification processing to adjust for poor data pixels. 

 

Fine-beam PALSAR 

To train ScanSAR products and evaluate SAR-optical 

fusion techniques we utilized fine-beam PALSAR images 

including single (FBS), dual (FBD) and quad (PLR) 

polarization data. FB imagery was collected in Single Look 

Complex (SLC) to optimize the complete signal and adjust the 

effective number of looks considering the ground range 

resolution, the pixel spacing in azimuth, and incidence angle. 

FB data were co-registered using a cubic convolution cross-

correlation approach considering shifts and range and azimuth 

dependency. Both de grandi and an anisotropic non-linear 

diffusion filter that adapts to target features were applied to 

further reduce speckle. Terrain geocoding used the best 

available digital elevation model (DEM) and followed the 

range-Doppler approach. FB data were radiometrically 

calibrated and normalized by eliminating local incident angle 

effects and antenna gain and spread loss patterns.  

 

Orthorectified ScanSAR 

Early during this K&C phase (2008-2009) we focused on 

the use of ground range orthorectified ScanSAR data as it was 

available for our study regions. These ScanSAR WB1 products 

(level 1.5) were processed using automated Python scripts that 

converted data into the desired products and formats for 

ingestion into a decision tree for monitoring land uses (see 

Torbick et al. 
11

).  

 

Landsat TM/ETM+ 

Landsat TM & ETM+ were used for moderate resolution 

fusion for mapping fine-scale rice and land cover attributes. 

The optical data provides information on canopy openness 

while the SAR data prodives information on vegetative 

structure, biomass, and land covers. Landsat data is now freely 

available from the USGS Global Visualization Viewer. The 

Landsat TM and ETM+ scenes were radiometrically converted 

from Digital Numbers (DN) to spectral radiance to top-of-

atmosphere reflectance. Georeferencing examined noteworthy 

landscape features in a DEM and cross compared against the 

PALSAR imagery. Image gap masks were used in cases in 

which Scan Line Corrector (SLC) stripping caused missing 

data gaps.  

 

NAIP Imagery 

National Agriculture Imagery Program (NAIP) mosaics 

were utilized as ground control reference. NAIP data collection 

occurred near Day Of Year (DOY) 215 and 253 which is 

during the rice growing season at our USA sites. These true-

color, 1-meter, digital photos are available through the United 

States Department of Agriculture (USDA) Geospatial Data 

Gateway. Data are compressed in MrSid format with a 

horizontal accuracy of less than 3 meters. Mosaics are tiled 

using a 3.75‟ x 3.75‟ quarter quads formatted to the UTM 

projection system using North American Datum 1983 

(NAD83). Bounding coordinates covered the entire spatial 

domain that PALSAR imagery covered. Additional metadata 

are available via the USDA data gateway. 

  

E. Challenges processing K&CI imagery 

The relatively new formatting structure and complex nature 

of the K&C strips created computational and radiometric 

challenges during preprocessing. K&C strips cover large 

geographic areas extending over quite long latitudal zones. 

Strips often cover several hundred or a few thousand km. 

Multiple steps are required to process these images and thus a 

series of intermediate products are generated that require 

storage. Intermediate map products are generally 3-8 gigabits 

thus when developing products for large areas (ie, Monsoon 



Asia) with multitemporal strips terabits of storage is required. 

During Phase 2 we generated more than 2 TB of preprocessed 

imagery for 2009 alone. Few commercial or open source 

software programs are adequate for processing these data. 

Therefore, we were required to develop a suite of executable 

Python program that we used combined with commercial and 

open source software to carry out pre-processing.  

Absolute radiometric accuracy has been reported as <1.5dB 

between orbits
12

 and the PALSAR strips are a significant 

advance in L-band information gathering. However, we did 

have some inconsistencies (antenna gain pattern and range 

spread loss) in persistent scattering targets were occasionally 

present when captured by different beams between orbits 

observed by adjacent paths (i.e., variation of 1 to 3.5 dB for 

consistent target) when using ORT image products. Correcting 

the unique K&C ScanSAR ORT image strips was also 

challenging. For an operational approach we executed a 

simplified normalization and calibration that used cross-

correlation for adjacent RSP coregistration and operational 

thresholding of viewing geometry to reduce these 

inconsistencies and improve image quality. Effectively, the 

nearest and furthest beams of the ScanSAR strips had 

occasional noteworthy inconsistencies and were eliminated 

from our analysis.  

   

F. Field campaign & reference data 

An accuracy assessment was carried out and completed at 

Site 2. FBS rice paddy classifications and AUIG ScanSAR 

inundation status products were assessed for overall accuracy 

and misclassification patterns. A series of error matrices were 

constructed using the field-level data and high resolution color 

photography as reference.  

 

For the FBS HH rice products a stratified random sampling 

scheme was utilized to insure statistical sampling rigor 

following well-established accuracy protocol. The validation 

scheme identified the maximum classified proportion to 

generate a specified sample number (475). A stratified random 

distribution with 250 rice points separated with a minimum 

distance of 300m was applied within the PALSAR rice 

product. A second suite of stratified random points were 

distributed among non-rice classes based on the ancillary 

LULC data from the Department of Water Resources (DWR) 

in California. Together these assessment data points provided 

475 unique, statistically rigorous validation points. The 

accuracy points were checked using a variety of techniques. All 

points were compared against DWR LULC data and verified 

against the NAIP imagery 

 

For the ScanSAR inundation status products a near-

simultaneous field campaign was performed to assess the 

accuracy of the flood products at site 2. The overpass date was 

January 20, 2009. ScanSAR image scene centers were 40.464N 

x 120.379W and 37.991N x 120.977W. From the binary FBS 

rice maps two large clusters were chosen as focus areas for the 

winter flood assessment. The clusters were approximately 

50km north of the City of Sacramento and 25km west of the 

City of Oroville. Ground truth data were collected using a 

GPS-enabled camera at approximately 1000m equal intervals 

following the road network. “Drive-by” transects were carried 

out and points were systematically collected within the two 

pre-selected clusters. GPS photos were collected perpendicular 

to the road direction using the stratified approach. A total of 

130 points were collected for the second portion of the rice 

product assessment.  

 

New field data collected during the 2010 campaign 

included ground truth from China, India, Indonesia, and 

Thailand. Geophotos (georeferenced digital photos) were 

collected using a stratified random sampling scheme at a suite 

of strategic locations in each country. Figure 7 provides some 

representative photos and illustrates the set of field photos 

locations for sites in Java, Indonesia. A set of stratified clusters 

along primary road networks were used to guide the geophotos 

collection campaign. KML (keyhole markup language) files 

were created to store and display points and photos on Google 

Earth. KML files use a tag based structure with attributes that 

allow display. These photos are available for viewing and 

sharing in Google Earth at http://www.eomf.ou.edu/ server. At 

this website users can search and share a library of global 

georeferenced field photos for product validation. Photos and 

land covers were interpreted at thousands of unique points with 

a focus on land covers of interest. For project regions focused 

on rice mapping we also collected numerous reference points at 

wetlands and riparian areas to evaluate typically misclassified 

patterns when mapping rice. 

 
Figure 7. Example reference data collected using geophotos 

from field campaigns in China, India, Java, and Thailand. 

 

G. Biogeochemical modelling 

 

To assess GHG emission from rice paddies and land 

covers we used the process-oriented DeNitrification and 

DeComposition (DNDC) model
5,6

. This model was originally 

developed to simulate the effects of major farming practices 

(e.g., crop rotation, tillage, fertilization, manure amendment, 

irrigation, flooding, weeding, grass cutting and grazing) and 

http://www.eomf.ou.edu/


climate change (temperature and precipitation) on C and N 

cycles in various ecosystems. By tracking rice biomass 

production and decomposition rates, DNDC also simulates 

long-term soil organic carbon (SOC) dynamics, predicts CH4 

and N2O emissions by tracking the reaction kinetics of 

nitrification, denitrification and fermentation across climatic 

zones, soil types, and management regimes. 

 

Paddy soil is characterized by the frequent changes 

between saturated and unsaturated conditions driven by water 

management. During these changes in soil water content, the 

soil redox potential (i.e., Eh) is subject to substantial 

fluctuations between +600 and -300 mV. One of the key 

processes controlling CH4 and N2O production/consumption 

in paddy soils is soil Eh dynamics; CH4 or N2O are produced 

or consumed under certain Eh conditions (-300 to -150 mV for 

CH4 and 200 to 500 mV for N2O productions), so the two 

gases are produced during different stages of soil redox 

potential fluctuations. Regulated with the Nernst and 

Michaelis-Menten equations, DNDC tracks the formation and 

deflation of a series of Eh volume fractions driven by 

depletions of O2, NO3
-
, Mn

4+
, Fe

3+
, and SO4

2-
 consecutively, 

and hence estimates soil Eh dynamics as well as rates of 

reductive/oxidative reactions, which produce and consume 

CH4 or N2O in the soil. By tracking Eh dynamics, the model 

links the soil water regime to trace gas emissions for rice 

paddy ecosystems. DNDC predicts daily CH4 and N2O fluxes 

from rice fields through the growing and fallow seasons, as 

they remain flooded or shift between flooded and drained 

conditions.  

 

This new DNDC model has been tested against several 

methane flux data sets from wetland rice sites in the U.S., 

Italy, China, India, Philippines, Thailand, and.  Both CH4 and 

N2O fluxes were measured at five of the tested rice paddy sites 

where mid-season drainage was applied.  A summary of many 

validation cases is shown in Figure 1, which demonstrates a 

fair agreement between observed and modeled CH4 fluxes 

across a wide range paddy rice fields worldwide. The most 

recent validation work for California is indicated by the red 

(Maxwell site) and blue-green (RES: Rice Experiment Station, 

Biggs, CA) dots on Figure 1. The wide range in methane 

emissions for the California data are result of altered water 

and rice straw management which provides a sense of 

opportunities for reducing methane emissions. The results 

from the tests indicate that, with discrepancies for less than 

20% of the tested cases, DNDC is capable of estimating the 

seasonal patterns and magnitudes of CH4 and N2O fluxes from 

the sites and is uniquely ready to serve mitigation analyses 

between C sequestration, N2O and CH4 emissions for rice 

agro-ecosystems.  
 

 
Figure 8: Independent validation of DNDC methane 

emissions. New sites were tested for the California rice 

sites based on field data collected by colleagues at UC 

Davis. Based on this validation, we are confident that 

DNDC provides good estimates of methane emissions from 

rice under several management regimes. 

 

 PALSAR rice products were used as spatial inputs for 

regional model simulations for all of California. In addition to 

the PALSR products, spatial database of soil and climate 

drivers were assembled for inputs for the model.We used the 

State Soil Geographic (STATSGO) database, which is a 

digital soil association map developed by the National 

Cooperative Soil Survey and distributed by the Natural 

Resources Conservation Service of the U.S. Department of 

Agriculture. It consists of a broad based inventory of. For 

climate data we used DAYMET daily weather data which is a 

models daily temperature, precipitation, humidity, 

and radiation over large regions of complex terrain.  

 

III. RESULTS AND SUMMARY 

 

To streamline reporting results are summarized by project 

focus and region. Figure 5 illustrates the primary image 

processing steps and PALSAR products generated from the 

rice monitoring system. 

 

A. Mapping Rice and Water Management in California Rice 

Fields 

 

This section outlines the results of using PALSAR derived rice 

products for quantifying regional GHG emissions from rice 

paddies in California. PALSAR provided critical information 

on the extent of rice paddies and on the spatial and temporal 

dynamics of winter flooding. In the early 1990s, California 

banned the burning of rice straw for air quality improvements. 

As a result, famers began the practice of winter flooding to 

enhance winter decomposition of rice straw for better soil 

management. An added benefit of winter flooding was the 

creation of important wetland habitat along the Pacific Flyway 

for migratory waterfowl. A downside of the winter flooding is 

that additional methane is produced by anaerobic 

decomposition of the organic matter in the rice straw. The 



timing, duration and patterns of winter flooding varies due to 

individual framer decisions, thus there is a need for mapping 

and monitoring. 

 

1. Mapping rice extent in the Sacramento Valley, USA 

 

The FBS data were used to delineate rice paddies according 

to the decision tree framework (i.e., threshold values) and 

overpass dates. The decision-tree identified nearly 155,000 

hectares of rice paddies undergoing cultivation during the 

temporal FBS overpasses with an average patch size of 47 

hectares. The FBS temporal windows (DOY of overpass) had a 

target of early and late development of the single rice crop 

system. In this region some rice fields are planted with off 

season cover crops and other managements to create habitat for 

migratory waterfowl. These factors created challenges for 

designing the decision tree metrics for temporal variation of 

backscatter from rice field during the offseason and were thus 

considered when creating and defining the rules within the 

decision-tree framework.  

 

For a quantitative and application approach, image statistics 

generated from training polygons were identified as the optimal 

approach to define threshold rules. A set of rice training fields 

(comprised of ~40,000 known rice pixels) provided minimum, 

maximum, and dynamic range values for the decision tree 

threshold values. Average minimum, maximum, and range (σ
0
) 

used were -22.6, -8.7, and 13.9, respectively. Table 1 illustrates 

examples statistics for 3 random fields. This approach provided 

a straight forward quantitative and operational approach to 

develop the decision tree rules with little a priori data. Our 

empirical values were compared with the field work in Inoue et 

al 
12

 . 

 

Table 1. Three example rice training fields and associated 

image statistics for generating rice threshold values from 

flooded, peak maturation, and range. HH values are displayed 

in sigma naught (σ
0
).  

 
 

 
Field 1 Field 2 Field 3 

 
Mean Mean Mean 

Rice season (min) -22.23 -22.90 -22.67 

Rice season (max) -10.08 -6.61 -9.52 

Rice season (range) 12.15 16.29 13.15  
 

ScanSAR data were used to map winter hydroperiod and 

inundation status for the 155,000 hectares of rice mapped. Each 

individual price paddy was characterized by presence of 

absence of winter flooding. If a paddy had winter flooding then 

the onset and duration of flooding were recorded. Figure 9 

displays rice paddies and associated flood regimes near the 

Biggs Experimental Agricultural Station in the northern 

Sacramento Valley, California, USA. Approximately half of all 

rice paddies in the Sacramento Valley were flooded during a 

portion of the month of December. During Phase 1 image dates 

used were 12/5/2006, 3/7/2007, and 4/17/2007 to characterize a 

typical winter cycle. Approximately half of paddies (47% or 

74,292 hectares) were flooded during December and 75% of 

rice paddies were flooded during at least one winter time 

period (table 2, fig 9). 

 

 Table 2. Study area 2 inundation status monitoring 

Approximately half of paddies (47% or 74,292 hectares) were 

flooded during December and 75% of rice paddies were 

flooded during at least one winter time period.   

Hydroperiod Area (hectares) Percent 

No Winter Flood 37866 24.4 

Dec Flood 74292 47.8 

Mar Flood 590 0.4 

Dec & Mar Flood 11176 7.2 

Apr Flood 8952 5.8 

Dec & Apr Flood 17341 11.2 

Mar & Apr Flood 159 0.1 

Dec, Mar, Apr Flood 5083 3.3 

 

 

 
Figure 9. Mapping rice paddies and rice paddy 

hydroperiod with FBS and ScanSAR. Approximately 

155,000 hectares of rice paddies were mapped in the rice 

growing season of 2007 in the Sacramento Valley, 

California, USA. Of these, approximately half (47%) were 

identified as flooded during December.   



2. Accuracy of California, USA rice products 

 

2a: Accuracy of rice mapping. 

 

A field-campaign and ancillary reference information found 

the FBS HH rice paddy products to possess very high overall 

accuracy. The rice paddy map classification had an overall 

accuracy of 96% (449 / 469 = 0.9573). Given that 20 points 

were misclassified, the overall omission error was 0.0426. 

Kappa statistics had a khat value of 0.912609 with a variance 

and z-score value of  0.00036530 and 47.748, respectively with 

a p-value significance of <0.00001.  

 

The misclassified points were distributed among five 

categories of errors. The majority of these errors were related 

to temporal challenges. This means that the rules used in the 

decision tree classifier to define the rice paddies eliminated a 

potential rice field due to shifts in flood cycles, harvest date, 

and/or overpass timing. Three errors were related to spatial 

problems where a point fell just outside a rice polygon or 

classified rice pixel. Three were related to confusion with 

dynamic wetland areas. 

 

2b: Accuracy of mapping winter flooding. 

 

Fieldwork was performed to assess the accuracy of the 

winter flood products for characterizing inundation status. Two 

ScanSAR scenes were processed and merged to complete 

coverage over the Sacramento Valley, USA. The overpass date 

was January 20, 2009. The field data were collected a in two 

clusters were approximately 50km north of Sacramento and 

25km west of Oroville, respectively. Ground truth data were 

collected systematically using a GPS-camera at approximately 

equal intervals. Road transects were carried out and points 

were systematically collected. GPS-photos were collected 

perpendicular to the road every using the major routes 

bisecting the two clusters. Farmers implement winter flooding 

in different ways. Some food to a shallow depth and then till 

the soils, creating an uneven surface with clumps of rice straw 

and soil rising above the water surface. Other farmers till the 

crop residue into the soil and level the soils prior to flooding. 

This variability caused variability in backscatter from flooded 

fields.  A total of 130 points were collected. Interpretation of 

the ground truth photos resulted in an overall accuracy of 96% 

(124/129). One point was thrown out due to error. 

 

While PALSAR is not limited in imaging the surface under 

most conditions, the temporal frequency is limited by its 46 

day repeat cycle. We assessed the added benefit of using 

MODIS to provide more temporal resolution to the timing of 

winter flooding onset and the duration of winter flooding 

which can have a significant impact of straw decomposition 

and GHG emissions. MODIS flood products (~500m) were 

evaluated by comparing them against four different ScanSAR 

flood maps. The comparison dates used the nearest MODIS 8-

day interval. Therefore, ALOS overpass dates December 5, 

2006, March 7 2007, April 17, 2007, and January 20, 2009 

corresponded to MODIS DOY 2006339, 2007066, 2007107, 

and 2009020, respectively.  

Generally, the flood products between the two sensors had 

strong agreement. Two by two contingency tables (i.e., binary 

flood vs. not flooded error matrices) resulted in agreements of 

84-95%. The DOY 2006339 comparison had the most MODIS 

fill values (i.e., no data) with 28% of rice paddies containing 

portions of no fill pixels. The DOY 2009020 comparison had 

251 rice paddies (8%) containing portions of no fill MODIS 

pixels. No fill values were filtered for the final comparisons 

resulting in a varying number of paddies compared at each 

interval. To evaluate the influence landscape configuration 

(namely size of individual paddies) and pixel size, all rice 

paddies under 50 hectares were withheld to assess accuracy of 

only larger fields. No statistically significant difference was 

found related to the size of paddies and accuracy in this study 

area. 

 

The accurate rice products in this region then served as 

parameterization for the biogeochemical simulations using the 

DNDC model. Figure 10 illustrates simulations using the 

PALSAR-derived parameterizations (ie, inundation status and 

rice paddy). Results found that flooding regime decisions 

significantly impacts methane and greenhouse gas emissions.  

 

 
Figure 10. DNDC simulations uses PALSAR-derived rice 

information. Simulations found that flooding cycle 

decisions can substantially impact methane and GHG 

emissions. 

 

 

B. Mapping watershed scale paddy rice in China & regional 

products in Monsoon Asia. 

 

Our decision tree approach showed an effective ability to 

map rice agro-ecological paddy attributes at the site level. The 

first primary two nodes in the decision tree keyed off water 

and rice biomass growth using the preprocessed ScanSAR 

(refer to figure 5 for the decision tree logic). Average values 

from the training paddies using the multitemporal ScanSAR 

were obtained for the decision tree node to map rice extent. 



The values (σ
0
) used in the decision tree for minimum and 

maximum were -11 and -6.0, respectively, with dynamic range 

equal to the difference. To remove potential misclassifications 

the Landsat lake- and SRTM- masks were applied at the next 

node to eliminate topographic and wetlands confusion. At this 

stage in the decision tree the rice paddy extent map was 

created.  

In the defined Poyang Lake Watershed (PLW), 5,862 km
2
 

were classified as rice paddies (fig. 11). This equates to 

approximately 25% of the watershed being classified as rice 

agriculture. The most intense regions of rice were adjacent to 

the southwestern coastline of the lake among tributaries of the 

Fuhe River and delta-like features of the Ganjiang River 

extending toward the City of Nanchang. Near-continuous rice 

paddies occupy the landscape immediately adjacent to the 

southeastern coastline among tributaries of the Xinjiang and 

Pojiang Rivers as well. 

Jiang et al., (2008) classified approximately 45% of their 

PLW region as farmland in 2004 using Landsat imagery. Rao 

et al., (2002) classified approximately 40% land area as 

farmland. Jiang et al (2008) and Rao et al., (2002) combined 

rice with upload crops, such as orchards and vegetables, to 

reduce confusion; therefore, the different classification 

schemes are a noteworthy difference when comparing the 

findings from this study to other recent Poyang Lake region 

classifications. Considering differences in classifications 

scheme, objectives, data, and temporal and spatial scales, the 

proportional totals of the classified rice areas generated in this 

study are generally consistent with other recent classifications.  

 

 
Figure 11. Rice (red) classification for the Poyang Lake 

watershed using multitemporal ScanSAR and Landsat 

water mask. An 89% overall accuracy was achieved 

according to georeferenced field photos.  

 

From the ground truth field campaign a simple 2x2 binary 

matrix (rice vs. not rice) was generated to provide an overall 

accuracy for the rice map. We chose to carry out a simple 

contingency table as no other land covers were identified from 

the decision tree mapping rice paddy attributes. A total of 320 

georeferenced field photos were categorized and an overall 

accuracy of 89% (286/320) was achieved. This represents a 

high overall accuracy considering the scale of the data and 

heterogeneous region classified. The high accuracy might be 

attributed to the fact that ground control points were stratified 

among aquatic habitats; however, these are most likely the 

types of land use/covers that would be most confused with rice 

paddies. It is possible that small and isolated rice paddies in 

higher elevation and more complex topography (which there is 

very little of in PLW) were under- or mis-classified. However, 

no anecdotal evidence showed this to be the case.  

We believe the relatively high accuracy was achieved in 

part due to the PALSAR acquisition strategy and decision tree 

classifier.  First, the multitemporal observations enable 

capturing key phenological patterns that are unique to rice. 

Few, if any, land types have patterns of growth and land 

management (i.e., flooding) that are similar to rice crops and its 

respective backscatter signal. The double bounce patterns of 

rice and erectly oriented aquatic vegetation with L-band SAR 

has been well established. Second, the Landsat water mask 

created during a high water event prevented numerous potential 

misclassifications due to dynamic lake wetland regions. While 

a small amount of rice paddies immediately adjacent to lake 

wetlands and riparian areas might have been under classified, 

the tradeoff in higher accuracy by eliminating misclassified 

coastal wetlands was desired. However, the georeferenced field 

photos provided no evidence that these regions were actually 

under classified. These results show that the operational 

approach can be executed with multi-temporal data acquired at 

the appropriate time relative to planting cycles  with little to no 

a priori data to generate rice maps with multitemporal 

observations ScanSAR data.      

  

Figure 12 illustrates the relationship between the paddy 

parameters and remote sensing metrics during a „typical‟ 

double crop. Irrigation from canals precedes transplanting and 

the inundation status between crops within the same calendar 

year was shorter according to both the field measurements and 

remotely sensed hydroperiod metric. The figure indicates the 

inundation period between early and late rice in the double 

crop system was half as long (~two consecutive 8-day periods). 

In fact the hydroperiod for the initial flooding for early rice was 

eight consecutive 8-day periods at our corresponding field site; 

however, this figure begins closer to early crop transplanting as 

this is when field data collection began. MODIS flood pixels at 

site four began in day 73 and the paddy remained inundated 

until day 129 for a 56 day hydroperiod. As biomass increases 

the EVI signal increases, which, causes the LSWI signal to 

decrease. Once a biomass and EVI threshold are reached, the 

MODIS flood product has difficulty detecting water beneath 

maturing rice.  

 



 
Figure 12. Data illustrating relationships between MODIS 

LSWI (purple line) and EVI (green line) indices, density-

converted fresh haulm weight (biomass; red line), water 

depth (cm; dashed blue line) and hydroperiod (blue 

columns along top) over Day Of Year 105 to 325 (DOY) at 

Field site #4. Early rice was a slightly shorter crop 

compared to late rice in this double crop system. The flood 

product shows inundated paddy conditions during four and 

two consecutive 8-day indices preceding crops that 

generally correspond to rice phenology and water depth.  

 

Biomass and water depth tended to be inversely related as 

expected. As the growing season progresses and rice matures 

water depth decreases toward harvest when paddies are fully 

drained. Some spikes in water depth are noted. Changes in 

water depth can be caused by a number of factors, including 

water management (e.g. frequency of water additions, soils, 

and evapotranspiration (ET) losses. Typically, farmers will 

flood fields to a depth of 10+ cm when they transplant rice. 

Overtime the depth of the water decreases due to leaching and 

ET losses. Depending on the rate of loss, farmers may or may 

not reflood before intentionally draining the field prior to 

harvest. The water depth and MODIS flood signal between 

early and late rice correspond well. As the paddy was flooded 

for the second crop in the double rice system, LSWI 

approached EVI to indicate flood conditions. In the longer 

flood period before early rice LSWI remained higher than EVI 

consistently.   

While the amplitudes are slightly different, EVI and 

biomass appear generally related following similar trends. 

Some lag is apparent between EVI and the second rice crop at 

the illustrated field site. Some variability and noise are likely 

introduced when scaling from plot level data to MODIS pixels 

at 500m resolution and the fact that the composites are from a 

range of possible days over an 8-day period.  The manmade 

bunds (primary “walls” separating main rice fields and 

irrigation channels) and the paddy checks (smaller secondary 

man-made “walls” within fields creating smaller paddies) that 

delineate fields into smaller, individual rice paddies contribute 

to mixed pixel issues at the 500m scale. Most likely isolated 

and patchy landscapes or terraced rice areas would be more 

challenging to monitor compared to large, near continuous 

scale paddies. The rice areas in the Poyang Lake Watershed 

primarily consist of large, contiguous fields (adjacent to lake 

and major tributaries), in flat geography, and undergoing 

similar managements which reduces mixed signal problems.  

 

 
 

Figure 13. Map of rice cropping intensity (# of crops shown 

in legend) and unique hydroperiods for Poyang lake 

watershed. 85% of rice paddies were identified with two 

distinct inundated periods indicating double crop paddies. 

 

After the rice extent node the high frequency MODIS was 

used to generate hydroperiod status at 8-day intervals for 2007. 

Approximately 85% of the rice paddies had two distinct 

hydroperiods, defined as at least two consecutive MODIS flood 

(LSWI+0.05>EVI) observations during the rice growing 

season (~DOY 81 to 329) in the watershed (fig 5). The 85% 

figure indicates that the majority of paddies were in a double 

crop intensity scheme. In other words, inundation periods are a 

signal of a crop cycles and two distinct and mutually exclusive 

inundation periods indicate a two crop pattern; an early crop 

and a late crop dominate rice management in the Poyang Lake 

Watershed. Four percent and three percent were found to be 

triple and single crop, respectively (see Figure 13). The 

operational approach executed here allowed for the continuous 

mapping of hydroperiod. This permits a better understanding of 

irrigation patterns and water resource.  

 

 
 

Figure 14. Regional Java maps created from multitemporal 

PALSAR ScanSAR to assist in modelling disease hot spots 

and hot times. 



Dates for crop calendar monitoring using MODIS and 

ScanSAR covered observations between the DOY 80 to 330. 

Five ScanSAR observations were for DOY 103, 149, 190, 241, 

and 287. The MODIS observations covered 248 days with 31 

8-day measurements using the start-end dates of 3/22/07 to 

11/25/07. Using the rice extent node in the decision tree (see 

Figure 5), the thresholds were used to characterize 

phenological changes in rice paddies (measurements of rice 

growth, harvest, and flooding during the rice season). The 

temporal thresholds that were set created filters that did not 

allow erroneous crop and flood patterns. For example, rice 

crops take a period of time to grow (i.e., 90 days) and therefore 

multiple crops or flood signals cannot exist within a period less 

than a crop cycle (i.e., no 45 day crops). By temporally 

aggregating the number of crops and flood cycles the crop 

calendar was derived. The hydropeiod mapping approach that 

relies on high (temporal) frequency has been shown to be 

accurate in multiple rice ecosystems including Vietnam, China, 

and California, USA. Therefore, this operational approach can 

be executed for any region with no a priori data. Obtaining 

crop calendar field data of large regions is a challenge and 

future efforts will continue to ground truth calendar data.  

We expanded the Poyang development and applied this 

approach to Java (Figure 14). Early qualitative results of these 

regional products has been fair (e.g. Java ~<75%); however, 

more radiometric calibration and strip to strip normalization is 

required for seamless information products. Early results 

applied to Thailand and neighbouring countries has also been 

challenging. The cause is likely due to the temporal frequency 

of the PASAR acquisitions relative to field looding, planting 

and harvest dynamics. In addition, it appears ScanSAR needs 

extensive processing and calibration for operational algorithms 

using no training data. We plan to address these issues during 

the current efforts at mapping rice paddies with finebeam strips 

and ScanSAR strips. We also to adjust the threshold values in 

our decision tree to perform a stepwise validation using several 

hundred field data points collected in Thailand and Java. We 

anticipate there will be trade-offs between User‟s and 

Producer‟s accuracies as we adjust the threshold criteria. 

 

The scaling to continental products has been 

challenging with annual time series of ScanSAR. The graphics 

below (Figure 15) illustrates a region that contains a large area 

of paddies undergoing a similar cropping calendar for a region 

in Thailand. Scattered and smaller paddies are very challenging 

for ~75-100m ScanSAR due to the mixed signal. In addition 

the cropping calendar in regions where paddies are interspersed 

with field undergoing various stages of rice ag and 

managements creates more of a mixed signal. 

 

C. Mapping paddy rice in Fuyang region China: Using 

Support Vector Machine algorithm for classification. 

The PALSAR backscatter coefficient ( ) images for 

different dates were stacked into a three-layer composite 

image. After upland hardwoods were masked out, the non-

forest composite image was put in a Support Vector Machine 

(SVM) algorithm for a five-class thematic map was produced. 

Waterbodies were easily identified with clear boundaries. The 

urban area of Fuyang City was clustered in the upper center of 

the study area. The class map also demonstrated urbanization 

and intensified human settlement in lowland plains.  

 

 
 

 
Figure 15. Multitemporal (R:3/28/09, G:5/13/09, B:9/28/09) 

SLT and rice extent map (top: white pixels) for rainfed 

paddies in near Khon Kaen, Thailand. 

 

It was shown that rice planting was the major land use type 

in lowland plains in the study area. Large-area rice cultivation 

could be easily identified from PALSAR images. However, 



except for the large flat plains along the Qiantang River in the 

middle of the study area, paddy rice fields were often small in 

size and fragmented with other land use surfaces. To 

demonstrate classification results of these small rice fields, a 

subset of class map was selected in the north of Xindeng Town, 

30km southwest of urban core of Fuyang City (see Figure 16). 

Small rice fields were restricted by local topography and often 

clustered into narrow and long rice planting area. These areas 

were smaller and less continuous and resulted in a noisy and 

scattered pattern in the PALSAR class map. The under-

classification of small rice fields was primarily caused by 

mixed pixels along field edges. These associated borders, 

however, were assigned rice in survey map because they were 

associated with rice cropping activities. In the subset, rice 

planting area detected in the PALSAR-derived map was 

4.69×10
6
 m

2
 while the area in the census map was 5.13×10

6 

m
2
. Assuming survey map as ground truth, less than 10% of 

rice area was under-classified. 

Two hundred (200) random points in each class were 

selected and served as validation sites to test the accuracy of 

the class map. At each validation site, the reference land use 

type was recorded from survey map. An error matrix of the five 

classes was built to compare ground-surveyed and image-

classified results. The PALSAR class map in this area had an 

overall accuracy of 80.1% and Kappa statistics of 0.75. Paddy 

rice reached a user‟s accuracy of 90% and producer‟s accuracy 

of 76%. The relatively large commission error (24%) of rice 

mapping was primarily a result of misclassifying rice to 

dryland crop (19 out of 237) or orchard (16 out of 237). A large 

commission error also occurred where 21 out of 237 paddy rice 

fields were misclassified as water, a possible effect of open 

water in flooded rice fields. This may also partially result from 

land use change between PALSAR image acquisition (2006) 

and LULC ground survey (2005). For example, some rice 

fields in 2005 may be abandoned or converted to fish ponds in 

2006. Nevertheless, the conditional Kappa value of paddy rice 

was 0.87, indicating that rice could be mapped at relatively 

high accuracy with multi-temporal PALSAR images. 

With the remarkably high backscatter coefficients, urban 

structures were classified with the highest user‟s accuracy of 

96.5% and conditional Kappa statistics of 0.95. Similarly, 

because of the very low backscatter, water surfaces were also 

easily classified with a user‟s accuracy of 80.5%. Some water 

bodies such as fishing ponds are small and shallow and 

sometimes covered with water vegetation, which contributed to 

large omission error (23.7%) of water surfaces. Dryland crops 

and orchards had the lowest accuracy (conditional Kappa value 

of 0.63 and 0.58, respectively), because of their backscatter 

similarity. Since the major objective of this portion of the 

research was rice mapping, the misclassification of these non-

rice land uses was not investigated further.   

Comparing with other SAR sensors, PALSAR has a great 

advantage in rice mapping
9
. Firstly, PALSAR has multi-mode 

imaging capabilities to acquire SAR imagery at varying 

resolutions and swaths, which provides flexible applications to 

fulfill tasks at various scale, extent and accuracies as well as 

costs. For example, the PALSAR images at FBS mode (6.25m 

pixel size) applied in this study could extract small and 

fragmented rice planting area, while the ScanSAR-mode 

images (100-m pixel size) could be more efficient in regional 

rice mapping. Among all SAR systems that are currently 

operating or operated in past years, only Radarsat-1/2 have the 

same multi-mode feature.  

 

 
Figure 16. The class map derived from multi-temporal 

PALSAR images. The upland forest is masked out
9
. 

 

Secondly, PALSAR is the only sensor that could acquire 

imagery in multiple polarizations (HH, HV, and VV) and has a 

regional acquisition strategy for regional to continental 

mapping. Thirdly, as a successor of JERS-1 SAR, PALSAR is 

the only sensor that operates in relatively low frequency (L-

band). L-band signals could penetrate deeper into rice canopy 

and therefore, may contain more information about total rice 

biomass than C-band signals of other systems. It has been 

demonstrated in past studies that different rice biophysical 

parameters were sensitive to backscatter in different 

polarizations and frequencies
10

. This information could be 

applied in radiative transfer models to quantify rice biophysical 

properties such as leaf area index and fresh biomass, which is 

closely related to rice production. 

 

D. Ongoing efforts 

 

We plan to focus on continuing the processing of the 

ScanSAR strips. Some of the earlier processed ScanSAR strips 

require adjacent strip calibration and more advanced products 

have been limited thus far as the number of overpasses within a 

single. Given the overall success of the ScanSAR acquisition 

strategy has resulted in significant gaps in the temoporal series 

of ScanSAR images and the relatively long revist time period 

with respect to rice phenology, we will examine integrating 

some FB strips into our processing stream to improve temporal 

frequencies and spatial resolution. We will apply these 

corrections to Monsoon Asia and California. In addition we 

will continue to merge mosaics and strips for improved 

mapping products in Monsoon Asia. We will test finebeam 

strips for Thailand and California as well. New field campaigns 



(2011-2012) will be carried out in China, Thailand, and 

California. 
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Abstract— We utilize L-band Synthetic Aperture Radar (SAR) 
datasets from ALOS PALSAR to map and monitor open water 
and wetlands in boreal North America and Boreal Eurasia.  
ALOS PALSAR data include data supplied by the K&C datasets 
and the AUIG. We utilize multi-temporal SAR data to map 
variability on open water. We apply a statistically-based decision 
tree classification approach to the PALSAR data to derived maps 
of wetlands vegetation for regions within Alaska and Northern 
Eurasia. We compare these maps to a synoptic wetlands map 
encompassing all of Alaska that was derived from summertime 
and wintertime JERS-1 SAR mosaics as part of our Phase I K&C 
effort. We show associated wetlands change maps for these 
regions. We apply data from SeaWinds-on-QuikSCAT and 
AMSE-E to derive global maps if fractional inundation land at a 
25km posting. We compare PALSAR-based products with these 
coarse-resolution products to examine sensitivity of the course 
resolution data sets to open water and inundated vegetation. This 
work has formed the basis for assembly of extensive global-scale 
Earth system data record (ESDR) to include ALOS PALSAR 
mappings of critical wetlands regions with both fine beam and 
ScanSAR data sets.  

Index Terms—ALOS PALSAR, JERS-1 SAR, K&C Initiative, 
Wetlands, Inundation 

I.  INTRODUCTION 
Wetlands act as major sinks and sources of atmospheric 

greenhouse gases and can switch between atmospheric sink 
and source in response to climatic and anthropogenic forces. 
Despite their importance in the carbon cycle, the locations, 
types, and extents of wetlands are not accurately known, in part 
because suitable remote sensing data with large-area coverage, 
and their respective classification algorithms, have not been 
available. The timing of spring thaw can influence boreal 
carbon uptake dramatically through temperature and moisture 
controls to net photosynthesis and respiration processes. With 
boreal evergreen forests accumulating approximately 1% of 
annual net primary productivity (NPP) each day immediately 
following seasonal thawing, variability in the timing of spring 
thaw can trigger total interannual variability in carbon uptake 
on the order of 30%. Satellite remote sensing is particularly 
advantageous for complete synoptic study of the behavior of 
wetlands ecosystems, surface water dynamics, and large-scale 
seasonal dynamics across the high latitudes, allowing useful 
inference of recent greenhouse gas emissions as well as 
supporting prediction of processes governing future land-
atmosphere carbon exchange. 

 Phase I of our research under the Kyoto and Carbon  
(K&C) Initiative focused on development and demonstration of 
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capabilities for mapping and monitoring of northern wetlands 
ecosystems and on characterization of seasonal freeze/thaw 
cycles in northern high latitude ecosystems. As part of our 
Phase I effort, we mapped wetlands ecosystems in Alaska and 
Northern Eurasia with L-band Synthetic Aperture Radar (SAR) 
utilizing both JERS SAR and ALOS PALSAR data. Our Phase 
II effort utilized ALOS PALSAR data sets to map wetlands in 
various regions of Alaska and Northern Eurasia.  

We employ a supervised decision tree approach to 
PALSAR data to classify wetlands vegetation and open water 
for regions of Alaska. This is the same powerful statistically-
based decision tree classification scheme developed previously 
under our Phase I effort. Along with the PALSAR data, the 
technique employs topography, ground-based measurements of 
land cover, a SAR-based open water map, and other ancillary 
data layers derived from the SAR and DEM datasets to classify 
wetlands regionally. We also used multitemporal PALSAR 
data to examine change in open water. Wetlands mapping 
activities include the mapping and monitoring of water bodies 
for characterization of the change in surface water seasonally. 
Comparison of these new PALSAR data set with those derived 
previously from JERS SAR allows a decadal change 
assessment in wetlands vegetation. Assessment of these 
products continues under our NASA science investigations. 

We developed a framework for monitoring temporal and 
spatial dynamics in surface water with ~25-km resolution data 
sets from SeaWinds-on-QuikSCAT and AMSR-E 
active/passive microwave data. Comparing our PALSAR 
products with these over areas where PALSAR data have been 
collected and analyzed validates the capability of the coarse 
resolution products to monitor surface water dynamics 
globally.  

Our project is undertaken with support from NASA for 
constructing a global-scale Earth System Data Record (ESDR) 
of Inundated Wetlands to facilitate investigations on the role of 
inundated wetlands in climate, biogeochemistry, hydrology, 
and biodiversity. The ESDR will enable advances in 
understanding the role of wetlands in 1) global cycling of 
methane, carbon dioxide and water, 2) interactions among 
climate, greenhouse-gas emissions, and water exchange, 3) 
climate change effects and feedbacks, 4) maintaining 
ecological health and biodiversity of critical habitats, and 5) 
management of water resources for long-term sustainability.  

The ESDR will provide the first accurate, consistent and 
comprehensive global-scale data set of wetland inundation and 
vegetation, including continental-scale multitemporal and 
multi-year inundation dynamics at multiple scales. Each 
component of the ESDR has been designed to facilitate a range 
of studies by addressing critical gaps in data and understanding 
of the role of inundated wetlands in important cycles and 
processes. The regional high-resolution component derived 
from the SAR observations provide key information needed for 
regional- to continental-scale studies focusing on 
biogeochemistry, hydrology, plant and animal biodiversity, 
water resource management, and long-term sustainability of 
wetland ecosystems. The global, monthly ~25 km inundation 
data set, spanning almost two decades, represents a unique, 

comprehensive source of quantitative information to support 
analyses and modeling of wetlands in global cycling of 
methane, carbon dioxide and water, and in simulating 
interactions among climate, greenhouse-gas emissions, and 
water exchange for past, current and future time periods. 
Comparison and validation of these data sets will ensure self-
consistency within the ESDR. Description of the project 

A. Relevance to the K&C drivers 
The overarching objective of our project is to develop 

products that demonstrate, support, and provide a capability for 
characterization of carbon cycling processes in boreal/Arctic 
wetlands ecosystems and as related to seasonal freeze/thaw 
cycles in ecosystems in boreal/Arctic regions. We capitalize on 
the systematic acquisition strategies implemented for the 
ALOS PALSAR specifically focusing on high-latitude wetland 
regions to prototype capabilities over North American and 
Eurasian sites. We use multi-temporal datasets to address 
issues of seasonal change. These prototype land cover 
classification products are developed to enable unique and key 
information for use with ecosystem process models for 
assessing land-atmosphere carbon exchange. 

Wetlands exert major impacts on biogeochemistry, 
hydrology, and biological diversity. The extent and seasonal, 
interannual, and decadal variation of inundated wetland area 
play key roles in ecosystem dynamics. Wetlands contribute 
approximately one fourth of the total methane annually emitted 
to the atmosphere and are identified as the primary contributor 
to interannual variations in the growth rate of atmospheric 
methane concentrations. Climate change is projected to have a 
pronounced effect on global wetlands through alterations in 
hydrologic regimes, with some changes already evident. In 
turn, climate-driven and anthropogenic changes to tropical and 
boreal peat lands have the potential to create significant 
feedbacks through release of large pools of soil carbon and 
effects on methanogenesis. Despite the importance of these 
environments in the global cycling of carbon and water and to 
current and future climate, the extent and dynamics of global 
wetlands remain poorly characterized and modeled, primarily 
because of the scarcity of suitable regional-to-global remote-
sensing data for characterizing their distribution and dynamics.   

In the northern high latitudes open water bodies are 
common landscape features, having a large influence on 
hydrologic processes as well as surface-atmosphere carbon 
exchange and associated impacts on global climate. It is 
therefore important to assess their spatial extent and temporal 
character in order to improve hydrologic and ecosystem 
process modeling. Spaceborne SAR is an effective tool for this 
purpose since it is particularly sensitive to surface water and it 
can monitor large inaccessible areas on a temporal basis 
regardless of atmospheric conditions or solar illumination.  

B. Overview of Work approach 
Our project focused on a combination of local-scale 

hydrological basin study sites and regional-scale study areas in 
North America and Eurasia. Dataset assembly, algorithm 
development, and algorithm prototyping were initially 
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conducted in boreal North America, primarily in Alaska. As 
the scope of our work is global, we support assembly of large-
scale PALSAR data sets are continental scales world-wide. 
This work is integrated within the K&C Phase II efforts of 
Bruce Chapman and Laura Hess. 

 We employed multi-temporal ALOS PALSAR to map 
open water bodies in Alaska and Eurasia. A supervised 
decision tree-based approach was used to generate open water 
maps. We expand on previous work conducted with the JERS 
SAR. Multi-temporal SAR imagery is applied to prototype the 
capability for monitoring seasonal hydrologic dynamics. 
Digital Elevation Models (DEMs) and derived slope were also 
employed in the decision tree classifier. These supplementary 
data aided significantly in improving the classification 
performance in topographically complex regions where radar 
shadowing was prevalent. 

We integrate the open water maps with the SAR imagery 
into a decision tree-based classification construct to derive 
maps of wetlands vegetation for the study regions in Alaska 
and Eurasia.  The resulting products are compared to our 
Alaska  wetlands map previously derived with JERS data under 
our Phase I effort. Maps of decadal change in wetlands 
vegetation are derived.  

C. Satellite and ground data 
We utilize PALSAR data available to us through the 

systematic acquisitions detailed in the Kyoto and Carbon 
(K&C) Science Plan. For our Alaska effort, we previously used 
JERS SAR datasets. We now utilize PALSAR fine-beam single 
pol (HH) and dual-pol (HH+HV) data available though the 
K&C datasets and the AUIG. Landscape classification 
approaches and associated algorithm implementation were 
carried out with the PALSAR data over regions of Alaska and 
Northern Eurasia. 

Derivation of the remote sensing-based mappings makes 
use of important ancillary data sets incorporated within the 
classification construct. These include DEMs, Landsat 
imagery, and ground measurements acquired from external 
project sources and applied here for training and validation. 
DEMs from the Shuttle Radar Topography Mission (SRTM) 
were employed for the Eurasian basin regions where the basins 
fall within the domain of the SRTM datasets (i.e. south of 60 
deg. N latitude; http://srtm.csi.cgiar.org/). For Alaska, we 
employ the GTOPO30 Global 30 Arc Second Elevation Data 
Set available from the U.S. Geological Survey 
(http://eros.usgs.gov/#/Find_Data/Products_and_Data_Availab
le/gtopo30_info). Landsat data were used to supplement the  
landcover classification efforts in Eurasia. The Landsat data 
were available to us from a database assembled by the 
Cartography lab at JPL. 

II. DATA SET ASSEMBLY: WORLD-WIDE-WEB-BASED 
MOSAICKING TOOL 

Derivation and utilization of these large-scale products 
from relatively fine resolution radar imagery necessitates 
establishment of a large database of SAR images and 
development of effective software tools supporting image 
manipulation and regional-scale analysis. To support this end,  
we are constructing a user-accessible data system available 
through a World Wide Web portal to facilitate assembly, 
analysis and distribution of data sets. This framework 
interfaces powerful and flexible software tools for mosaic 
assembly of SAR images and derived products, and for data 
product display, assessment, and distribution to the science 
community. Data products will be accessible via this interface 
through a project web site at JPL and now under development 
at The City College of New York. Figure 1 shows an example 
of the user interface developed to facilitate on-demand 
mosaicking tasks. Figure 2 is an example mosaic assembled 
with the software accessible through the user interface. 

 
Fig. 1: World-Wide-Web-based interface for assembly and dissemination of 
PALSAR-based data sets. Shown here is the user interface for PALSAR 
database query. The interface allows query, selection, and assembly of imagery 
into mosaics suited to user requirements. 

Organization of the image products and examination of 
those products based on desired criteria is simplified by 
utilizing widely-available Earth data visualization tools. By 
construction of “KML” files and a stack of multi-resolution 
data sets, vast quantities of SAR or other data sets, including 
associated digital elevation data and other data set components
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Fig. 2: Mosaic of HH-polarized backscatter PALSAR imagery of Alaska. This initial mosaic was assembled from fine-beam imagery using the software running 
though the user interface as presented in Figure 1. Our team continues to work to acquire and assemble data missing in the to fill voids to complete the continental-
scale coverage. 
 
can be easily displayed in combination with currently 
accessible optical imagery. Flexible mosaicking is achieved 
through use of an on-line mosaicking tool combined with 
visualization tools for data examination, selection of  the data 
sets for mosaicking through a link to a webpage (based on 
thematic or temporal considerations), and lastly, execution of 
software on the server to mosaic the user-specified data. 
Therefore, in addition to producing a wetland classification for 

each PALSAR data collection cycle, it will be possible to 
construct a wetland classification corresponding to, for 
example, maximum or minimum inundation extent, or, using 
ancillary sources of information, maximum or minimum 
rainfall periods, or any other condition of scientific interest that 
can be quantified by date and location.  

This type of visualization software can also facilitate the 
comparison of the global inundation data sets and the regional



 5

 

 
 

 

Fig. 3: Wetlands maps derived from JERS-1 SAR.  Part of our work under K&C Phase II involved extending our wetlands map of Alaska to now include large 
regions of Western Canada, indicted by the red rectangle on the JERS mosaic. Previously, we used summer and winter JERS-1 imagery to develop the thematic map 
of wetlands throughout Alaska shown here. This product has an aggregate accuracy approximately 89.5% relative to US National Wetlands Inventory data for this 
region. Derivation of the extended map utilized decision trees saved from the Alaska classification, applying them to regions of Western Canada.

PALSAR-based data sets. Since the SAR data are unevenly 
distributed temporally and spatially, this visualization 
capability greatly simplifies combined analysis of these data 
sets. Each can be loaded into visualization software for 
inspection, with particular regions and/ or time spans 
identified. Based on this visualization, the appropriate data sets 
can be downloaded and analyzed. 

III. BOREAL WETLANDS MAPPING  
Our work during Phase I of our K&C activities included  

derivation of the first synoptic wetlands map of Alaska (Fig. 3; 
Whitcomb et al 2009). This product was generated using dual 
season winter and summer JERS SAR mosaics of Alaska. 
Derivation of this product utilized a statistically-based decision 
tree classification approach based on the random forest 
software (Breiman, 2001). Under K&C Phase II, we built upon 
these efforts to extend our work with JERS SAR to derive 
wetlands maps of large regions of western Canada (Fig. 3) and 
to map extensive regions of Alaska using ALOS PALSAR 
(Fig. 4). Having generated data sets from JERS and PALSAR, 
we then derived change maps  depicting change on wetlands 
vegetation across a decade (Fig. 5). 

 In northern Eurasia, we applied fine-bean PALSAR data to 
examine changes in wetlands inundation for the Chaya Basin, 

Russia (Fig. 6). A random forest classification approach was 
employed here to develop the wetlands maps. The 
classifications depict open water and principal vegetation 
classes (e.g. non-vegetated, herbaceous, shrub, woodland, 
forest) and their associated inundation state. The examples 
from PALSAR shown here were generated from fine-beam 
PALSAR data provided through the K&C project and the 
JAXA AUIG. These maps are supporting efforts to develop a 
hydro-methane modeling construct for assessing land-
atmosphere carbon exchange in northern wetlands ecosystems. 

IV. COMPARISON OF PALSAR PRODUCTS WITH GLOBAL 
INUNDATION MAPPINGS:  PRODUCT HARMONIZATION. 

A unique application of the PALSAR wetlands 
classification is calibration and validation of our global coarse-
resolution inundated area data sets. These products constitute 
the second component of our Earth System Data Record. To 
derive these products, a  regression analysis  is carried out on 
AMSR-E and QSCAT passive and active microwave time 
series data (July 2002 – July 2009) for each of 54 sites 
distributed across the globe to derive 13 land cover specific 
predictive equations. These regressions are used within a 
mixture model. Outputs of the mixture model are fraction of 
inundated area (fw; Fig. 7). Data are pre-screened for frozen 
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Fig. 4: Classification of Alaskan PALSAR imagery collected in 2007, currently in progress. Results show generally good classification accuracy 
(79-94%). 

 

 

 
 
 
 

 
  

 
 
 

 
 
 
 

 

 

Fig. 5: Decadal change in wetlands vegetation for regions of Alaska, determined by comparing JERS and PALSAR-based wetlands mappings. 
From left to right the regions are Kenai Peninsula, Yukon Delta, Seward Peninsula, Tanana River Floodplain, and North Slope. 
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Fig. 6: PALSAR-based time series 
classification  of wetlands in the Chaya Basin, 
Northern Eurasia. From left,are shown for June 
7, July 23, and August 7, 2007.  Red and pink 
areas represent open water and inundated 
vegetated wetlands regions, respectively. These 
data are being enployed to support etmation of 
methane flux from wetlands regions of the 
NEESPI study domain, Eurasia (Bohn et al 
2006, 2007, 2007a). 

 

 

 

 

 

 
 

 
 
Fig. 7: Global AMSR-E/QSCAT-based  coarse-resolution (25 km) inundation fraction mappings. Monthly composites are shown for North and 
Central America. Each month corresponds to a multi-year average over the period 2003-2008. Dry areas (minimal water fraction) and large 
water bodies appear as white. 
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conditions and snow, RFI (radio frequency interference) and 
precipitation. PALSAR-based open water and inundated 
wetland products derived at 100 meter resolution were re-
gridded to a 25km EASE grid posting to compute an 
equivalent fractional open water area at the 25 km resolution 
(Fig. 8). These were compared with contemporaneous 
surface inundation fraction products derived from AMSR-
E/QuikSCAT at 25 km resolution for different regions in 
Alaska.  

Results (Fig. 9) show that surface water fraction is generally 
underestimated for open water and open water plus 
inundated vegetation for the North Slope and Yukon sites. 
This is the expected trend because in addition to open water, 
other landscape components are averaged into the 
measurement at the 25 km footprint. Also, at Ku and K-band, 
there is decreased sensitivity to conditions under the 
vegetation canopy and therefore inundated vegetation 
becomes difficult to detect. A reverse trend is seen in the 
Seward Peninsula possibly due to contamination of the 25 
km pixel from ocean water. 

V. RESULTS AND SUMMARY 
Our K&C Phase II activity  extended efforts and 

accomplishments from our Phase I project, continuing to 
develop products that demonstrate, support, and provide a 

capability for characterization of carbon cycling processes in 
boreal/Arctic wetlands ecosystems and now including an 
initial assessment of seasonal and multi-year (decadal) 
change in boreal/Arctic ecosystems. To this end, we have 
applied ALOS PALSAR data to map and monitor open 
water and wetlands vegetation in boreal landscapes. We used 
multi-temporal PALSAR datasets to examine seasonal 
wetlands dynamics . We characterized decadal-scale change 
in wetlands vegetation for large regions of Alaska, 
comparing our new PALSAR products to those previously 
derived using JERS SAR. We compared PALSAR wetlands 
mappings to coarse resolution active/passive microwave 
products depicting inundated area fraction. 

These prototype land cover classification products 
provide unique and key information for use with ecosystem 
process models for assessing land-atmosphere carbon 
exchange. In the northern high latitudes open water bodies 
are common landscape features, having a large influence on 
hydrologic processes as well as surface-atmosphere carbon 
exchange and associated impacts on global climate. Data 
provided by the K&C Initiative continue to support assembly 
of a global-scale Earth science data record of inundated 
wetlands. This data record will be made available to the 
larger Earth science community, supporting a broad range of 
scientific investigations. 

 
 
 
 
 
 

 
 
 
 
 

 

 
 
 

 
 
 
 
 

Fig. 8:  PALSAR-based mappings of open water for the Yukon delta region and for a sub-region of Alaska’s the North Slope (two dates). The 
100-m resolution PALSAR mappings for these and other regions were resampled and posted on a 25 km EASE-Grid posting to compare fractional 
inundated water derived from contemporaneous AMSR-E/QSCAT data products (long term average shown at left). 
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Abstract—This report describes ALOS K&C Phase 1 work in 
support of wetlands products for the Amazon basin, focusing on 
algorithm development at the Mamirauá prototype site on the 
upper Amazon floodplain in preparation for regional-scale 
product generation.  ALOS PALSAR fine-beam images acquired 
on five dates corresponding to peak, early falling, and early 
rising portions of the annual flood wave of the Amazon River 
were segmented as a multi-temporal, dual-polarization image 
stack and the resulting objects assigned to vegetation cover and 
flooding state classes based on temporal backscattering 
signatures.  The number of days flooded per year at a proximate 
river gauge was used to relate flooded state on the imaging dates 
to longer-term inundation period. The resulting classes 
correspond to floodplain levels inundated < 1 month, 1 to 3 
months, 4 to 5 months, 5 to 6 months, 6 to 8 months, and > 8 
months per year. Segmentation uisng byte-quantized data, 
incorporation of HV bands, and incorporation of several dates 
allow good segmentation results using unfiltered 12.5 m data. 
Classification accuracy was 94% for wetland vs. upland and 
greater than 83% for all vegetation types. The proportions of 
forested area within Mamirauá Sustainable Development 
Reserve with inundation periods less than 4 months per year 
(high restinga) or less than 6 months per year (low restinga) are 
significantly greater than previously estimated using optical data.  
This result has important implications for sustainable 
management of forests, fisheries, and biodiversity within the 
reserve, and demonstrates the potential of high-resolution multi-
temporal PALSAR data for supporting ALOS K&C objectives of 
meeting information requirements for conservation and in 
support of the Ramsar Convention.  

Index Terms—ALOS PALSAR, Kyoto & Carbon Initiative, 
Amazon River, wetlands, floodplain inundation, várzea,  flooded 
forest, Mamirauá Sustainable Development Reserve, object-
based, segmentation parameters 

I.  INTRODUCTION 

The ALOS PALSAR sensor is the first earth satellite 
tasked with a dedicated mission of mapping and monitoring 
global wetlands. Through the ALOS Kyoto & Carbon (K&C) 
Initiative of the Japan Aerospace Exploration Agency, an 
acquisition strategy has been implemented providing 
systematic, highly multi-temporal coverage of Earth’s major 
wetland regions at fine (6.25 to 12.5 m) and moderate (100 m) 
scales [1, 2]. K&C products based on these PALSAR datasets 
are aimed at meeting information needs for carbon cycle 
science, international conventions such as Ramsar and the 
Convention on Biodiversity, and conservation of natural 
resources. This report describes ALOS K&C Phase 1 work in 
support of wetlands products for the Amazon basin. Phase 1 
analyses focused on algorithm development at prototype focus 
sites, in preparation for production of regional-scale maps.  

The analysis reported here focused on a portion of the 1.12 
million ha Mamirauá Sustainable Development Reserve 
(MSDR), a Ramsar Wetland of International Importance that 
is representative of várzea (whitewater floodplain) 
environments of the upper Amazon River (known as the 
Solimões River from the Brazilian border to the Negro River 
confluence). The Mamirauá SDR, together with the adjoining 
Amanã SDR and Jaú National Park to the east, constitutes one 
the world’s largest blocks of protected tropical forest, and 
provides a unique opportunity to study intact, highly 
biodiverse whitewater and blackwater wetlands, their linkages, 
and their interface with upland (terra firme) forest.  

Active research programs in the reserve seek to understand 
the biology and conservation of IUCN Threatened or Near 
Threatened species such as Amazonian manatee, jaguar, 
spectacle caiman, and white uakari monkey (Cacajao calvus 



calvus, found only within the bounds of the reserve). 
Furthermore, the reserve is a key center for research on 
sustainable forestry and fisheries. Of particular note is the 
fishery for the giant pirarucu (Arapaima gigas), which 
typically attains lengths of over 2 m and is an important 
component of traditional livelihoods in river communities. 
High-resolution mapping of floodplain habitats and inundation 
periods provides basic information needed not only for 
management of species and economic activities within the 
reserve, but also for modeling of primary productivity and 
emissions of trace gases such as CH4, thus supporting 
information requirements for each of the three K&C drivers of 
Carbon, Conservation, and international Conventions. 

 

II. METHODS 

A. Study area 

The Mamirauá SDR is situated at the confluence of the 
Solimões and Japurá rivers in western Amazonas state, Brazil 
(Fig. 1). It is located entirely on the floodplain, which at its 
widest extends nearly 90 km between the two rivers. The 
footprint of the PALSAR study area includes approximately 
90% of the MSDR Focal Area, where community management 
and conservation activities are concentrated. The uplands 
flanking the floodplain to the south are largely terra firme 
(upland) forest, with small disturbed regions of secondary 
forest and pasture along the Solimões. To the north are the 
blackwater ria lake Amanã and feeder tributaries, as well as 
areas of paleovárzea including some interfluvial wetlands. 

 

B. PALSAR inputs and pre-processing 

ALOS PALSAR inputs comprised two contiguous fine-
beam mode scenes, acquired on nine imaging dates during 
2007-2008 (Table 1). Imagery was obtained in Level 1.5, UTM 
geo-coded format through JAXA's ALOS User Interface 
Gateway. Level 1.5 data is provided in amplitude format (16-
bit,unsigned integer), with digital numbers (DNs) convertible 
to normalized radar cross section (NRCS) in decibels using a 
calibration factor (CF) provided by JAXA, i.e., NRCS(dB) = 
10*log10(DN2) + CF. For data processed beginning 9 January 
2009 a calibration factor of -83.0 applies to all fine-beam 
modes and polarizations [3]. For data processed prior to that 
date, calibration factors varied by mode, incidence angle, and 
polarization. Since this study used data processed both before 
and after 9 January 2009, and since image segmentation was 
performed in the amplitude domain, amplitudes were converted 
to radar cross section using the appropriate calibration factors, 
then re-converted to radiometrically consistent amplitudes 
using the updated calibration factor of -83.0.   

Accurate date-to-date coregistration is essential for wetland 
habitat mapping, since even a single pixel shift generates 
numerous artifacts and misclassified strips along waterways. 
The geolocation accuracy of fine-beam PALSAR data is 
estimated to  be  9.7 m  [3]. However,  possible   
misregistrations    on    the  order   of  one   pixel   were  visible 

 
 

Fig. 1.  Study area showing extent of 2 PALSAR Fine-beam scenes, Mamirauá 
Reserve Focal Area (pink) and Subsidiary Area (white), and gauging stations 
Tefé (1), Mamirauá Lake (2), and Maraã (3). © JAXA/METI 2007 

 

between some pairs of input scenes. Precise estimation of scene 
shifts by manual location of ground control points is quite 
difficult because of speckle and because the primary features 
available for matching – intersections and bends of narrow 
water channels – change in size and shape with changing water 
level. Offsets between pairs of images were therefore estimated 
automatically by determining which offsets maximized scene-
to-scene correlation within six 512 x 512 test windows 
centered on areas with distinctive ground features. FBD mode 
scenes were first supersampled to 6.25 m to allow half-pixel 
shifts with respect to FBS scenes. The HH scene of 1 August 
2008, with water levels intermediate between high and low 
water stages, was used as a base image. Scene shifts ranged 
from 0 to 1 pixel at 6.25 m resolution, confirming that relative 
scene registration accuracy was better than 10 m. The absolute 
geolocation offset with respect to the GeoCover 1990s era 
Landsat  mosaic [4] was 56.25 m in easting and 12.5 m in 
northing. Since the GeoCover mosaic has an estimated RMS 
location error of 50 m, the PALSAR geolocation may in fact be 
the more accurate one; GeoCover is used here since it is 
currently the best high-resolution reference available for the 
entire Amazon basin. 
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TABLE  I 
INPUT PALSAR DATA SETS  

 

Path Frames Mode 
Original 

Pixel Size 
Acquisition 

Date 

85 7120-7130 FBDa 12.5 m 14 Jun 2007 

85 7120-7130 FBD 12.5 m 30 Jul 2007 

85 7120-7130 FBSb 6.25 m 30 Oct 2007 

85 7120-7130 FBS 6.25 m 15 Dec 2007 

85 7120-7130 FBD 12.5 m 1 Aug 2008 

     aFBD: Fine-Beam Dual-Polarization (HH+HV) 
     bFBS: Fine-Beam Single-Polarization (HH) 
 

C. Hydrologic data 

River stage records for Tefé-Missões (gauge 12900001, 
Solimões River) and Maraã (gauge 12872000, Japurá River) 
were downloaded from the HidroWeb site of Brazil's Agência 
Nacional de Águas (ANA; http://hidroweb.ana.gov.br/). The 
stage record for Mamirauá Lake, documented by [5], was 
downloaded from the website of the Instituto de 
Desenvolvimento Sustentável Mamirauá 
(http://www.mamiraua.org.br/).  

 
 

TABLE  II 
RIVER AND LAKE STAGE HEIGHTS ON PALSAR 

ACQUISITION DATES  
 
Stage Height (m)a 

Date Rio Solimões at 
Tefé-Missõesb 

Lago 
Mamirauác 

 Rio Japurá at 
Maraãa  

14 Jun 2007 13.38 36.06 14.29 

30 Jul 2007 11.09 33.37 13.79 

30 Oct 2007  4.30 27.00  9.10 

15 Dec 2007  8.41 31.07  9.51 

1 Aug 2008 10.32 32.85 12.55 

     aStage heights are relative; offsets between gauges in terms 
of a common datum have not been established. 
     bhttp://hidroweb.ana.gov.br  
     chttp://www.mamiraua.org/fluviometrico 
 

Stage levels on PALSAR acquisition dates spanned a range 
of about 6 m for Mamirauá and Tefé, and 5 m for Maraã (Table 
II). Stage at Tefé for 2007 and 2008 is shown in relation to 
mean values for the period 1996-2009 in Fig. 2a. The imaging 
dates analyzed here cover peak, early falling, and early rising 
portions of the annual flood wave, but omit the mid- and late-
rising portion, an important period for growth of aquatic 
macrophytes.  

The number of days flooded per year at Tefé gauge for the 
years 1996-2009 (Fig. 2b-f) was used to relate flooded state on 
the 5 imaging dates to longer-term inundation period.  Owing 
to the high interannaul variability in river stage, and the 

relatively short (14-year) record available, inundation days per 
year was not normally distributed. For each stage level, the 
interquartile range of inundation period (expressed as months 
per year), rather than the average inundation period, was 
therefore used to assign inundation classes (Table III). The 
resulting classes correspond to floodplain levels inundated < 1 
month, 1 to 3 months, 4 to 5 months, 5 to 6 months, 6 to 8 
months, and > 8 months per year. 
 

TABLE  III 
MONTHS INUNDATED PER YEAR, TEFÉ GAUGE, 1996-

2009, EXPRESSED AS QUANTILES  
 

Quantiles (%) 
0 10 25 50 75 90 100 

Stage 
(m) 

Months flooded per year 

Inund. 
period, 
mos/yr 

> 13.38        < 1 
13.38 0 0 0.3 1.6 2.7 3.3 4.1 1 to 3 
11.09 3.7 3.8 4.2 4.6 5.3 6.0 6.6 4 to 5 
10.32 4.3 4.6 4.8 5.1 6.2 6.5 7.1 5 to 6 
8.41 5.6 5.6 6.1 7.2 7.5 7.8 8.5 6 to 8 
4.30 9.6 9.9 10.0 10.9 11.5 12.0 12.2 > 8 
 

 

D. Ground and aerial data 

Training data for habitat classification were developed 
using  handheld oblique photographs obtained during an aerial 
survey on 22 November 2008 (at Tefé stage level of 6.55 m) 
and ground photos obtained during field surveys focused in the 
Mamirauá and Jarauá sectors of the reserve in November 2008 
and 2009. A planned geocoded multi-spectral aerial 
photography and laser survey, intended for validation, was 
delayed. A validation dataset was therefore created using very 
high resolution digital videography obtained in 1999 [6]. 

   

E. Classification system 

Training and test samples were labeled using hierarchical 
classes compatible with the FAO Land Cover Classification 
System (LCCS) [7].  Four of the eight major land cover 
categories employed in the LCCS system were present in the 
study area; these were relabeled with abbreviated class names 
of Upland Vegetated, Wetland Vegetated, Artificial Surfaces, 
and Wetland Non-vegetated (Fig. 3). The LCCS definition for 
Aquatic or Regularly Flooded Primarily Vegetated Areas 
specifies areas where water is present for a substantial period 
regularly every year. This definition is modified here to include 
areas such as high levee forests where vegetation is influenced 
by flooding but may not be flooded every year. Areas of 
pasture and scondary forest were treated as semi-natural 
vegetation rather than as cultivated or managed areas. 

The four major land cover categories were further 
subdivided using the LCCS modifiers 1) Life Form and Cover 
and 2) Height. The LCCS Water Seasonality modifier 
definitions are not well suited to Amazon floodplain 
environments. For example, the flood duration criterion 
separating LCCS (Semi-)Permanent and Temporary/Seasonal  

http://hidroweb.ana.gov.br/
http://www.mamiraua.org.br/


 
Fig. 2. a. Stage level (cm), Solimões River at Tefé. Hydrographs show mean daily stage for 1996-2009, and stage for the years of 
PALSAR analysis, 2007 and 2008. Horizontal lines and triangles indicate levels on imaging dates (Table II). b-f. Number of days 
flooded per year at Tefé gauge for the years 1996-2009. 
 
classes is 3 months per year, whereas várzea forests flooded 4-
6 months per year are typically considered to be seasonally 
inundated [8].  Flooding seasonality classes were therefore 
defined via LCCS User-Defined Attributes, using the 
inundation period classes derived above. 

F. Image segmentation 

The speckle that is characteristic of SAR imagery poses 
significant challenges to accurate image classification, 
introducing large uncertainty into pixel-based estimation of the 
underlying radar cross section of a homogeneous region. 
Common approaches to reduce the effect of speckle are multi-
looking, filtering, and object-based classification following 
image segmentation. Each approach has potential limitations: 
multi-looking degrades image resolution, filters may produce 

artifacts, and the accuracy of object-based classification 
depends on the quality of the image segmentation algorithm 
and parameter selection. For this study we used image 
segmentation without multi-looking or filtering, in order to 
retain a) features on the order of 10-20 m  in width such as 
narrow channels and lakes,  which are important for 
conservation applications; and b) high-resolution texture, 
which may contain information on vegetation structure or on 
spatial continuity of sub-canopy flooding. 

Image objects were generated using the multiresolution 
segmentation algorithm of the eCognition Developer 8 
software, which performs a bottom-up segmentation based on a 
pairwise region merging technique [9] and is defined by scale, 
shape, and compactness parameters. In order to give maximum 
emphasis to spectral information rather than object shape, the  



 

Fig. 3. FAO Land Cover Classification System (LCCS) major land cover classes [7]. Renamed gray-shaded classes are top level 
of PALSAR-based habitat classification. 

 
shape and compactness default values of 0.1 and 0.5 were 
retained. Prior to consideration of optimal choice of scale 
parameter, we assessed the effect on segmentation results of 
dynamic range (16-bit vs. 8-bit), temporal dimensionality, and 
inclusion of both HH and HV bands. 

 
Effect of dynamic range 

Segmentation was performed on an image subset (Fig. 4) in 
the native unsigned integer (16-bit) format and in a byte-
quantized version. For byte quantization, amplitude values less 
than 300 (dB) were truncated to a DN of 1, values greater than 
20000 (dB) were truncated to a value of 255, and a linear 
stretch from DN 2 to 254 was applied to the remaining values. 
Truncated values accounted for less than 0.005% of image 
pixels.  

Owing to the large dynamic range of the 16-bit data, 
roughly 100 times as many objects are created using the same 
scale factor (Table IV). This can be adjusted for by simply 
varying the scale factor. However, as shown in Fig. 4 (d,e) 
when scale factors are adjusted to yield roughly the same 
number of objects, e.g. 16-bit at scale 100 and 8-bit at scale 13, 
significant differences remain in the quality of object shapes. In 

homogeneous forest areas, the 16-bit segmentation yields 
convoluted objects with boundaries more impacted by texture 
and speckle, compared with the relatively compact 8-bit 
objects. Requantizing to 8 bits therefore reduces undesirable 
geometric properties without requiring fine-tuning of shape or 
compactness parameters. In order to retain the radiometric 
resolution of the original data, in a second processing step the 
image objects created from byte-quantized data can be used as 
a thematic layer to generate objects with boundaries derived 
from byte-quantized format but with statistics derived from the 
original 16-bit data.  

TABLE  IV 
NUMBER OF IMAGE SEGMENTS, 16-BIT AND 8-BIT 
 

Scale 16-bit  8-bit 

7 - 17,933 

10 775,669 6,016 

13 761,069 3,170 

 30 319,203  454 

 100 3,044  39 



 
 
Fig. 4. Effect of quantization level on image segmentation. Image subscene (a) was segmented using 9 HH bands; image shown is for 1 August 
2008. b) Objects in and around an area of upland forest (white square), scale factor 10;  objects from 16-bit image segmentation are in red, those 
from 8-bit segmentation in blue. c) Objects from 16-bit segmentation with scale factor 100 (red) and 8-bit segmentation with scale factor 13 
(blue). d,e) Zoomed-out views of (c), showing difference in geometric properties of objects related to differing dynamic ranges of input datasets. 
 
 
Effect of multiple dates and dual polarization 

For applications where land cover changes with time, the 
number of “real”objects will increase as new dates are added to 
the image stack input for segmentation; the amount of this 
increase depends on the ratio of changing vs. non-changing 
features in a particular scene and for a particular set of dates. 
For SAR images, this increase is offset by a multi-temporal 
speckle filtering effect when several bands are input. For the 
test subscene, this effect was assessed using a multi-temporal 
stack of 6 FBD scenes and 3 FBS scenes, i.e. 3 FBD and 1 FBS 
scene in addition to those listed in Table I.. 

Using a fixed scale factor of 10, the number of objects 
decreases by 50% as the number of HH bands (dates) is 
increased from 1 to 3 (Fig. 5) and continues to drop at a lower 
rate, decreasing by 72% for 9 vs. 1 HH band inputs. This multi-
temporal filtering effect can also be achieved by averaging all 
dates to create a mean backscattering image; however, this 
approach distorts or eliminates features that change with time. 

For a given number of input dates, segmentation using HV 
inputs alone results in about half as many objects. Some of this 
reduction is due to missed objects that are less detectable with 
HV, such as flooded/non-flooded boundaries or urban areas, 
but the majority is related to the reduced dynamic range and 
variance from cross-polarized scattering. When combined HH 

& HV bands are used, the number of image objects drops by 
50% with use of 3 dates, continuing to decrease as all 6 FBD 
dates are input. As 3 of the 9 dates are HH only (FBS mode), 
the number of objects increases slightly as those bands are 
added to the segmentation input (Fig. 5), corresponding to 
features present only on those dates. 
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Fig. 5. Effect of number of imaging dates on total image 
objects for test subscene (Fig. X); scale=10, format=8-bit. 
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Fig. 6. Effect of segmentation scale factor on variability of object mean values for five terra firme forest samples. Segmentation 
was performed using all 9 dates and both polariztions; results are shown for HH band on 1 August 2008. a) Original pixel values 
for the five samples; for each sample, n=400. b-f) Object mean values at scale factors 5 to 10. Number of objects for each sample 
and scale factor ranges from 1 to 21. Horizontal dashed line shows pixel-based mean for 20x20 sample. 
 
Selection of segmentation scale parameter 

The choice of scale parameter is a key one, determining the 
number of objects and directly impacting object statistics and 
classification accuracy. Segmentation at the ideal scale will 
define all actual ground objects (no undersegmentation) 
without unnecessary sub-objects (minimal oversegmentation). 
In practice, trial-and-error visual assessment is often  the basis 
for parameter choice, but this approach lacks objectivity and is 
difficult to apply consistently across multiple scenes. A variety 
of metrics have been proposed for objective evaluation of the 
quality of  segmentation and for optimization of segmentation 
parameters. Object metrics can include both topological 
relationships (containment and overlap) and geometric 
differences based on differences in object positions [10]. [11] 
combined topological and geometric metrics for reference 

objects for local evaluation and aggregated metrics to calculate 
comparison indices enabling global evaluation.  

Such measures—which have been developed mostly using 
high-resolution optical imagery of urban or agricultural 
landscapes—are rigorous but generally quite complex and not 
easily applicable in contexts where parameters must be chosen 
for multitemporal stacks of images from numerous sites with 
varying proportions of natural land cover types. A further 
difficulty with using object metrics on high-resolution SAR 
data is that speckle makes it difficult to define sharp boundaries 
of reference objects used to compute object-based (or pixel-
based) metrics. Test images with artificially generated objects 
with exact boundaries can be used, but the choice of the size 
and shape of those objects will impact results, and results may 
be strictly applicable only to images with a similar object scale  



and geometry. Furthermore, while image segments should 
respect object boundaries and locations, an equally important 
criterion for SAR image classification is identification of 
regions of constant radar cross section, as articulated in the 
“cartoon” model of [12].  

We therefore adopted a simpler approach for selecting an 
optimal scale factor, based on backscattering statistics of 
homogeneous areas of upland forest.  The same test subscene 
was segmented in byte format using all nine dates and both 
polarizations, with scale factors ranging from 5 to 10 (based on 
results shown in Fig. 4). The resulting objects were exported as 
shapefiles, and object statistics for the original 16-bit format 
were examined for five of the 20x20 windows of homogeneous 
terra firme forest shown in Fig. 6a. The interquartile range of 
pixel values in the five samples extended over about 2 dB (Fig. 
7a), with extreme values ranging from -14.8 to -2.2 dB.  

The range of object mean values in the segmented image 
decreased as the scale factor increased (Fig. 6 b-f). In addition 
to objects located within the 20x20 windows, objects were 
counted if more than 50% of their area fell within the windows 
where the total number of objects was 5 or more, if more than 
30% of their area fell within the windows where the total 
number of objects was 2 to 4, or if the entire window was 
located within one object. The selected scale factor of  9 was 
the lowest value at which 1) the median of the object means 
were within ±0.2 dB of the actual mean for all samples, and 2) 
all objects fell within ±0.5 dB of the actual mean. 

The despeckling effectiveness of an image segmentation 
can be assessed visually using the image formed by the ratio of 
the original pixel values to the estimated object means [12]. 
Fig. 7 shows ratio images for three scale factors for a portion of 
the test scene. The ratio for scale 5 resembles pure speckle. 
Textural elements and slight indications of structure can be 
seen in the scale 9 ratio, while structural elements visible at 
scale 20 indicate a less optimal scale. Although the result for 
scale 9 is slightly more textured than that for scales 5 to 8, it is 
satisfactory. 

III. RESULTS AND SUMMARY 

A. Mamirauá floodplain habitats 

Várzea vegetation at Mamirauá is primarily forest (Fig. 8 a-
c), with the tallest formations and latest successional stages 
occurring on higher floodplain topography such as meander 
scroll ridges, levees bordering channels, and crevasse splays 
(Fig. 8 a,b). In addition to these features created by channel 
deposits, várzea forests occur on flats, depressions, or basins 
created through infilling of floodplain lakes via sedimentation 
and succession (Fig. 8c). Igapó forests (Fig. 8d) are found on 
floodplains of blackwater rivers and streams and along the 
shorelines of ria lakes such as L. Anamã.  Woodlands, with tree 
canopy cover less than 60-70%, occupy lower elevations at 
which inundation period approaches the limits of tree 
tolerance; woodland understory may be aquatic macrophyte 
(Fig. 8b), shrub, or a mixture (Fig. 8 e,f). Shrub formations are 
pioneer communities found along margins of channels and 
lakes in both várzea (Fig. 8g) and igapó (Fig. 8b) 
environments. 

 
Fig. 7. Ratio of original image (a) to object mean images for 
scale factors 5 (b), 9 (c), and 20 (d). 

a b
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Aquatic macrophyte communities include both gramineous 

and broad-leaved herbaceous vegetation (Fig. 9 a,b), some of 
which may be shrubby (Fig. 9f). Herbaceous vegetation 
typically becomes established during the terrestrial phase on 
exposed ground at channel or lake edges, and on exposed bars 
and lake beds (Fig. 9 c,d). Many gramineous species elongate 
rapidly during rising water, forming floating meadows that can 
completely fill channels (Fig. 9a), portions of which may break 
free and become subject to movement via wind and current 
(Fig. 9e). Large areas of macrophytes occur in open areas 
between trees in woodland environments (Fig. 9d). Herbaceous 
communities are much more prevalent in nutrient-rich várzea 
sites than in predominantly blackwater environments such as L. 
Anamã. 

B. Multi-temporal PALSAR signatures 

 [13] described striping on PALSAR imagery acquired near 
local midnight. The striping, oriented parallel to the 
geomagnetic field line, is believed to result from path 
differences as the radar signal passes through ionospheric 
turbulence. Since such striping is visible on the 15 December 
2007 scene (Fig. 10), the magnitude of the anomaly was 
evaluated to determine whether the stripes would be expected 
to significantly impact classification accuracy.  Mean HH 
backscattering coefficient σ° was extracted for each date for 
twenty 100-pixel samples of non-floodable forest, distributed 
equally between bright and dark bands (Fig. 11).  
Averaging over the ten bright and ten dark samples, the 
difference in dB between bright and dark ranged from -0.01 to 
0.27 dB for the four non-affected dates, and was equal to 1.0 
dB for 15 December. This 1dB banding degrades scene quality 
for visual interpretation. However, since the classification 
algorithm used is based on robust multi-temporal patterns, the 
±0.5 dB multi-temporal deviation does not significantly impact 



 
Fig. 8.  Aerial photos of woody vegetation, Mamirauá (a,b,c,e,f,g) and Amanã (d,h) reserves, 22 November 2008. Forests occur on 
raised topography such as scroll ridges (a), levees, and crevasse splays (b, lower left), as well as in flats or depressions in old lake 
beds (c, foreground) and on blackwater floodplains (d). Woodlands occur as successional stages on flat terrain at lake margins (b, 
upper right) and in scroll depressions (e,f), and may have aquatic macrophyte understory (b), shrub understory, or a combination  
(e,f). Pioneer and early successional shrubs occur at margins of channels (g) and lakes (h, at water boundary). 
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Fig. 9. Examples of herbaceous vegetation at Mamirauá. Ground views: gramineous (a, flooded conditions, 26 November 2008) 
and broadleaved (b, non-flooded conditions, 27 November 2009) herbaceous vegetation in floodplain channels.  Aerial views, 22 
November 2008: newly emerging macrophytes at edges of channels and bars (c), on lake beds (d), and at margins and ends of lakes 
(e,f). Detached floating masses visible in (e). In (f), a thin border of non-shrubby macrophytes at water's edge transitions to shrubby 
herbaceous stands (hs), with taller woody shrubs (ws) closer to the forest boundary. 
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classification accuracy; the affected scene was therefore 
included in the multi-temporal classification. 

biomass woody vegetation types such as campinarana and 
woodland. 

Changes in flooding status of woody vegetation stands is 
clearly detectable on HH-polarized PALSAR imagery, and 
less so at HV polarization (Fig. 12). This is particularly 
evident along tributaries of L. Anamã. HV polarization, 
however, provides improved contrast between primary and 
secondary forest, and allows better discrimination of lower- 

Differences in HH returns resulting from forest flooding 
(Fig. 12) are shown quantitatively in Fig. 13, in which each 
line represents the multitemporal HH backscattering for a 
forest area flooded 0, 1, 2, 3, 4, or 5 dates. The increase in 
backscattering between flooded and non-flooded states 
ranged from x to y dB, with a mean of x dB. After a stand is 



  

      
Fig. 10. Subset of 15 December 2007 (FBS, HH) scene, 
showing banding caused by ionospheric turbulence.  
© JAXA/METI 

Fig. 11. Mean σ° for 10 upland forest samples located in bright 
(white boxplots) and dark (gray boxplots) bands of 15 
December 2007 scene, for the 5 imaging dates. 

 

 

Fig. 12. Color composite, PALSAR Fine-beam HH (left) and HV (right) on three imaging dates. Red = 1 August 2008 (Tefé stage 
= 10.32 ), Green = 30 July 2007 (stage = 11.09 m) , Blue = 14 June 2007 (stage = 13.38 m). Forest color on HH image indicates 
flooding on all 3 dates (white), 2 dates (turquoise), 1 date (blue), and no dates (reddish-gray). Arrows on HV composite indicate 
examples of lower-biomass woody vegetation that is more easily distinguished from higher-biomass forest with HV than with 
HH. These include secondary forest (1), woodland (2), and campinarana (3). © JAXA/METI 
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Fig. 13. HH backscattering from 60 forest stands with differing flooding regimes (flooded 0, 1, 2, 3, 4, or 5 dates, a-f). Dashed line 
indicates -6.75 dB level set as non-flooded/flooded threshold for forest. Plotted values are polygon means. 
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flooded, as water levels increase, backscattering from stands in 
higher topographic positions (Fig. 13 b,c) continues to 
increase, whereas for stands on lower floodplain topography 
(Fig. 13 d-f), backscattering may either increase or decrease, 
depending on stand height and the amount of emergent canopy. 

Comparing the between-date change in HH backscattering 
from the 60 forest stands for all non-flooded/non-flooded 
transitions and  all non-flooded/flooded transitions, the change 
 

                        
Fig. 14.  Between-date change in HH σ° for 60 forest stands. 
Left, all transitions from one non-flooded state to another; 
right, all transitions from non-flooded to flooded state. 
 
in σ° from one non-flooded date to the next is less than 0.5 dB 
for 90% of cases, while for transitions from non-flooded to 
flooded state, the change averages 1.6 dB and in 95% of cases 
is greater than 0.5 dB (Fig. 14). On relatively flat ground, the 
non-flooded/flooded transition is in fact a gradual process 
whereby lower points of micro-topography flood first (from 
some combination of groundwater rise, overbank flow, and 
direct precipitation), creating a surface with discontinuous, 
partial flooding and/or saturated soils, which results in a small 
increase in backscattering. The change in σ°  between a "non-
flooded" to a flooded state thus will vary depending on whether 
the stand is located on flat or sloping ground and whether it has 
been partly flooded.  The strength of the flooding signal is 
further modulated by tree height, stand density, and canopy 
depth. 

Wetland shrubs can be separated into two groups (Fig. 
15a). Those in lower topographic positions (e.g., those closest 
to open water in Fig. 8h) have little emergent canopy or trunk 
at the lowest water level on 30 October; backscattering 
therefore drops as water levels rise. For shrubs on higher 
ground, backscattering is higher on 30 October than for the 
first group (because they are fully exposed and possibly 
because they are larger), then increases as the shrubs are 
flooded, then decreases as the amount of exposed trunk and 
canopy diminishes with rising water levels. Backscattering 
from woodlands follows a similar trajectory of an initial 
increase followed by decrease, but with higher returns and with 
decreased backscattering commencing at a higher stage level 
owing to greater stand height (Fig. 15b).  

On dates of peak returns, backscattering from woodlands 
and from the second shrub group fall in the same range as that 
from flooded forest. Multi-temporal statistics can be used to 
separate shrubs and woodlands from forest and from each 
other, e.g. the minimum HH or HV object mean across the five 
image dates (Fig. 15c) or the range (Fig. 15d).  

Three main types of multi-temporal trajectories may be 
noted for aquatic macrophytes (Fig. 15e):  1) stands with a 
marked peak or peaks corresponding to high biomass states; 2) 
stands with more or less constant returns, which either maintain 
high biomass year-round or were not imaged on dates 
corresponding to senescene or lower biomass states; and 3) 
stands with consistently low biomass, which may be short or 
sparse year-round or may not have been imaged during high-
biomass states. Multi-temporal maximum returns (Fig. 15f) 
from macrophytes are distinct from those of forest but not from 
those of shrub or woodland.  Confusion of macrophyte with 
woodland can largely be eliminated using the multi-temporal 
minimum (Fig. 16a). Confusion with shrubs is more 
problematic but can be reduced using thresholds of returns on 
the dates with the highest and lowest water levels (Fig. 16b). 

 

       

       
Fig. 16. a) Minimum HH and HV object means for the five 
imaging dates, woodland and aquatic macrophyte. b) HH 
returns on October 30 and June 14, wetland shrub and aquatic 
macrophyte. 
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Fig. 15. HH σ° for shrub (a), woodland (b), and macrophytes (e) for the 5 imaging dates, and HH σ° vs. HV σ° multi-temporal 
minimum (c), range (d), and maximum (e).  Plotted values are polygon means. Dates are ordered from lowest flood level to highest. 
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C. Habitat map 

Based on multi-temporal object statistics such as those 
described above, image objects were classified first into 
structural types and then into flooded/non-flooded states 
(Table V; Figs. 17,18).  Classification accuracy was 94% for 
wetland vs. upland and greater than 83% for all vegetation 
types. Defining flooding periods of Mamirauá woody habitats 
using nomenclature widely used in the Brazilian Amazon, [8] 
assigned a period of 2 to 4 months per year to high levee 
(restinga alta) forest, 4-6 months per year to low levee 
(restinga baixa) forest, and 6-8 months per year to chavascal. 
Chavascal is a rather loosely defined term for low-lying, 
swampy non-forest areas with low, shrubby vegetation and 
trees with high flood tolerance such as Pseudobombax 
munguba, Piranhea trifoliata, and Cecropia sp., and the jauari 
palm (Astrocaryum jauari). As mapped with PALSAR, most 
of the area identified by [8] as chavascal (woody but non-
forest, and flooded 6-8 months per year) is rather forest 
inundated 4 to 6 months per year (and the lower portions of 
forest inundated 1 to 3 months per year). The area estimated 
by this study as having an inundation period of 1 to 3 months 
per year is much more extensive than previous estimates.  

 

 
Fig. 17. Mapped habitats; legend in Table 5. 

 

TABLE  V 
MAPPED HABITAT CLASSES 

   
Non-vegetated  

 Wetland  

  Artificial surface  
  Permanent open water  
  Seasonally inundated non-veg  
 Upland  

  Artificial surface  
Vegetated  

 Wetland  

  Closed tree (forest)  

   Flooded 0-1 mos/yr  
   Flooded 1-3 mos/yr  
   Flooded 4-5 mos/yr  
   Flooded 5-6 mos/yr  
   Flooded 6-8 mos/yr  
   Flooded > 8 mos/yr  
  Open tree (woodland)  

   Flooded 6-12 mos/yr  
  Shrub  

   Flooded 6-12 mos/yr  
  Herbaceous  

   
Seasonal or permanent aquatic 
macrophyte  

 Upland  
 

D. Conclusion 

The analysis carried out for Mamirauá using Fine-beam 
PALSAR data acquired at five river stage levels clearly 
demonstrates the utility of ALOS PALSAR for deriving new, 
ecologically significant information about floodplain habitats 
related to inundation period. The finding here of a greater than 
previously estimated area of forest with relatively short 
inundation periods is important, since this type of forest has 
higher biodiversity and greater potential for sustainable 
forestry than those flooded for longer periods (and illustrates 
how PALSAR-based mapping supports conservation 
management and international conventions such as Ramsar 
and the Convention on Biodivesity). Using an object-based 
approach with carefully chosen segmentation parameters, 
classification can be carried out at the original FBD resolution 
of 12.5m, which is well suited to field applications. This fine-
scale mapping will also be used to assess scale effects in Phase 
2 analyses of regional-scale (~100 m) ScanSAR datasets. 
 
 
 
 
 
 



 
 
 
 

 
 
 
 

 
Fig. 18. Detail view of habitat mapping. 
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Abstract—Using  PALSAR  radar  on-board  the  ALOS  space 
platform, we assembled radar mosaics covering three main arid 
regions  in  northern  China:  Taklamakan,  Badain  Jaran  and 
Hunshandake deserts. They are active deserts which are the main 
source for sand transported over southern regions in China. The 
PALSAR L-band sensor allows to map paleo-drainage channels, 
witness  of  past  and  present  episodic  water  flows.  We  thus 
observed  channel  pathways  from  the  surrounding  mountains 
which flow into the desert regions, as the main sediment supply 
sources.  Field  work  was  performed  during  October  2010  in 
cooperation with the Institute for Geology and Geophysics of the 
Chinese  Academy  of  Science.  We  studied  dune  and  channel 
formations in the Hunshandake desert, 500 km north of Beijing. 
Future work will concern the desert regions of Badain Jaran and 
Taklamakan.

Index  Terms—ALOS  PALSAR,  K&C  Initiative,  Desert  and 
Water Theme, Northern China, Paleo-drainage channels, deserts.

I.  INTRODUCTION

The Kyoto & Carbon Initiative was defined to support data 
and information needs raised by international  environmental 
conventions,  carbon  cycle  science  and  conservation  of  the 
environment  [1].  This  initiative  is  led  and  coordinated  by 
EORC JAXA, and supported by an international science team. 
It focuses primarily on defining and optimizing provision of 
data products and validated thematic information derived from 
in-situ and satellite sensor data,  particularly data acquired by 
the  Phased  Array  L-band  Synthetic  Aperture  Radar 
(PALSAR) on-board the Advanced Land Observing Satellite 
(ALOS) [2]. The Kyoto & Carbon Initiative is based on  three 
coordinated  themes  relating  to  global  biomes,  Forests, 
Wetlands, Deserts and Water, and a fourth theme dealing with 
the generation of regional PALSAR mosaics [3].

The  access  to  freshwater  resources  is  a  crucial  point  for 
future generations, in particular in semi-arid and arid regions 
on Earth.  Currently,  typical  water  prospecting schemes start 
from  existing  geological  maps,  in  order  to  define  further 
fieldwork  exploration  (geophysical  prospecting,  drilling). 
Several  pilot  projects  have  shown  the  usefulness  of  Earth 

observation data for generating structural maps that can then 
be used for water  resources  prospecting,  as for instance the 
ESA Tiger  Initiative [4]. Most of related studies considered 
space-borne optical data such as LANDSAT to map surface 
structures in regions where a geological map is not available. 
A strong limitation of this process is the fact that most of the 
relevant geological features in arid regions are hidden under a 
thin layer  of aeolian sandy sediments: subsurface geology is 
then  generally  invisible  for  classical  optical  remote  sensing 
instruments. 

Low  frequency  orbital  Synthetic  Aperture  Radar  (SAR) 
nevertheless  has  the  capability  to  probe  from  space  the 
subsurface  down  to  several  meters  in  arid  areas.  Previous 
studies have shown that L-band SAR was able to reveal buried 
and  previously unknown paleo-drainage  channels  in  Sahara 
[5]. During Phase 1 of the Kyoto & Carbon Initiative, we used 
JERS-1  and  PALSAR  radar  data  to  build  regional  and 
continental scale mosaics of Sahara, that revealed previously 
unknown geological features such as craters, faults and paleo-
rivers [6, 7, 8]. In particular, we mapped a major 1300 km-
long paleo-drainage system in eastern Libya, that could have 
linked the Kufrah Basin to the Mediterranean coast  through 
the Sirt Basin, possibly as far back as the middle Miocene [8]. 
This  result  is  of  highest  importance  for  water  resource 
management in eastern Libya.

Within Phase 2 of the  Kyoto & Carbon Initiative, which 
took place during 2009 and 2010, we focused on the mapping 
of arid areas in northern China: Taklamakan, Badain Jaran and 
Hunshandake deserts.  They are active deserts  which are the 
main  source  for  sand  transported  over  southern  regions  in 
China.  The  PALSAR L-band sensor  allows  to  map paleo-
drainage channels, witness of past and present episodic water 
flows. This work is being performed in cooperation with the 
Institute of Geology and Geophysics of the Chinese Academy 
of Science, Beijing.

II. DESERTS IN NORTHERN CHINA

Present deserts of northern China mainly distribute between 
35˚-50˚N  and  75˚-125˚E,  forming  an  E-W  trending  mid-
latitude  desert  belt.  The  area  of  desert  cover  in  China  is 



1,533,000 km2, that is more than 15% of the whole country [9]. 
We focused  on three  main desert  areas  (see  Figure  1).  The 
Taklamakan is one of the largest sandy deserts in the world and 
covers an area of 270,000 km2. It is about 1,000 km long by 
400  km  wide.  In  recent  years,  a  cross-desert  highway  was 
constructed,  that  links  the  cities  of  Hotan  (on  the  southern 
edge) and Luntai (on the northern edge). The desert expands in 
some areas, sand enveloping farms and villages as a result of 
an active desertification process.  The Badain Jaran desert  in 
western  Inner  Mongolia  covers  an  area  of  49,000  km2 and 
contains some of the tallest sand dunes in the world, reaching 
500  m high,  juxtaposed  with  a  large  number  of  permanent 
lakes  in  the  inter-dune  depressions  [10].  The  Hunshundake 
desert  is  located north-east  of  China,  between  latitudes  42°- 
44°N and longitudes  112°-118°E, and covers around 21,400 
km2. In this area, the climate is typically controlled by the East-
Asian monsoon system,  with cold winters  and hot  summers 
[11]. Northern deserts in China are likely to have experienced 
frequent climate change, controlled by monsoon systems, but 
large  uncertainties  in  our  understanding  of  these  changes 
remain.  Large  areas  in western China were wetlands or less 
arid  between  40  and  30  ka,  corresponding  to  the  “Greatest 
Lake Period” on the adjacent Tibetan Plateau. During the last 
glacial  maximum,  some  of  these  Chinese  deserts  again 
experienced wetter conditions; however, at the same time the 
sandy lands in the eastern Chinese desert belt experienced an 
activation of aeolian dunes. While interpretations of the mid-
Holocene  environment  in  the  deserts  of  China  are 
controversial, it is quite likely that it was more humid not only 
in the eastern areas influenced by monsoon climate systems but 
also  in  the  western  deserts  where  moisture  is  currently 
associated with westerlies [12]. Considering also the fact the 
deserts in northern China are still active and are the source for 
aeolian sediments that are further transported to the south, it is 
then  of  high  importance  to  better  understand  their  past  and 
present history.

III. PALSAR MAPPING OF PALEO-DRAINAGE SYSTEMS IN 
NORTHERN CHINA

We used PALSAR dual-pol data to realize mosaics of the 
three  studied  region.  The  largest  ones,  i.e.  Taklamakan  and 
Badain  Jaran  deserts,  were  mapped  using  50  m  resolution 
PALSAR strips provided within the framework of the K&C 
project  (see  Figures  2  and 3).  We used a  total  of  48 strips 
obtained during acquisition cycle 20 (June – July 2008). The 
smallest  are  of  Hunshandake  desert  was  mapped  using  40 
higher  resolution  PALSAR  individual  scenes,  to  produce  a 
final radar map at 12.5 m resolution (see Figure 4).

To  process  the  50  m  resolution  PALSAR  strips  of  the 
Taklamakan  and  Badain  Jaran  regions,  we  used  a  fully 
automated  data  processing  chain  that  we  developed  during 
Phase  1  of  the  K&C Project.  It  produced  a  set  of  1o x  1o 

geocoded  SAR  scenes,  that  can  be  superposed  to  the 
corresponding 1o x 1o SRTM squares. This data set is managed 
with the help of a web map server (MapServer), that allows to 

import  and  display PALSAR data  under  Google  Earth.  The 
higher  resolution  PALSAR  scenes  used  to  map  the 
Hunshandake  desert  were  individually  processed  and 
assembled to produce the geocoded mosaic displayed in Figure 
4. It  is a single and large radar image that can be displayed 
under  Google  Earth,  to  allow  a  comparative  analysis  with 
Landsat-TM  visible  data.  In  cooperation  with  the  Chinese 
Academy of Sciences, we participated to a study of the dune 
formation process  in the Badain Jaran desert.  Our PALSAR 
mosaic allowed to map channel pathways from the surrounding 
mountains,  which  flow  into  the  desert  region,  as  the  main 
sediment supply sources for the large dunes of the Badain Jaran 
desert [13].

The  obtained radar  mosaics  were  also converted  into an 
interactive atlas product, that allows to display 1o x 1o geocoded 
radar  maps, with HydroSHEDS drainage network as overlay 
(see Figure 5). The HydroSHEDS (Hydrological data based on 
SHuttle Elevation Derivatives at multiple Scales) data set was 
computed from SRTM topography data by the USGS, and it 
provides  hydrographic  information  such  as  river  networks, 
watershed boundaries and drainage directions [14]. Combining 
SRTM-derived  drainage  system  to  the  sub-surface  imaging 
capacities of PALSAR allows to clearly reveal  past drainage 
networks.

IV. FIRST FIELD WORK EXPERIMENT IN THE HUNSHANDAKE 
DESERT

Within the framework of our cooperation with the Institute 
of  Geology  and  Geophysics  of  the  Chinese  Academy  of 
Science,  we  participated  to  a  field  work  experiment  in  the 
Hunshandake desert during October 2010.

Two  main  goals  were  defined  for  this  field  work:  1) 
Perform some geomorphological studies of past lake structures 
and  2)  Realize  some  Ground  Penetrating  Radar  (GPR) 
sounding of young dune formations.

Geomorphological  studies of paleo-lakes were conducted 
with the help of SRTM and PALSAR maps, which allowed us 
to  accurately detect  and locate paleo-shorelines.  The use of 
these  data  on  the  field,  combined  to  GPS  localization, 
contributed to find several  lacustrine sediment  outcrops and 
paelo-shoreline that we could study into details (see Figure 6, 
top). These observations will help to construct a scenario of 
past climate conditions in the Hunshandake desert [11, 12].

We also performed some GPR sounding over recent dune 
fields  in  the  western  part  of  the  Hunshandake  desert  (see 
Figure 6, bottom), in order to map subsurface structures that 
are remnants of the dune formation process. Such studies are 
crucial  to  model  the  soil  erosion  and  sand  transportation 
processes, which are key elements of the active desertification 
taking place in northern China.

Future field work will concern the exploration of Badain 
Jaran  and  Taklamakan  regions,  with  the  help  of  PALSAR 
generated  maps  to  define  accurate  location  of  interesting 
geological features to be studied on the field.



Figure 1.  Map of China showing the location of the three studied deserts. From West to East: Taklamakan, Badain Jaran, Hunshandake.



Figure 2.  PALSAR mosaic covering the Taklamakan desert (50 m resolution strips).



Figure 3.  PALSAR mosaic covering the Badain Jaran  desert (50 m resolution strips).



Figure 4.  The Hunshandake desert: SRTM coverage (top, 90 m resolution) and PALSAR mosaic (bottom, 12.5 m resolution).



Figure 5.  A 1ox1o PALSAR map, part of the generated atlas,  with potential paleo-river networks computed from SRTM overlaid.



Figure 6. Top: Lacustrine sediment outcrop that was localized with the help of SRTM and PALSAR data. Bottom: Ground Penetrating Radar sounding of a recent 
sand dune in the Hunshandake desert.
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Abstract—  

ALOS PALSAR, an orbiting L-band SAR 
launched by the Japanese Aerospace and 
Exploration Agency (JAXA) in 2006, has been 
pursuing a global observation strategy through 
its ALOS Kyoto and Carbon Initiative (ALOS 
KC) [6]. The objectives of the ALOS KC project, 
lead by JAXA, include systematic global scale 
acquisitions by ALOS PALSAR, and the 
production of products quantifying the 
geographic extent of forested, desert, and 
wetlands [2].   

In this report, we will describe our activities 
during the ALOS KC phase 2.  The objective is 
the accurate ortho-rectification and calibration 
of ALOS PALSAR data for use in mapping 
inundated wetlands. We will describe data 
collected, calibration issues (both radiometric 
and geometric), ortho-rectification of the KC 
data, and completed mosaic products. 
 

Index Terms—ALOS PALSAR, K&C Initiative, Wetland 
Theme, Mosaic Theme, inundated wetlands 

I.  INTRODUCTION 
A. Science objectives 

A NASA funded research task will be generating 
an Earth Science Data Record for global inundated 
wetlands.  Wetland extent and dynamics will be 
characterized using ALOS PALSAR imagery and 
other sensors. The extent and seasonal, inter-annual, 
and decadal variation of inundated wetland area 
play key roles in ecosystem dynamics. Wetlands 

contribute approximately one fourth of the total 
methane annually emitted to the atmosphere and are 
identified as the primary contributor to inter-annual 
variations in the growth rate of atmospheric 
methane concentrations. Climate change is 
projected to have a pronounced effect on global 
wetlands through alterations in hydrologic regimes, 
with some changes already evident. In turn, climate-
driven and anthropogenic changes to tropical and 
boreal peatlands have the potential to create 
significant feedbacks through release of large pools 
of soil carbon and effects on methanogenesis. 
B. Ortho-rectification 

Ortho-rectification of the data consists of 
resampling the geocoded data into a well-known 
projection and file format.  There are two reasons 
ortho-rectification of the PALSAR imagery is 
important for the development on an inundated 
wetlands product:   

1) Field and validation data are geocoded.  In 
order to make use of these data, the PALSAR image 
data must be accurately geocoded as well.  Since 
inundated wetlands are highly variable and change 
at spatial scales comparable to the resolution of the 
PALSAR image data, the PALSAR image data 
must be geocoded to an accuracy commensurate to 
its pixel size.   In order to easily verify the 
geocoding of the data, the data must be ortho-
rectified. 

2) SAR imagery is impacted by topographic 
slope. This terrain-induced change in backscatter 
can mimic the signature due to inundated wetlands 



in areas where there should be no inundated 
wetlands (ie mountainous terrain).  It is well known 
how to correct the radiometry of the image for this 
effect, but it requires that the imagery be well 
registered to the topographic data. 
C. Calibration 

There are several types of calibration that must 
be applied to PALSAR image products.   

1) Some image path products have processing 
artifacts present in the image. These processing 
artifacts can not be corrected and must be removed 
from the image. 

2) The relative calibration of the image 
consists of evaluating and correcting for errors in 
the antenna pattern gain correction and, in the case 
for ScanSAR data, the removal of cross track 
banding at the seams of the different ScanSAR 
image beams.   

3) The absolute calibration of the data consists 
of insuring that adjacent and overlapping paths of 
the ALOS image swaths have comparable image 
backscatter values. Adjacent and overlapping paths 
can have varying backscatter values due to both 
calibration errors and physical changes on the 
ground (ie. Change in moisture content).  However, 
for the purposes of this task, the objective is the 
minimize these brightness variations, even if they 
are due to real physical changes to the landscape. 
D. Mosaicking 

The last step is mosaicking image products. This 
step involves stitching together the ortho-rectified 
and calibrated image products. Evaluation of the 
image mosaic products is helpful for determining 
processing and acquisition gaps, and residual 
calibration errors, as well as being used for 
visualization of the data and product development. 

II. DESCRIPTION  
A. Relevance to the K&C drivers 

The Wetlands theme of the ALOS KC initiative 
[2] will utilize ALOS image mosaics that have been 
ortho-rectified and projected to a simple ground 
projection.  This simplifies quantitative analysis (i.e. 
overlap regions are eliminated) and validation and 
verification (i.e. it is easy to geographically compare 
with validation data sets).   The mosaic theme of the 
ALOS KC initiative therefore enables this work by 
producing ortho-rectified image products.   The 

specific objective of this task within the ALOS KC 
phase 2 was to produce ortho-rectified ScanSAR 
imagery and mosaics in South America where rich 
multi-temporal image data will be acquired.  
Another objective of this was to continue the 
development of the dual polarization (HH/HV) 
ortho-rectified and calibrated image mosaic of North 
and South America. 

The most basic requirement for modeling 
regional to global methane or carbon dioxide 
emissions from wetlands is a digital wetlands map 
with an appropriate scale and classification scheme 
[2].  The ultimate results of this project to map the 
extent and dynamics of inundated wetlands will 
therefore improve our understanding of the carbon 
cycle as well as facilitate conservation of wetland 
areas simply by identifying the location and 
maximum and minimum extent of wetlands.  
B. Work approach 

The JAXA Earth Observation Research Centre 
(EORC) provides slant range “Path” image strips for 
use by the ALOS Kyoto and Carbon Initiative [2].  
These image strips can be thousands of kilometers in 
length, but have a reduced resolution compared to 
that obtained during standard processing.  The 
calibration is the same as that performed during 
standard processing, but the file format is slightly 
different. 

The first step after path processing by the EORC 
is the ortho-rectification of the image data.  For 
these results, we use the software package from 
Gamma Remote Sensing [7] to ortho-rectify the data 
to a supplied digital elevation model (DEM).  The 
DEM data was constructed from the SRTM DEM, 
and other available DEM’s outside of the SRTM 
coverage area [8].   

In order to organize and simplify the processing 
of the data, we use the UTM grid zones of the world 
(such as seen in [10]) to segment the world into 
sections measuring 6 deg of Longitude by 8 degrees 
of Latitude in size.  Each path image is then ortho-
rectified into each UTM grid zone that it passes 
through. 

During KC phase 2, we discovered that the 
ScanSAR path products were difficult to geocode to 
the desired level of accuracy.  Gamma Remote 
Sensing modified some code related to the 



geocoding of ScanSAR KC path products, and 
subsequently, we found that the geometric accuracy 
could now be reliably assessed.  However, we still 
found that, when compared to a simulated SAR 
image based on the SRTM DEM, there were still 
several pixel large errors in geolocation between the 
PALSAR data and the SRTM DEM.  Meanwhile, 
pixel-level geolocation accuracy is critical for 
monitoring wetland dynamics. 

 In order to correct these geolocation errors, the 
Gamma Remote Sensing software includes software 
for estimating and correcting offsets between 
images.  This software is designed to assist in co-
registering pairs of SAR images prior to interfering 
them, but also can be used to correct the image 
geocoding parameters.   

The wetland area in our study region in South 
America is a challenging one, as the imagery is very 
dynamic.  The rivers and wetland areas change in 
appearance and sometimes slightly in location.  
However, we have found that cross-correlating the 
imagery against a simulated SAR image based on 
the SRTM DEM can be effectively used to 
determine geocoding errors, if the matching 
algorithm has robust parameters assigned to it. 

After correcting any geocoding errors, the 
matching algorithm is again executed in order to 
produce an estimate of the effectiveness of the 
procedure. If the procedure is effective, the offsets 
should be less than 1 pixel. Figure 1 shows an 
example of the offset maps, in which the offsets in 
the slant plane of the path images in the range and 
azimuth direction are graphically visualized, before 
and after correction.  

A procedure was implemented that successfully 
corrected any geocoding errors present in ScanSAR 
or fine beam path images.  This procedure is applied 
separately for each UTM grid-zone that an image 
path crosses. 

To examine the geometric errors present in the 
ScanSAR path images, we examined the mean range 
and azimuth offset from the SRTM DEM of 388 
UTM grid-zone-projected images (see figure 2). 

 

 
Figure 1: example of range and azimuth offsets for one UTM 

grid-zone projected path image, when compared with a simulated 
SAR image based on the SRTM DEM for the same region. 

As can be seen, on average the range and azimuth 
offsets are very close to zero pixels, but it is not 
uncommon to see offsets greater than 1 pixel. 

 
 

Figure 2:  mean offsets of 388 UTM grid zone projected path 
images from SRTM DEM. 

If we examine these offsets in more detail, we 
find that the mean range offset is -0.22 pixels in 
range, and -0.54 pixels in azimuth, with a standard 
deviation of over 4 pixels.  If we exclude outliers 
from one RSP (424), in which the offsets were 
consistently greater than 10 pixels, we find that the 
mean range offset is 0.34 pixels, and the mean 
azimuth offset is -0.22 pixels, with a standard 
deviation of about 2 pixels.  The range spacing for 
the EORC path images is 37.5 meters in range and 
70 meters in azimuth, which leads to mean range 
offset of just 12.8 m ± 82.5 m, and a mean azimuth 
offset of -15.4 m ± 119 m (excluding RSP424).  
However, even though the mean error is excellent, 
the variation about the mean necessitates estimating 



and correcting geometric offsets for each path 
image. 

Note that while the mean offset is quite small, as 
figure 1 indicates, the offset for each image is not a 
simple overall range and azimuth shift, but is a 
varying shift in both range and azimuth. To 
compensate for this variability, a 6th order 
polynomial was fit to the varying range and azimuth 
offsets and used to correct the varying shift for each 
UTM grid-zone-projected path image. 

There are several approaches taken to correct for 
the various radiometric corrections.   

First, each image path was trimmed in the near 
and far range, to insure that artifacts are not present 
in the final products (figure 3).  Since there is, in 
general, ample overlap, this does not result in loss of 
much data. In fact, for ScanSAR data, the data in the 
near range is acquired at a very small incidence 
angle that is not very sensitive to backscatter 
signatures related to inundated wetlands, and should 
be discarded in any case. 

Figure 3.  a) Original path image strip.  b) Trim near and far 
range. 

Secondly, some of the EORC path images that 
were processed early in the KC initiative, the 

ScanSAR processing algorithm occasionally 
introduced banding in the ScanSAR path image strip 
that varied along track.  This error can only be 
estimated empirically from the data. We also 
sometimes see an error similar to what a slight error 
in the antenna pattern correction could produce. We 
are still evaluating the best algorithm for correcting 
these and other similar range and azimuth dependent 
radiometric errors. In figure 4, dual polarized ALOS 
path imagery from an RSP over Alaska were 
averaged in the along track direction for the entire 
duration of the image strips. Then, the mean and 
standard deviation of the image brightness was 
determined for each range pixel. After averaging 
over more than a thousand kilometres, the resultant 
mean trend for each image strip would ideally 
represent the inverse of the required radiometric 
correction. As can be seen in figure 4, the nature of 
the trend for HH and HV are slightly different. 

Currently, we have implemented an approach in 
which a large (~50km) running average of the 
average backscatter value (excluding both high and 
low backscatter values) is determined and the trend 
compensated. 

Figure 4.  trends (before trimming)  in the range direction. a) 
HH. b) HH, excluding data outside of 1db of mean. c) HV.  d) 

HV, excluding data outside of 1db of mean. 



 

 
Figure 5.  a)  ortho-rectified imagery prior to radiometric terrain 
correction.  B) ortho-rectified imagery after radiometric terrain 
correction.  Without this correction, highland areas may have 

been improperly classified as inundated areas. 

Third, we use the Gamma Remote Sensing 
software to remove terrain effects introduced due to 
the changing pixel area illuminated within a pixel, 
due to topographic slopes (see figure 5).  We 
perform this correction as these terrain-induced 
effects can introduce errors when trying to decipher 
the inundation state of the illuminated terrain, as 
terrain effects can mimic some of the signatures of 
inundation (low backscatter can imply open water, 
while high backscatter can imply inundated 
vegetation).  However, this correction requires 
excellent geocoding, and an accurate knowledge of 
the topography at the pixel spacing of the ALOS 
imagery.  For this purpose, in South America, we 
use the 3-arcsecond pixel-spacing SRTM DEM, 
which is comparable in resolution to the ALOS 
ScanSAR imagery.  Outside of the SRTM coverage 
area, we use the best available DEM. 

Stitching the ortho-rectified strips into a single 
image forms the mosaics. This stitching is done at 
JPL using JPL developed software called 
“multimosaic” [11].  There are several available 
options for this software related to deciding which 

pixel from multiple images is preserved in the 
mosaic, if a single pixel is imaged more than once.  
When making single cycle mosaics, the option 
chosen was to have the far range portion of the 
imagery to take precedence over the near range 
imagery, if they overlap.  Zero-fill areas are ignored. 

Lastly, after a mosaic is constructed, it sometimes 
becomes visibly apparent that adjacent images have 
a significant difference in brightness. This manifests 
as a banding effect within the mosaic.  This is an 
undesirable appearance, as it may result in the 
perception that there is a significant calibration 
problem with the data, as well as potentially making 
it problematic to correctly classify the status of 
inundation in wetland areas. 

The image brightness may vary for a variety of 
reasons.  The instrument calibration may be in error, 
or there may be processing errors at some stage.  
Since the radar backscatter of targets vary with 
incidence angle and with target type, and since 
ScanSAR data has a wide range of incidence angles 
within a swath (from 20 degrees to 50 or more 
degrees), some banding may be due to the varying 
nature of the scattering of whatever may be on the 
ground.  Recent changes in moisture content of 
vegetation and/or ground soils can result in 
significant changes in backscatter as well (i.e. [12]).  
In the context of making it easier to identify 
locations of inundated wetlands, this change in 
brightness, whatever its cause, can be compared 
with adjacent images or an image average, and an 
empirical adjustment performed. This may, 
however, obscure physical signatures in the data.   
Changes in backscatter texture and contrast due to 
some of these effects, in particular those due to 
varying incidence angles within an image, cannot be 
easily corrected. 

To examine this phenomena more fully, 70 
ScanSAR image strips were analyzed from UTM 
grid-zone tile 19M in South America. For each pixel 
in tile 19M, the mean and standard deviation of the 
radiometrically corrected backscatter values were 
calculated, as well as the ratio of the standard 
deviation to the mean.  If the ratio of the standard 
deviation to the mean was found to be less than 0.3 
(which typically indicated that the pixel was not 
predominately open water or occasionally inundated 
vegetation), the mean difference between the mean 



value and the individual value was determined.  For 
these 70 ScanSAR image strips within tile 19M, 
millions of pixels satisfied this criteria.  The mean 
mean-difference for each ScanSAR image strip was 
then calculated and plotted as a function of 
acquisition date, and the result is shown in figure 6. 

 

 
Figure 6.  Mean mean-difference between average image 

brightness and each of 70 ScanSAR image strips in UTM grid-
zone tile 19M. 

As can be seen from figure 6, the mean difference 
typically varies less than 0.5 db, with occasional 
excursions of almost a couple of dB.  Since the eye 
is sensitive to variations on the order of a tenth of a 
dB, without corrections, some of these variations of 
absolute brightness will be quite evident if not 
corrected.   

Once the data is calibrated, it must be evaluated 
whether the calibration of the data, and the nature of 
the data itself, will allow for the identification of 
inundated wetland areas using the ALOS imagery 
alone.  One simple wetland class that may be 
robustly identified in this ALOS ScanSAR imagery 
is open water when surrounded by a high biomass 
forest. Since the forest backscatter is high (!0> -
10dB) the open water areas, which tend to have low 
backscatter values (except at small incidence 
angles), may be delineated with a simple threshold 
(values !0< -10dB).  It is possible that areas of low 
vegetation could have similar backscatter values, 
depending on illumination incidence angle; therefore 
this must be validated prior to making definitive 
products.  Figure 7 shows the application of this 
threshold to a mosaic of ScanSAR imagery, for a 

location in Brazil along the Solimoes river. 

 
Figure 7:  Simple threshold (!0< -10dB) indicated in blue for 

identifying open water.  Solimoes river, Brazil.   

Another simple wetland class that may be 
robustly identified are inundated vegetation areas.  
In this case, the inundated vegetation is much 
brighter than the surrounding non-inundated forests 
(!0> -6dB).  Figure 8 shows an example of 
thresholding the data with this value. As can be 
seen, this threshold roughly identifies the location of 
inundated vegetation. However, there are other 
features, such as urban areas, that have similar 
backscatter values as inundated vegetation;  
therefore, this must be validated prior to making 
definitive products.  However, this verifies that the 
ALOS ScanSAR data is both well enough calibrated 
and with high enough sensitivity to these inundation 
conditions to begin this work. 

 



 
Figure 8:  Simple threshold (!0< -6dB) indicated in blue for 

identifying inudated vegetation.  Solimoes river, Brazil. 

Many of the described processing steps are CPU 
intensive.  In order to facilitate the processing of this 
data, in particular the ortho-rectification of the data, 
some processing has been conducted on “Pleiades” 
at the NASA Advanced Supercomputing Division 
located at the NASA Ames Research Center.  
Pleiades, in 2009 the sixth most powerful 
supercomputer in the world, represents NASA's 
state-of-the-art technology for meeting the agency's 
supercomputing requirements, enabling NASA 
scientists and engineers to conduct modeling and 
simulation for NASA missions.   It consists of 148 
computer racks holding 9,472 nodes with 84, 992 
cores and a total memory of 133 TBytes.  

 
C. Satellite and ground data 

The ortho-rectification of the dual polarization 
ALOS PALSAR data is dependent on the DEM 
reference used.  For this work, the SRTM 90 DEM 
from CGIAR-CSI [8,9] was oversampled to one arc-
second pixel spacing and padded to overlapping and 
padded DEM tiles.  The ALOS dual polarization 
data and ScanSAR data are in the slant range 

projection from the JAXA EORC, and span Summer 
2007 to the end of 2010. 

III. RESULTS AND SUMMARY 
Figure 9 shows a mosaic of the average of 221 

ScanSAR path images from late 2006 to mid 2010, 
which have been subsetted into 1253 UTM grid-
zone tiles.  Typically, each pixel in this mosaic is an 
average of approximately 10 path image pixels, as 
governed by the location of each processed image.  
Each ScanSAR mosaic is posted with a pixels 
spacing of 3 arcseconds, or approximately 90 
meters. 

 
Figure 9.  Mosaic of average of ScanSAR images (late 2006 to 

mid 2010). 

In addition to an average image mosaic, figure 10 
shows mosaics of ScanSAR data acquired within 
adjacent pairs of ALOS orbit cycles.  Some cycles 
have better coverage than others due to the global 
observation scenario, acquisition conflicts, and 
available processing resources.  Some path images 
and UTM grid-zone locations have not yet been 
ortho-rectified. 



 
10a) ScanSAR mosaic of cycle 7 and cycle 8 

 
10b) ScanSAR mosaic of cycle 9 and cycle 10 

 
10c) ScanSAR mosaic of cycle 11 and cycle 12 

 
10d) ScanSAR mosaic of cycle 13 and cycle 14 

 
 
 
 
 



 
10e) ScanSAR mosaic of cycle 15 and cycle 16 

10f) ScanSAR mosaic from cycle 17 to cycle 24 

 
10g) ScanSAR mosaic of cycle 25 and cycle 26 

10h) ScanSAR mosaic of cycle 27 and cycle 28 



10i) ScanSAR mosaic of cycle 29 and cycle 30 

 
10j) ScanSAR mosaic of cycle 31 and cycle 32 

 
10k) ScanSAR mosaic of cycle 33 and cycle 34 

These continental scale mosaics are shown for 
localized locations to illustrate the data quality at 
full resolution.  First, from the mosaic of the average 
of ScanSAR images: Figure 11 is the area near Noel 
Kempff National park, figure 12 is includes the Rio 
Branco, figure 13  is over an area in peru with large 
palm swamps, figure 14 shows the area near the Rio 
Negro, and figure 15 shows the Orinoco river delta. 

 
Figure 11: Noel Kempff National Park from mosaic of average of 

ScanSAR images. 



 
Figure 12.  Rio Branco from mosaic of average of ScanSAR 

images. 

Figure 13.  Palm Swamps in Peru from mosaic of average of 
ScanSAR images. 

Figure 14.  Rio Negro from mosaic of average of ScanSAR 
images. 

Figure 15: Orinoco River from mosaic of average of ScanSAR 
images. 

The mosaic of the average of ScanSAR images is 
a time averaged image and not necessary 
straightforward to interpret, however, it clearly 
delineates areas of interest for studying wetland 
dynamics.  For quantitative time series analysis of 
wetland dynamics, the single cycle mosaics must be 
used.  For instance, figure 16 shows a color 
composite of a wetland area near Guayaramer, 
Boliva (-12.7 degrees Latitude, -65.2 degrees 
Longitude), in which red is the cycle 9_10 mosaic, 
green is the cycle 11_12 mosaic, and blue is the 
cycle 13_14 mosaic.  This image illustrates the 
sensitivity of the ALOS ScanSAR imagery to 
change in inundation, and the separability of various 
land cover types from these signatures. 

 
Figure 16.  This image is about 200 m pixel spacing, and is a color 
composite of three ScanSAR mosaics (which red is the cycle 9_10 

mosaic, green is the cycle 11_12 mosaic, and blue is the cycle 
13_14 mosaic).  The image is centered on GUAYARAMER, 

Bolivia (-11.3 degrees Latitude, -65.6 degrees Longitude). 



One objective of this work is to compare wetland 
classifications generated from high resolution ALOS 
PALSAR data with that generated from much lower 
resolution (but much shorter orbit repeat intervals) 
passive spaceborne sensors such as AMSR-E.  
Therefore, using the illustrative but not definitive 
thresholding algorithm shown in figures 7 and 8,  
the fractional inundation was estimated to 
demonstrate how correspondences between these 
data products will be assessed. The fractional 
inundation is simply the fraction of the pixels within 
a region that are classified as either open water or 
inundated vegetation.  For this example, we 
separately calculated the fraction of open water 
(figure 17), and the fraction of inundated vegetation 
(figure 18), for each one degree by one degree cell 
within UTM grid-zone tile 19M.   As can be seen, 
the fraction of open water, as expected, does not 
change as much as the fraction of inundated 
vegetation. 

 

 

Figure 17a) Fractional open water May-June 2007, tile 19M. The 
fraction of open water varies from 0 (green) to 5 %. (yellow) 

 

 

Figure 17b) Fractional open water July 2007, tile 19M. The 
fraction of open water varies from 0 (green) to 5 %. (yellow) 

 

 

Figure 17c) Fractional open water for Aug-Sept 2007, tile 19M. 
The fraction of open water varies from 0 (green) to 5 %. (yellow) 



 

 
Figure 18a) Fractional inundated vegetation for May-June 2007, 

tile 19M, varies from 0 (green) to 30 % (yellow). 

 

 

 
Figure 18b) Fractional inundated vegetation for July 2007, tile 

19M, varies from 0 (green) to 30 % (yellow). 

 

 

 
Figure 18c) Fractional inundated vegetation for Aug-Sept 2007, 

tile 19M, varies from 0 (green) to 30 % (yellow). 

 

 
Figure 19a)  Four UTM grid –zone tiles covering the Western US,  

HH Polarization 



 
Figure 19b) Four UTM grid –zone tiles covering the Western US,  

HV Polarization 

 
Figure 19c) Four UTM grid –zone tiles covering the Western US,  
color composite (HH: red, HV: green, HH/HV: blue). Gaps and 

calibration errors are clearly visible. 

For dual polarization mosaics, the mosaics are 
posted at a pixel spacing of 2 arcsecond, or 
approximately 60 meters.  Figure 19 shows an FBD 
dual polarization mosaic for UTM grid-zone tiles 
10S 10T 11S and 11T covering the western United 
States.    The dual polarization data will be used by 
this wetlands mapping activity to discriminate the 
underlying vegetation structure of the wetland areas. 

 
Figure 20a) HH image (from mosaic shown in figure 19) without 

radiometric terrain correction.   

 

Figure 20b) HH image (from mosaic shown in figure 19) with 
radiometric terrain correction.   

A subset of data from the Northwest US shown in 
figure 19 illustrates the utility of radiometric terrain 
correction for identification of land cover types 
other than those related to wetlands.  Figure 20 
shows a mountainous region before and after terrain 
correction. As can be seen if examined at full 



resolution, while the terrain correction does not 
remove all terrain effects from the imagery, it does 
substantially improve the utility of the image 
mosaics for indicating different land cover types, 
such as clearings from undisturbed forest. 

This work has occurred during phase 2 of the KC 
initiative, and is still ongoing as calibration 
improvements are tested and implemented, gaps in 
processing and ortho-rectification are filled, and 
further coverage is undertaken.  Validated wetlands 
products are under development as separate 
components of this task. 
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Abstract— In the framework of the JAXA Kyoto and Carbon 
(K&C) project, blanket and systematic observations were 
acquired by the PALSAR synthetic aperture radar (SAR) in FBD 
dual-pol mode over those ecosystems of the world, which are of 
importance for climate change studies, carbon science, 
environment conservation and related environmental treaties.  
Starting from these observations, the role of JRC was to assemble 
a wide area and high spatial resolution (order of 100 m) mosaic 
of PALSAR images covering the whole African.  The mosaic is a 
dual-band (HH-HV) data set geo-referenced and terrain 
corrected (by a SRTM DEM) to a latitude-longitude coordinate 

system with pixel spacing of 8.333 310−  degrees. The main 
computational and radar science issues, which had to be taken 
into account to arrive from raw data at seamless imagery with 
good radiometric and geometric accuracy, are summarized.  

Index Terms—ALOS PALSAR, K&C Initiative, Africa, mosaic. 

 

I.  INTRODUCTION 

The thematic information relevant to K&C has to satisfy 
criteria of spatial consistency over very large areas (regional / 
continental scale) and, at the same time, of high spatial 
resolution (order of 100 m). To the purpose, large mosaics 
composed of radar images acquired along hundreds of orbits 
need to be assembled.  

A collaborative effort among several partners of the K&C 
project has led to the generation of these data sets.  We report 
here on the experience gained in one such collaborative effort, 
aimed at developing a wide area PALSAR mosaic over the 
whole African continent. A snapshot of the mosaic is shown in 
Figure 1.  The mosaic is a dual-band (HH-HV) data set 

referenced to a latitude-longitude coordinate system with pixel 
spacing of 8.333   degrees (roughly 100 m at the equator). 

The compilation of a large number of SAR images into a 
synoptic view of a wide planetary surface for lending support 
to studies of global geo-physical processes is certainly not a 
new deed.  Previous works have paved the way: the Central 
Africa mosaic of C-band ERS-1 [1], and the mosaics over the 
whole tropical and Boreal forest eco-zones of the world, 
composed of L-band JERS-1 imagery supplied by the JAXA 
[2][3][4]. These projects were indeed the precursors of K&C, 
and did set the stage for building the technical know-how 
which is required for the development and the analysis of 
wide-area high resolution radar mosaics. However, the K&C 
development signals one step higher in the scale of 
performance - hence complexity - with respect to its 
precursors, due to: i) the availability of the cross-polarized 
backscattered power (HV) together with a co-polarized return 
(HH); ii) the availability of a high-quality digital elevation 
model with comparable spatial resolution over the whole 
mosaic's extent; iii) a new type of SAR image product 
developed by JAXA, based on focusing the raw data along 
extended segments of the sensor's orbit, and thus more 
convenient for large area coverage; iv) improved sensor's 
performance with respect to radiometric (stability) and 
geometric accuracy; v) optimized acquisition plan which 
guarantees full coverage of the area of interest (continent) in 
the shortest time compatible with the sensor's orbital cycle (2 
months in the case of Africa). 



 
Figure 1.  The K&C continental-scale Africa mosaic. The mosaic was 

assembled from PAlSAR fine bean dual pol (FBD) images (HH band shown), 
which were geocoded into a geographic unprojected (latitude, longitude) 

coordinate system with a pixel spacing of 0.8333 millidegree (roughly 100 m at 
the equator). 

 
 These two last aspects are of paramount importance for 

the generation of seamless mosaics, which in turn is a pre-
condition for the successful thematic exploitation of the data 
sets The availability of the cross-polarized channel is very 
important, for instance, in thematic applications related to 
forest mapping, since cross-polarization arises from volume 
scattering, and therefore it is proportional to the woody 
biomass in the forest crown, to the trunk biomass through 
double bounce scattering, and less sensitive to direct ground 
contribution. The availability of a high quality digital 
elevation model paves the way to the utilization of precision 
geo-coding, of radiometric corrections for effects induced by 
topography, and of terrain morphology measures as additional 
training sets in a classification procedure. 

This report will give an account of the state of the art 
concerning the generation of the K&C Africa mosaic, an 
assessment of the data set quality, and preliminary 
observations which document the richness in information 
content, and the potential for future thematic applications. In 
section II an overview is given of the bespoke processing 
chain that was designed for the generation of the mosaic, and 
the main processing issues which arose in the implementation 
phase are discussed. Conclusions and recommendations for 
this paper are provided in Section V. 

II. PROCESSING ISSUES 

A. The mosaic processing chain 

 
The K&C PALSAR raw data were focused on a routine basis 
by JAXA  during the fall 2007, using a proprietary SAR 
processor (SigmaSAR). The processor generates path images 
in slant range, amplitude data at two polarisations (HH, HV), 
with 16 looks in azimuth and 2 looks in range, a pixel spacing 
of 37.47 m in range, 19.2 m in azimuth, and image size 
corresponding, in ground range, to approximately 70 km in 
range, and up to 2000-3000 km in cross-range.  
Features of the K&C path data sets (i.e. data volume, non-
linear geometry and radiometric anomalies) call for the 
development of bespoke processing chains for the assemblage 
of wide area mosaics with suitable geometric and radiometric 
quality. 
To the purpose a number of algorithms for the geometric and 
radiometric revision and the path images assembly were 
studied and implemented. This effort was conducted in 
collaboration with a Swiss company (SARMAP SA). 
Functionalities implemented in the K&C Africa mosaicking 
software include: 
• House keeping routines to handle the ingestion and 
the file structure of the JAXA path image data sets. 
• Adaptive calibration revision of the original slant 
range data sets. This module automatically checks for the 
presence of radiometric anomalies and calibrates accordingly 
the data (see section II.B). 
• Extraction of subsets corresponding to the 
geographical extent of each projected strip image from a 
continent-wide digital elevation model (DEM) over Africa. 
The DEM is derived from Shuttle Radar Topographic Mission 
(SRTM) data [5]. 
• Geo-coding into a geographic reference coordinate 
system (e.g. un-projected latitude-longitude) using the solution 
of the range-Doppler equations.  This step also produces 
auxiliary data holding the effective local incidence angles for 
each pixel of the backscatter amplitude image (see Section 
II.5) 
• Compression / decompression of the geo-coded 
imagery to optimize data volume and processing time. 
• Assemblage of the geo-coded strips within a geo-
graphic bounding box. The module uses an inter-strips 
amplitude blending algorithm to avoid edge effects. 
• Mosaic's radiometric revision to correct for 
seasonality effects and residual calibration errors, based on the 
estimation of backscatter differences along overlapping 
borders of neighboring strips (see section II.4). 
  

 

The bespoke modules are interfaced through a batch processor 
to the underpinning functions (e.g. geo-coding) provided by 
the commercially available software SARscape by SARMAP 
SA [6]. In this way large batch of data can be processed in 
background, while operator's intervention is limited to some 
critical steps, like the mosaic's calibration revision. Indeed 



optimization of processing resources (memory, disk space) 
and processing time was one of the challenges posed by the 
construction of a high resolution continental scale data set. 
In the following we will expand on the main issues that had to 
be resolved in the design and implementation of the 
processing chain in connection with the characteristics of the 
Africa mosaic's radar imagery. 

 

B. Radiometric revision of path slant range images 

Insight into the radiometric fidelity of K&C path data sets 
can be gained considering average slant range profiles. The 
profiles are computed by selecting areas which are as 
homogeneous as possible regarding the illuminated target from 
near to far range. 

An example is shown in Figure 2. The related data set is 
KC_004-13611N17S10FBDSLT1 (according to JAXA file 
naming convention) at HH polarization. The range profile 
(white line in the graph, the red line indicates the corrected 
profile after the revision) was estimated using a block of 512 
lines (amplitude slant range data) bracketing an area of 
homogeneous dense tropical forest extending from near to far 
range. Two features are strikingly evident by inspection of the 
graph: a linear negative trend of the amplitude signal from near 
to far range, and an abrupt, almost complete loss of power at 
the end of the swath. Quantitatively the power ratio between 
near and far range is roughly -2 dB. This amount of power loss 
cannot be justified either by the dependence on ground 
scattering area, nor by dependence of the radar cross section on 
incidence angle. In the first case, assuming that data provided 
by JAXA are proportional to power per unit area in slant range, 
the power ratio for the range of incidence angles in this data set 
should be roughly -0.04 dB. In the second case, wave 
scattering modelling of the dense tropical forest indicates that 
the power ratio at HH due to dependence of the radar cross 
section on incidence angle should be of the order of  -0.13 dB. 
Similar considerations apply for areas dominated by surface 
scattering (e.g. bare soil, water). 

This analysis suggests that two radiometric anomalies 
affect the data and should be taken into consideration in a 
revision process: complete loss of signal at image margin in 
range direction, and linear signal drop from near to far range 
within the segment with a valid signal. 

However, the problem is compounded by the fact that such 
anomalies are not observed systematically and consistently 
throughout the data sets used in the compilation of the mosaics. 
The abrupt power drop sometime happens at far range, 
sometime at near range, or even at both far and near range 
(presumably as a function of latitude in the geographic position 
of the strip image). The linear negative trend in range is not 
consistent in terms of rate of decay throughout data sets, and 
within the same set depends on average backscatter. Moreover 
in many cases the anomaly is not present at all. 

 

Figure 2.  Range profile as a function of incidence angle showing the power 
loss at the end of swath and the linear negative trend within the swath (white 

line in graph). The red line shows the corrected profile after the adaptive 
calibration procedure. 

 

This scenario strongly suggests that the radiometric 
revision process of the K&C strip data cannot be based on 
theoretical global correction functions, even if parameterized 
by free variables, but must per force rely on an adaptive 
algorithm driven by local estimation of the radiometric trends 
and anomalies. 

The basic assumptions underlying the algorithm are: 

1) The negative linear trend in range is system induced by a 
multiplicative gain function: 

rm)0(g)r(g ×+=        (1) 

where r is the range coordinate (pixel index in the column 
direction of the slant range data), m and g(0) are the parameters 
of the linear fit. 

This function can be estimated by averaged range profiles 
in homogeneous regions. The range profile is fitted linearly and 
a correction multiplicative function defined as: 
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2) In the same data set the rate of decay of the linear trend 
(if present) can be characterized by two functions  )r(g),r(g 21   

associated (in loose sense) to areas dominated by volume 
scattering and surface scattering. In turn, these areas, given that 
the thematic content of interest comprises mainly forest, 
woodland,  bare  soil, or soil with low vegetation, can be 
identified by segmenting the range of backscatter values in the 
data set into two classes: low backscatter and high backscatter. 
Specific threshold values for identifying the two classes must 
be chosen as a function of the polarization. The two-class 
segments are disjoint. Therefore the region in-between is 



characterized by a continuous functional )g,g(F 21  of the two 

functions 1g  and 2g .  

In a nutshell, the algorithm is composed of three steps: 

i) Detection and removal of the power drop at the data set 
margins. ii) Estimation of the linear power trend in range by a 
search of the most homogeneous block, and for two backscatter 
classes (a proxy for volume and surface scattering). iii) 
Application of an inverse gain function based on the estimated 
trends. 

 

C. Radiometric inter-strip balancing 

Analysis of the mosaicked image compiled from the geo-
coded and range calibrated strips reveals the presence of inter-
strips radiometric discontinuities. In particular, some strips 
present remarkable differences in backscatter values (order of 2 
dB) with respect to the adjacent ones (see Fig. 3). The origin of 
this effect can be traced back to seasonality and weather 
conditions (mostly the effect of soil moisture. Indeed, to assure 
spatial continuity, part of the 2007 acquisitions corresponding 
to the dry-season at tropical Central Africa had to be 
complemented with acquisitions during the wet-season. This 
difference in time can account for difference in radar 
reflectivity due to evolution in the target's properties (e.g. 
change in vegetation cover, change in soil and vegetation 
moisture). In the overlap area between two adjacent strips the 
same target on the ground is seen by the radar with a different 
incident angle (far and near range). Assuming a cosine law for 
the radar cross section dependence on incidence angle, the 
difference in backscatter due to near-far range incidence angle 
difference is roughly 0.78 dB, hence of the order of PALSAR 
radiometric accuracy.  However, this figure in dB corresponds 
to a power DN ratio of 1.196, which would still give visible 
edge effects in the imagery. Other minor inter-strip 
unbalancing is produced by residual errors in range calibration.  

The first approximation mosaic needs therefore to be 
corrected to arrive at a more radiometrically homogeneous 
version, which could be suitable for successive automatic 
interpretation, or for the estimation of bio-physical parameters, 
such as forest biomass. This correction is achieved by an inter-
strip balancing algorithm which relies on information derived 
by along-track profiles of the backscatter values estimated 
within the area of overlap between one strip and all the 
surrounding ones. Since the radiometric discrepancies depend 
on the position within the strip (land cover and conditions), it is 
not possible to define a global strip-wise gain factor. Therefore, 
a gain function is defined for each strip which depends linearly 
on the column coordinate (approximate range direction) of the 
strip frame, and it is a piece-wise linear approximation along 
the line coordinate (along track direction) of the ratio between 
the strip border profile and the corresponding profiles of the 
neighboring strips. A strip frame is defined as the area where 
there are available values in the geo-coded image. 

 

 

Figure 3. The West Africa part of the mosaic. Relevant radiometric differences 
(order of 2dB)  are clearly visible between adjacent strips in the original not 
corrected  mosaic (top frame). The mosaic after the radiometric balancing 
based on inter-strip discrepancy measures is shown in the bottom frame. 

 

Thus, calling )i(P left
k  and )i(P right

k  estimates of the mean 

DN values along the left and right borders at position i along 

track of strip k, and )i(P right
1k− , )i(P left
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corresponding profiles of adjacent strips at left and right of 
strip k, we define discrepancy measures  as: 
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Figure 4. Profiles in the along-track direction of mean DN values of the overlap 
area at the margin between two adjacent strips (upper graph). The radiometric 

differences are not constant along track, a fact that suggests the use of a 
variable gain function. This gain function is estimated by a piece-wise linear 

fitting of a smoothed version of the ratio between the two along-track profiles 
(lower graph). 

 

An example of the discrepancy measure and the related 
gain function is shown in Fig. 4. 

These discrepancy measures form the basis for the mosaic 
correction algorithm. 

As a first step, the measures )i(D  are used to locate the 

strips that are affected by large radiometric discrepancies. To 
the purpose, the mode of the distribution (density function) of 

leftD  and rightD  is computed. This figure of maximum 
discrepancy between adjacent strips is further screened by an 
operator, and used to flag the strips as anomalous ones. An 
automatic detection of anomalous strips is difficult, because the 
eventual occurrence in the same mosaic of strips with higher 
and lower than normal DN values renders the discrepancy 
measures ambiguous. 

Once the anomalous strips have been flagged, the algorithm 
proceeds according to the following principle. Gain functions 

are defined for the anomalous strips using )i(Dleft  and 

)i(Dright  measures with respect to normal adjacent strips. In 

the event that a second anomalous strip is present near the first 
one, then the gain function is computed from the only available 
measure (left or right) and assumed constant in range. This 
approach limits the possible number of consecutive anomalous 
strips to two. Indeed, this condition was satisfied in the 
processing of the whole Africa mosaic. 

These gain functions balance the anomalous strips' 
radiometry to match the ones of the adjacent strips. Next, the 
residual trends in range calibration and other minor inter-strip 
unbalances are corrected by sharing the correction weight 
between the neighboring strips (moving the trend half way up 
and half way down). In this way the danger of error 
propagation is avoided. 

More in detail, the mosaic balancing algorithm consists of 
the following steps: 

1) Construction of a data structure that holds information 
on the neighbors of each strip. This is achieved starting from a 
strip layout map which is generated by the mosaicking 
procedure, and where each strip position in the mosaic's canvas 
is assigned a unique identifier. 

2) Computation for each geocoded strip k of the profiles 

kP  and discrepancy measures kD . Since one strip can have 

several neighbors at left or right, a data structure ID is also 
generated that keeps track of who is the neighbor for each 
value of the profile, and how the line coordinate of the two 
strips are related. Thus: )i(ID)i(Pk ⇔ . The structure ID is 

used when a discrepancy measure must be updated because an 
anomalous strip was corrected by a gain function. This is the 
only step that requires ingestion of the actual strip data sets. 

3) Discrepancies analysis and choice of the anomalous 
strips by an interactive procedure. 

4) Generate gain functions for the correction of anomalous 
strips. As explained above, these functions are derived from the 
discrepancy measures relative to adjacent normal strips. These 
gain functions are computed by a piece-wise linear fitting of 
the kD  functions. In fact, the kD  functions, being ratios of 

two samples from speckle noise, would introduce artifacts if 
used as multiplicative factors of the strip amplitude data. The 

kD  functions are first low-pass filtered and down-sampled by 

a factor of 64 to obtain a slow-varying trend.  This trend 
function is then split iteratively into an increasing number of 
consecutive segments. At each step of the iteration the 
segments are linearly fitted, and the global rms differences 
computed. The procedure is stopped when the rms differences 
between two steps increase or after a maximum number of 
divisions. The piece-wise linear trend is then up-sampled to the 
original resolution by spline interpolation.  The gain functions 
for anomalous strips are stored as vectors in files to be used 
later by the mosaicking procedure in the compilation of the 
second approximation revised mosaic. 

5) Upgrade the profiles kP  of the anomalous strips with 

respect to the gain functions defined in the preceding step. Re-



compute the discrepancy measures kD  which have been 

affected by a change of the kP . 

6) Generate gain functions for all strips from the kD  

functions as: 
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The gain function used by the mosaicking procedure for the 
mosaic balancing will finally be: 
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The results obtained by the strip balancing algorithms are 
documented in Fig 5. 

D. Geocoding 

Terrain geocoding of the slant range path data sets is 
performed using a module of the SARscape software [6]. A 
continent-wide digital elevation model (DEM) of Africa 
derived from the Shuttle Radar Topography Mission (SRTM) 
data [5] is adopted. This DEM is provided in a geographic 
projection (Lat/Lon coordinates) using the WGS-84 horizontal 
datum, with a pixel size of 3 arc seconds (i.e. 0.8333 
millidegrees, approximately 90m at the equator). The geocoded 
PALSAR imagery of the Africa mosaic are generated in the 
same projection and spatial resolution of the DEM. This choice 
assures the best geometric and radiometric accuracy (see also 
section II.6). Moreover past experience with thematic 
applications based on GRFM data sets indicate that the adopted 
pixel spacing is suitable for regional scale vegetation mapping 
studies. Higher spatial resolution is only needed for particular 
tasks, such as selective logging monitoring, which, on the other 
hands, are conducted at local scale. 

SARscape geocoding is based on the classical range-
Doppler approach. Note that this is the only appropriate way to 
obtain precision geocoding of SAR data. In fact, SAR systems 
cause nonlinear distortions (in particular in the presence of 
topography), and thus they cannot be corrected using 
polynomials as in the case of optical images, where (in the case 
of flat Earth) an affine transformation is sufficient to convert it 
into a cartographic reference system. 

Mapping from the slant range SAR geometry into a 
cartographic projection is obtained by considering the sensor's 
and the image focusing parameters. Therefore  the range-
Doppler approach  calls for the solution of the following 
relations: 
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r

are the sensor and target position vectors,  

sp vv
rr

− is the velocity of the target relative to the sensor, and 

λ  is the wavelength of the carrier. 

The geocoding is implemented by a backward solution of 
the range-Doppler equations. Staring from each point of the 
DEM reference system, the corresponding point in the slant 
range radar geometry is found using the range Doppler 
equations. Elements from the SAR geometry frame are then re-
sampled into the earth projection (DEM) coordinate system. 

Notice that the JAXA K&C path products are not processed 
at zero-Doppler. Therefore in the solution of (7) the proper 
value of the Doppler centroid had to be used. These values are 
supplied by JAXA in an auxiliary file. 

Sources of geometric errors in SAR geocoding propagate from 
satellite orbit, range time, Doppler frequency and DEM 
accuracies [7]. In our case, assessment of the geocoding 
accuracy was conducted a-posteriori by establishing common 
features with the same DEM used in the geocoding procedure. 
It is therefore a relative accuracy measure. Difference vectors 
between control points in the SAR image and in the reference 
DEM image were defined by visual inspection. The maximum 
difference vector magnitude was found to be one pixel. 
 

 
 

 
 

Figure 5. The result of the strip balancing algorithm when applied to a set of 
strips with one radiometric anomaly viz. higher backscattering coefficient 

possibly due to vegetation mositure change (see section III for related analysis). 



 

 

Figure 6. Effect of the radiometric correction for topographic effects 
portrayed in a scene at the border between DRC and Gabon, featuring moderate 
relief. The images are color-composite of HH-HV-HH amplitude data. 

E. Radiometric correction for topographic effects 

SAR radiometry is affected by topography due to changes 
of the ground scattering area, and to changes of the local 
incidence angle, which in turn has an impact on the 
backscattering properties of the targets. Correction of these 
effects is important to make the data set suitable for automatic 
classification [8] [9]. On the other hand, application of these 
corrections tend to smooth features related to terrain 
morphology, and therefore renders the data set less amenable to 
visual interpretation by the expert, at least for certain thematic 
applications. Therefore in our implementation we decided to 
apply radiometric normalizations for topography a-posteriori in 
a second instalment of the mosaics. 

The normalization entails two corrections accounting for 
the effective scattering area, and the radar cross-section 
dependence on local incidence angle. 

The effective ground scattering area Aslope is obtained by 
projecting the pixel area to the slope plane: 
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where θloc is the SAR local incidence angle, i.e the angle 

between the incident electromagnetic wave vector d
r

 and the 

normal at the terrain surface n
r
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In our case, n
r

 is directly derived from the DEM at each 
pixel (x,y) by calculating the cross-product of the two three-
dimensional vectors formed by the adjacent pixels in longitude 
and latitude respectively: 
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where pm represents the pixel size in meters, and Hx,y the 
altitude of the terrain at pixel (x,y) as given by the DEM. 

The correction factor for the effective scattering area is 
finally: 
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where θ is the nominal incidence angle for flat terrain. 

The effect of incidence angle on the backscattering 
coefficient depends on the nature of the target as well as on the 
polarization. Two possible avenues can be taken for the 
correction of these effects: a) postpone the correction to the 
classification phase, given that a-priori information on the 
target type at the scale of the whole mosaic will be available 
form an auxiliary data sets (e.g. MODerate resolution Imaging 
Spectrometer (MODIS) optical data); b) tailor the correction to 
one specific thematic application, accepting to be sub-optimal 
for a general land cover mapping task. In view of our 
applications of interest (tropical forest and woodlands 
mapping) we decided to correct for the case of vegetation 
(dominated by volume scattering). 

The angular dependence of forest backscatter is quite well 
represented by a cosine function, which accounts for the 
modified path length of the wave into the canopy [10]. 
Therefore the related correction factor is: 
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The backscatter coefficient corrected for the overall effect 
of topography is:  
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The efficacy of the topographic corrections is documented 
by the following cases. 

Figure 6 shows the effect of the topographic correction on 
the images, for a small subset of the mosaic at the border 
between Congo and Gabon. The non-forest areas are more 
visible in the corrected image, when the backscatter variation 
due to relief is removed. 

III. CONCLUSION 

Using ALOS PALSAR L-band HH and HV strip data 
acquired in 2007, a mosaic of the African continent was 
generated at 100 m spatial resolution. A range of pre-
processing routines (radiometric calibration, geocoding, 
incidence angle and topographic correction) were 
implemented to facilitate combining the strip data into the 
mosaic. However, the backscatter (particularly at HH 
polarisation) was enhanced in some strips, with this attributed 
to increased soil moisture at the time of the ALOS PALSAR 
data acquisition. A number of potential applications for the 
mosaic can be found in [11], including mapping of mangroves, 



plantations, secondary forests and the boundary between 
savannas and forests. Comparison with the JERS-1 SAR 
mosaics also suggests significant potential for detecting 
deforestation. Plans for the future include the production at the 
JRC of a woodlands biomass map and of a land cover map of 
Africa using this mosaic. Both products will be useful to refine 
estimations of carbon stocks in Africa. 
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