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1. INTRODUCTION

Tropical deforestation has been a substantial issue, 

occurring throughout the world with the largest is in 

Brazil and secondly in Indonesia [1]. Natural and 

anthropogenic factors contribute to the dynamics of 
forest areas and their surroundings. The natural events 

have fairly incomparable impact to human factors. 

Conversion of the forest areas have been motivated by 

economic reasons such as for developing agriculture and 

plantations.  

Land cover change of forests begins at any place with 

any rate, however according to Verburg, et al. [2], forest 

fringe is the ‘hot zones’ of deforestation. Following the 

definition of Olsson [3] about urban forest fringe as 

forest situated at the border of a city, a forest fringe can 

be defined as the edge of forest region or a meeting place 
of forest and other land covers/uses. The rate and place 

may characterize the process and driving factors. For 

instance, the non-forest regions in the surrounding are 

likely to have a more intensive human activity. A 

conversion related to mining industry can be placed at 

any location depends on the location of the deposits. This 

industry may alter forest cover in the middle of forest or 

near the boundary. The process would occur in a massive 

area with somewhat a faster rate of alteration. A naturally 

driven change may be occurred randomly but predictable 

in terms of location.  For instance, landslide may happen 
in steep areas or located nearby intensive uses. On the 

other hand, tsunami which washed away beaches of 

Aceh, Indonesia cannot be predicted, but the vulnerable 

area may be estimated [4]. 

Literature survey indicates that trajectory analysis has 

been less developed for change detection compare to 

other principles. Majority of current remote sensing 

change detection has been focused on bi-temporal or 

multi-temporal data [5]. The bi-temporal technique relies 

on the classification algorithms which categorize the raw 

data at the first step before analyzing the change. On the 
other hand, the trajectory analysis focuses on the 

temporal sequence and the dynamic of changes [6]. Thus, 

frequent observation is essential and analysis should not 

rely on categorization. Instead, indices or other form of 

quantitative data are utilized to develop the series. 

In monitoring tropical forest areas, SAR has been 

acknowledged as one of primary sources due to its 

operation at space-borne platform. The main purpose of 

SAR uses is to map forest cover, either individually or in 

data fusion framework with optical data. Fusion of 

optical and microwave data was found advantageous for 

land cover mapping [7]. Moreover, Hess et al. [8] 

showed the use of JERS-1 data to map tropical vegetation 

in lowland Amazon along with its disturbance. However, 

the employment of time series technique on radar data to 

monitor the dynamics of cover change is fairly rare, if 
any. 

With very few studies focusing on the issue, gaps remain 

in monitoring land cover at the dynamic part of forest 

region. Incomplete understanding on the application of 

time series of SAR data to monitor the dynamic areas of 

tropical forests requires a thorough study. This research 

attempts to minimize the gap through examining the 

capabilities and limitations of time series radar data and 

comparing several techniques of time series 

decomposition in exploring land cover trajectory. 

2. AMENDING TEXTURES ON ALOS

BACKSCATTER TO DETECT SUBTLE CHANGE 

AT THE SURROUNDING NATIONAL PARKS 

A strategy of feature fusion was attempted to improve 

detectability of changes in the surrounding forests area 

devoted to national park. The amendment was adding 

some features derived from texture analysis of HH and 

HV of data backscatter. The resilience of the park was 

sound, thus sensitivity-improved technique or strategy is 

required. Considering the availability and quality of 
ancillary data, the research site was shifted from the plan 

to the surrounding national park of West Java, namely 

Halimun Salak National Park (TNGHS). ALOS Fine 

Beam Dual (FBD) mode of Phased Array type L-band 

Synthetic Aperture Radar (PALSAR) was used to 

identify changes between paired datasets and to 

investigate the effect of synthetic data amendment on 

improving classification accuracy. A pair of images 

acquired on 20 August 2007 and 28 August 2010 were 

used for change detection analysis. Additional datasets 

included Shuttle Radar Topography Mission (SRTM) 

Digital Elevation Model (DEM) 1 arc second and several 
ancillary data, forest and plantation mapping from the 

regional state-forest company (PT Perhutani), the map of 

TNGHS from the Ciliwung river basin office (Balai 

Besar Daerah Aliran Sungai Ciliwung), and historical 

Google Earth images.  

This research implemented an iteratively reweighted 

multivariate alteration detection, and several machine 

learning techniques for classification, including Bagged 

CART (CAB), ELM Neural Network (ENN), Bagged 
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MARS (MAB), Regularised Random Forest (RRF), 

Rabdom Forest (RFO), Support Vector Machine (SVM), 

Xtreme Gradient Boosting Tree (XGB). Four data 

combination were examined, i.e. original dual layers of 

polarisation, original layers + radar vegetation index, 

original layers + decomposition entropy alpha, and 

original layers + textures (mean and variance).  A 

number of twelve layers were assessed their contribution 
to the accuracy by examining variable importance.  

 

Fig. 1 Comparing accuracies, false and missed 

detections between differencing and IRMAD for 

binary change result 

 
Fig. 1 suggests that differencing technique for several 
coefficient of standard deviation reached a faster 

maximum accuracy, but declining slightly deeper 

afterwards compared to IRMAD. Similar pattern 

observed on decaying the false and missed detection, 

where various experiment on consecutive coefficient of 

standard deviation dropped quicker in differencing than 

IRMAD. Meanwhile data amendment seems improving 

the accuracy of classifiers, particularly when textures 

were added. Fig. 2 shows the improvement of accuracies 

by features fusion on various experimented amendment. 

 

Fig. 2 Comparing the accuracies of original and four 

features fusion on dual layers of backscatter for year 

2007 and 2010 

 

The identification of important layers to improve 

accuracies was a common investigation in machine 

learning.  Fig. 1 shows variable importance derived from 

related techniques. 

 

Fig. 3 Variable importance derived from all related 

techniques for year 2007 and 2010. Notes names of 

variables (layers) for X-axis: CP-α=Alpha, CP-A= 

Anisotropy, CP-H=entropy; HH=horizontal-horizontal 

backscatter, HV=Horizontal-vertical backscatter, 

I_DIV=index differencing, I_RAT=index ratioing, 

I_RVI=Radar vegetation index, TH_M=Texture (mean) of 

HH, TH_V=Texture (var) of HH, TV_M=Texture (mean) 

of HV, and TV_V=Texture (var) of HV. 

It seems that similar variables importance was generated 

for both years.  Nonetheless there are differences of what 

being important for differing techniques as illustrated in 

[9].  

Another finding related to this experiment was the 

different accuracy generated by different classifiers.  

Among seven classifiers, it appeared that random forest, 

either the original or regularised one followed with 

extreme gradient boosting tree and bagged CART 
produced the highest accuracy of classification. As 

suggested by [10], fine tuning as well as sampling 

strategies or cross validation contributed significantly to 

improve the accuracy of classifiers.  

Finally, it was concluded that combining IRMAD and 

robust classifiers were potential to identify subtle change 

related to maturing or changing vegetation.  

 

3. COMBINING SERIES OF MODIS AND 

SELECTED ALOS AVNIR TO IDENTIFY RICE 

GROWTH PHASES 
 

It has been known that cropping systems vary across time 

and space, hence frequent monitoring over broad areas is 

required. Generally, the fringe of forest in Indonesia is 

partially cultivated for cropland particularly the 

Indonesian staple-food, paddy.  Understanding the 

growth phases of paddy field are therefore essential for 

monitoring areas to inform the stages of production.  

This experiment explored the potential of combining 

series of medium-coarse optical images with high 

resolution data for monitoring paddy field areas. MODIS 

data was used to identify the stages of plot while ALOS 
AVNIR-2 were utilized to map rice growth stages. The 

indication of growing stages was identified by 

employing X12-ARIMA to decompose time series 

NDVI, and five classifiers was employed for mapping 

the growth stages. Maximum Likelihood representing a 

conventional classifier was compared with some 

decision tree algorithms, namely Classification Rule 

with Unbiased Interaction Selection (CRUISE) and 
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Quick, Unbiased, Efficient, Statistical Tree (QUEST); 

neural network (NN); and support vector machine 

(SVM) to map rice growth stages.  

Due to availability and suitability of ground data, the 

experiment was located at seed-producer fields in 

Subang Regency. In this research, all algorithms were 

executed on atmospherically uncorrected ALOS 

AVNIR-2 imagery dated 30 June 2009. The ground data 
were taken from plots of PT Sang Hyang Seri (SHS). The 

size of every plot was 50 m wide, with various lengths 

depending upon irrigation networks and micro relief. 

Training and testing sites were identified from the result 

of time series decomposition analysis verified by PT 

SHS ancillary data. Plots of training and testing samples 

were taken separately to avoid over fitting. The 

performance of classifiers was assessed based on training 

samples for rules building, then examining the accuracy 

based on testing data. 

The result presented in Fig. 4 that decomposition of 
NDVI time series derived from MODIS was able to 

indicate growth stages.   

 

Fig. 4 The decomposition of four samples taken from 

different stages of rice growth.  From top to bottom 

original, trend, seasonal and irregular series of average and 

maximum NDVI (a,b) and average and maximum EVI (c,d)   

The accuracy of classification employing ALOS 

AVNIR-2 from those five classifiers were presented in 

Figure 5. 

 

Fig. 5 The accuracy of five classifiers, including CRUISE, 

QUEST, Maximum Likelihood, Neural Network and 

Support Vector Machine to map rice growth stages 

Figure 5 shows that maximum likelihood performs better 

for small classes, but decreases significantly by 

additional classes. Similar pattern was observed for 

CRUISE.  The least reduction of accuracy was generated 

by SVM.  Moreover, it was indicated that even maximum 

likelihood resulted higher accuracy for small classes, it 

remained problematic in terms of matching with spatial 

distribution of the ground truth.  Figures 6 showed 

resulted maps by all algorithms. 

 

 

Fig. 6 The map of rice growth stages for 3 classes (top), 4 

classes (middle), and 5 classes (bottom) for five classifiers 

from left to right: CRUISE, QUEST, Maximum 

Likelihood, Neural Network, and Support Vector Machine 

Several points were discussed in [11], including (1) the 

need to consider cultivars for mapping rice growth stages 
particularly to differentiate between local and hybrid 

cultivars, (2) comparing experimented algorithms with 

recent classifiers might be required to get the most 

suitable ones for generating better accuracy, (3) apart 

from accuracy assessment, comparing spatial 

distribution is essential for getting the most suitable 

accuracy for mapping purposes.  

 

 

4. COMPARING TIME SERIES SCAN-SAR 

BACKSCATTER AND MODIS NDVI FOR 

UNDERSTANDING THE DYNAMIC OF FOREST 

FRINGE 

 

The last experiment was to compare the performance of 

ALOS Scan-SAR and MODIS NDVI to describe the 

dynamic of forest fringe. Additional exploration by 

employing Landsat images were performed to 

understand general trajectory pattern. The research site 

was the same as the first experiment, at Halimun Salak 

National Park. We examined different land cover types 

sampled from surrounding national park.  

 
Figure 7 describes the trajectory of two bundles of data 

transformation, i.e. (a) tasseled cap (brightness, 

greenness, and wetness), and (b) indices (NDVI, NDWI 

and BI), derived from Landsat taken from four points 

location.  
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Fig. 7 Trajectory of indices grouped into two bundles, i.e. 

tasseled caps (top) and indices (bottom) taken from four 

locations 

It seems that the performance of six different indices 

response distinctively.  Further information would be 

observed and collected to relate the variability of the 

indices and then associated phenomena with the ground. 

Furthermore another sample was also taken to describe 

temporal pattern of ScanSAR backscatter and MODIS 
NDVI in depicting four land cover types, including 

forest, oil palm, paddy and rubber plantation as shown in 

Figure 8. 

 

 

Fig. 8 Comparing the trajectory of Sigma0 derived from 

ALOS ScanSAR (top) and NDVI of MODIS (bottom) for 

four land cover types, i.e. forest, oil palm, paddy and rubber 

plantations found in the surrounding national parks 

Since MODIS acquisition is more frequent than 

ScanSAR the fluctuating graph were slightly different. 

Nonetheless, similar pattern was indicated.  The range 

value of backscatter for paddy fields seems greater than 

other land cover. In contrast, the range value of sigma0 

for oil palm plantation appears the smallest. Further 

investigation on the relationship between trajectory 
pattern and agricultural activities at surrounding national 

parks would be performed. Moreover, several time series 

techniques for examining the pattern would also be 

explored to select suitable one for understanding the 

phenomena. 

 

 
5. OUTLOOK 

 

Two experiment for investigating land cover dynamic at 

the surrounding forest fringes were conducted.  The first 

experiment regarding data amendment showed that 

feature fusion may improve the accuracy of classification 

and enhance the capability to identify subtle changes. 

The second experiment needed a further ground 

observation to relate temporal pattern depicted by long-

term trajectory of indices. Moreover, relationship 

between sigma0 derived from ScanSAR, NDVI and 

ground data should also be explored accompanying the 

exploration of suitable time series techniques for better 
understanding.  Additional experiment to investigate rice 

growth was performed to explore the strategy of mapping 

growth stages by combining high resolution data and 

time series of medium to coarse resolution of optical 

imageries.   
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1. INTRODUCTION

Methods of earth observation and geospatial analysis are 

increasingly being used in humanitarian action, for 

example for the extraction of dwellings and informal 

settlements, the localization, and the monitoring of natural 

resources, as well as the assessment of hazards and threats 

to the people in need [1]. However, while optical data is 

already used by both researchers and humanitarian 

organizations, the potential of using synthetic aperture 

radar (SAR) data is still widely neglected [2]. This has 

several reasons: Firstly, the information content of radar 

data is different from optical images and its visual 

interpretation is less intuitive, especially to non-experts [3]. 

Secondly, the preprocessing and information extraction 

requires different approaches which are not yet established 

in the humanitarian domain [4]. Lastly, only a small 

number of case studies existed before the year 2015 as best 

practice examples [5–7] which foster scientific discourse 

and the development of further methods. 

This project dealt with the provision of information 

products derived from ALOS PALSAR-2 imagery to assist 

decision making, mission planning and the provision of 

goods and medical services within humanitarian work. The 

cases were developed in close collaborations with 

humanitarian NGOs, such as Médecins Sans Frontières 

(MSF), the International Committee of the Red Cross 

(ICRC), SOS Children’s Villages, or Groundwater Relief.  

While the initial aim of the project was to combine optical 

and radar data (as implied in the title), the scope was 

widened within the works because of two reasons:  

1. Integration of optical data might allow the derivation

of information at higher accuracies, but also increases

the dependence for cloud-free images. For quicker

reaction in cases of emergencies, approaches based on

radar data alone were developed.

2. Thematically, approaches beyond the simple scope of

land-cover mapping were developed, which were

tailored to the needs of the humanitarian NGOs, as it

will be shown in the following.

All work was conducted within the research projects 

EO4HumEn and EO4HumEn+ funded by the Austrian 

Research Promotion Agency FFG) within the Austrian 

Space Applications Programme (ASAP 9 Nr. 840081 and 

ASAP 12 Nr. 854041). The results of studies where ALOS-

2 data were involved will be shortly presented in the next 

chapters followed by a list of publications. Furthermore, a 

dissertation was completed by the author in 2019 

containing many of the presented results [8] which is 

openly accessible here: http://hdl.handle.net/10900/91317 

2. MAPPING OF SETTLEMENTS

As the spatial resolution of ALOS-2 imagery is not 

sufficient to delineate single buildings, an approach to 

predict the building density in Maiduguri was developed, a 

city in northwestern Nigeria which was reportedly affected 

by the influx of thousands of refugees seeking shelter from 

the ethnical conflicts in this region [8]. Only around 40 % 

of the city’s area were covered by the openly accessible 

building footprints of the OpenStreetMap (OSM) dataset 

(Figure 1, black hexagons). These were used to train a 

random forest classifier, both on a single-polarization 

image at a spatial resolution of 3 m (SM1) and also a quad-

pol image at a spatial resolution of 6 m (SM2). For SM1 

data image textures were calculated to increase the feature 

space. For SM2 data polarimetric decompositions were 

used respectively, so that both approaches were based on 

126 SAR features and a TanDEM-X digital surface model. 

Fig. 1 Dwelling density in Maiduguri, Nigeria 
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The accuracy of the classifier was assessed using randomly 

selected validation areas which were excluded from the 

training. For both SM1 (Figure 2 red) and SM2 (Figure 2 

blue), an R² of 0.96 was achieved, which allowed to predict 

the dwelling density in areas not covered by OSM 

buildings as shown in Figure 1.  

 

 

Fig. 2 Prediction accuracies of dwelling density 

 

Another study was conducted using ALOS-2 imagery to 

monitor the environmental degradation around the refugee 

camp of Kutupalong in Bangladesh after the heavy influx 

of refugees of the Rohingya minority since the middle of 

2017[9]. Eleven pairs of ALOS-2, Sentinel-1 images were 

combined to create a land cover map of the area based on 

radar filter products and polarimetric parameters. Spectral 

indices retrieved from Landsat data (e.g., NDVI, MNDWI, 

or NDBI) were used to delineate independent and objective 

training areas for the supervised classification. This 

allowed to predict the spatial distribution of the most 

important land cover classes based on radar information of 

all eleven dates (Figure 3). The results show the expansion 

of the camp area and how it led to a decrease of the natural 

forest areas, including the Teknaf Wildlife Sanctuary. 

Overall accuracies were assessed using independently 

collected reference areas and ranged between 88.2 % and 

94.4 %. Comparisons with other studies in this area showed 

a large agreement regarding the expansion of the camp 

[10]. Lastly, a feature importance assessment was 

conducted which showed that VH, VV, and HH features 

were the most important for the classification, but also 

combined measures, such as the Radar Vegetation Index 

(RVI), the Cross-polarized magnitude (LK) and the Radar 

Forest Degradation Index (RFDI) had a significant impact 

on the classification result. The assessment also showed 

that polarimetric parameters calculated from large kernel 

sizes (25 and 49 pixels) were more important than small 

kernels. The results helped to gain a higher understanding 

on camp dynamics in the area.   

 

Fig. 3 Land cover change in Kutupalong, Bangladesh 

 

3. ENVIRONMENTAL MONITORING 

 

ALOS-2 data were used to investigate subsurface 

structures around the city of Kidal in Western Mali which 

is affected by a retreat of groundwater output. To support 

the drilling of new boreholes for groundwater extraction a 

hydrogeological reconnaissance map [11] was created 

which used the penetration capabilities of L-band SAR into 

the dry and sandy materials, revealing the extent and depth 

of the wadis and the presence of geological faults which 

indicate the presence of groundwater (Figure 4). Using this 

information, the groundwater storage capacity of the wadis 

was estimated, as well as the recharge potential of 

736,144 m³ per year. In the end, two new drilling sites 

were recommended for the extraction of new water [8].  

 

 

Fig. 4 Subsurface structures in Kidal, Mali 
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To assess the environmental impact of the refugee camp of 

Djabal (Chad), a series of annual landcover maps was 

generated from ALOS-2 data (Figure 5, left side). Experts 

were consulted to assign weights to the land cover classes 

(soil, urban, rock, grassland, shrubland, and forest) 

regarding their importance for ecosystem integrity and 

human wellbeing. Based on these weights, an index of 

resource depletion was calculated for hexagon cells with a 

diameter of one kilometer so that a final value of resource 

depletion can be calculated for each time increment and the 

entire period (Figure 5, right side). Results showed that 

changes occurred at different spatial and temporal scales 

and that no clear evidence exists that the refugee camp is 

responsible for a significant resource depletion [12].  

 

 

Fig. 5 Radar index of resource depletion (NRDw) 

 

As one main source for firewood and construction 

materials, the spatial distribution of aboveground biomass 

(AGB) and its temporal dynamics are an important aspect 

of humanitarian work. ALOS-2 data (Wide Beam) were 

combined with ENVISAT ASAR images (Wide Swath) 

and passive radar imagery of the Special Sensor 

Microwave Imager (SSM/I) analyze relationships between 

their signal and AGB measurements collected over large 

parts of Senegal (Figure 6, black markers). While single 

image products had little correlations with the AGB values, 

combinations of C-band and L-band, and especially with 

passive radar data resulted in regressions high prediction 

accuracies. Different realizations are shown in Figure 6. 

The study concludes that combinations of ALOS-2, 

ENVISAT and passive radar data help to achieve accurate 

and nation-wide AGB predictions [13]. 

 

 

Fig. 6 Subsurface structures in Kidal, Mali 

4. SUMMARY 

 

Thanks to the provided access to ALOS-2 data within the 

Research Announcement 6 (PI 3059), the use of radar 

imagery for humanitarian action was successfully 

demonstrated. Applied to other sensors [14, 15]. These case 

studies are not only a suitable foundation for a future 

scientific discourse, but also foster the establishment of 

radar data within humanitarian organizations in general and 

the collaboration of both NGOs and academia [16].  
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DETECTION OF SMALL-SCALED VARIATIONS AND CHANGES 
PI No. 3175 

Hiroshi Kimura 

Gifu University 

1. INTRODUCTION

Change detection and disaster damage assessment are one 

of promising applications by synthetic aperture radars [1], 

[2]. It may be relatively easy to detect large-scaled surface 

changes and variations from SAR images. However, as for 

small-scaled ones, L-band SAR’s performance is unclear. 

This study focuses on small-scaled change detection by 

ALOS-2 PALSAR-2. We try to detect long-term and short-

term changes over urban areas to evaluate an ability to 

monitor the development using polarimetric backscatter 

intensities. 

2. URBAN DEVELOPMENT DETECTION

ALOS-2 polarimetric dataset consists of 4 complex 

backscatter components, HH, HV, VH and VV (for 

example, HV means horizontal polarization transmit and 

vertical polarization receive). In this study, following 

intensities were used. 

𝑃+ = 〈|𝐻𝐻 + 𝑉𝑉|2〉 (1) 
𝑃− = 〈|𝐻𝐻 − 𝑉𝑉|2〉 (2) 
𝑃𝑥 = 〈|𝐻𝑉 + 𝑉𝐻|2〉 (3) 
𝑃𝑡 = (𝑃+ + 𝑃− + 𝑃𝑥) 2⁄ (4) 

  means an assemble averaging. P+, P− and Px are derived 

from Pauli-scattering vector, and Pt is the same as the total 

intensity (|HH|2+|HV|2+|VH|2+|VV|2). Our first method 

was simply thresholding a difference of the backscatter 

intensity between two datasets taken at different times. 

The first method to detect moderate-scale changes was as 

follows. 

a) Target sites

Olympic/Paralympic village, Former Tsukiji fish market

and National stadium. These sites are located in 

metropolitan Tokyo and drastically changed in moderate 

scale from 2015 to 2020. 

b) Observation dates of used datasets

Aug 2015, May 2016, Aug 2017, Aug 2018, Aug 2019

and Aug 2020. The dataset of 2015 was taken as basis for 

detection. 

c) Observation specs.

Quad-polarizations, ascending orbit, 25 degrees off-

nadir angle, and typical pixel size on the ground is 3 m in 

azimuth and 6 m in rage. 

d) Bias correction

A difference of backscatter intensities between 2

observations from the same scatterers is not always zero. 

The mean difference over a large area having no change is 

biased at different values data pair by data pair. Therefore, 

the bias over the scene is subtracted from the difference 

scene before thresholding. 

e) Threshold level selection

Four threshold levels, 3.5 dB, 4.0 dB, 4.5 dB and 5.0 dB

were compared. Backscatter intensity generally differs due 

to either change, land cover change or backscatter state 

change by the same scatterer. Even by 5.0 dB, there were 

some change detections in Tokyo bay, which means a 

backscatter state change. Our concern is land cover change 

detection in urban areas, not backscatter state change 

detection. We chose the threshold level 4.0 dB after visual 

evaluation of a balance of commission and omission errors. 

f) Minimum detected cluster size

To detect urban development changes, clusters of less

than 9,000 m2 were rejected. 

g) Results

Fig. 1 shows change detection results of the area

containing Olympic/Paralympic village and former Tsukiji 

fish market sites using the total intensity. Sea water spreads 

at the upper right of Olympic/Paralympic village, where 

white and black changes are irregularly detected due to 

(a) (b) (c) 

(d) (e) 

Fig.1 Change detection result using the total intensity 

change for Olympic/ Paralympic village (red circle) and 

former Tsukiji fish market (blue rectangle) sites 

applying the threshold level 4 dB. Each image covers 

about 5 km by 5 km area. Range direction is from right 

to left, and azimuth direction is from top to bottom. 

Changes from 2015 to (a) 2016, (b) 2017, (c) 2018, (d) 

2019 and (e) 2020 are depicted respectively. White, gray 

and black in each image mean that the total backscatter 

change is over 4 dB, between -4 dB and 4 dB and below 

-4 dB respectively.
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backscatter state changes. Olympic/Paralympic village site 

was a vacant lot in 2015. An intensive building 

construction work started in 2017, and almost completed in 

2019. The progress appears in white (over 4 dB backscatter 

intensity change from 2015) in Fig. 1. Former Tsukiji fish 

market existed until October 2018. The demolition and 

removal of buildings started then, and it completed in July 

2020. The progress appears in black (below −4 dB 

backscatter intensity change from 2015) in Fig. 1. The site 

seems parking lot by the Google Earth image in April 2020. 

    Fig. 2 shows time series variation of four average 

intensities (1) to (4) from two sites. There looks no 

apparent difference among 4 backscatter intensity. 

    Fig. 3 is time series variation of four average intensities 

of the National Stadium site. The site was a vacant lot in 

August 2015 after the old stadium was tore down. New 

stadium construction started in December 2016, and it 

completed late in November 2019. There looks no apparent 

difference among 4 backscatter intensity as well as Fig. 2. 

During construction, the backscatter intensity clearly 

increased. After completion, it returned to the same level 

of a vacant lot. This is probably because the stadium is a 

large dome structure of about 350 m by 260 m, about 47 m 

height. 

 

3. LOCAL AREA CHANGE DETECTION 

 

We are more interested in detecting land cover changes of 

local city areas. To prevent detecting backscatter state 

changes from the same scatterers, the following two 

methods were tested. 

•  Masking error-prone areas method 

•  Using neural network method 

These two methods were as follows. 

a) Target sites 

Ohbu city area site and Hirabari area site in Nagoya city, 

where house building is prospering in recent years. Both 

sites cover 4.4 km bay 2.9 km areas, and there exist 

agricultural fields, forests, factories and shopping facilities. 

b) Observation dates of used datasets 

Aug 2015 and 19 Aug 2016. The dataset of 2015 was 

taken as basis for detection. 

c) Observation specs. 

Quad-polarizations, ascending orbit, 28 degrees off-

nadir angle, and typical pixel size on the ground is 3 m in 

azimuth and 5 m in rage. 

d) Used backscatter intensity 

    Polarimetric three intensities P+, P− and Px are used. 

    Details and results of the two methods are described in 

sections 4 and 5 respectively. 

 

4. MASKING ERROR-PRONE AREAS 

 

Preliminary analysis was done for the Ohbu city site using 

simple thresholding backscatter intensity changes, and the 

threshold levels 4.0 dB, 4.5 dB and 5.0 dB were compared. 

In addition, detected clusters of less than 5 pixels (about 75 

m2) were removed to reduce an influence of speckles.  By 

 
(a)  (b) 

 
(c)  (d) 

 

Fig. 2 Time series variation of average (a) P+, (b) P−, (c) 

Px and (d) Pt of the Olympic/Paralympic village (Orange 

lines) and former Tsukiji fish market (blue lines) sites. 

 

 

 
(a)  (b) 

 
(c)  (d) 

 

Fig. 3 Time series variation of average (a) P+, (b) P−, (c) 

Px and (d) Pt of the National Stadium site. 
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an increase of the threshold level, however the total 

detection numbers decrease, detection accuracy evaluated 

using Google Earth increases. Preliminary analysis showed 

that error detections tend to often happen in agricultural 

fields and parking lot of factories and shopping facilities. 

Backscatter intensity of agricultural fields surely changes 

depending on whether there are crops or not, or stages of 

crop growth. The latter probably changes depending on 

whether there are parking cars or not, and its arrangement. 

    To detect big change of land cover, masking error-prone 

areas method was tested first. This method excludes error-

prone areas in advance. Google Earth (GE) or Land Use 

Control Back-up System (LUCKY) by Ministry of Land, 

Infrastructure, Transport and Tourism were referred to 

mask agricultural fields (GE and LUCKY) and parking lots 

(only GE) as error-prone areas. Table I shows the 

comparison of right and wrong detection numbers and 

accuracy in case of the threshold levels 4.5 dB and 5.0 dB. 

The results were derived by referring archived Google 

Earth images for only detected changes, so not-detected 

changes were not included. That means that omission 

errors are not considered. For bias correction, values of the 

bias are derived from not-mask area of the study sites. 

Therefore, the detection numbers were different among no 

mask, GE and LUCKEY cases. Table I shows that the 

masking error-prone area method improves detection 

accuracy by 5 % (GE) and 14% (LUCKY) as for Ohbu city 

area compared to the not-masking method. As for Hirabari 

area, detection accuracy is almost same between GE and 

LUCKY methods. Fig. 4 displays an example of change 

detection due to a residential house building whose area 

size is about 100 m2.  

 

5. USING NEURAL NETWORK 

 

TABLE I 

COMPARISON OF RIGHT AND WRONG DETECTION NUMBERS AND ACCURACY IN CASE OF THE 

THRESHOLD LEVEL 4.5 dB AND 5.0 dB. IN PARENTHRSIS, LEFT AND RIGHT NUMBERS SEPARATED BY / 

CORRESPOND TO POSITIVE AND NEGATIVE CHANGES OF BACKSCATTER INTENSITY RESPECTIVELY 

 

OHBU CITY SITE 
--------------------------------------------------------------------------------------------------------------------------------------------------  
 4.5 dB threshold 5.0 dB threshold 

----------------------------------------------------------------    ---------------------------------------------------------------- 
Case Right Detection Wrong Detection Accuracy(%) Right Detection Wrong Detection Accuracy(%) 
-------------------------------------------------------------------------------------------------- ------------------------------------------------ 
No Mask 39(33/26) 26(14/12) 60.0(702/33/3) 35(29/6) 19(13/6)  64.8(69.1/50.0) 

GE 46(37/9) 24(13/11) 65.7(74.0/45.0)  34(28/6) 15(9/6) 69.4(75.7/50.0) 

LUCKY 35(27/8) 9(5/4) 79.5(84.4/66.7) 29(23/6) 8(4/4) 78.4(85.2/60) 
------------------------------------------------------------------------------------------------------------------------------ -------------------- 
 

HIRABARI SITE 
--------------------------------------------------------------------------------------------------------------------------------------------------  
 4.5 dB threshold 5.0 dB threshold 

----------------------------------------------------------------    ---------------------------------------------------------------- 
Case Right Detection Wrong Detection Accuracy(%) Right Detection Wrong Detection Accuracy(%) 
------------------------------------------------------------------------------------------------------------------------------ -------------------- 
GE 84(65/19) 38(26/12) 68.9(71.4/61.3) 65(52/13) 21(13/8) 75.6(80.0/61.9) 

LUCKY 89(67/22) 30(16/14) 74.8(80.7/61.1) 75(59/16) 21(12/9) 78.1(83.1/64.0) 
------------------------------------------------------------------------------------------------------------------------------ -------------------- 
 

   
(a) (b) (c) 

 

Fig. 4 An example of change detection due to a residential house building. (a) detection result. (b) a vacant lot on 24 

October 2016. (c) after building completion on 30 May 2017. (b) and (c) are Google Earth Images. 
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Generating the mask data requires much time and effort. 

To solve this problem, the method using an autoencoder 

neural network was tested. An autoencoder is a type of 

neural network to be used for anomaly detection [3], [4], 

and it requires only normal data for learning. To prepare 

normal data is easy, but abnormal data is not. Therefore, an 

autoencoder is a good selection for our purpose. In this 

study, the simplest form consisting of three layers (an input, 

a hidden and an output layer) was employed. The input 

images to an autoencoder were binary images whose value 

of 0 means that a backscatter intensity difference ranges 

from -15 dB to +15 dB, and value of 1 means that it less -

15 dB or over +15 dB. The whole scene was divided into 

the input images, and each size is 30 m2 (6 pixels by 10 

pixels). 12827 images from Ohbu city site were used for 

training (98.5 % of the site), and the trained data was used 

to detect changes as anomalies in both Ohbu city and 

Hirabari sites. Anomaly detection by pixel base was done 

applying a threshold a difference between the autoencoder 

input and output images. Three threshold levels, 0.10, 0.12 

and 0.15 were used. Table II shows the comparison of right 

and wrong detection numbers and accuracy among three 

threshold levels. The results were derived by the same 

manner as 4. Table II shows that larger the threshold level 

is, higher the accuracy is, and smaller the detection number 

is, and that there is little difference in accuracy between 

Ohbu city site and Hirabari site. The former is as same as 

the masking error-prone area method. The latter means that 

the trained data is applicable to other areas. Finally, 

accuracy by the using neural network method achieved as 

well as or better than the masking error-prone area method. 

 

6. CONCLUSIONS 

 

This study demonstrated performance to detect small-

scaled land cover changes by L-band polarimetric SAR. 

SAR signals change due to not only land covers but also 

states of scatterers. Two methods to prevent detecting 

scatterer state changes achieved equivalent performance. 

The method using neural network is still simple and can be 

improved. In this study, only commission errors are 

considered. Omission errors would be assessed in future 

work. A big stadium after completion is the example found 

in this study. 
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METHOD 

 

OHBU CITY SITE 
------------------------------------------------------------------ 
Threshold Right Wrong Accuracy(%) 

Level Detection Detection  
------------------------------------------------------------------ 
0.10 56 19 74.7 

0.12 46 13 78.0 

0.15 35 5 87.5 
------------------------------------------------------------------ 
 

HIRABARI SITE 
------------------------------------------------------------------ 
Threshold Right Wrong Accuracy(%) 

Level Detection Detection  
------------------------------------------------------------------ 
0.10 46 21 78.7 

0.12 36 9 80.0 

0.15 26 5 83.9 
------------------------------------------------------------------ 
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MAPPING BUSH ENCROACHMENT AND WOODLAND ON A RAINFALL 
GRADIENT IN SOUTHERN AFRICA 
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School of GeoSciences, University of Edinburgh, UK. 

1. INTRODUCTION

Here we report on a range of work that we have been 
able to do with the valuable data made available as part of 
the ALOS-2 RA-6. This work covers several areas, and has 
led to one high profile publication in Nature 
Communications, two in revision papers, and several 
presentations to national government agencies. In addition, 
the data have also been used as part of the 2019 Refinement 
to the 2006 IPCC Guidelines for National Greenhouse Gas 
Inventories. 

Following option 1 for the report, here we summarize 
these outputs here, and provide copies of these outputs. 

2. MAIN OUTPUTS
Data obtained as part of ALOS-2 RA-6 was vital to the 

production of the following publication: 
1. McNicol, I. M., Ryan, C. M., & Mitchard, E. T. A. 

(2018). Carbon losses from deforestation and
widespread degradation offset by extensive
growth in African woodlands. Nature
Communications, 9(1), 3045.
https://doi.org/10.1038/s41467-018-05386-z

In this paper we used ALOS-1 and -2 data to map woody 
biomass over a large region of southern Africa, quantifying 
the woody biomass stocks and changes. The method 
development for this work required the use of the ALOS 
scenes provided by the RA-6. These data were used to 
establish the following relationship between ALOS 
backscatter and above ground woody biomass: 

Fig. 1 ALOS PALSAR backscatter - 
woody biomass calibration curve at three sites in the 

woodlands of southern Africa. Each point represents a 
field plot where woody biomass was estimated using 

biometric techniques. 

Using this relationship we were able to map biomass at 
large scales, across southern Africa. The biomass maps we 
developed here have been used in several publications, and 
ongoing work, including the following: 

2. Rozendaal et al (2021). Aboveground forest
biomass varies across continents, ecological
zones and successional stages: refinement of
IPCC default values for tropical and subtropical
forests. In revision at Env. Res. Lett.

The data are already published, and in use in the following 
publication: 

3. IPCC (2019), 2019 Refinement to the 2006 IPCC
Guidelines for National Greenhouse Gas
Inventories: Volume 4:  Agriculture, Forestry and
Other Land Use, Calvo Buendia, E., Tanabe, K.,
Kranjc, A., Baasansuren, J., Fukuda, M., Ngarize
S., Osako, A., Pyrozhenko, Y., Shermanau, P. and
Federici, S. (eds). Published: IPCC, Switzerland.

In addition, the biomass maps are used in the following 
publication, which is in revision: 

4. Tripathi et al (2021). Agricultural expansion in
African savannas – effects on diversity and
composition of trees and mammals. Biol.
Conservation. In revision.

The published outputs are attached to this report. 

2. PRESENTATIONS ETC
Alongside the published work, we have presented these 
methods to the national agencies concerned with forest 
monitoring, GHG assessment and reporting etc, in 
Mozambique, Zimbabwe, and Tanzania. This work is 
ongoing. The work has also been presented at multiple 
academic seminars, including as part of a new 
collaboration with Yamaguchi University (2021). 

3. NEXT STEPS
We aim to continue this work by combining more field data 
from across the dry tropics with ALOS PALSAR 1 and 2 
observations ongoing. Please see the SECO project website 
for more details: https://blogs.ed.ac.uk/seco-project/ 

5. APPENDIX
PDFs of the published papers are attached to this report. 
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COMBINATION OF PALSA-2 AND MULTISPECTRAL IMAGES FOR LAND 
COVER CLASSIFICATION 

PI No 3398 
Hasi Bagan 

Shanghai Normal University, China 

1. INTRODUCTION

The spatial and spectral heterogeneity of urban areas makes 
classification of land cover types a challenging process. 
This study highlights the joint use of multi-spectral 
Sentinel-2 imagery and fully polarimetric PALSAR-2 data 
to map 16 land cover categories, based on the Local 
Climate Zone (LCZ) scheme. Firstly, we combined 
spectral bands, scattering intensity data, decomposed 
components, and scattering parameters of the coherency 
matrix T3 into single datasets for land cover classification. 
Secondly, we investigated land cover discrimination of 
different datasets using the subspace classification method, 
compared to the Support Vector Machine (SVM) and 
Maximum Likelihood Classifier (MLC) methods. 
Comparing the classification overall accuracy (OA) using 
the subspace method shows that, 1) with the Sentinel-2 data, 
the OA was only 65.9%, 2) higher OA (71.9%) was 
achieved by adding four intensity images of PALSAR-2 to 
Sentinel-2, 3) the inclusion of decomposed components 
increased OA to 72.8%, and 4) the highest OA (73.3%) was 
achieved using all features. The classification results 
suggested that fully polarimetric imagery improves the 
discrimination capability of land cover classes, compared 
to using only multi-spectral data. Comparison of 
classification accuracy shows that the subspace method 
performed better than SVM and MLC, particularly using 
high-dimensional data with redundancy. 

2. COVER SHEET

Combining multi-spectral Sentinel-2 MSI imagery and 
fully polarimetric PALSAR-2 data benefits land cover 
classification based on the LCZ scheme in a dense urban 
area. Using dataset accounting for both physical and 
spectral information, combined by four scattering intensity 
images and multi-spectral bands, can substantially improve 
classification accuracy compared with the use of multi-
spectral bands alone. In addition, scattering parameters of 
the coherency matrix T3 (i.e., amplitude and phase) also 
contribute to land cover classification, especially for built-
up types. Target decomposition components (i.e., 
components derived from Cloude-Pottier decomposition 
method and Yamaguchi four-component decomposition 
method) contribute more to classification than scattering 
parameters of T3. Simultaneous use of target 
decomposition components, generated from different 

decomposition methods, yields higher performance in land 
cover classification, compared to their use separately. 
Our comparative analysis showed that the subspace 
method performed better than SVM or MLC when using 
high-dimensional dataset with data redundancy to 
categorize land cover. The subspace method is a promising 
classifier for complex urban areas using high-dimensional 
dataset, regardless of the curse of dimensionality.  
We have noticed that the combined optical and SAR 
imbalanced datasets can affect classification performance. 
In order to improve the accuracy of classification, we 
should adopt a data preprocessing method or choose an 
appropriate normalization method to deal with the 
combined imbalanced data set before the classification 
stage. 
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1. INTRODUCTION

Most tropical forest monitoring studies are based on high 

resolution optical remote sensing data. Today, forest 

monitoring with optical remote sensing data is operational 

at global level [1] and a first near-real time monitoring 

system for humid tropical forests based on Landsat 8 data 

(LS-8) has recently been operationalized [2]. For a 

comprehensive overview on forest monitoring with optical 

EO methods the reader is referred to a recent review 

publication [3].  

However, tropical forest monitoring with optical Earth 

Observation (EO) data is limited by two main factors: 

frequent cloud cover and rapid forest regrowth. These two 

factors make forest disturbance mapping a challenging 

task, as the number of available cloud free images is often 

not sufficient to detect all forest disturbances before forest 

regrowth. SAR systems have the advantage of providing 

cloud-free imagery of forests in the tropical regions with 

persistent cloud cover and SAR data acquisitions are 

independent from daytime. Both these issues result in 

higher acquisition rates compared to optical sensors. 

Currently, SAR based monitoring systems are not yet at the 

same operational level as systems based on optical data, 

which at least partly is related to limited SAR EO data 

access. This has changed with the launch of the Sentinel-1 

satellites. The emergence of new cloud computation 

facilities and ongoing developments of (open source) SAR 

tools for noise reduction, temporal filtering, co-

registration, polarimetric analysis, texture analysis and 

interferometric processing (e.g. ESA’s Sentinel-1 toolbox) 

will now allow to integrate SAR based workflows in 

operational forest monitoring.  

Here, we present a method for tropical forest monitoring 

based on the coefficient of variation and backscatter trend 

in multi-temporal SAR data stacks from three SAR 

sensors: C-band Sentinel-1, X-band TerraSAR-X and L-

band ALOS PALSAR-1. The method is tested at a humid 

tropical forest test site in the Republic of Congo. Our 

preliminary validation results demonstrate the potential of 

multi-temporal SAR data analysis for tropical forest 

monitoring. 

2. STATE OF THE ART

Forest change monitoring with SAR data is usually 

performed by measuring the SAR backscatter change over 

time. Recent studies that use this method for tropical forest 

monitoring are often based on L-band ALOS PALSAR 

data (e.g. [4], [5]). Some approaches also include 

coherence information to better differentiate forest from 

non-forest areas. Indirect approaches relate the backscatter 

signal to forest biomass using regional empirical regression 

models [6] and then calculate biomass changes over time. 

Other SAR based approaches use 3D information from 

radargrammetry to detect gaps in the forest canopy [7].  

There are a number of recent studies that argue in support 

of a combined use of SAR and optical data for forest 

monitoring [8]. Results indicate that a combined use can 

improve tropical forest monitoring for burnt area detection 

[9], assessing forest biomass [10], and for improved 

forest/non-forest mapping, deforestation and degradation 

monitoring [5], [11]. 

3. DATA AND TESTSITE

The test site is situated in the north of the Republic of 

Congo. The climate at the test site is tropical humid and 

characterized by an annual precipitation of 1600–2000 mm 

per year, with two dry seasons, one in June to August and 

a stronger one from December through to February. The 

area is dominated by humid tropical forests that cover over 

95% of the area. Open to very open Marantaceae forests 

cover the majority of the study area, but swamp forests 

occur along the rivers [12].  

The image data stacks used for the analysis consist of 

Sentinel-1 GRD IW dual-pol data, StripMap and ScanSAR 

Terra-SAR-X data and fine beam dual (FBD) ALOS 

PLASAR data. An overview of the image stacks is 

provided in Table 1.  
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TABLE I.  OVERVIEW OF SAR DATA STACKS 

 

 

4. METHODS 

 

The proposed method includes a SAR pre-processing 

workflow and a forest change detection workflow. Forest 

change detection is based on the coefficient of variation of 

the SAR data stack and a trend component of the 

backscatter signal. The following sub-chapters explain the 

two workflows in detail. 

A. SAR pre-processing 

Prior to classification, the SAR data stacks were pre-

processed with Joanneum Research software RSG 

(www.remotesensing.at). The pre-processing workflow is 

illustrated in Figure 1.  

 

 

Fig.  1. Schematic illustration of the workflow; 

examplarily for Sentinel-1. 

 
First, images from all sensors were ingested and orbit 

parameters were updated. Images were then processed to 

gamma naught based on an SRTM DEM and a multi-

looking to 20m was applied. A modified Frost filter with a 

3x3 pixel window was used for reducing speckle noise. For 

each stack, the images were registered to a master image 

(first image of the stack). A multi-temporal filter (3x3 

window) was applied for further noise reduction. Each 

registered image stack was then analyzed by simple 

statistical methods resulting in the following statistics 

images: mean, minimum and maximum backscatter, 

standard deviation, coefficient of variation, mean of the 

first three images, and mean of the last three images. The 

registered image stack and the stack of statistics images 

were then orthorectified to 20m spatial resolution. 

  

B. SAR Forest Change Detection Workflow 

The forest change detection workflow is illustrated in 

Figure 2.  

 

 

Fig.  2.  Schematic illustration of the workflow. 

 

The workflow is based on a thresholding approach applied 

to the coefficient of variation of the entire stack. It is 

assumed that areas of forest cover change are characterized 

by high backscatter variation, similar to that of agricultural 

areas. For dual-pol data we calculate the mean of the 

coefficient of variation of both polarizations. This mean 

image is multiplied with the backscatter trend (mean 

backscatter of first three images subtracted from the mean 

backscatter of the last three images). The number of images 

used for estimating the backscatter trend can be modified 

based on the total number of images in the stack. A 

threshold value was used for separating changed from 

unchanged areas. The threshold value was computed based 

on reference plots from Sentinel-2, Landsat-8 and Spot-5 

data.  

sensor data type images time frame 

Sentinel-1 GRD IW VV/VH 11 16.04.2015-27.07.2016 

TerraSAR-X ScanSAR MGD 5 12.02.2016-23.06.2016 

TerraSAR-X StripMap MGD 6 21.04.2015-03.10.2015 

ALOS 

PALSAR 

FBD 6 04.07.2007-12.07.2010 
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We use a two stage threshold masking approach: an initial 

conservative threshold (85% of reference plots detected), 

and a more liberal threshold (95% of reference plots 

detected) which is only applied in a buffer of 50m around 

the first mask. The higher values in the buffered area 

should allow the inclusion of smaller features, e.g. selective 

logging patches near logging roads. Finally, non-forest 

areas were removed using a non-forest mask generated 

from Global Forest Watch and Humid Tropical Forest 

Disturbance Alerts data [1], [2]. 

 
Examples of the intermediate results from the two 

workflows are presented in Figure 3 based on the Sentinel-

1 image stack covering a time window of 15 months. Image 

a) shows the mean coefficient of variation of the Sentinel-

1 stack. Image b) shows the derived backscatter trend. 

Some areas show positive backscatter trends (likely an 

increase in vegetation), while some areas show a decrease 

in backscatter (loss of vegetation cover). In the combined 

product (image c), the areas with high variation and 

negative backscatter trend are well delineated. Forest 

changes are then classified based on a threshold approach 

(red area in image d). 

 

 

Fig.  3. Intermediate products and final map 

Sentinel-1 example: a) mean coefficient of variantion 

(VV and VH); b) backscatter trend; c) combined 

product of coefficient of variation and backscatter 

trend; d) S-1 disturbance map (red: mapped 

disturbances; black: non-forest areas are removed). 

 

 

5. RESULTS & DISCUSSION 

 

Three forest change maps were derived from the data 

stacks, one for each sensor. The two TerraSAR-X stacks 

were fused on a result level. The results were validated with 

two different approaches. For the first approach 50 forest 

change pixels are randomly selected from the three forest 

change maps, but only from plots larger 0.5 ha, which is a 

common MMU for deforestation. The limitation to 0.5 ha 

mostly eliminates commission errors, which are more 

frequent for SAR than for optical data due to speckle noise. 

All random pixels were validated based on optical time 

series data (Landsat-8, Sentinel-2, SPOT-5). All 

approaches show high accuracies for the change maps: 

75% for ALOS PALSAR, 96% for TerraSAR-X and 98% 

for Sentinel-1. The lower values for ALOS PALSAR seem 

to be related to the time window: the 6 images cover three 

entire years. The 9 months inter-image time intervals are 

too long to estimate a reliable backscatter trend. 

 

For the second validation we derived 445 change plots 

(20x20m) from visual interpretation of the HR optical time 

series reference. The reference forest change plots are 

classified according to their dominant disturbance feature. 

The results for the Sentinel-1 forest change map are 

presented in Table 2 and are compared the Landsat based 

Humid Tropical Forest Disturbance Alert Layer (HTFAL, 

[2]). The overall accuracy for the S-1 SAR forest change 

map is 81.8%, which is slightly lower than the Landsat 

based result with 85.6. Burnt forest areas and palm 

plantations show the highest accuracies. 

 

TABLE II.  SENTINEL-1 VALIDATION RESULTS AND COMPARISON 

WITH [2] 

Disturbance feature 

nr. of 

reference 

areas 

% 

detected 

by SAR 

% 

detected 

HTFAL 

burnt forest areas 223 88.3 91.9 

deforestation in oil palm plantation 12 100 100 

deforestation large > 1 ha 19 58.0 100 

deforestation small < 1 ha 118 78.9 78.9 

selective logging patches < 0.2 ha 7 14.2 14.2 

logging roads 66 75.6 75.6 

∑ 445 81.8 85.6 

    

∑ Non-fire disturbances  222 75.2 79.3 
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Fig.  4. Sentinel-1 SAR forest disturbance mapping 

examples compared with Landsat-8: a) and b) burnt 

areas; c) and d) forest changes in palm plantation. 

 
Figure 4 (top) shows an example for burnt area detection 

and for deforestation in an oil palm plantation (bottom). 

The burnt area extent corresponds well to that presented by 

[9]. Figure 5 compares the mapped forest changes of the 

HTFAL [2] with changes mapped by S-1 (red). The lower 

right image combines the mapping results of TSX 

StripMap data (blue) with the S-1 changes (red). The S-1 

image stack has no images between 4/2015 and 11/2015 

and TSX data can be used to fill the gap. 

 

6. CONCLUSION 

 

We present a method to analyze multi-temporal SAR data 

from three sensors for tropical forest monitoring. The 

method can be applied to different SAR data stacks and it 

provides reliable forest change detection results similar in 

accuracy to optical Landsat based maps. Future work will 

focus on a more detailed validation and on developing near 

real-time services. 
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Fig.  5. Two mapping examples with non-forest areas 

in black or white: a) first test site: Landsat based 

Humid Tropical Forest Disturbance Alerts from 

04/2015-06/2016 (Hansen et al., 2016); b) same area 

and time frame mapped by Sentinel-1; c) second test 

site: Landsat based Humid Tropical Forest 

Disturbance Alerts from 04/2015-06/2016 [2]; d) same 

area and time frame mapped by a combination of 

TerraSAR-X (blue, images from 04/2015-10/2015) and 

Sentinel-1 (red, images from 11/2015-06/2016) 
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1. INTRODUCTION

Changes in the environment has been one of primary 
targets for research and implementations. Timely 
monitoring is often needed to update current situation. 
With vast and diverse features in tropical environment, a 
challenge to present recent condition should involve 
Earth observing satellites. Varieties of sensors have 
contributed to this efforts. Nonetheless, frequent cloud 
cover and other atmospheric disturbance like haze and 
smoke limit the utility of multispectral data. 
Preliminary investigation showed that the disturbance 
was nearly evident in all Landsat datasets, including 
within dry season. This suggests that exploring Synthetic 
Aperture Radar (SAR) data is required to obtain 
information. Applications of SAR have extended to 
varieties of subjects, including forest and plantations. For 
the latter, SAR has been examined for investigating oil 
palm [1] and timber plantation [2]. Assessments in 
rubber plantations have also been conducted to estimate 
aboveground biomass [3] and, in a very limited case, the 
tree girth [4]. 
To extend current understanding about applications of 
SAR in tropical environment, the RA6-3004 attempts to 
exploit SAR for monitoring plantations, which are often 
seen as the primary outcome of tropical deforestation. 
The research began with the identification of plantations, 
estimating their stand age as the baseline for productivity 
estimation.  

2. MAPPING PLANTATIONS

Plantations are often reported being indistinguishable to 
natural forests. Diversity of forest types in the tropical 
regions further adds the challenge. Large scale 
plantations such as oil palms and timber (acacia) 
plantations have been identified using spaceborne SAR 
data, with or without data fusion mechanisms. Tree 
growth of Acacia, for instance, was the primary subject 
for SAR study to support sustainable timber plantation in 
Sumatera, Indonesia [5]. With the availability of fully 
polarimetric SAR data, an option to move forward 
exploiting widely developed decomposition theorems 
opens a new challenge to researchers.  
Fig. 1 presents an RGB composite consists of VV, VH 
and HH backscatter coefficients. The image suggests that 
rubber plantation in northern part of Subang, Indonesia 
is clearly seen in light green color. Meanwhile, mature 
oil palm plantation in the south appears darker. This 
demonstrates that L-band fully polarimetric SAR data 
are fairly powerful to distinguish those plantation types 
among other land cover types such as urban (red-

magenta), agricultural crops (brownish) and forested 
areas in darker green. 

Fig. 1 Detecting rubber and oil palm plantations 

Seven classification algorithms, i.e. Artificial Neural 
Networks (MLP), Bayes, Classification and Regression 
Tree (CART), Gradient Boosting (GBT), Random 
Forests (RF), Support Vector Machine (SVM) and 
Gaussian Mixture Models (GMM), were evaluated. It 
was found that RF achieved the best with around 78% 
accuracy over 7 target classes. With low data input, RF 
was struggling to discriminate targets. Only when SAR 
features were combined, i.e. backscatter coefficients, 
Cloude-Pottier and Freeman-Durden decomposition 
features, RF provided enough evidence to better separate 
plantations [6]. Classification result is presented in Fig. 
2.
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Fig. 2 Land cover map, Subang, Indonesia  

 
During the course of the research, the team further 
explored the accuracy of detection using different 
environmental setting. The extension was made in Bogor 
regency, Indonesia, the area that is dominated by 
settlements as a result of expanding Jakarta metropolitan 
and Bogor municipal. 
As indicated by previous results, in this extension, RF 
and SVM were investigated to classify six targets, 
including oil palm and rubber/timber plantations. 
Random forest achieved overall accuracy around 84.6% 
with confidence intervals between 84.1 and 85.2%. A 
slightly lower result was presented by SVM with Radial 
Basis Function (RBF). The latter yielded around 82.3% 
overall accuracy. This suggested that fully polarimetric 
SAR could serve as a data input for land cover 
classification. Details of class-wise balanced accuracy 
are presented in Table 1. 
 
Table 1. Accuracy of land cover classes, in percent 

Class RF SVM (RBF) 
Water 97.5 97.2 
Built-up 97.3 95.8 
Barren, grass 91.5 91.1 
Agricultural crops 74.1 66.7 
Oil palm plantation 93.1 93.0 
Rubber/timber plantation 92.6 92.5 

 
3. ESTIMATING STAND AGE 

 
Upon successful identification of plantations, further 
information on stand age is invaluable to decision 
making process. Data covering old trees, especially 
managed by peasant farmers, are often absent; hence, 
replanting program is yet thoroughly implemented. 
Approaches using time series data could be substantial to 
provide the information. Nonetheless, the absence of 
reliable datasets has direct impact to time series analysis. 
With this in mind, finding a procedure to acquire the 
information using minimum amount of data will be 

invaluable. Preliminary analysis of stand age mapping in 
Subang region [7] is presented in Fig. 3.  
 
 

 
Fig. 3 Stand age mapping in Subang rubber 
plantation 

 
Following successful implementation of preliminary 
analysis, further experiment was conducted in Jember, 
Indonesia, to observe and to study discrepancy of the 
pattern due to different climatic environment. Fig. 4 
depicts scattering behavior over rubber tree age, 
observed in Jember region. As indicated, VV is less 
sensitive to stand age, which is slightly different to 
Subang site [8]. The reason is yet to be discovered, 
however, this could be linked to insufficient sampling 
and stand age distribution. Despite this, HH and HV 
patterns suggested an agreement with Subang site. 
 

 
Fig. 4 Stand age mapping in Jember plantation 
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Separating fifteen age classes would be very challenging 
to machine learners. Our test indicated that new models 
like RFern could not survive by yielding only about 47% 
overall accuracy. Original RF, however, provided a good 
outcome with overall accuracy about 81%. Competing 
classifiers such as SVM yielded low accuracy, i.e. around 
74%. Promising model like gradient boosting can serve 
as an alternative. In our case, it produced overall 
accuracy about 79%. Our tests suggested that RF would 
serve as the primary choice of model building, with an 
excellent consistency across targets and locations. 
 

4. BIOMASS ESTIMATION 
 
Productivity of rubber plantations can be evaluated using 
two different approaches. The first is within-rotation 
assessment, allowing rapid management alteration when 
required. In the case of rubber tree, within-rotation 
productivity can be approached with monitoring tree 
girth. Secondly, productivity can also be examined after 
the end of rotation, using tree biomass as a proxy. 
In this research, it was found that rubber tree girth was 
highly correlated with the height (Fig. 5). This 
summarizes that biomass could be monitored using 
single parameter as an input for allometric equation. 
Obviously, this finding eases the requirement of complex 
field survey to collect diameter-at-breast height (dbh) 
and the height of the tree. It is also worth to note that the 
relationships were fairly comparable between Subang 
and Jember sites. 
 
 

 
Fig. 5 Circumference-girth relationship in rubber 
trees 

 
Several allometric equations were investigated to further 
study the comparison between specific-tree versus 
nonspecific-tree allometric equations. In this research, 
rubber-tree-specific equations including Chantuma [9], 
Sone [10] and Saragih [11] were examined.  We noted 
that equations that regionally developed and tree specific 
tend to produce a better result. For instance, Chave’s 
equation [12] gave an average R2 of 0.34 which strongly 
suggested inadequacy of the data and the model to 
estimate tree biomass. A slightly better condition was 

observed using Ketterings’ biomass equation[13] , with 
a mean R2 of 0.35. 
PALSAR-2 data analysis suggested that the Saragih 
equation yielded highest coefficient of determination, i.e. 
0.98, which emphasized the importance of employing 
fully polarimetric form of L-band SAR data [14]. This 
research also indicated that Eigen-based polarimetric 
decomposition was unable to assist either classification 
or regression problems. Conversely, model-based 
decomposition provides an opportunity to augment 
accuracy of the analysis. 
While variety of R2 existed in the analysis, future 
investigations should pay an attention to discrepancies 
between time of satellite data acquisition and field works 
and possible impact of seasonal difference. The finding 
[14] also suggested that the existence of negative 
estimation should be further considered for research and 
implementation. 
 

5. CONCLUSION AND FUTURE WORKS 
 
The research clearly contributes to better understanding 
on the use of L-band fully polarimetric SAR data for 
monitoring aspects of rubber plantation. While 
limitations have been identified, research team found that 
sole PALSAR-2 data may contribute in identifying and 
mapping plantations with fairly high degree of accuracy. 
The data were also capable to further exploitations in 
detecting stand age as the basis for productivity 
estimation. Either in-rotation or end-of-rotation 
productivities were supported by PALSAR-2 data. 
Further research, however, needs to be exercised to 
explore sensors capability to monitor tree growth more 
frequently. This is required to support sustainable 
management of plantations and forest areas. 
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1. INTRODUCTION

Accurate measurement of vegetation biomass of forests 
and wetlands and monitoring the changes in vegetation due 
to natural as well as anthropogenic activities is vital for 
estimation of terrestrial carbon stock and carbon fluxes 
from forest and wetland ecosystems which has major 
bearing on the regional and global climate change studies. 
Forest-PLUS is a five-year global climate change 
mitigation project initiated by USAID and Govt. of India 
to reduce emissions from deforestation and forest 
degradation (REDD+) in India’s forested landscapes. The 
major goals of Forest-PLUS are to institutionalize forest 
management practices that reduce Green House Gas 
(GHG) emission from forested landscapes, increase 
sequestration of atmospheric carbon in forests, protect 
forest biodiversity health, protect and/or enhance forest-
based livelihoods, forest ecosystem services, and other 
social contributions of forests in India. Through these 
objectives, Forest-PLUS will help position India to 
participate in any final REDD+ mechanism. Forest-PLUS 
program has identified few sites in the forested landscapes 
of Karnataka, Madhya Pradesh, Uttarakhand and North-
Eastern states representing the major forest types of India 
in order to implement and demonstrate its objectives. 

There have been efforts to estimate forest above-ground 
biomass (AGB) of India at local to regional levels by many 
using satellite remote sensing technology. However, 
estimation of forest AGB at state level or national level and 
production of forest aboveground biomass maps of India 
are yet to achieve maturity. There have been several 
assessments of forest biomass and forest carbon stock 
globally or regionally over tropical regions, made by 
researchers using space borne remote sensing data [1] - [6]. 
Many of these researchers have agreed that synthetic 
aperture radar (SAR) provides optimum dataset for 
retrieval of forest AGB provided good amount of and 
reliable ground data on vegetation type, density and tree 
allometry are available. 

SAR data has shown great potential in retrieval of forest 
AGB due to its capability of all-weather, day-night imaging 
and ability to penetrate vegetation canopy to provide more 
dynamic range for vegetation growth variables as 
compared to optical data. SAR signals in longer 

wavelength (such as L and P-band) have ability to penetrate 
deeper inside the vegetation canopy and produce more 
sensitivity to the biomass of higher densities, hence are 
widely used for retrieval of forest AGB. Several 
methodologies for biomass estimation have been reported 
in recent literatures but no method has been projected to be 
robust for national level biomass estimation, especially for 
India where forest vegetation has high diversity due to 
varied climatic conditions, physiography and topography. 
There is also no clear view on how carbon pools and their 
fluxes should be reported and what the accuracy and 
uncertainty of biomass monitoring might be. Therefore, 
biomass mapping has become an urgent need to assess and 
produce data on forest carbon stocks and the change in 
carbon stocks at national level. 

The present work has demonstrated the potential of L-band 
SAR data from ALOS PALSAR 1 and 2 for estimation of 
forest above-ground biomass (AGB) over four districts of 
India with varying physiography and vegetation types. The 
major objectives of the project were: (a) understanding the 
scattering characteristics of L-band polarimetric SAR from 
forested landscapes of varying vegetation types, (b) 
vegetation above-ground biomass estimation over few 
Forest-PLUS study sites in India, (c) assessment of 
vegetation biomass changes due to natural and 
anthropogenic activities, and (d) comparison and 
validation of results obtained from the analysis of L-band 
and C-band SAR data 

2. STUDY AREA AND DATA SETS

Following study areas identified under Forest-PLUS 
program in India were considered in the present work for 
vegetation scattering characterization, estimation of forest 
above-ground biomass and forest disturbance monitoring: 

1. Hoshangabad district, Madhya Pradesh
(Lat: 221310 – 224310N; Lon: 772150 –
783920E)

This region is characterized by tropical dry deciduous and 
tropical dry evergreen vegetation. The major tree species 
of the forests are teak (Tectona grandis), sal (Shorea 
robusta), neem (Azadirachta indica), peepal (Ficus 
religiosa), shisham (Dalbergia sissoo) and bamboo 
(Bambuseae spp.). This area also contains grassland and 
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scrubland vegetation. The forest has distinct leaf-on and 
leaf-off periods during May-October and December-
March, respectively. 
 

 
 

 
 

Fig. 1 (Top) Location of study sites shown on the 
backdrop of forest cover map (in green colour) of 

India. (Bottom) Maps of (a) Shimoga, (b) Dehradun, 
(c) Karbi-Anglong and (d) Hoshangabad showing 

distributions of forest inventory plots (0.1-hectare size) 
with blue triangles representing the inventory data 
used for generation of model coefficients and red 

circles representing the inventory data used for AGB 
product validation.    

 
 

2. Shimoga district, Karnataka 
(Lat: 132810 – 143810N; Lon: 743925 – 
755150E) 

This region is characterized by tropical dry deciduous and 
tropical moist deciduous / semi-evergreen vegetation. The 
region has teak (Tectona grandis) and acacia (Acacia 
auriculiformis) as dominant forest species and several 
secondary species including Terminalia paniculata and 
Terminalia tomentosa. The forest has distinct lean-on and 
leaf-off period.  
 
3. Karbi Anglong district, Assam  
(Lat: 253151 – 262949N; Lon: 920852 – 
935338E) 
This region is characterized by tropical moist semi-
evergreen forests, moist mixed deciduous forests, riverine 
vegetation and bamboos. The major tree species of the 
forests are Badam (Terminalia catappa), Amari (Amoora 
wallichii), Sam (Artocarpus chaplasha), Tita Sopa 
(Talauma phellocarpa), Nahar (Mesua ferrea), Bhelu 
(Tetramelos mudiclora), Dhuna (Canarium resiniferum) 
and Myrobalans (Terminalia chebula). While the riverine 
vegetation mostly composed of Khair, Sissoo, Simul, 
Urium and Kokoli. The area is hilly with moderate slopes. 
Elevation ranges from 90 – 970m asl. 
 
4. Dehradun district, Uttarakhand 

(Lat: 295656 – 305857N; Lon: 773317 – 
781713E) 

This region is characterized by tropical moist and 
subtropical dry broadleaf forests. There are also pine 
forests at the higher altitudes of the district. The major tree 
species of the forests are sal (Shorea robusta), teak 
(Tectona grandis), Eucalyptus hybrid, Acacia catechu, 
Cassia fistula and shisham (Dalbergia sissoo), while chir 
pine dominates the pine forests.  

 
2.1 DATA USED 

Satellite data: 

The study was carried out using C-band SAR data from 
Indian RISAT-1 and L-band SAR data from ALOS-1/2 
PALSAR-1/2. Additionally, ALOS-1 AVNIR-2 data were 
used for contextual information in the present work. For L-
band SAR data, ALOS 1/2 PALSAR stripmap fine beam 
data in HH and HH+HV polarization and global mosaics 
of ALOS PALSAR HH and HV polarization data 
generated at 25m pixel spacing were used [7]. Digital 
Elevation Model (DEM) data of SRTM 30m was used for 
topographic correction of SAR data. ALOS PALSAR data 
were collected at various levels of processing (level 1.1 for 
quad-pol data and level 1.5 for single and dual-pol data) 
during the ALOS-1 and ALOS-2 mission periods, while 
RISAT-1 SAR data were collected during 2015-16 over the 
study sites. Forest inventory data over several sample plots 
of 0.1 hectare (ha) distributed over the study sites were 
collected for ground-based estimation of forest biomass 
over the sampled plots, which were used for development 
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of biomass retrieval models. Details of satellite data used 
in the present work are shown below in Table 1. 
 
 

Table 1. Details of satellite data used in the work 
presented here  

Sensor Data type: mode/ 
polarization 

Inc. 
angle 

Pixel 
spacing 

ALOS-1 
Palsar 

Fine beam dual-
pol (HH+HV) 

34.3 12.5m 

ALOS-1 
AVNIR 

Optical multi-
spectral 

Nadir 10m 

ALOS-2 
Palsar-2 

Stripmap single 
(HH) and dual-pol 

(HH+HV)  

32 - 34 6.25m 

Stripmap quad-
pol 

25 - 35 6m 

ALOS  
Palsar-1/2 

Global FnF data 32 - 36 25m 

RISAT-1 / 
C-band  

MRS (HH+HV 
pol)  

36.5  18m 

 

Field Data: 

The Forest Survey of India (FSI) in collaboration with the 
state forest departments collects forest inventory data every 
two years over more than 15,000 sample plots (0.1 ha) laid 
on forests of varying types and density, distributed over 
India. These forest inventory data include collection of tree 
geometrical parameters such as tree height, stem diameter, 
canopy diameter etc. used for estimation of vegetation 
biomass over the sampling plots through suitable species 
specific local allometric models [8]. Forest inventory data 
for the years 2015-16 corresponding to the study areas were 
collected from the FSI. The above-ground dry biomass 
(AGB) of each of the inventoried forest patches of 0.1ha 
was computed using appropriate allometric models [8]. 
These biomass values were used for development of 
biomass inversion models for estimation of biomass over 
the study sites. For validation purpose, forest inventory 
data over 18 plots in the Shimoga district, 21 plots in the 
Dehradun district, 17 plots in the Karbi-Anglong district 
and 24 plots in the Hoshangabad district (of 0.1 ha size) 
were collected by the authors during 2015-17 with the help 
of state forest departments. 
 

3. METHODOLOGY 
 

Selection of suitable SAR data and inversion algorithm is 
vital for accurate estimation of forest AGB. In India, SAR 
data acquired during dry season (leaf-off period) provide 
higher backscatter dynamic ranges within the forest 
vegetation compared to the data acquired during wet 
season (leaf-on period) and hence produce better 
estimation of above-ground vegetation biomass [9] – [10]. 
In the present work SAR data were collected over the 
vegetation leaf-off periods, as far as possible.  
 

Preprocessing of SAR data: 

RISAT-1 Medium Resolution ScanSAR (MRS) level-2 
geocoded products in HH and HV polarizations of the 
study areas were procured from National Data Center 
(NDC) of National Remote Sensing Centre (NRSC), Indian 
Space Research Organisation (ISRO). The geocoded 
product was processed for speckle reduction using an 
adaptive filter (enhanced Lee) of 3*3 kernel size. The 
digital numbers (DN) of SAR intensity data was converted 
to Normalized Radar Cross Section (NRCS or gamma-
naught, 0) data (in dB) using the following equation, 

CFDNdB  2
10

0 )(log10)(   (1) 

where CF is the calibration factor provided for each 
polarization data in the metadata file. 
 
Similarly, ALOS PALSAR-1/2 fine beam stripmap single 
(HH-pol) and dual polarization (HH+HV pol) data in level-
1.1 (Single-Look Complex data) or level 1.5 multi-look 
geocoded products were obtained over the study regions 
from Japan Aerospace Exploration Agency (JAXA). Also, 
ALOS PALSAR-1/2 25m global mosaic data in HH and 
HV polarizations was downloaded from JAXA Earth 
Observation Research Center (EORC) site. The pre-
processing of ALOS PALSAR 1/2 data was done with the 
terrain corrections methodology suggested by [11] to avoid 
topographic effects on PALSAR data in the hilly areas. The 
PALSAR data were ortho-rectified using the SRTM DEM 
30m to correct the topography. The SRTM DEM with 30m 
pixels were resampled to 25m using bi-linear interpolation. 
The DN values of PALSAR image were converted to 
normalized backscatter values using the following equation 
[12], 
 
For level 1.1 (SLC) data: 

CFQIdB  32)(log10)( 22
10

0  (2) 

For level 1.5 (multi-look geocoded) data: 

CFDNdB  2
10

0 )(log10)(   (3) 

Where CF is the calibration constant (-83 for ALOS 
PALSAR data). 
 

Biomass retrieval model: 

There are several radar biomass models are being used by 
the researchers. Statistical models such as linear, non-
linear regression models and semi-empirical models using 
single or multiple variables like SAR backscatter intensity 
at different frequencies and polarizations, radar vegetation 
indices, polarimetric indices are more commonly used due 
to its simplicity in implementation. There are also radar 
physical models that are often complex in formulation and 
include a large number of variables covering the remote 
sensing sensor characteristics, the geometry of 
measurements, and the forest characteristics [13]. Biomass 
maps have also been generated using nonparametric 
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approaches such as interpolation, co-kriging, classification, 
decision rule techniques, and machine-learning approaches 
as in the Random Forest, Support Vector Machine or neural 
network.  

Development of biomass inversion models are based on 
the predominant scattering contributions from forest 
vegetation, which can be represented by the following 
equation 

 
��� (�) =  �����(1 − ������) +

                  ��������� ������ + (1 − ��)���
����  (4) 

 
Where fv is the vegetation fraction of a pixel. fv = 1 for 
pixels fully covered by vegetation, p and q are the H and V 
polarization, pq is the biomass power factor which 
depends on polarization. b is the aboveground live biomass 
(AGB) expressed in tons/ha, finally, Apq, Bpq, Cpq are the 
calibration coefficients which are calibrated for specific 
ecoregions and/or forest types. Here, the first term denotes 
the volume scattering from the forest vegetation, second 
term represents multiple scattering from ground-vegetation 
and the third term corresponds to the scattering from 
ground, which has dependence on soil moisture and surface 
roughness. From this relation, various biomass inversion 
models have been developed for estimation of AGB. In the 
present work a semi-empirical model using multiple 
variables such as SAR backscatter in HH and HV 
polarizations in L-band (ALOS PALSAR) and C-band 
(RISAT-1) were used for estimation of forest AGB over 
the study regions. A generalized methodology for the 
retrieval of AGB is depicted in a flow chart in the Figure 2. 
The important components of this approach are: selection 
of proper SAR data; external DEM for topographic 
correction of SAR data; forest inventory data for ground 
measured forest biomass and vegetation fraction; biomass 
inversion models; and reliable and up-to-date forest mask. 

 
Forest mask and vegetation fraction data: 

Forest / non-forest mask is important for generation of 
forest AGB maps. Many of the forest biomass retrieval 
models use forest vegetation fraction information as 
percentage of vegetation within image resolution cell 
(pixel) for estimation of AGB. Forest Survey of India (FSI) 
generates biannually the forest cover map of India at 24m 
pixel spacing using optical satellite data (http://.fsi.nic.in/) 
(Figure 3). This data serves as the most authentic forest 
cover mask of India. FSI forest cover presents forest cover 
with vegetation fraction as 0-10% (scrubland), 10-40% 
(open forest), 40-70% (moderately dense forest) and 70-
100% (very dense forest). Global forest cover for the year 
2000 and forest cover gain and loss maps up to the years 
2012 & 2017, respectively have been generated by Hansen 
[14] at the University of Maryland using Landsat data at 
30m pixel spacing. The data provides forest vegetation 
fraction in the range of 1% - 100%. Forest cover map of 
India can also be obtained freely from global forest/non-
forest (FnF) product generated for ALOS-PALSAR dual-

polarization data at 25m pixel spacing [7]. However, the 
data does not provide information on vegetation fraction 
within the forests. Updated forest cover maps from FSI is 
available for the years 2017 and 2019 and the same 
generated from ALOS-PALSAR-2 data is available for the 
years 2016, 2017 and 2018. 
 
 

 

Fig. 2 Schematic flow diagram showing methodology 
for above ground biomass mapping 

 

 

 
 

Fig. 3 Available forest cover maps over Indian region 
showing different vegetation fractions generated from 

SAR and optical data, by various agencies.  
 
 

4. RESULTS AND DISCUSSION 
 
Scattering characteristics of forest vegetation types and 
other land use types were studied using ALOS PALSAR-2 
quad-pol data over the study sites. Polarimetric SAR data 
were decomposed with Yamaguchi 4 component method 
[15] and the contributions of odd-bounce, even bounce and 
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diffused scattering on total scattering intensities over a 
cluster of pixels representing different vegetation types 
were studied. An example is shown in Figure 4 below for 
Shimoga district.  
 

 

 
Fig. 4 (Top) Yamaguchi decomposition image, 
(Bottom) Contributions of scattering types for 

different vegetation and land use classes over Shimoga 
study site as observed in ALOS PALSAR-2 quad-pol 

data. 
 
The contributions of odd-bounce scattering were highest 
for fallow land whereas that was lowest for matured acacia 
plantations. Acacia (Acacia auriculiformis) plantations in 
the region are characterized with dense canopy and closely 
spaced trees and thereby showing high values of volume 
scattering and hence low values of odd-bounce scatterings 
at L-band. Similarly, the teak (Tectona grandis) plantations 
in the region have shallow canopy and prominent trunks 
and the young plantations have no well-developed 
branches. Hence teak plantations showed distinct even-
bounce scattering and matured teak plantations show 
higher volume scatting contributions compared to the 

young plantations. The young teak plantations are more 
like slender stems without much developed branches were 
characterized with higher even-bounce scattering 
compared to other forest vegetation. The mixed 
deciduous/semi-evergreen forests of the region showed 
volume scattering with intermediate values between teak 
and acacia plantations and characterized with low even-
bounce and medium odd-bounce scatterings due to higher 
canopy densities of the vegetation. The study helped in 
characterizing major vegetation types within the region 
with SAR polarimetric parameters, resulting into 
classification of major vegetation types and other land use/ 
land cover features. 
 
 

 
Fig. 5 L-band SAR backscatter (0

HH and 0
HV) time 

series capturing vegetation phenology over forests of 
Shimoga, Karnataka 

 
 
Temporal SAR backscatter in L-band HH and HV 
polarizations was studied over different vegetation types in 
the study areas and an example of Shimoga forests is 
shown in Figure 5. It was observed that there is a decrease 
in the SAR backscatter values from the forest vegetation 
during the months of December and April, which happens 
to be the driest months of the year in most part of India 
except the NE region. This drop in the backscatter values 
is more prominent in the HV polarization and the 
deciduous vegetation with distinct leaf-off during the 
period, showed about 2-3dB lower backscatter in HV 
polarization as compared to the other parts of a year. In 
Shimoga, the teak plantations showed lower HV 
backscatter values during December – April, whereas 
mixed forests did not show any significant change in 
backscatter during the dry and wet months. Also, higher 
dynamic ranges of SAR backscatter were observed over the 
vegetation during dry season. This indicates the usefulness 
of SAR data collected over dry seasons for retrieval of 
vegetation bio-physical parameters including above-
ground biomass [9] – [10]. 
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4.1 Generation of Forest Cover from ALOS-PALSAR 
Data: 

Forest cover map, also used as forest mask is an important 
input for generation of forest AGB maps using remote 
sensing data. Existing forest cover maps available for India 
are either inaccurate or produced at lesser frequencies. 
Figure 5 shows the forest cover maps of Shimoga generated 
from ALOS-PALSAR dual-pol data [7] and Landsat data 
[14]. Both the products have higher inaccuracies and 
cannot be used as forest mask for generation of forest AGB 
maps. The forest cover produced by the FSI [16] is 
considered to be most authentic. However, FSI forest cover 
maps are generated at 2 years’ interval and may not be 
optimum for generation of forest AGB maps at lesser 
intervals, say every 6 months, in order to monitor forest 
disturbances and changes in AGB.  
 

 
Fig. 5 (a) ALOS-PALSAR-2 dual-pol RGB image 

(R: HH; G: HV; B: HH/HV) of 2017, (b) forest cover 
map of Shimoga derived from ALOS-PALSAR-2 FnF 

product of 2017 (c) forest cover map of Shimoga 
generated from optical Landsat data by Hensen, 2000. 
 

Attempt was made to generate forest cover maps of the 
study sites using ALOS-PALSAR data. A hierarchical 
decision rule based classification scheme was developed 
based on radar parameters of (i) temporal coefficient of 
variation (CoV), (ii) backscatter intensities in HH and HV 
polarizations and (iii) Yamaguchi decomposition 
intensities derived from ALOS-PALSAR-2 dual-pol and 
quad-pol data for generation of forest cover map over 
Shimoga study site, as shown in Figure 6.  

 

 
 

Fig. 6 Schematic methodology for generation of forest 
cover map from ALOS PALSAR data 

The method was tested on ALOS-PALSAR-2 data 
acquired in 2017 and the results were validated with the 
FSI forest cover generated based on optical multi-spectral 
data for the year 2017 [17]. Table-2 shows the validation 
results of the forest cover generated from different datasets 
and by different agencies.  
 
 

 
Fig. 7 (Left) Yamaguchi Decomposition image 

(RGB: double-bounce, volume, surface scattering 
power) of ALOS PALSAR-2 quad-pol data of 2017, 
(Right) forest cover map of Shimoga generated from 

decision rule based segmentation of ALOS PALSAR -
2 dual and quad-pol data of 2017. 

 
 

The percentage deviation (or error) of estimated forest 
cover area from the official forest cover as reported by FSI 
for the year 2017, as listed in Table 2, shows that the forest 
cover generated using the above-discussed method 
matched closely with the FSI reported forest cover. While 
the forest cover reported by Hensen using Landsat data and 
ALOS-PALSAR fnf product showed significant underestimation. 
The proposed method is useful for generation of forest cover 
mask using SAR dual-pol and quad-pol images. The study brings 
out the importance of L-band SAR quad-pol data for accurate 
forest cover mapping. 
 

Table 2. Comparison of forest cover of Shimoga 
district, Karnataka generated from different datasets 

 
Shimoga Forest Cover 

(2017); 
Source of Remote 
Sensing (RS) data 

Area  
(in sq 
km) 

% 
GA 

% 
deviation 
from FSI 
estimates 

ALOS PALSAR-2 dual-pol 
and polarimetric (quad-pol) 
data 

4,322 50.98 0.04 

ALOS-PALSAR dual-pol fnf 
product (Shimada, 2014) 

4,259 50.23 -1.43# 

Landsat data (Hensen, 2000) 3,851 45.42 -10.87# 

Forest Cover reported by FSI 
in ISFR, 2017 (estimated 
based on optical RS data) 

4,320 50.96 0 

ISFR: India State of Forest Report 
GA: Geographical Area = 8,478 sq km 

#: (-) sign indicates underestimation 
 

Forest cover maps of all the sites were generated by the above 
method for the year 2017 and used as input for generation of AGB 
maps as presented in the next section. 

SAR data (time series) 
(Level 1.5 Geocoded)

Speckle filter, 
topographic correction

Image calibration 
(dB image)

Polarimetric SAR data
(Level 1.1 SLC)

CoV = std dev. ()/ 
temporal mean ()

Multi-looking, Speckle 
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4.2 Estimation of Forest Above-Ground Biomass 

The relationship between L-band SAR backscatter and 
ground measured biomass over 0.1 ha inventory plots were 
studied for each of the study sites.  Figure 8 depicts the L-
band SAR backscatter in HH and HV polarizations plotted 
against ground measured biomass over Shimoga, 
Dehradun, Karbi-Anglong and Hoshangabad study sites. 
The scatter plots are fitted with trend lines of logarithmic 
function. The graphs show a strong correlation of SAR HV 
polarization backscatter with AGB, though there is also 
positive correlation seen between SAR HH pol backscatter 
and AGB. However, the trend lines show saturation of SAR 
backscatter in both HH and HV polarizations towards 
higher AGB values (values > 100 t/ha). 
 

 
Fig. 8 L-band SAR backscatter (0

HH and 0
HV) 

plotted against field measured biomass. The trend 
lines show logarithmic functions. 

 
From the above relationships, the calibration coefficients 
A, B and C were generated for each of the study sites for a 
biomass inversion model based on multi-linear regression 

functions (MLR) using 0HH and 0HV parameters, as 
stated below: 
 

YBIOMASS (t/Ha) = A + (B * 0
HV) + (C * 0

 (HH)) (5) 
 
where 0 is backscattering coefficient in dB 
 
The forest AGB maps of (a) Shimoga, (b) Dehradun, (c) 
Karbi-Anglong and (d) Hoshangabad districts were 
generated at 25m grid spacing based on the methodology 
shown in Figure 2 and are presented in Figure 9. The AGB 
values (in t/ha) are colour coded with a continuous 
spectrum ranging from ‘dark blue’ to ‘red’. AGB values 
were higher in Dehradun and Shimoga districts as 
compared to Karbi-Anglong and Hoshangabad districts.  It 
was also observed that the timber plantations like Tectona 
grandis and Shorea robusta showed higher AGB as 
compared to natural mixed forests in Shimoga, Dehradun 
and Hoshangabad districts. There were few discrepancies 

such as over estimation or underestimation of AGB were 
observed in the hilly regions of Dehradun and Karbi-
Anglong in spite of a robust terrain correction of SAR 
backscatter data. 
  

 

Fig. 9 Forest AGB maps of (a) Shimoga, (b) Dehradun, 
(c) Karbi-Anglong and (d) Hoshangabad districts 
generated from ALOS PALSAR-2 dual-pol data 

acquired during 2017-18. 

 
The model estimated AGB values were validated with field 
measured AGB, and the results are shown in Figure 9. The 
model predicted AGB were validated against 
independently collected forest inventory data over 18 plots 
in the Shimoga district, 21 plots in the Dehradun district, 
17 plots in the Karbi-Anglong district and 24 plots in the 
Hoshangabad district. The validation statistics are shown 
in Table 3. 
 

 

Fig. 10. Validation of model predicted AGB with 
ground measured AGB over the study sites 
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The study showed that AGB estimates over Hoshangabad 
district was most accurate (RMSE 20.98) and the same 
over Karbi-Anglong district was least accurate (RMSE 
57.4). However, it may be noted that the RMSE was 
calculated over the entire range of AGB values in each of 
the study sites. The RMSE values were quite low when 
calculated over AGB ranges less than 100 t/ha, where the 
SAR backscatter values start showing saturation with the 
increasing AGB values. 
 
Table 3. Validation statistics of ground measured AGB 

vs model predicted AGB over the study sites 
 

Site Name No. of 
validation 

plots 

Ground 
measured 

AGB range 
(t/ha) 

RMSE 
(t/ha) 

Shimoga 18 31.1 – 225.1 26.13 
Dehradun 21 51.2 – 239.3 45.52 
Karbi-Anglong 17 29.6 – 318.0 57.4 
Hoshangabad 24 30.6 – 125.6 20.98 

 
 
4.3 Assessment of forest disturbance due to natural and 
anthropogenic activities 
 
Forest disturbances in terms of changes in forest cover and 
forest AGB were mapped over the study sites using ALOS 
PALSAR temporal data. A case study of Hoshangabad 
(MP) district study site has been presented here. In 
Hoshangabad, dry teak (Tectona grandis) vegetation 
contributes the most to the overall forest vegetation and in 
many places, teak plantations are grown for commercial 
use, which are harvested (through selective logging) in the 
district. The district has also experienced loss of forests due 
to construction of reservoirs for water storage in the recent 
past. As a conservation measure, there are also 
afforestation projects carried out in the region and areas of 
vegetation re-growth are also commonly seen in the 
district. These brings about changes in the forest area as 
well as forest AGB in the district.  
 

Table 4. Comparison of RMS Error (t/ha) obtained 
from estimation of AGB at 25m and 100m spatial 

resolution 
 

Year RMS Error 
(t/ha) 

Year RMS Error 
(t/ha) 

25m  100m  25m  100m  
2007 34.6 27.1 2015 29.5 26.4 
2008 35.5 26.4 2016 31.7 27.8 
2009 33.2 27.3 2017 30.2 26.2 
2010 36.1 27.8 2018 30.6 28.1 

Average  
2007-10 

32.2 25.4 Average  
2015-18 

28.5 24.3 

* Data used: ALOS-PALSAR1/2  
 # For RMSE  N = 24 

 

Forest AGB maps of Hoshangabad were generated for the 
years 2007-2010 using ALOS-PALSAR-1 FnF 25m data 
and for the years 2015-2018 using ALOS-PALSAR-2 FnF 
25m data in HH and HV polarizations using the 
methodology presented in Figure 2. The forest cover maps 
generated during 2007 and 2017 and NFI data collected 
during 2007-08 and 2016-17 were used in the study for 
generation of AGB maps for the years 2007-10 and 2015-
18, respectively. Forest AGB maps were generated at 25m 
grid sizes and 100m grid sizes to compare the accuracies of 
estimation. In this study, SAR data at 100m grid size were 
obtained from resampling 25m FnF data to 100m data. 
Figure 11 presents the forest AGB maps of Hoshangabad 
generated at 100m grids for the years 2007-10 and 2015-
18. The regions of low AGB are shown in magenta-blue 
colour spectrum whereas high AGB values are depicted in 
yellow-red colour spectrum. The regions of medium AGB 
are represented with cyan-green colour spectrum.  
 

 
 

Fig. 11: Forest AGB maps of Hoshangabad (MP) 
derived from ALOS PALSAR HH+HV polarization 

data (extracted from FnF global mosaic) of 2007-2010 
and 2015-2018. For this analysis, forest inventory data 

(NFI) collected from Forest Survey of India (FSI) 
during 2007-08 and 2014-15 was used. 

 
The estimated AGB values were validated using ground 
measured AGB values over 24 number of 0.1 ha inventory 
plots. The results of the validation are shown in Table 4. It 
was observed that AGB estimated at 100m grid (pixel size) 
showed lower RMSE values as compared to the same 
estimated over 25m grid. Also, AGB estimated over 
temporal averaged backscatter values produces better 
accuracy (lower RMSE values) as compared to the same 
estimated over single date spatial averaged backscatter.  
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The differences in the forest AGB estimated over the 
periods 2007-2018 were computed to generate forest 
disturbance maps of Hoshangabad. Figure 12 shows the 
change matrix of forest AGB generated annually over 
Hoshangabad. In this figure the X-axis represents the 
‘base’ year and the Y-axis represents the ‘reference’ year. 
That means, the change in AGB between 2 years has been 
computed by subtracting the AGB of the reference year 
from that of the base year. The change in forest AGB 
between 2 years has been presented on a map indicating (i) 
no significant change in AGB in ‘grey colour’, (ii) loss in 
AGB with respect to an earlier year in ‘red colour’, and (iii) 
gain in AGB with respect to an earlier year in ‘green 
colour’. The threshold for change in AGB has been taken 
as actual AGB ± RMSE value (in t/ha) corresponding to the 
‘base’ year. 
 
 

 
 

Fig. 12: Maps showing change in forest AGB of 
Hoshangabad (MP) derived from ALOS PALSAR 
HH+HV polarization data of 2007-2010 and 2015-
2018. The regions with no appreciable change in 

biomass between two years are shown in Grey colour, 
while regions with Loss in AGB and gain in AGB 

values are shown in Red and Green colours, 
respectively. 

 
 
Figure 13 shows in a colour gridded matrix, the statistics of 
change in forest AGB during the years 2007-2018. The 
green colour boxes correspond to overall gain in AGB and 
red colour boxes correspond to overall loss in AGB. The 
intensity of loss or gain are depicted through the tone of the 
colours e.g., dark green indicates high gain in forest AGB 
and light green depicts marginal gain in AGB, similarly 
dark red indicates high loss in forest AGB and light red 
indicates marginal loss in AGB. The actual gain or loss in 
AGB in terms of % of forest area are indicated within the 
boxes.  
 
The study showed that there was a net gain in the AGB over 
Hoshangabad during 2015-17 as compared to the same 
during 2007-10. However, the study also indicated that the 
net AGB had decreased from 2015 to 2018 in the area and 
the year 2018 had shown some degradation of forest AGB 
in the Hoshangabad district. While the causative factors for 

these changes are under investigation, the study 
demonstrated the utility of L-band SAR time-series data for 
monitoring forest disturbance. 
 

 

Fig. 13: Forest AGB change matrix for the years 2007-
2010 and 2015-2018. Values shown within a box 

represent in % areas with (1) Unchanged, (2) Loss and 
(3) Gain in above-ground biomass between two years. 
Boxes with Red shades indicate loss of biomass while 

boxes with green shades show gain in biomass. 

 
5. CONCLUSIONS 

 
The study has successfully brought out the state of forest 
vegetation over diverse physiographic regions of India 
through space based remote sensing. L-band SAR data 
from ALOS PALSAR 1 and 2 were found to be extremely 
useful for quantifying and monitoring forest resources in a 
tropical country like India. The behavior of polarimetric 
SAR data could not the studied properly over the study 
sites, however, due to the insufficiency of ALOS 
PALSAR-2 quad-pol mode acquisitions over the regions. 
The initiative of JAXA to produce global mosaics of well-
calibrated, topographically corrected ALOS PALSAR 
dual-polarization data, annually, is a very commendable 
step and has a potential for significant contribution to the 
L-band SAR based studies of global vegetation.  
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1. INTRODUCTION
This research will exploit the combination of medium-
resolution L-band radar, optical data and satellite derived 
active fire alerts for monitoring fire-related tropical forest 
dynamics, including deforestation, forest degradation and 
reforestation.  
Indonesia’s forest cover loss rates are among the highest 
globally and are driven mainly by expansion of and 
conversion to industrial forest plantations. Fire use in 
natural and plantation forest is considered a major illegal 
and unsustainable land management practice in Indonesia, 
and results in large-scale environmental damage, health 
problems and financial losses [1], [2]. In particular, large 
greenhouse gas emissions are associated with fire-related 
forest cover loss. The majority of fires in Indonesia are 
human-induced and only very few are natural [3], [4]. 
While prohibited by law, fire use is widespread in both 
industrial and small holder plantations (e.g. palm oil) and 
are often used to expand cultivatable land [4]–[6]. Fire is 
used for a diversity of land management practices and its 
temporal relationship with forest cover loss can vary 
largely [3], [7], [8]. While some fires predate forest cover 
loss and are used for example to remove forest understory 
to allow access for later harvesting operations, some fires 
coincide with forest cover loss or are lit to directly clear the 
forest. Others postdate forest cover loss and are used to 
prepare already cleared land for cultivation [5], [8]–[10]. 
Moreover, different fire-related land management practices 
result in different recoveries or succession of the reforested 
trees. These recoveries vary based on the forest 
composition and structure [11]. The composition and 
structure of the forest and the soil nutrition is determined 
by the historical and following land management and 
defines how fast and to what extent the forest recovers [12], 
[13]. 
The resulting forest change dynamics, namely forest 
disturbance and forest succession, define the amount of 
carbon emission and uptake. Understanding forest change 
dynamics of different fire-related land management 
practices, is crucial for precise GHG estimations and to 
support sustainable land use management. However, the 

link between different fire-related land management 
practices and forest change dynamics is still uncertain. 
The overall goal of this study is to combine dense time 
series of optical and radar data with active fire alerts to 
provide an improved characterization of fire-related 
tropical forest change dynamics linked to different land 
management practices. Utilizing multi-sensor satellite data, 
we will address the following research objective: 

• Detect and characterize fire-related tropical forest
cover loss and its relation to land management
practices

2. STUDY AREA
The provinces of Riau and Jambi are located in central 
Sumatra, Indonesia (Figure 1, centre at Lat. 1°N, Lon. 
102°E), and cover about 20 million ha with elevations up 
to 1200 m. Riau and Jambi experience tropical equatorial 
climate with persistent cloud cover throughout the entire 
year. Annual precipitation is 2000 - 3000 mm. The dry 
season commonly ranges from April to November. Primary 
and secondary dryland and swamp and mangrove forest 
dominate the natural forest. Riau and Jambi have the 
highest forest cover loss rates in Indonesia mainly driven 
by expansion and conversion to oil palm, acacia, coconut, 
and rubber plantations. Although forbidden by law, fire use 
for forest removal is still widespread in Riau and Jambi. 

Fig.1 Study area with the provinces of Riau and Jambi 
highlighted in red. 
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3. DATA 
Multi-sensor radar and optical satellite data was utilized to 
detected and characterize forest disturbances indicating fire 
based on Viirs active fire alerts. 
 

3.1 ALOS-PALSAR 
We downloaded all available ALOS-2 images from 2014 
to 2020 (181 Scenes – Fig 2) in Fine Beam Dual (FBD) 
mode for the province of Jambi (Indonesia) and applied a 
pre-processing for each image, including: multi-looking, 
radiometric calibration using standard calibration 
coefficients [14], topographic normalization as described 
by [15] and geocoding to 30-m pixel resolution (WGS84, 
UTM) using a 30-m SRTM DEM in the Gamma software 
package. The individual HH and HV images are mosaicked 
and resampled to the 30-m Landsat pixel cells using 
nearest-neighbour interpolation. 

 
Fig. 2 ALOS-2 observation plan for SM-3 mode 
providing HH & HV polarization in the province of 
Jambi (Indonesia) 

 
3.2 SENTINEL-1 

C-band backscatter time series derived from Sentinel-1 a/b 
data, which was acquired in Interferometric Wide swath 
mode with dual-polarization (VV- and VH-polarization) 
and ascending and descending orbits, were used to map 
radar forest disturbances. Sentinel-1 provides spatial 
resolutions of ~20 m and a temporal resolution of up to 6 
days in the tropics [16]. Sentinel-1 Synthetic Aperture 
Radar (SAR) Ground Range Detected (GRD) data from 
2015 to 2020 was accessed via Google Earth Engine (GEE). 
Prior to the ingestion in the GEE archive, several pre-
processing steps were applied, including: apply orbit file, 
GRD border noise removal, thermal noise removal, 
radiometric calibration, terrain correction and geocoding 

[17]. Additionally we applied an angular-based radiometric 
slope correction [18], adaptive multitemporal speckle 
filtering [19], conversion from linear to dB scale, 
resampling to the 30 m Landsat grid and image 
normalization to mitigate dry season and drought effects 
[20], [21]. 

3.3 OPTICAL 
Dense Normalized Burn Ratio (NBR) time series of 
imagery from Landsat-7 ETM+, Landsat 8 and Sentinel-2 
satellites were used to map optical forest disturbances. The 
NBR is based on near infrared and shortwave infrared 
bands and is sensitive to the status of burned forests [22], 
[23].  
Landsat-7 ETM+ and Landsat-8 provide spatial resolutions 
of 30 m and combined temporal resolutions of up to 8 days 
in the tropics [24], [25]. Atmospherically corrected and 
cloud masked Level-2a data with less than 70% cloud 
coverage acquired from 2015 to 2020 were obtained in 
GEE [26], [27]. Sentinel-2 a/b provide spatial resolutions 
of up to 10 m and temporal resolutions of up to 5 days in 
the tropics [28]. Level-1c data from 2015 to 2020 with a 
cloud coverage of less than 70% were downloaded and pre-
processed in GEE [29]. The pre-processing included 
atmospheric correction [30], improved cloud and shadow 
masking [31], and resampling to the 30 m Landsat grid.  
We created combined NBR times series from Landsat-7, 
Landsat-8 and Sentinel-2 data. Next we removed outliers 
in the time series due to remaining cloud and cloud shadow 
or atmospheric noise after the atmospheric correction using 
a pixel-wise approach following Hamunyela et al. [32]. 
Additionally, an image normalization was applied to 
mitigate dry season and drought effects [20], [21]. 
 

3.4 ACTIVE FIRE ALERTS 
Daily active fire alerts from the VIIRS sensor onboard of 
Suomi National Polar-Orbiting Partnership (S-NPP) were 
obtained from NASA’s Fire Information for Resource 
Management System archive for the monitoring period 
[33]. The VIIRS S-NPP - V14IMGTDL_NRT product has 
a spatial resolution of 375 m and provides images twice a 
day. The well-established MODIS Fire and Thermal 
Anomalies product algorithm is used and adopted for the 
VIIRS active fire alerts generation [34]. Hereby, two 
thermal multispectral bands of VIIRS are utilized to detect 
day and night time biomass burning [35]. The data was 
downloaded and resampled to the 30 m Landsat grid. 
 

4. METHODS 
Initial studies exploring the potential of multi-sensor 
optical (Landsat) and radar (Sentinel-1, ALOS Palsar) data 
for detecting forest disturbances was carried out by [21] 
and [36] investigated the potential of radar-based forest 
cover losses and active fire alerts to characterize the 
temporal relationship of both. 
The foundations of both studies were exploited to utilize 
multi-sensor optical and radar remote sensing data 643



combined with active fire alerts for an in-depth 
characterization of fire-related forest disturbance by 
classifying archetypes of fire-related forest disturbances 
[37]. The classification of archetypes of fire-related forest 
disturbances followed two major steps. This included: 
separate mapping of forest disturbances in optical and radar 
time series respectively (i) [20] and classifying archetypes 
of fire-related forest disturbances based on the temporal 
relationship of mapped optical and radar forest 
disturbances with active fire alerts (ii). 
 

5. FIRST RESULTS 
The manuscript entitled “Exploring Archetypes of Tropical 
Fire-related Forest Disturbances Based on Dense Optical 
and Radar Satellite Data and Active Fire Alerts”, which is 
submitted to MDPI Forests [37], utilized dense optical 
(Landsat-7, Landsat-8 and Sentinel-2) and radar (Sentinel-
1) time series to individually map forest disturbances in the 
province of Riau (Indonesia) for 2018 – 2019 [20]. The 
sensor specific optical and radar forest disturbance maps 
were combined with daily active fire alerts and their 
temporal relationship (predating, coinciding, postdating) 
was classified into seven so called archetypes of fire-
related forest disturbances. The archetypes reflect sensor 
specific sensitives of optical (e.g. changes in tree foliage) 
and radar (e.g. changes in tree structure) data to detect 
varying types of forest disturbances. Concepts for prime 
examples of the different archetypes are presented below. 
Figure 3 shows Archetype 2, which is defined by decreased 
NBR (optical forest disturbance) and backscatter (radar 
forest disturbance) values during the fire event (active fire 
alert). This archetype represents a complete loss of tree 
foliage and structure during a fire event. 

 

Fig. 3 Concept of prime example for archetype 2 [37] 

Figure 4 shows Archetype 3, which is defined by decreased 
NBR values (optical forest disturbance) during the fire 
event (active fire alert) and decreased backscatter values 
(radar forest disturbance) after the fire event. This 
archetype represents a loss of tree foliage during the fire 
event with remaining debris or a complete loss of tree 
structure after the fire event. 

 
Fig. 4 Concept of prime example for archetype 3 [37] 

The varying types of forest disturbances can be related to 
different magnitudes of fire-related forest disturbances and 
burn severities and can be associated with specific land 
management practices, such as slash and burn agriculture 
and salvage logging. This potential was visible by distinct 
spatial patterns and proportions of the archetypes for 
different forest types (Fig 5). 

 
Fig. 5 Map of archetypes of fire-related forest 
disturbances for the province of Riau (Indonesia) [37] 644



5. CONCLUSION & OUTLOOK 
The archetypes can support policy development, local and 
regional forest management and law enforcement to reduce 
illegal fire usage in the tropics. Results suggest that a 
delayed or opposing forest disturbance detection in optical 
and radar signal is not only caused by environmental 
influences or different observation densities, but in some 
cases such as fire-related forest disturbances, can be related 
to their different sensitives to detect changes in tree foliage 
and structure. However, Sentinel-1 radar data used in the 
study of Balling et al [37] is operating in C-band 
wavelength and does not penetrate tropical forest canopies 
very deeply [38]. Longer-wavelength radar (e.g. L-band – 
ALOS PALSAR) are less sensitive to detect subtle changes 
of the tree canopy and would have been even better for 
distinguishing between both changes [39]. The objective is 
to integrate the pre-processed ALOS-2 data to the method 
developed by [37] and explore the added benefit of L-band 
radar data to characterize fire-related forest disturbances in 
the tropics.  
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1. INTRODUCTION

Maintaining up-to-date land-cover information can be very 
expensive and time consuming with the traditional 
methods of field and air photo interpretation. Nowadays, 
the development of remote sensing has become a cost 
efficient and effective alternative. Historically, most 
spaceborne radars were single wavelength and single 
polarization. For this study, the Japanese ALOS-2 
(Advanced Land Observing Satellite-2) PALSAR-2 
(Phased type L-band Synthetic Aperture Radar-2) quad 
polarization radar data seems to be most promising solution 
for land cover classification. Microwave Remote Sensing 
data have been widely used for land cover classification in 
our environment. In this study, ALOS PALSAR 
polarization bands were used to identify land cover features 
in three study areas in Malaysia. The study area consists of 
Penang, Perak, and Kedah. The aims of this research are to 
investigate the performance of ALOS PALSAR datasets 
which are assessed independently and combination of these 
data with ALOS AVNIR-2 for land cover classification. 
ASF MapReady program from Alaska satellite Facility 
Geographical Institute at the University of Alaska 
Fairbanks was used for the preprocessing of ALOS 
PALSAR data.  

Based on the statistic from World Bank (2010), 
total land area of Peninsular Malaysia is roughly 328,550 
sq. km. Out of this, forest area in Peninsular Malaysia cover 
approximately 204,560 sq. km (62.3%). Forest area 
measured include the land comprise of natural or planted 
trees of more than 5 meters, exclude trees in agricultural 
field, urban area and gardens. Mangrove forests in 
Peninsular Malaysia are mainly focus on the west coastal 
region. Mangrove swamps in west coastal area are usually 
located in lower elevation as compare to the mangrove 
cover in the east and south coastal area. All 11 states in 
Peninsular Malaysia contain of mangrove cover with the 
largest mangrove swamps located in Matang Mangrove 
Forest Reserve, Perak.  

In order to preserve and conserve the mangrove 
forest, current information of mangrove distribution and 
growth should be update regularly. Observation and 
monitoring of the distribution and dynamics of mangroves 
is central to a wide range of scientific investigations 
conducted in both terrestrial and marine ecosystems. 
Conventional method of ground survey and field visit to 
the mangrove swamp even though is more reliable and 
accurate, however it is time consuming and costly. In 

addition, this traditional way of forest monitoring usually 
require a lot of time and cannot update the latest extent or 
condition of mangrove forest within a short time period. In 
such circumstance, remote sensing technique which is 
cheaper in cost and time effective was utilized in forestry 
application to monitor the mangrove ecosystem. Recent 
advancement in remote sensing data availability, image-
processing methodologies, computing and information 
technology, and human resources development have 
provided an opportunity to observe and monitor mangroves 
from local to global scales on a regular basis. Spectral and 
spatial resolution of remote sensing data and their 
availability has improved making it possible to observe and 
monitor mangroves with unprecedented spatial and 
thematic detail. Furthermore, remote sensing technique 
along with Geographic Information System (GIS) is able to 
provide new tools for rapid and advance forest monitoring 
and management. Satellite imagery is one of the resources 
available in remote sensing which enable human being to 
view the scene of lands, water and forest in the earth 
surface without accessing to the field site location. 

In addition, the accuracy of multi-temporal, multi-
look direction, multi-incidence-angle, multi-polarization, 
and quad polarization bands based on remote sensing 
measurements, and geographic information systems for 
land cover mapping over Peninsular Malaysia were 
investigate to the ALOS PALSAR datasets. In this study, 
we will study the change detection trend for the land cover 
used and land cover change from the history till now. 
Mangrove is an ecological term referring to shrubs or trees 
that exist in high salinity soil and brackish water condition 
along sheltered coastal region [1]. Their special prop and 
tough root systems (pneumatophores) help them to survive 
in harsh situation of saltwater or mudflats. Mangrove can 
be found in tropical and subtropical climate country around 
the world [2].  

Almost 75% of the world’s tropical coastlines are 
cover by mangrove [3]. Mangrove tree not barely provide 
food to marine life and its corresponding community but 
also serve as natural barrier in protect the land, shoreline 
area from erosion, tidal wave, floods, typhoon and tsunami 
[4, 5]. Besides, profit gained from mangrove forestry 
products such as timber, firewood and charcoal also 
contribute to country’s economic. Therefore, their 
importance is recognizable worldwide with their vital 
environmental, economic, ecological and biological values 
[6]. Historically, there is a lot of research focus on 
mangrove ecosystem studies either in the aspect of 
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biophysical, biochemical, or biological properties of 
mangrove plants. The common studies of mangrove 
ecosystem usually include mapping, monitoring, 
identification, and discrimination of mangrove trees. 
Traditional mangrove studies involve the fieldwork or field 
survey to the site to detect and monitor the mangrove 
ecosystem, but it is time consuming and costly. The field 
survey method for mangrove studies will become 
complicated when the mangrove swamps area is difficult 
to penetrate and access. In such circumstances, remote 
sensing technique has become an effective tool in study the 
mangrove ecosystem. Previous study has shown that 
measurement of hyperspectral leaf reflectance can be used 
to distinguish the mangrove species [7, 8, 9]. Ideal 
wavebands for mangrove species classification are 
identified and highlighted in their studies. In this study, the 
finding of significant wavebands in discriminating the 
mangrove species has been further applied for the 
development to determine the mangrove species fraction 
based on scores obtained from discriminant function.     

Recently, the uncontrolled deforestation of 
mangrove forest for irrational development of urban area 
or aquaculture by human being has led to the dramatically 
declining in mangrove trees. Up to year 1990, 30% of 
mangrove forest in Malaysia has been lost and the 
decreasing rate is predicted to continue at a rate of 1% per 
year [10]. In order to have efficient management and 
monitoring of mangrove ecosystem, researchers have 
attempted, utilized and invented various remote sensing 
methods to extract the mangrove information from high 
spatial resolution multispectral, hyperspectral satellite data 
nor airborne data [11, 2]. At initial time, artificial 
interpretation based on aerial photo was used for the 
surveying of mangrove forest. Prior to 1990, Landsat and 
SPOT satellite imageries (consist of panchromatic 
and multispectral bands) start to employ by researchers in 
mangrove studies [12]. With the invention of new 
generation sensor (hyperspectral sensor) that possess 
higher spatial and spectral resolution, finer level in 
mangrove studies (mangrove species differentiation) is 
more reliable and precise [13, 14, 15].                                  
 
 
 
Research Activity:                                                                                        
1. To  map the mangrove extent in Peninsular Malaysia 
using retrieved Normalized Vegetation Difference Index 
(NDVI) over Peninsular Malaysia 
2. To monitor the changes detection in mangrove 
ecosystem using multi-date remote sensing data. 
3. To develop an algorithm for mangrove species 
discrimination based on ALOS AVNIR-2 satellite data. 

 
2. STUDY AREA 

 
The study area was the Matang Mangrove Forest Reserve 
(MMFR), which is in the north-western coast of 
Peninsular Malaysia, within the administrative district of 
Kerian, Larut Matang and Manjung in the State of Perak, 
Peninsular Malaysia. It lies between latitude 4º 15’N to 5º 
1’N and longitudes 100 º 2’E to 100º 45’E. MMFR is 
situated in the equatorial region where the sky is often 
covered by clouds. Therefore, it is hard to obtain clear 
imagery through satellite remote sensing over MMFR 
region. Currently, the total area extent of mangrove in 

Perak is about 43,292 hectares (ha). In early 1902, 
conservation of Matang mangrove has been started and 
lately it has been recognized as the best managed mangrove 
forest among the world [16].  

Matang mangrove has been gazetted as permanent 
reserved forest in 1906 and has been efficiently managed 
by the Perak Forestry Department. Matang mangrove is an 
exemplary sustainable managed mangrove forest which 
has been able to sustain the continuing demand for wood 
resources and preservation of the mangrove ecosystem. 
Matang mangrove has been gazetted as permanent reserved 
forest in 1906 and has been efficiently managed by the 
Perak Forestry Department. MMFR is mainly divided into 
four compartments stretching from Kuala Gula in the North 
to Bagan Panchor in the South: North Kuala Sepetang, 
South Kuala Sepetang, Kuala Trong and Sungai Kerang 
[17]. The coastlines in MMFR are largely irregular, 
characterized by extensive mangrove forests, mudflats, and 
shallow seas. Kuala Sepetang Mangrove Park was chosen 
as our study site since it is a popular Eco-Education Center 
and has a large extent of mangrove species which is 
suitable to study on the plenty kind of mangrove species. 
Moreover, thestudy location of MMFR is near to USM and 
it offers a great advantage for obtain the ground truth data 
at any time. The map of study region was illustrated in 
figure 1. The two major true mangrove species usually 
found along the riverbanks in Matang are consisting of 
Rhizophora apiculata and Rhizophora mucronata. These 
two species occupy up to 85% of the total area in Matang 
mangrove [18]. Six mangrove species are chosen for our 
study comprise of Rhizophora apiculata (Bakau Minyak), 
Acrostichum aurem (Pial Lasa), Acrostichum speciousm 
(Pial Raya), Acanthus ilicifolius (Jeruju Putih), Ceriops 
tagal (Tengar) and Sonneratia ovata (Gedabu)  
 

 
 

Figure 1. Study area of Kuala Sepetang Mangrove Forest, 
Perak, Malaysia. 

 
3. MATERIAL AND METHOD 

 
One of the methods to discriminate the mangrove species 
in study area is using statistical approach. All the spectra 
measurements obtained from FieldSpec® 3 Hi-Res 
spectroradiometer were analyzed using the IBM SPSS 
Statistic version 22 software. Spectra reflectance was 
measured over the wavelength range from 350-2500 nm. In 
order to reduce the redundancy between adjacent 
wavebands, an average reflectance value was calculated for 
each 10 nm interval generating total of 215 wavebands for 
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analysis. Due to high correlation inherent in adjacent 
wavebands, it is not reliable to include all the 215 
wavebands in mangrove species classification at one time 
instead wavebands that will maximize the likelihood of 
species discrimination should be determined. Among the 
band selection method which have been commonly used 
such as Principal Component Analysis (PCA), Fisher’s 
Linear Discriminant Analysis (LDA), Penalised 
Discriminant Analysis (PDA) and wavelet-based feature 
selection [19, 20], LDA technique is the most widely 
employed. However, LDA method will not produce trusty 
solution when a lot of highly correlated wavebands with 
similar reflectance values are included in LDA analysis. 

To circumvent the problem, a series of one-way 
Analysis of Variance (ANOVA) with species as 
independent variable was performed for each of the 215 
wavebands to filter out the wavebands which the mean 
reflectance among the leaves of six mangrove species were 
not differ significantly. The resultant probability, p-value 
obtained was used as indicator to remove the wavebands 
which do not differ significantly among the mean 
reflectance of mangrove species. The purpose in carry out 
the ANOVA test was not to test the hypotheses about the 
differences within specific waveband but is to test the 
significant differences between means among the 
mangrove species to eliminate the wavebands which 
provide no useful information for discriminate the 
mangrove species [8]. For wavebands which have p-value 
of less than 0.05 (p<0.05), those wavebands will be picked 
and utilized for canonical stepwise linear discriminant 
analysis.  

LDA was carried out on the selected wavebands 
which exhibit significant difference among the mangrove 
species. Discriminant analysis is a grouping method used 
to predict group membership based on linear combination 
of the interval variables. In LDA bands selection method, 
a new orthogonal space oriented along the axis was created. 
The original redundant data was reprojected into the 
orthogonal space by maximizes the ratio of within-class 
variance and between-class variance matrices of the 
spectral data. The axis of the new space produce is aligned 
such as the first axis will have the major overall 
discrimination, second axis will have second greatest and 
so on. If Na is the total number of classified group while Nb 

is the total number of original groups, LDA in practically 
will yield a new set data with Nb-1 dimensions to minimize 
the data dimension. Alpha level of 0.05 was used as the 
significant level while performing the discriminant 
analysis. By inspecting the standardized coefficients for 
each band, the variables which have bigger 
absolute value of standardized coefficients indicate that the 
variable contribute significantly to the discriminant 
function. After examined the standardized coefficients, the 
optimal wavebands were identified. 

The spectroradiometer that was used in this study 
is the FieldSpec3 Hi-Res (350-2500 nm) from the ASD Inc. 
The spectroradiometer was equipped with a plant probe 
system (with an internal light source), which contains a leaf 
clip to hold leaf samples and was used to collect and 
measure the reflectance spectra of the six mangrove species 
in the KSMF. The plant probe was designed such that 
ambient light from outside could not enter the probe, 
assuring the constant geometry of the light sources. Figure 
2 illustrates the plant probe system that was connected to 
the spectroradiometer system was used to measure the 

mangrove leaf samples at the study area. A laptop was 
connected to the spectroradiometer to display and view the 
real-time reflectance spectra for each mangrove leaf 
sample. 
 

 
Figure 2. Field measurement in Kuala Sepetang Mangrove 

Forest, Perak. 
 

The reflectance of the six mangrove species was 
measured around the open area in the Kuala Sepetang 
Mangrove Park during cloudless, sunny weather conditions 
near solar noon to minimize the interruption of solar angle 
illumination on the mangrove species. Leaf samples from 
different tress and canopies in open areas along the water 
edges or roadside were collected for each mangrove 
species. A reflectance spectrum was measured at five 
different points along the surface of each leaf sample to 
ensure that the reflectance spectra for each mangrove 
species are accurate. Sample leaves from upper canopy 
heights were not taken because the leaves at lower canopy 
heights receive similar levels of incident sunlight as the 
upper canopies of taller trees.  

 
 

4. RESULTS AND DISCUSSION 
 
The statistical analysis technique has been done on the 
hyperspectral leaf reflectance data will be presented and 
discussed. In addition, the interpretation of discriminant 
functions and its score for mangrove species discrimination 
will be highlighted in detail. Comparison was done based 
on different combination of discriminant functions utilized. 
From one-way ANOVA test, the obtained results showed 
that there was significant heterogeneity among the 
investigate mangrove species in specific wavebands. 
Out of the 215 wavebands (10 nm wide) being produced 
and tested, 83 wavebands show significant difference 
in mean reflectance among the six mangrove species with 
p<0.05. As all these 83 wavebands are highly correlated 
among each other, it cannot be used independently to 
predict the mangrove species. To reduce the correlation, 
these wavebands were further grouped into eight portions 
in the wavelength spectrum as shown in figure 3. Three 
spectral regions were generated by grouping those 
wavebands as follow: region 1 is a VNIR portion (640-660 
nm, 760-950 nm); region 2 is a SWIR I portio (1000-1150 
nm, 1160-1210 nm, 1300-1370 nm) and region 3 is a SWIR 
II portion (1850-2020 nm, 2140-2270 nm, 2430-2500 nm). 
 

650



 
Figure 3. ANOVA results of the spectral wavebands with p-

values less than 0.05. 
 

Linear Discriminant Analysis (LDA) was 
implemented on each spectral region separately to 
determine the influential wavelength. The influential 
wavelengths in each spectral region were selected base on 
the weight or standardized coefficients of variables 
produced in the discriminant functions. The final 
influential wavelength generated in each spectral region 
was listed as shown in table 1. From LDA results, 
mangrove species was separable at certain 
wavelength. 
 

 
 

Table 1. LDA results indicate the influential wavelength 
which can be used to distinguish the leaf samples among the 

six mangrove species. 

 
There is some challenge confront while analyzing 

the hyperspectral data. The challenges faced were due to 
the enormous number of correlated bands and the training 
samples being used were relatively small [8]. To solve the 
problem as mentioned, ANOVA technique was employed 
to reduce the number of wavebands from 215 to 83 prior to 
mangrove species classification. By focusing on much 
smaller set of wavebands, LDA further establish the best 
discriminant function through the analysis of each 
wavelength contribution (standardized coefficients of each 
variable) to discriminate the mangrove species. 

The combination of first two function with 
variance percentage (>95%) indicate that all the data can 
be explained with these two functions and the data 
dimension is minimized. The first function generated 
maximizes the difference between groups while second 
function also maximizes differences between groups with 
no correlation with the first function. Variables contribute 
to the discriminant function is based on their standardized 
coefficients. Table 2 list out the discriminant function 
obtained from the eight spectral regions. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 2. Discriminant function generated from canonical 
discriminant analysis. 

 
By using all the discriminant function listed at 

table 2, the score of each function for each mangrove 
species (Acanthus ilicifolius, Acrostichum aureum, 
Acrostichum speciosum, Rhizophora apiculata, Ceriops 
Tagal and Sonnerata ovata were computed and attached in 
table 3. 

 
Table 3. Score value for six mangrove species obtained from 

discriminant function. 
 

 
Refer to table 3, the score for six mangrove 

species is varies between each other for all the discriminant 
function found and there is some overlapping score in 
certain mangrove species. Among the 16 functions, three 
mangrove species can be separated using function F2, F3, 
F5, and F10. In addition, function F9, F11, F12, F13, F15 
and F16 is effective in discriminate four mangrove species. 
Other functions such as F1, F4, F6, F8, F14 was not 
significant in separate more than three mangrove species. 
The only unique function which can be utilized to 
distinguish all the mangrove species is function F7. In F7 
function algorithm, six mangrove species exhibit unique 
score ranges which is differing from each other. Hence, this 
function is prominent and the wavelength of 1184nm and 
1208nm are very suitable to be used in separate the six 
mangrove species in MMFR. Meanwhile, the classification 
accuracy obtained for each spectral region in classify all 
the mangrove data using discriminant function in table 2 is 
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high with more than 77% of mangrove species being 
classified correctly. Each spectral region classification 
accuracy was produced using their respectively 
discriminant function and the classification results 
were summarized in table 4. The high classification results 
achieved indicate that the discriminant functions generated 
is good to be used for the six mangrove species separation 
under investigation. 

 
Table 4. Classification accuracy acquired for each spectral 

region.

 
In this part, combination of discriminant function 

in table 2 was used to assess the classification accuracy of 
investigate mangrove species. Two combinations of 
functions used in this study consist of 16 functions (all 
functions) and 11 functions to test the classification 
accuracy for classify an unknown mangrove leaf sample 
obtained from MMFR. The mangrove species fraction 
classification using 16 functions and 11 functions were 
presented in table 5 and table 6 respectively. 

 
Table 5. Mangrove species fraction percentage generated 
using combination of 16 functions [A=Acanthus ilicifolius, 

B=Acrostichum aureum, C=Acrostichum speciosum, 
D=Rhizophora apiculata, E=Ceriops Tagal, F=Sonnerata 

ovata]. 

 
 

Table 6. Mangrove species fraction percentage generated 
using combination of 11 functions [A=Acanthus ilicifolius, 

B=Acrostichum aureum, C=Acrostichum speciosum, 
D=Rhizophora apiculata, E=Ceriops Tagal, F=Sonnerata 

ovata]. 

 
According to table 5, for each mangrove leaf 

sample being tested, different fraction percentage 
corresponding to six mangrove species will be obtained. 
The amount of fraction percentage will determine the 
mangrove leaf sample’s species. For instance, in the 
examination of sample A1 and A2, the majority fraction 
percentage obtained show that sample A1 and A2 is more 
identical to mangrove species A with high fraction 

percentage of 71.43% and 69.23% while minor fraction 
percentage goes into another mangrove species category 
(B, C, D, E and F). From the fraction value, the higher 
amount of fraction value implies sample A1 is highly 
identical and like be mangrove species A. For sample A3, 
the fraction percentage for mangrove species A is only 
53.33%, species B and D with 6.67%, species E with 20% 
and species F with 13.33%. Even though the sample A3 has 
a small chance belong to species E or F, in overall the 
higher fraction percentage is taken when come to the 
determination of mangrove species. The remaining leaf 
samples (B to F) were analyzed the same way as sample A 
and the samples were classified according to the fraction 
percentage value. Overall, the determination of leaf 
sample’s species is chosen base on the highest fraction 
measure among the six mangrove species. The samples in 
table 6 also classified in same way as method used in table 
5 but using differ combination of function. 

The highlighted fraction percentage in both tables 
above indicated that the determined mangrove species 
represent by the leaf sample being examined. For 
simplicity and comparison, the classification accuracy 
using differ functions combination in classify the 
mangrove species yields the results as shown in table 7. 
Refer to the results in table 7, the classification accuracy 
for using 11 functions was more consistent and uniform. 
Besides, the classification accuracy attained was higher 
compare to the accuracy achieved using all the 16 
functions. The mangrove species accuracy obtained using 
statistical analysis was not high as it is impossible to 
separate the mangrove species in leaf level using their 
inherent reflectance properties. However, the accuracy 
results obtained was satisfactory and able to discriminate 
the examined mangrove species at species scale. Therefore, 
algorithm using 11 functions was chosen and will be used 
for validation part to classify the ground truth data.  

Based on study of the hyperspectral reflectance 
spectra, the mangrove leaf sample’s species can be 
predicted and identified using the algorithm developed 
with the aids of 11 functions. Though some of the 
classification accuracy attain was lower, but the algorithm 
developed still can provide an alternative way to identify 
the mangrove species in the leaf scale. The limitation of the 
algorithm proposed was it is only can be used to determine 
the healthy mangrove species which is under investigation 
in this study. 

 
Table 7. Classification accuracy for various function 
combinations in classifies the leaf sample at MMFR. 

 
 

6. CONCLUSION 
 

Discriminant function was generated through the 
application of LDA. For each spectral region, the first two 
functions (account for 95% of variance) will be chosen and 
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used for mangrove classification. There are 16 functions 
has been developed from the eight-spectral region. The 
score for six mangrove species is varies among them for all 
the discriminant function developed. Among the 16 
functions, one unique function was found which can be 
used to separate all the mangrove species in the study area 
in wavelength of 1184nm and 1208nm. In this unique 
function, six mangrove species show unique score ranges 
which is differing from each other. The classification of 
mangrove species was performed using the 16 discriminant 
functions. The classification accuracy was more than 77% 
for each spectral region. However, in the comparison of 
combination of discriminant function used to identify the 
mangrove species, the results found out the individual 
mangrove identification using 11 functions produce higher 
accuracy in determine the species in leaf level. At last, the 
algorithm generated was used to determine the mangrove 
species in ground data with the aids of 11 functions. 
Although the classification achieved is lower in identify 
certain mangrove species, but the developed algorithm can 
provide as an alternative method to identify the mangrove 
species in leaf scale. 
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1. INTRODUCTION

Monitoring of the boreal forest including Siberian taiga is 

an important for the assessment of global natural processes. 

Currently the most promising research tool for the remote 

sensing of forests are synthetic aperture radars (SAR). 

They allow us to evaluate forest stand and its biomass on 

the basis of empirical and theoretical models as shown in 

review [1]. Existing forest models implies a symmetric 

azimuthal distribution of the trees branches relative to the 

trunks. However, the coniferous forests have a greater 

number of branches from the more illuminated south side 

as shown by the results of field studies [2]. Therefore, it is 

necessary to develop such methods of data processing that 

will allow us to estimate azimuthal anisotropy of radar 

targets. This will allow to adjust the existing forest models 

and perform a more accurate assessment of its structure for 

monitoring purposes. 

Specific features of electromagnetic waves interaction 

with complex structures that induce multiple scattering or 

have spatial anisotropy can be found by means of 

polarization measurements. Such measurements are 

ensured by a polarimetric SAR radiating linearly polarized 

waves with vertical (V) and horizontal (H) polarizations 

and receiving the reflected signal at matched (VV and HH 

signals) and orthogonal (VH and HV) polarizations. The 

development and use of polarimetric methods for studying 

land covers at present is associated with designing various 

decompositions of the complex polarization scattering 

matrix [3-6]. These decompositions allow us to obtain 

polarization ”portraits” of the sensed objects and identify 

physical mechanisms of radar backscattering. It makes 

possible then to perform an accurate radar sensing data 

interpretation. One of the famous methods of polarization 

analysis is a graphical representation of the backscatter 

coefficient for all possible states of the polarization ellipse, 

which is realized in the form of a polarization signature [7]. 

Recently, there has been newly proposed polarization 

signatures, in which a parameter under investigation is a 

coherence [8]. As shown in [9] the polarization signatures 

can identify coherent scatterers. In [10] the polarimetric 

texture signature has been introduced for the analysis of 

polarimetric radar images. It shows in graphical form the 

dependency of the normalized second-order moment of 

intensity on polarization state. The second moment of 

backscattered power characterizes statistically the 

variation of the radar signal due to speckle and the 

underlying radar cross section. 

Along with the development of polarimetric radar 

techniques, there are articles where texture analysis 

methods are used, including fractal approach. In [11] it is 

pointed out that fractal models improved the interpretation 

of remote-sensing products due to their universally 

recognized ability to characterize natural surfaces, their 

interaction with electromagnetic fields and the 

corresponding (both multispectral and radar) images. The 

paper [12] shows that the fractal dimension maps can 

provide an anisotropy indication of the fractal 

characteristics of an observed surface. Moreover, the SAR 

image fractal dimension can be a feature that provides a 

measure of the image roughness [13]. So, we may assume 

that a given image roughness will show the degree of 

volume heterogeneity of targets, forests especially. The 

trunks and large branches of trees are discrete strong 

scatterers [14]. They all have different angles of inclination 

and represent the three-dimensional architecture of the 

forest. Therefore, it makes sense to estimate the fractal 

dimension not only for horizontal or vertical polarizations 

but also for different shapes of polarization ellipse. 

The paper proposes a new approach for estimating of 

volume target heterogeneity, which is based on a fractal 

analysis of the PolSAR data. We propose to calculate the 

fractal dimension (FD) for a small fragment of a radar 

image for all possible states of polarization ellipse. Thus, 

we get multi-fractal dimension of that fragment which 

characterize the degree of radar backscattering 

heterogeneity at various angles of orientation and 

ellipticity. A graphical representation of this multi-fractal 

dimension will represent a polarization signature of spatial 

variations of the radar backscattering. Such fractal 

polarization signature may characterize, for example, the 

angular distribution of the trees branches in a vertical 

plane, or the azimuthal distribution of the branches when 

imaging from ascending and descending orbits.  

2. STATEMENT OF THE PROBLEM. THEORY

The fractal pattern of natural objects can be observed in 

measurements of different parameters describing their state. 

As an example, let us consider the standard profiles of radar 

image fragments corresponding to forests and treeless 

areas. Figure 1 shows the horizontal profiles of radar 
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Fig. 1 Profiles of radar backscattering on HH and HV polarizations for ALOS-1 PALSAR-1 

 

signals corresponding to the image that was obtained by the 

ALOS-1 PALSAR-1 at different polarizations.  

In Fig. 1, the distance is plotted on the abscissa axis and 

the decibel values of radar cross section (RCS) are plotted 

on the ordinate axis. The first half of the profile in Fig. 1 

corresponds to the treeless area and the second half, to the 

forest area. An analysis of Fig. 1 shows that significant 

RCS variations are observed both for the forest area and for 

the treeless area. These signal variations are random; 

however, when the range of the abscissa scale is changed, 

one can note some statistical self-similarity of signal 

changes, i.e., the self-similarity of profiles (as well as 

whole images) at different average ranges. This indicates 

the fractal pattern of this image and makes it possible to 

characterize the Earth’s surface under study by the 

corresponding fractal dimension. The visual analysis of 

graphs in Fig. 1 suggests that the fractal dimension will be 

higher for the forest areas than for the treeless ones. 

As a rule, the geometrical dimensions of objects on the 

Earth’s surface differ in different directions. Therefore, 

during the scattering of radar signals from such objects, the 

intensity of a reflected signal and variations in its intensity 

at different polarizations and different wavelength ranges 

will significantly depend on the heterogeneity of the object 

characterized by its fractal dimension, which will make it 

possible to classify natural communities and assess their 

characteristics. 

 

2.1. Fractal analysis 

 

Estimating fractal dimensions is the principal way of 

quantitatively describing the fractal properties or 

inhomogeneous of the three-dimensional spatial objects 

being studied. Until recently, Mandelbrot’s and van Ness’ 

fractional Brownian motion (fBm) probably provides the 

most useful mathematical model for the random fractals 

found in nature [15-17]. In order to apply the fBm to the 

original radar image, it is considered as a three-dimensional 

spatial surface with (x,y) denoting pixel position on the 

image plane, and the third coordinate z = I(x,y) denoting 

the value of radar backscattering (see Fig. 2). This surface 

must satisfy the following relationship in the fBm model 

[15]: 

𝐸(|𝐼(𝑥2, 𝑦2) − 𝐼(𝑥1, 𝑦1)|)

∝ (√(𝑥2 − 𝑥1)2 + (𝑦2 − 𝑦1)2)
𝐻

, 

(1) 

 

 
 

(a) (b) 

Fig. 2 (a) Fragment of a radar image; (b) its three-

dimensional representation. 

 

where E(...) denotes expectation value, and H is called the 

Hurst index (0 < H < 1). This fBm surface is enveloped in 

three-dimensional space and has the following major 

properties: 

1) The surface is continuous, but non-differentiable, 

and every property of this surface is dependent on the 

single scaling parameter H. 

2) The fractal dimension of the surface is D = 3 – H. 

3) The surface is self-affine. 

Equation (1) can be rewritten as 𝐸(∆𝐼∆𝑟) = 𝐾∆𝑟𝐻 , 

where ∆𝐼∆𝑟 = |𝐼(𝑥2, 𝑦2) − 𝐼(𝑥1, 𝑦1)| , ∆𝑟 =

√(𝑥2 − 𝑥1)2 + (𝑦2 − 𝑦1)2 , and K is a constant. By 

applying the log function to both of the equation, we obtain 

log(𝐸(∆𝐼∆𝑟)) = 𝐻 log(∆𝑟) + constant.  (2) 

Equation (2) is used for the estimation of fractal dimension 

of an image surface in the following manner. First, we 

calculate the quantity of 𝐸(∆𝐼∆𝑟) for various ∆r. Second, 

we take log of 𝐸(∆𝐼∆𝑟) and ∆r, and plot the log(𝐸(∆𝐼∆𝑟)) 

versus log(∆𝑟). Then, a least-square linear regression is 

used to estimate the slope of the resultant curve, which will 

be the H value. From H we can obtain the fractal 

dimension, D = 3 – H. Complete description of the process 

of fractal dimension estimation has been presented in [17]. 

 

2.2. Lacunarity 

 

One more feature of fractal objects is lacunarity . This 

term was also introduced by Mandelbrot, and is an 

important addition to the texture analysis using the fractal 

approach [18, 19]. Some objects can have the same fractal 

dimension and, at the same time, different textures. 656



Lacunarity helps distinguish such objects [18]. If we 

consider a radar image in the three-dimensional form, the 

lacunarity will be related to the spatial distribution of gap 

sizes or depressions. Textures with low lacunarity are 

considered homogeneous, since all gap sizes are the same, 

while textures with high lacunarity are heterogeneous. It 

should be noted that textures that are uniform on small 

fragments can be heterogeneous in larger areas and vice 

versa. Therefore, Λ can be considered a scale-dependent 

measure of texture. 

The general approach to assessing lacunarity is to 

estimate the mass distribution of a given set. Thus, in [19] 

proposed a gliding-box algorithm. This method used a box 

with radius r, which “glides” on a lattice overlaid on the 

set. Let n(M, r) be the number of gliding-boxes with radius 

r and mass M. Let us define the function of the probability 

of mass distribution, Q(M, r) as the quotient of n(M, r) by 

the total number of boxes. Then the lacunarity on the r 

scale is determined by the following expression [19]: 

Λ(𝑟) =
∑ 𝑀2𝑄(𝑀,𝑟)𝑀

[∑ 𝑀𝑄(𝑀,𝑟)𝑀 ]2.  (3) 

Lacunarity images were constructed according to the 

algorithm described in [20]. This algorithm is based on a 

differential box counting (DBC) method. A cubic with a 

size of r × r × r (r = 2, 3, 4, 5, …) is placed over the upper 

left corner of the selected area (window) with a size of W 

× W in the initial image. W is an odd number satisfying the 

condition r < W. 

Depending on the pixel values in a sliding window with 

the size of r × r, a column with a height of over 1 cube may 

be required for covering the surface composed of the image 

pixels. Let us assign numbers 1, 2, 3, … to the cubic boxes, 

starting from the lower one. Let the minimum and 

maximum pixel values fall into the box under numbers u 

and v, respectively, for each sliding window with a size of 

r × r. Then the relative column height is 

𝑛𝑟(𝑖, 𝑗) = 𝑣 − 𝑢 − 1  (4) 

where i and j are the coordinates of the pixel. 

When the sliding window moves in the W × W window, 

we have 

𝑀𝑟 = ∑ 𝑛𝑟(𝑖, 𝑗)𝑖,𝑗    (5) 

To calculate the lacunarity in the W × W window, we 

replace the mass M in (3) by the mass Mr from (5). The 

lacunarity value is then assigned to the central pixel of this 

window and the window itself moves through the entire 

image.  

 

2.3. Algorithm of polarization signatures construction 

 

The flowchart of the algorithm for constructing the 

fractal/lacunarity polarization signatures is shown in Fig. 

3. At the first step, the ranges of variation of the orientation 

angle  (0°≤≤180°) and ellipticity angle  (-45°≤≤45°) 

of the polarization ellipse are divided into uniform 

sequences of the values of {𝜓𝑖}𝑖=0
𝑁  and {𝜒𝑗}

𝑗=0

𝑀
. For each 

combination (i,j) a co- or cross-polarized RCS is 

synthesized in accordance with [7]. The calculated RCSs 

are then transformed into fractal/lacunarity images using 

above-described algorithms [17, 20]. A region of interest 

(ROI) or a vicinity of a certain point for which the signature 

has to be constructed is defined in these images. The 

calculated D/ values in the chosen region are averaged for 

obtaining the resultant fractal dimension/lacunarity. Thus, 

one value of Dij/ij is obtained for each pair of the angles 

 

Fig. 3 The flowchart of fractal/lacunarity polarization 

signature generation 

(i,j). The resultant set of L = (N+1)(M+1) points (i,j, 

Dij)/(i,j, ij) forms the fractal/lacunarity polarization 

signature, which characterizes the spatial fluctuations of 

the radar backscattering. 

A special software has been developed to generate a 

fractal/lacunarity signature. This software is available at 

GitHub [20]. It is based on Orfeo ToolBox, a free software 

for processing remote sensing data [21]. 

It should be noted that signatures construction is 

computationally expensive. The reason is that calculation 

of the value of one pixel of the fractal/lacunarity image 

requires processing of s×s pixels of the original image, 

where s = 2r + 1 (r is the radius of the chosen vicinity). 

Thus, the number of computations for determining only 

one D/ value increases in proportion to the squared radius 

of the chosen vicinity. Another factor affecting the 

computation time is the choice of the step of variation of 

the polarization ellipse angles. Let δ be the step of the 

sequences of variation of the polarization ellipse angles. 

Then we have 𝑁 = ⌊180° 𝛿⁄ ⌋ and 𝑀 = ⌊90° 𝛿⁄ ⌋. For δ = 

3°, we obtain N = 60 and M = 30. For signature generation, 

it is necessary to synthesize L=1891 polarimetric images 

and to transform each image to a fractal/lacunarity image. 

Depending on the original radar image size, it takes several 

hours on a personal computer (64-bit computer with an 

Intel® CoreTM i5-2310@2.9 GHz processor). For a step of 

1°, it is necessary to process L=16471 images, which 

substantially increases the computation time. 

 

3. TEST SITE DESCRIPTION AND DATA USED 

 

Figure 4 shows the Google Maps image of the area being 

studied. It is located approximately in 75 km northwest 

from Ulan-Ude, Russia near the eastern coast of the Baikal 

Lake. The study area was a flat region with size 

approximately equaled 2.5 km2 consisting mostly from 
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Fig. 4 Test area on the Google Maps and geometry of radar imaging for SIR-C (arrow 1) and ALOS-1 PALSAR-1 at 

ascending (arrow 2) and descending (arrow 3) orbits. 

 

pine forest (Pínus sylvéstris). The inventory description of 

the forest was collected from the forestry maps and field 

surveys. They showed that average trees density varies 

from 0.1 tree/m2 to 0.25 tree/m2 whereas diameter of trunks 

is in the range from 0.15 m to 0.28 m. Azimuthal 

distribution of trees branches was measured in several sub 

areas within the study area. These measurements have 

ascertained that more than fifty percent of trees have the 

greater number of branches in the range of the azimuthal 

angles from south-east to the south-west (Fig. 5). Fig. 6 

depicts the typical forest stand with trees branches oriented 

mostly in south-southeast direction.  

For constructing the signatures, we used the data of 

spaceborne polarimetric SAR: SIR-C, which made 

imaging in October 1994, and ALOS-1 PALSAR-1, which 

 

Fig. 5 Measured azimuthal distribution of trees 

branches. The strength in each direction is the 

frequency of branches azimuth. 

made imaging in 2006–2009 (see Table 1). It should be 

noted that there are no fully polarimetric radar images from 

the current L-band satellite radar, ALOS-2 PALSAR-2, for 

the test site under study. SIR-C images were 

simultaneously obtained in two frequency ranges: L- and 

C-bands with wavelengths of 24 and 5.6 cm, respectively. 

Imaging was performed at the ascending orbit towards the 

south-southeast (arrow 1 in Fig. 4) due to the fact that orbit 

inclination angle is equal to 62.6 degrees. The angle of 

inclination of the ALOS-1 PALSAR-1 orbit equaled 98.1 

degrees, and when the sensing was performed at the 

ascending orbit, it was close to the east (arrow 2). Also, the 

direction of sensing was moved to the west (arrow 3), at 

the descending orbit. Multilooking was performed for the 

initial data in order to eliminate the speckle noise. As a 

result, the size of the pixel in the images equaled 24m x 

24m. 

 
Fig. 6 A typical forest stand at the test site 658



Table 1. Polarimetric radar data used 

SIR-C 

ALOS-1 

PALSAR-1 

Ascending orbit 

ALOS-1 

PALSAR-1 

Descending orbit 

Oct. 9, 1994 June 28, 2006 May 30, 2006 

Oct. 10,1994 Aug. 13, 2006 July 15, 2006 

 Sept. 28, 2006 Aug. 30, 2006 

 Nov. 13, 2006 Oct. 15, 2006 

 Mar. 31, 2007  

 May 06, 2007  

 Nov. 16, 2007  

 Apr. 02, 2008  

 Apr. 05, 2009  

 

4. RESULTS AND ANALYSIS 

 

Figure 7 shows classical copolarized signatures (a, b, c), 

which characterize the averaged (in a certain “window”) 

values of radar backscattering. We also constructed 

copolarized signatures 

1. based on the second moment (d, e, f); 

2. using fractal analysis, i.e., the fractal dimension (g, h, 

i) and lacunarity (j, k, l). 

They describe spatial variations in the brightness of radar 

images (actually, the spatial variations of radar 

backscattering signals).  

In Fig. 7, the angle of orientation of the polarization 

ellipse is plotted on the abscissa axis; the ellipticity angle 

is plotted on the ordinate axis; the average normalized 

value of radar backscattering is plotted on the applicate axis 

for the classical signature and the fractal dimension is 

plotted on the same axis for the fractal signature; and the 

normalized second moment value and lacunarity value are 

plotted on the applicate axis for the classical and fractal 

signatures, respectively. The signatures were obtained by 

averaging the data separately for the three directions of 

radar sensing. 

The traditional polarization signatures (see Figs. 7a–7c) 

for the three different sensing directions are similar in their 

shape and, therefore, equally characterize the averaged 

polarimetric radar scattering by the test forest site. The 

signatures of the second moment (see Figs. 7d–7f) are 

similar to the traditional ones and also similar for the three 

cases of sensing. The presented traditional polarization and 

second moment signatures are well-studied signatures that 

are characteristic of a dihedral corner reflector [7]. 

Let us consider a fractal signature with respect to the 

inclination angle of polarization, assuming that the 

dependence on the angle of ellipticity is symmetric to linear 

polarization (0° along the ordinate). The fractal signature 

obtained from the SIR-C data (Fig. 7g) has a symmetric 

distribution with respect to the polarization inclination 

angle of 90°, which corresponds to the vertical co-

polarization. 

Fractal dimension values of over 2.85 correspond to 

significant spatial fluctuations of a radar echo signal. At the 

same time, these fluctuations are correlated with the spatial 

distribution of heterogeneities in the form of trunks and 

large branches of trees. The certain symmetry of the 

signature with respect to the orientation ellipse angle of 90° 

(vertical polarization) is presumably associated with a 

similar distribution of branches on the western and eastern 

sides of the trees during sensing in the southern direction 

(SIR-C). 

The radar images obtained from the ALOS-1 PALSAR-1 

satellite during sensing on the ascending orbit, i.e., towards 

the east, had a fractal dimension of over 2.97 in the 

variation range of inclination angles of the polarization 

ellipse from 90° to 170° (see Fig. 7h); i.e., an increase in 

spatial variations in the intensity of radar back scattering is 

observed. Under the condition of this sensing geometry 

(see arrow 2 in Fig. 4), i.e., when the zero angle of 

orientation of the polarization ellipse coincides with the 

southern direction, a similar angular distribution indicates 

that the branches form a thicker reflection layer on the 

southern side of the trees, while the branches on the 

northern side are sparser; i.e., anisotropy of the spatial 

distribution of branches is observed. 

In contrast, spatial variations on descent orbits increase 

upon angles of orientation of the polarization ellipse from 

20° to 90° during sensing towards the west (the zero angle 

of orientation of the polarization ellipse coincides with the 

direction to the north) (Fig. 7i). This may also be due to the 

higher density of branches growing towards the south. 

Let us compare these results using the ALOS-1 PALSAR-

1 satellite data with one of the traditional methods of 

assessing the polarization state. Let us consider the 

histograms of the distribution of the values of the third 

Stokes parameter over the images of the test area (see Fig. 

8). The third Stokes parameter, S2, characterizes the ratio 

of the components that are linearly polarized at angles 

(with azimuths) +45° or –45°. There are three cases for the 

S2 values:  

1. S2 > 0 (the wave is polarized mainly with an azimuth 

of +45°), 

2. S2 < 0 (the wave is polarized mainly with an azimuth 

of –45°), 

3. S2 = 0 (none of these two polarizations prevails in the 

wave). 

The images of Stokes parameters were calculated using 

PolSARpro version 5.0.4 with a window size of 5 × 5.  

The histogram for the ascending orbit in Fig. 8 

demonstrates some predominance of positive values of the 

third Stokes parameter; i.e., the component of linearly 

polarized radar backscattering with the inclination angle of 

+45° is greater than the component with the polarization 

angle of –45°.  

For the sensing geometry that is characteristic of the 

ascending orbit (arrow 2 in Fig. 4), this may indicate the 

greater depolarization and larger number of elementary 

scatterers located at an angle of 45° on the southern side of 

trees. 

The predominance of negative values in the histogram for 

the descent orbit indicates the predominance of the radar 

scattering component with the inclination angle of 45°. 

However, sensing is carried out in the opposite direction 

(arrow 3); therefore, on the whole, we can state the 

presence of a larger number of scatterers at an angle of 45° 

in the southern direction, which confirms the data obtained 

using fractal polarization signature. 

The lacunarity signatures shown in Figs. 7j–7l also 

demonstrate some asymmetry with respect to the 

inclination angle of 90°, which is particularly noticeable 

for the case of the ascending orbit. This confirms the 

above-described effect of the azimuthal anisotropy of 

forest heterogeneities. In addition, the red areal maxima 

(see Fig. 7) can characterize the so-called “level of space 

filling” and correspond to the angles of inclination of the 

tree branches. 
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Fig. 7 Copolarized signatures for different orbits: a)–c) classical signatures, d)–f) second moment signatures, g)–i) 

fractal signatures, and j)–l) lacunarity signatures. 

 

 

5. CONCLUSION 

 

The results of an analysis of the texture of radar 

polarimetric images (L and C bands) of forest vegetation 

were given using the representations of spatial variations in 

the radar backscattering values in the form of polarization 

signatures: second moment, fractal, and lacunarity values. 

Based on the graphical representation of polarization 

signatures, we carried out a comparative assessment of 

their potentials for evaluating the heterogeneity of forest 

vegetation in three azimuthal directions corresponding to 

oblique radar sensing from north to south, from west to 

east, and from east to west. Unlike the fractal signature, the 

polarization signature for calculating spatial variations in 

radar backscattering—lacunarity—characterizes the level 

of heterogeneity of spatial variations in recorded signals. 

The polarimetric signature of lacunarity makes it possible 

to determine “the level of space filling,” which is used 

during an analysis of forest vegetation. This characteristic 

is additional to the signature of fractal dimension. On the 

whole, such signatures more fully describe spatial 

variations in the radar backscattering of forest vegetation at 

different states of the polarization ellipse 
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Fig. 8 Histograms of the distribution of the third Stokes 

parameter for the test forest site: ascending orbit (date 

of survey September 28, 2006) and descending orbit 

(date of survey August 30, 2006). 
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1. INTRODUCTION

The assessment of above ground biomass (AGB) in 
forests based on remote sensing approaches has been a 
long standing objective for a wide range of applications, 
from forestry monitoring and ecology to the appraisal of 
land surface properties in global Earth System modeling. 
Methods that integrate remote sensing data in various 
ways for mapping AGB have been developed. A 
common approach utilizes National Forest Inventory 
data (NFI) or ancillary in situ measurements for the 
development of models relating reflectance 
measurements from passive optical sensors in different 
spectral bands or band ratios like the Normalized 
Difference Vegetation Index (NDVI) to AGB in order to 
produce regional to continental scale maps. The main 
limitations of biomass mapping approaches based on 
multi-spectral optical imagery are associated with the 
lack of sensitivity to the forests vertical structure and the 
decoupling of information on forest phenology and 
productivity, contained in optical data, and AGB, in 
particular for forests with high AGB.  

In recent years, Light Detection and Ranging (Lidar) 
has successfully been utilized to complement sparse in 
situ information on forest structure and biomass in two-
stage upscaling approaches, i.e., the extrapolation of in 
situ biomass via Lidar samples and spaceborne imagery 
to wall-to-wall maps. Baccini et al. [1] for instance, 
extrapolated the functional relationship between 
ICESAT GLAS Lidar waveform metrics and AGB to 
yield spatially explicit pan-tropical maps of AGB from 
medium resolution MODIS imagery.  

Because of its capability to penetrate vegetation 
canopies, Synthetic Aperture Radar (SAR) 
measurements more directly reflect the forests three-
dimensional structure, in particular at long radar 
wavelengths such as P-band (~70 cm wavelength). In the 
context of the retrieval of forest biophysical attributes, 
however, radar backscatter data acquired by past and 
current spaceborne SAR missions, operating at 
wavelengths between 3 cm (X-band) and 23 cm (L-
band), have shown limitations because of a weak 
sensitivity of the backscatter intensity to high AGB and 
the pronounced sensitivity of the measurements to 
environmental factors such as soil and canopy moisture 
variations. The observed correlation with forest 
biophysical attributes and saturation levels differed 
significantly though across different forest types, 
environmental imaging conditions, the radar frequency, 
and the number of radar observations used in the 
retrieval.  

The availability of dense multi-temporal stacks of 
radar backscatter observations has been shown to allow 

for significant improvements in the mapping of forest 
biophysical parameters such as AGB or growing stock 
volume (GSV). A first continental scale GSV map at 1 
km resolution, from which AGB can be derived [2], was 
produced for the northern hemisphere (>10° N) using 
hyper-temporal stacks of C-band (~5 cm wavelength) 
imagery acquired by the European ENVISAT ASAR 
mission. The novel algorithm, which is called 
BIOMASAR and was first presented in [3], allows for a 
spatially and temporally adaptive calibration of semi-
empirical models, relating the backscatter intensity to 
GSV, via an intercomparison of backscatter statistics in 
each radar image with optical remote sensing products 
providing information on forest cover density. A major 
advantage of this approach is that model calibration is 
achieved without the need for detailed in situ 
measurements. While GSV estimates from single radar 
observations are noisy because of the pronounced impact 
of the environmental imaging conditions (most 
prominently soil and canopy moisture variations) and the 
generally weak sensitivity of short wavelength radar to 
high AGB, the effect of varying imaging conditions 
across a landscape can be minimized by means of a 
weighted combination of GSV estimates obtained from a 
large multi-temporal stack of radar observations. The 
weights are defined so that more weight is given to 
images acquired under ideal imaging conditions (dry, 
frozen) with maximum sensitivity to GSV. The results 
demonstrated that with multi-temporal data, GSV 
estimates well above the saturation levels of C-band 
radar that have so far been assumed are possible.  

Spaceborne L-band SAR data currently represents 
one of the most promising data sources for the spatially 
explicit quantification of forest resources. Nonetheless, 
the use of L-band imagery for mapping forest resources 
at large scale poses a number of challenges, such as:  

i) the effect of changing environmental imaging
conditions. The strength and form of the relationship 
between radar backscatter observations and forest 
biophysical attributes is affected by soil and canopy 
moisture variations, freeze/thaw transitions, etc.  

ii) the limited sensitivity of single backscatter
observations in high biomass forests. Beyond a certain 
biomass level (dependent on forest type, imaging 
conditions), which is often referred to as saturation level, 
the sensitivity becomes weaker than the effects induced 
by measurement noise (e.g., speckle) or environmental 
effects (e.g., soil and canopy moisture variations).  

The availability of multi-temporal observations 
helps, however, to reduce noise effects and increase the 
sensitivity in dense forests, i.e., in biomass ranges higher 
than the saturation levels reported in the early literature 
on the use of L-band radar for forest mapping 

Final Report on the 6th ALOS-2 Research Announcement 

663



applications. The BIOMASAR algorithm was also 
applied successfully to map AGB across the 
Northeastern United States using multi-temporal L-band 
ALOS PALSAR data.  

Global Navigation Satellite Systems Reflectometry 
(GNSS-R) represents a novel technique, which may 
aid/complement the mapping of biomass with 
spaceborne imagery. GNSS-R applies the concept of 
bistatic radar to the signals transmitted by GNSSs such 
as GPS in that receivers mounted on aerial platforms 
receive the L-band signals transmitted by GNSS after 
having been reflected from the Earth’s surface. Initial 
tests of the technique indicated a strong biomass related 
signal in the measurements with potentially better 
sensitivity than L-band SAR backscatter [4]. 
Comparable to Lidar, GNSS-R may therefore be used to 
obtain accurate (fairly low cost) information on the local 
biomass distribution and help to fine-tune large scale 
retrievals with spaceborne imagery.  

In this study, multi-temporal observations of ALOS-
2 dual-polarization L-band data are used to investigate 
the benefit of integrating UAV GNSS-R data into the 
BIOMASAR algorithm for a fully automated and 
spatially adaptive retrieval of forest biomass starting 
from ALOS-2 PALSAR-2 data. Specifically, GNSS-R is 
being integrated in the retrieval during the model 
calibration phase. The experiment is undertaken at 
Coruche, Portugal, where dedicated UAV campaigns to 
receive the GNSS signals were planned. 
 

2. TEST SITE 
 

In May 2015 the Instituto Superior de Agronomia 
carried out a measurement campaign in Coruche, at 
Herdade da Machoqueira, located in central Portugal 
(39°08′18.29′′N, 8°19′57.68′′W). The Coruche area is 
characterized by cork oak open woodland, Quercus suber, 
with and understory of shrub and grassland. The climate 
is Mediterranean, with wet and mild winters and dry and 
hot summers. The field campaign consisted of measuring 
the dbh, tree height and number of trees in an area of 
2000 m2 and for 16 sites (Figure 1). The collected 
information was then used to estimate above ground 
biomass for the 16 sites by with the aid of allometric 
equations developed for this specific region. These 
equations compute the biomass of wood elements (trunks 
and large branches), of leaves and of small branches as a 
function of dbh. The above ground biomass of each tree 
was the sum of the biomass components. The total 
biomass for the site was the sum of the biomasses of all 
trees in the site. All trees having a height below 1.5 m 
were excluded. Biomass varied between 5 and 69 Mg/ha. 

 
3. EARTH OBSERVATION DATASETS 

 
The available SAR data set comprised seven dual-

polarization (HH/HV) ALOS-2 L-band radar images 
acquired between September 2014 and February 2016. 
The images were provided in Single Look Complex 
(SLC) format. Pre-processing of the SAR data, delivered 
by JAXA in single-look complex (SLC) format, 
consisted of absolute calibration, multi-looking in range 
and azimuth, multi-temporal speckle filtering to increase 

the radiometric resolution while preserving spatial detail 
in the imagery, and terrain-corrected geocoding with the 
aid of the ALOS orbit data as well as the SRTM 1-arcsec 
Digital Elevation Model (DEM). In order to account for 
topographic effects, the pre-processing also included i) 
compensation for topographic alterations of the pixel 
area contributing to the total backscatter using state-of-
the-art algorithms [5] and 2) normalization with respect 
to the dependence of surface and volume scattering on 
the local incidence angle [6]. The geocoded backscatter 
images were resampled to a pixel size of 20 m.  

Alongside the spaceborne L-band radar imagery, 
optical remote sensing datasets of tree canopy cover from 
MODIS [7] and the Climate Change Initiative land cover 
datasets were collected. In addition, a database of 
ICESAT GLAS spaceborne Lidar observations was 
compiled to support the modeling and data analysis over 
the test site. The Lidar database provides information on 
forest height for ca. 65m large footprints globally.  

Drone-based GNSS-R campaigns over the study area 
in Portugal had been planned by a consortium led by 
Deimos, Portugal. Such measurements could however 
not be conducted because of delays in the sensor 
development. The analysis presented below therefore 
had to rely on GNSS-R simulations (see Section 6). 

 
 

 

Fig. 1 Location of inventory plots in Coruche. 
Background image stems from Microsoft BingTM 

Maps. 

 
4. METHODS 

 
The conventional approach for dealing with the 

estimation of biomass from remote sensing imagery is to 
calibrate models, relating the radar observations to the 
forest biophysical attribute of interest, with the aid of a 
dense set of in situ measurements. However, large parts 
of the world’s forests are undersampled and no model 
calibration is feasible. The BIOMASAR algorithm [3] 
makes the retrieval less dependent on the availability of 
in situ data. The automation of the retrieval is 
accomplished with the aid of the moderate resolution 
(250m) MODIS Vegetation Continuous Field product, 
VCF [7]. Below, we will outline the major elements of 
the algorithm.  

For the modeling of L-band backscatter, BIOMASAR 
relies on a version of the Water-Cloud Model that has 
been extended to account for vertical and horizontal 
discontinuities (i.e., gaps) in the canopy. In the model, 
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the backscatter from forest, σ0for, is considered a sum of 
three contributions:  

 
!!"#$ = (1 − &)!%#$ + &!%#$ )&'( + !)*%$ &(1 − )&'()

     (1) 
 
The first term describes the direct backscatter from 

the forest floor, σ0gr, through gaps in the canopy. The 
parameter η represents the area-fill factor, i.e., the 
percentage to which the ground is covered by the canopy. 
The second term describes the backscatter from the 
ground that was attenuated in the canopy. Herein, the 
exponential represents the two-way tree transmissivity, 
which depends on the canopy height, h, and the two-way 
signal attenuation, α. The third term describes the 
volume backscatter, σ0veg, from an opaque canopy 
without gaps. The model can also be written in the 
following form:  

 
!!"#$ = !%#$ *!"# + !)*%$ (1 − *!"#) (2) 
 
where Tfor represents the forest transmissivity:  
 
*!"# = (1 − &) + &)&'(   (3) 
 
It has been shown that Tfor may also be expressed as 

function of growing stock volume, V [m3/ha], or 
aboveground biomass, B [t/ha], with β [ha/m3] and β` 
[ha/t] being empirical parameters.  

 
*!"# = )&+, ≈ )&+!-    (4) 

 
One of the major elements of the BIOMASAR 

algorithm is the estimation of two of the three unknowns 
in the model, which are related to the backscatter from 
open ground not covered by vegetation (σ0gr) and to what 
is considered the backscatter from opaque forest 
canopies with infinite biomass (σ0veg). It was shown for 
C- as well as L-band that the backscatter properties of 
open ground and dense forest canopies, and their 
temporal and spatial variations with changing 
environmental imaging conditions (e.g., soil and canopy 
moisture status), could be identified with the aid of the 
MODIS Vegetation Continuous Field VCF product by 
masking the intensity images for areas with low and high 
VCF canopy cover to infer on backscatter characteristics 
in the respective areas (see example in Figure 2). In the 
case of areas with low canopy cover, ancillary datasets 
need to be used to exclude land cover classes 
(settlements, industrial areas, water surfaces, agriculture, 
etc.) for which the backscatter may differ substantially 
from that of a forest floor. In the case of the intensity 
observed over dense forests, denoted as σ0df, an 
additional compensation for residual backscatter 
contributions from the ground has to be carried out. The 
compensation of σ0df for residual ground contributions 
can be accomplished with: 

 

   (5) 
 

where Bdf represents the biomass of dense forest. The 
estimation of σ0veg thus requires knowledge of Bdf, which 
means that information about the biomass of dense forest 
in the particular region of interest is required to 
compensate σ0df for residual ground scattering 
contributions. 

Once the parameters have been estimated, the model 
can be inverted to estimate the biomass from the SAR 
data: 

 
, = −1 -. /011!)*%$ − !!"#$ 2 1!)*%$ − !%#$ 2. 2 

     (6) 
 
As was shown in [3, 8, 9, 10, 11] for C- and L-band 

intensity, the availability of multi-temporal stacks of data 
can help to significantly improve the retrieval results. As 
with [3], a weighted combination of the biomass 
estimates from each image covering a particular pixel 
location, Bi, is computed to obtain new multi-temporal 
estimates, Bmt:  

 
,./ = ∑ 40,01

023 ∑ 401
023⁄    (7) 

 
The weights, wi, are calculated with the difference 

between σ0veg and σ0gr, i.e., the dynamic range, which has 
been shown to be a good indicator of the retrieval 
performance that can be achieved with a particular 
acquisition. The larger the dynamic range, the more 
weight is given to the particular biomass estimate. 

 

 
Fig. 2 Observations of L-band backscatter 

observations in areas of low and high forest density 
according to an optical remote sensing product 

(MODIS VCF). 

 
5. TEST OF THE “GLOBAL” 

IMPLEMENTATION OF BIOMASAR 
 
The BIOMASAR algorithm is being used to map 

biomass at large scale/globally. In this section, the 
current implementation of the algorithm [2, 3, 12], which 
implies a number of broad assumptions, will be 
described and the performance will be evaluated for the 
test site in Portugal. In the following sections, we will 
then evaluate if and how the global algorithm may be 
improved locally by considering GNSS-R derived 
estimates of biomass for a specific site. 

The flowchart in Figure 3 illustrates the general 
workflow of the BIOMASAR algorithm. The three major 
steps are: 

 

sveg
0 (Bdf ) =

sdf
0 -sgr

0 e-dBdf

1- e-dBdf

665



1) Model calibration, i.e., estimation of σ0gr ,σ0veg, 
β 

2) Model Inversion 
3) Multi-temporal combination 

 
In BIOMASAR, the two parameters σ0gr and σ0veg are 

estimated adaptively for each available backscatter 
image in the multi-temporal stack of scenes with the aid 
of an optical remote sensing product providing 
information about the density of forest canopies. The 
canopy density map is used as a mask to identify areas in 
the backscatter images with sparse and dense canopies, 
respectively, where backscatter is associated with 
scattering from unvegetated soil and volume scattering 
from forest (Figure 4). The parameter σ0gr is estimated 
with the average backscatter in areas of sparse forest 
cover. A land cover map (CORINE) is used as additional 
mask to exclude croplands or built-up areas, for which 
the backscatter might significantly differ from that 
observed over sparse forest. The parameter σ0df is as well 
estimated with the mean backscatter in areas of dense 
forest cover. The parameter σ0veg is derived from the 
observed backscatter over dense forest using Eq. (5), 
which requires knowledge of the biomass of dense 
forests, Bdf.  

The importance of an accurate representation of the 
biomass of dense forests in the model calibration and 
inversion is illustrated in Figure 5. The simulation of L-
band backscatter intensity in HV polarization as function 
of aboveground biomass and the retrieval performance 
shows the impact of Bdf on the derived biomass estimates 
(when keeping all other model parameters constant). In 
the global implementation of BIOMASAR, Bdf is 
determined in two steps: 

1) identification of the maximum biomass at 
coarse scale (2x2 degree) from available 
inventory datasets, published forest statistics, 
existing maps [3] 

2) global extrapolation and rescaling of the 2 
degree database on the maximum biomass to 
finer spatial scales (20x20 km2) by means of 
machine learning algorithms using global 
predictor layers on i) bioclimatic variables such 
as mean annual or seasonal temperatures, 
precipitation, ii) ICESAT GLAS Lidar forest 
height metrics 

Figure 6 illustrates how accurately the maximum 
biomass across three different FAO ecoregions (boreal, 
subtropical, temperate forests) can be predicted using 
bioclimatic and Lidar variables. The figure shows that 
the ability to predict Bdf varies significantly between the 
different ecoregions. For subtropical forests (according 
to FAO, forests in Coruche are classified as subtropical 
dry forest) the error associated with estimating Bdf is of 
the order of 60 %. 

The forest transmissivity coefficient β may be 
estimated by simulating the transmissivity of forests 
based on canopy density and forest height estimates 
derived from ICESAT GLAS Lidar. The transmissivity, 
Tfor, of forest can be modeled as function of canopy 
density, η, and height, h, with Equation (3). We then 
assume α to be of the order of 0.5 dB/m. For each GLAS 
footprint location, Tfor is simulated based on the 

corresponding GLAS canopy density and height 
estimate. 

 
Fig. 4 Histograms of LHV backscatter for forests 

with sparse and dense canopy in Coruche. 

 
Fig. 5 Differences in simulated L-band backscatter 

in HV polarization as function of above ground 
biomass, B (left), in derived biomass estimates 

(right) when assuming an above ground biomass of 
dense forests, Bdf, in the area for which a retrieval is 

attempted between 150 and 250 t/ha. 

 

Fig. 6 Estimates for the biomass of dense forests 
derived from bioclimatic variables and ICESAT 

GLAS versus reference information on the 
maximum biomass across three different ecoregions 

derived from inventory data, published forest 
statistics, and existing maps. 

 

Fig. 7 Simulated transmissivity at L-band as 
function of biomass. The curves present the modeled 
relationship for different values of the transmissivity 
coefficient β. The simulations shown on the left are 

based on global datasets, the simulations in the right 
plot are based on the Coruche inventory data. 
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The transmissivity is then empirically related to the 
aboveground biomass with Equation (4). Figure 7 (left) 
illustrates the relationship between simulated L-band 
forest transmissivity and aboveground biomass for the 
example of subtropical dry forest. As reference for the 
aboveground biomass, existing maps of biomass in 
subtropical forests, such as the one presented in [13] for 
Mexico or [14] for the US, have been used. The estimate 
for β in the case of subtropical dry forest is 0.007 ha/t 
with 95 % confidence bounds of +/- 0.004 ha/t. In order 
to verify the suitability of the “global” parameterization 
of BIOMASAR for the Coruche study area, we also 
simulated the forest transmissivity at L-band based on 
the height and canopy density information available from 
the inventory data for Coruche (Figure 7, right). 
Assuming as well a two-way tree attenuation of 0.5 
dB/m, we find that the relationship between 
transmissivity and biomass is best described with 
Equation (4) using a value for β of 0.008 ha/t, i.e. a value 
similar to the one used in the “global” implementation of 
the BIOMASAR algorithm.  

Having determined the three unknown model 
parameters, it is now possible to invert the model in Eq. 
(2) and (4) for each of the L-band backscatter images at 
HV polarization to estimate the biomass at pixel level. In 
order to validate the accuracy of the biomass estimates 
derived from each of the seven images, we compared the 
radar predictions to in situ estimates of biomass for the 
sixteen plots available for the Coruche study site. Figure 
8 illustrates the plot-level comparison of predicted versus 
reference biomass for the case of an ALOS-2 image 
acquired in January 2016. The figure shows that 
predicted and reference biomass generally follow the 1:1 
line without a systematic bias across the range of 
biomasses, albeit with significant scatter. Across all 
images, the retrieval error in terms of the root means 
square difference (RMSD) varied in a narrow range 
between 15 and 17 t/ha. The relative RMSD, i.e., the 
RMSD divided by the mean biomass in the reference 
dataset, was of the order of 40%.  

Existing studies carried out for forests in the boreal 
and temperate zones demonstrated that biomass 
estimates from radar can be improved when combining 
estimates derived from multi-temporal observations of 
the backscatter [10, 11]. However, when combining the 
biomass estimates derived from the seven ALOS-2 L-
HV backscatter images covering Coruche, we did not 
observe any improvement (Figure 8). The reason for this 
became clear when looking at the correlation of the 
backscatter observations at the plot locations (Figure 9). 
Although there were some differences in the overall 
backscatter level due to changing environmental imaging 
conditions (primarily moisture conditions), the 
correlation between the different backscatter 
observations was high with Pearson correlation 
coefficients of 0.95 and higher. As a consequence, the 
biomass estimates derived from the seven L-HV 
backscatter images were almost identical (Figure 10) and 
the weighted combination hardly improved the final 
multi-temporal estimate. 

For potential users of remote sensing products such as 
aboveground biomass maps, it is important to have 

information about the uncertainty associated with the 
biomass reported in the maps. 

We therefore define an error model based on Equation 
6, in which the uncertainty associated with: 

 
1) measurement noise 
2) variable surface scattering across the region due 

to differences in soil moisture, surface 
roughness 

3) variable volume scattering  
4) the transmissivity of the canopy 
5) the biomass of the densest forests in the study 

area 
 
is quantified to determine the standard error of the 
derived biomass estimates, δB: 
 

     (9) 
 

 

Fig. 8 Left: AGB estimates derived from L-band 
backscatter acquired on January 23rd 2016 vs. 

reference AGB. Right: Multi-temporal AGB 
estimates vs. reference AGB. 

 

 
Fig. 10 Correlation of AGB estimation residuals for 
two ALOS-2 scenes acquired in January 2015 and 

2016. 

 
The error associated with the estimates of σ0gr and σ0df is 
quantified with the standard deviation of the histograms 
of backscatter observations in areas of low and high 
canopy density (Figure 2) since the histograms 
summarize the uncertainties associated with estimating 
the parameters due to spatially variable imaging 
conditions (e.g., variable soil/canopy moisture), 
uncompensated topographic effects, etc. In the case of 
the forest transmissivity coefficient, b, the associated 
standard error may be inferred from the relationship of 
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the forest transmissivity, simulated with the aid of GLAS 
height and canopy density estimates, and biomass 
(Figure 7). The error associated with the biomass of 
dense forests was illustrated in Figure 6 for subtropical 
dry forests (60 %). The standard error due to speckle 
noise in the measurements was determined assuming an 
ENL of 70. The standard error of multi-temporal 
estimates, δBmt, may then be described with:  
 

 
     (10) 
 
with correlation ρ, weights, wi, the number of images N, 
and the standard error of single-observation biomass 
estimates. Considering the high correlation between 
multi-temporal estimates of biomass (Figure 10), the 
standard error will however hardly decrease with the 
multi-temporal combination. When analyzing the error 
as function of the estimated biomass level (Figure 11), 
we find that the error i) is overall lowest at about 50 % in 
the biomass range of 50 to 100 t/ha, ii) increases up to 
200 % in the low ranges of biomass, and iii) increases 
towards infinity when approaching a biomass of 200 t/ha. 
When looking at the contributions of different error 
terms in Eq. (9) (Figure 11, right), we find that the 
uncertainty associated with the biomass of dense forests 
represented the single most important error term, in 
particular in the higher ranges of biomass. The variability 
of scattering from forest floor and canopies across the 
study area represented the second most important error 
term. Speckle affected the retrieval primarily in the 
higher ranges of biomass for which the sensitivity of the 
backscatter to biomass is continuously decreasing. The 
error associated with the transmissivity term was instead 
low across the entire range of biomass found in Coruche. 
 

 

Fig. 11 Left: Error of AGB estimates at 30 m scale 
from multi-temporal L-Band as function of the 

estimated biomass. Right: Error of biomass 
estimates associated with variable surface and 
volume scattering (red and green), the forest 

transmissivity (magenta), the biomass of dense 
forests (cyan), and measurement noise (black). 

 
When comparing the estimation residuals for both, SAR 
and GNSS, we find significant correlation for all possible 
simulated GNSS components (coherent, incoherent, 
incidence angles) of the order of 0.7 (Figure 15). The 
results of the comparison presented above on one side 
confirmed the physical validity of the GNSS-R 
simulations based on SAVERS in that they revealed i) 
high correlation with the actual SAR observations, and 

ii) also a similar error structure in the retrieved 
biomasses, which is reasonable given that both GNSS 
and SAR operate at L-band. On the other side, such high 
correlation potentially limits the ways in which GNSS-R 
and L-band SAR may be fused to obtain improved 
biomass estimates, at least at hectare scale for which the 
comparison presented above has been carried out. 
 
5. COMPARISON OF GNSS-R AND L-BAND SAR 

SIGNALS OVER FOREST 
 

Before investigating if and how GNSS-R derived 
estimates of biomass may help to improve the mapping 
of biomass with spaceborne SAR backscatter 
observations, we analyzed the characteristics of GNSS-
R measurements and derived estimates of biomass in 
comparison to L-band SAR backscatter. We compared 
ALOS-2 SAR data and simulated GNSS-R 
measurements produced by Tor Vergata [15] based on 
the forest inventory data for Coruche and the SAVERS 
model [16]. For the SAVERS model simulation, 
homogeneous forest areas (from now on referred to a 
stands) around the field plots had been identified visually 
and a series of simulated specular points had been 
established within each of the identified homogenous 
forest areas using the forest inventory information on 
forest structure available for the field plots located within 
the respective area. The area for which GNSS-R 
measurements were simulated is shown in Figure 12. 
Simulated GNSS-R data was produced for different 
incidence angles, speckle noise levels (0.5 to 2 dB) as 
well as coherent (LRcoh, RRcoh) and incoherent 
scattering components (LR, RR).  

The comparison of ALOS-2 LHV backscatter and 
simulated GNSS scattering at stand level revealed a 
consistent negative linear relationship and correlations in 
the range of 0.8 to 0.9 in the case of a measurement noise 
of 0.5 dB in the simulated GNSS data was observed 
(Figure 13). When using the simulated GNSS data with 
higher presumed measurement noise (>1dB), the 
correlations decreased only slightly because of the 
averaging per stand and thus reduced speckle. The 
differences between coherent and incoherent scattering 
components (LRcoh, LR) as well as incidence angles in 
terms of the correlation with the L-band SAR 
observations were generally small. The high correlations 
observed between SAR and simulated GNSS suggested 
that also errors in derived biomass estimates from each 
may be significantly correlated. A simple experiment 
was carried out to evaluate if retrieval errors from SAR 
and GNSS-R might be correlated. A simple non-linear 
model of the form: 
 

  (11) 
 
was fitted to both, the observed relationship of LHV 

backscatter as well as GNSS-R LRcoh and aboveground 
biomass (Figure 14). The models were then inverted to 
estimate biomass from each. 
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Fig. 12 Simulated GNSS-R derived biomass at the 

Coruche study site. 

 

 

Fig. 13 Stand-level comparison of ALOS-2 L-HV 
backscatter and simulated GNSS-R measurements 

(0.5 dB measurement noise) for four ALOS-2 
images. The dots denote the mean values and the 

error bars the standard deviation of measurements 
within each stand. 

 
Fig. 14 Observed and modeled relationship between 
LHV ALOS-2 backscatter (left) and GNSS-R LRcoh 
(20° incidence angle) (right) as function of biomass. 

 
Fig. 15 Correlation of residuals when estimating 

aboveground biomass using LHV backscatter and 
GNSS LRcoh, respectively. 

 
7. IMPLEMENTATION OF BIOMSAR 

CONSIDERING GNSS-R 
 
The BIOMASAR algorithm has been developed to 

map aboveground biomass at large scale using multi-
temporal observations of C- and L-band data acquired by 
ENVISAT ASAR and ALOS PALSAR, respectively 
[12]. To improve the robustness of the BIOMASAR 
algorithm and the overall retrieval performance, it was 
assessed if the availability of GNSS-based estimates of 
biomass allows for improved estimates of biomass where 
such measurements are available. The quantification of 
the major error sources in the retrieval with BIOMASAR 
(Figure 11) showed that a major source of uncertainty 
was associated with the aboveground biomass of the 
densest forests in the area for which aboveground 
biomass is to be mapped, Bdf . In the current “global” 
implementation of the BIOMASAR algorithm, Bdf is 
derived primarily from forest statistics (e.g., country 
reports, county or provincial statistics, maps). Forest 
statistics are compiled on a regular basis by national 
forest services, e.g., in the frame of the Forest Resource 
Assessment conducted by the Food and Agriculture 
Organization of the United Nations (FAO, 2010). In 
particular in sub-tropical environments, the 
characterization of the maximum biomass is highly 
uncertain (of the order of 60 %). The consideration of 
GNSS-R derived estimates of aboveground biomass for 
a number of sample locations may therefore greatly 
reduce this uncertainty source and increase the 
robustness of the BIOMASAR algorithm.  

In order to estimate Bdf, the distribution of GNSS-R 
derived aboveground biomass estimates in the study area 
needs to be evaluated to identify the biomass of the 
densest forests. Initial statistical inversion experiments 
conducted by the Max-Planck-Institute in Jena based on 
the SAVERS model simulations suggested that Bdf may 
be inferred from GNSS-R measurements with errors of 
10 % when it is possible to isolate coherent scattering 
components, i.e., if it is possible to eliminate incoherent 
scattering through long coherent integration times. In 
case the retrieval with GNSS-R is limited to incoherent 
scattering components, retrieval errors of the order of 30 
35 % would be expected based on the inversion 
experiments.  

Based on the BIOMASAR error model in Eq. (9), we 
therefore simulated the uncertainty of biomass estimates 
derived from the seven ALOS-2 L-band backscatter 
images available for Coruche assuming that the biomass 
of the densest forests in the area of interest was known 
from GNSS-R with en error of 10 and 30 %, respectively. 
When comparing against the uncertainties that were 
reported in Figure 11 for the BIOMASAR 
implementation without GNSS-R, we find significant 
improvements in particular in the higher ranges of 
biomass (Figure 16). While for BIOMASAR without 
GNSS-R, the standard error of the biomass estimates 
hardly reached standard errors of 50 %, standard errors 
are now well below 50 % when integrating GNSS-R. In 
case coherent scattering can be isolated from GNSS-R 
measurements, the standard error of the spaceborne 
biomass estimates would reach a level of 20% to 30% for 
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forests with a biomass in the range of 50 to 100 t/ha; note 
that the biomass levels of > 50 t/ha are most relevant for 
forest management since forests with lower biomass are 
generally not harvested. This clearly demonstrates that 
significant improvements can be expected from the 
integration of GNSS-R in BIOMASAR. Nonetheless, the 
simulations need verification with actual GNSS-R data. 

 

 
Fig. 16 Error of biomass estimates at 30 m pixel 

scale from L-Band when assuming a standard error 
of 10 % (a) and 30 % (b) for the model parameter 

Bdf derived from GNSS-R. 

 
8. CONCLUSIONS 

 
We have tested the “global” implementation of the 
BIOMASAR algorithm [3, 12] using a set of ALOS-2 L-
band SAR images acquired over a study area in Portugal 
to evaluate the performance of the retrieval of 
aboveground biomass. The results served as baseline 
against which potential improvements with the 
integration of GNSS-R derived estimates of 
aboveground biomass could be assessed.  

While the BIOMASAR algorithm, when not 
considering GNSS-R, produced useful results at the test 
site in Portugal in that the estimates were unbiased across 
the entire range of biomass, an analysis of the pixel level 
uncertainties suggested major sources of uncertainty that 
may potentially affect the retrieval performance of the 
algorithm when applied across larger areas. Based on an 
error model derived from the semi-empirical backscatter 
model used in the biomass retrieval, we find that the 
uncertainty of the biomass estimates is high, consistently 
exceeding 50 % across the entire range of biomass found 
in the test site. The error modeling results demonstrated 
that some of the a priori information required in the 
retrieval approach introduces high levels of uncertainty. 
In particular the characterization of the biomass in the 
densest forests, which is needed for estimating the model 
parameter in the semi-empirical model describing the L-
band volume scattering power, contributes to the high 
uncertainty of the estimates.  

Ultimately, the retrieval performance when 
combining BIOMASAR and GNSS-R would need to be 
demonstrated using actual GNSS-R measurements. 
Nonetheless, based on GNSS-R data simulation and 
statistical inversion tests, we can state that GNSS-R 
represents a viable, low cost, option for improving the 
mapping of biomass locally with L-band SAR 
backscatter data and the BIOMASAR algorithm, which 
is geared towards large scale mapping. Specifically, 
GNSS-R is expected to provide accurate information on 
the local biomass distribution, which may then serve to 
better constrain the modeling of the SAR backscatter to 
biomass relationship.  

In the study presented above, we only considered 
GNSS-R for characterizing the biomass distribution at 
the regional scale and did not directly link GNSS-R 
signal and SAR backscatter. Alternative approaches for 
using GNSS-R and SAR jointly could be to use GNSS-
R derived biomass estimates at the hectare scale as 
surrogate reference data for calibrating models relating 
the SAR backscatter to biomass. Such approaches have 
for instance been explored in the context of using Lidar 
data and spaceborne (optical/radar) imagery jointly. 
However, a comparison of ALOS-2 L-band SAR 
backscatter with simulated GNSS-R signals at the 
hectare scale indicated that at such scale, retrieval errors 
of GNSS-R and SAR may be highly correlated. If 
confirmed by actual measurements, this would limit the 
potential for fusing information provided by both sensors 
at very local scale.  
 

9. ACKNOWLEDGMENTS 
 
The study was supported by the EC under the 

framework of Horizon 2020 COREGAL (Combined 
Positioning-Reflectometry Galileo Code Receiver for 
Forest Management) project (COREGAL-DME-TEC-
TNO10-E). The in situ data from the site of Coruche 
were kindly provided by Paola Soares, Instituto Superior 
de Agronomia, University of Lisbon.  
 

10. REFERENCES 
[1] Baccini, A., Goetz, S., Walker, W., Laporte, 
N., Sun, M., Sulla-Menashe, D., Hackler, J., Beck, P., 
Dubayah, R., Friedl, M., Samanta, S., Houghton, R. 
(2012). Estimated carbon dioxide emissions from 
tropical deforestation improved by carbon-density 
maps. Nature Climate Change, 3, 182-185. 
[2] Santoro, M., Beaudoin, A., Beer, C., Cartus, 
O., Fransson, J., Hall, R., Pathe, C., Schepaschenko, D., 
Schmullius, C., Shvidenko, A., Thurner, M., 
Wegmüller, U. (2015). Forest growing stock volume of 
the northern hemisphere: Spatially explicit estimates for 
2010 derived from Envisat ASAR data. Remote Sensing 
of Environment, 168, 316-334. 
[3] Santoro, M., Beer, C., Cartus, O., Schmullius, 
C. C., Shvidenko, A., Mccallum, I., et al. (2011). 
Retrieval of growing stock volume in boreal forest 
using hyper-temporal series of Envisat ASAR ScanSAR 
backscatter measurements. Remote Sensing of 
Environment, 115(2), 490–507.  
[4] Ferrazzoli, P., Guerriero, L., Pierdicca, N., 
Rahmoune, R. (2011). Forest biomass monitoring with 
GNSS-R: theoretical simulations'. Advances in Space 
Research, 1823--1832. 
[5] Frey, O., Santoro, M., Werner, C., Wegmuller, 
U. (2013). DEM-based SAR pixel-area estimation for 
enhanced geocoding refinement and radiometric 
normalization. IEEE Geoscience and Remote Sensing 
Letters, vol. 10, 1, pp. 48-52, 2013. 
[6] Castel, T., Beaudoin, A., Stach, N., Stussi, N., 
Le Toan, T., Durand, P. (2001). Sensitivity of space-
borne SAR data to forest parameters over sloping 
terrain. Theory and experiment. International Journal of 
Remote Sensing, vol. 22, 12, pp. 2351-2376. 

670



[7] Hansen, M. C., De Fries, R. S., Townshend, J. 
R. G., Carroll, M., Dimiceli, C., Sohlberg, R. A. (2003). 
Global percent tree cover at a spatial resolution of 500 
meters: First results of the MODIS Vegetation 
Continuous Field algorithm. Earth Interactions, vol. 7, 
10, pp. 1-15, 2003. 
[8] Kurvonen, L., Pulliainen, J., Hallikainen, M. 
(1999). Retrieval of biomass in boreal forests from 
multitemporal ERS-1 and JERS-1 SAR images. IEEE 
Transactions on Geoscience and Remote Sensing, vol. 
37, 1, pp. 198-205. 
[9] Rauste, Y., (2005). Multi-temporal JERS SAR 
data in boreal forest biomass mapping. Remote Sensing 
of Environment, vol. 97, pp. 263-275. 
[10] Santoro, M., Eriksson, L. E. B., Askne, J. I. H., 
& Schmullius, C. C. (2006). Assessment of stand‐wise 
stem volume retrieval in boreal forest from JERS‐1 L‐
band SAR backscatter. International Journal of Remote 
Sensing, 27(16), 3425-3454 
[11] Cartus, O., Santoro, M., & Kellndorfer, J. 
(2012). Mapping Forest Aboveground Biomass in the 
Northeastern United States with ALOS PALSAR Dual-
Polarization L-Band. Remote Sensing of Environment, 
124, 466-478. 
[12] Cartus, O. and Santoro, M. (2016).Multi-scale 
Mapping of Forest Growing Stock Volume using 
ENVISAT ASAR, ALOS PALSAR, Landsat, and 
ICESAT GLAS. Proceedings of the Living Planet 
Symposium 2016, Prague, Czech Republic, 9-13 May 
2016, ESA SP-740. 
[13] Cartus, O., Kellndorfer, J., Walker, W., 
Bishop, J.; Franco, C., Santos, L., Michel Fuentes, J.M. 
(2014). A National, Detailed Map of Forest 
Aboveground Carbon Stocks in Mexico. Remote 
Sensing, 6, 5559-5588. 
[14] Kellndorfer, J., Walker, W., Kirsch, K., Fiske, 
G., Bishop, J., LaPoint, L., Hoppus, M., and Westfall, J. 
(2013). NACP Aboveground Biomass and Carbon 
Baseline Data, V. 2 (NBCD 2000), U.S.A., 2000. 
ORNL DAAC, Oak Ridge, Tennessee, USA. 
[15] Dente, L., Guerriero, L., Carvalhais, N., Silva, 
P., Ferrazzoli, P., Pierdicca, N., Soares, P. (2018). 
Potential of UAV GNSS-R for forest biomass mapping. 
Proceedings of SPIE Remote Sensing 2018, 10-13 
Septmber, Berlin. 
FAO (2010). Global ForestResourcesAssessment 2010. 
FAO ForestryPaper. Rome: Forestry Department FAO, 
163. 
[16] Pierdicca, N., L. Guerriero, R. Giusto, M. 
Brogioni, A. Egido, (2014). SAVERS: A Simulator of 
GNSS Reflections from Bare and Vegetated Soils. 
IEEE Transactions on Geoscience and Remote Sensing, 
Vol. 52, pp. 6542-6554. 
.

671



 

 
Fig. 3 BIOMASAR Flowchart. 

 

 
Fig. 9 Multi-temporal consistency of L-HV backscatter. 
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1. INTRODUCTION

Peatlands are wetlands with a thick water-logged organic 
soil layer (peat) made up of dead and decaying plant 
material. Peatlands cover only nearly 3% of Earth’s land 
area, but they hold the equivalent of half of the carbon that 
is in the atmosphere as CO2 [1]. Peatlands are unbalanced 
systems where production rates exceed decomposition 
rates, leading to the accretion of carbon, and ultimately 
function as a sink of a large amount of soil organic carbon 
[2]. The Great Dismal Swamp (GDS) is one of the largest, 
northernmost peatlands on the Atlantic Coastal Plain [3]. 
The impounded water from seasonal flooding boosts the 
accumulation of the organic soils (peats) in forested 
wetlands that are highly acid, impermeable, and 
combustible. For centuries, the peatland, which is 
seasonally flooded nonriverine swamp, has been exposed 
to intense human activities and has experienced drastic 
changes in ecosystem and hydrology. The swamp, not far 
from the first permanent English settlement in the 
Americas- Jamestown, Virginia- was initially developed 
by George Washington and drained for agricultural use in 
many areas. Building the ditches and canals inside the 
swamp promoted drainage and the human-made channels 
were also used for transport of harvested timber. Due to the 
intensive development, the area has been reduced from an 
estimated 202,350 ha in precolonial times to 85,000 ha 
today. Recent scientific studies revealed vital inherent 
factors on the disturbance process in peatlands. Particularly, 
hydrologic change in the soil layer was a key factor in the 
biochemical process affecting the disturbance of carbon 
and methane storage [5]. Methane removal from ambient 
air over soil surface is closely associated with drought 
condition. Considering that the GDS is influenced by the 
seasonal fluctuation of the surface water and groundwater 
flow, the elongated drought condition and extensive 
drainage can contribute to converting the wet soils with 
organic materials to dry soils with a granular formation. 
The soil transformation can be irreversible and can 
accelerate the greenhouse gas flux, ignite severe wildfires, 
and threaten the ecosystem including flora and fauna 
relying on the hydroperiod and water table fluctuation. 
High sensitivity of peatlands to hydrologic condition in the 
soil and contribution to climate change has been 
successfully unveiled. However, monitoring hydrologic 
changes such as water table and soil water content in 
peatlands has been a challenging task, because of the lack 
of in situ information over large, isolated areas. 

Synthetic Aperture Radar (SAR) with all-weather and day-
and-night observing capability has been one of the best 
tools to monitor the freshwater wetlands in the USA. The 
SAR backscatter coefficient is sensitive to hydrologic 
change, vegetation type, and leaf-on/off condition, and 
long-wavelength SAR sensor, penetrating vegetation 
canopy and ground surfaces, and thus can observe the land 
and water surface, soil moisture content, and groundwater 
table beneath forest canopy. With the capability of 
discriminating land cover types and delineate inundated 
areas in the large river basin and wetland areas, SAR 
intensity can be used to retrieve the soil properties such as 
the dielectric constant and soil moisture for various 
hydrological and meteorological applications. Furthermore, 
exploiting phase components from SAR datasets, 
interferometric SAR (InSAR) can measure the water level 
changes in the wetland due to the scattering characteristics, 
and InSAR coherence can be used for change analysis in 
the wetland [5].  
The recent extreme drought in California, Texas, and 
Oklahoma, which could have been triggered by ENSO (El 
Niño / Southern Oscillation) events, escalated attention to 
the use of remote sensing data, especially radar data, for 
detecting soil dryness over extensive areas. However, 
before that, there have been numerous efforts to observe 
the soil moisture in agricultural fields, bare soil fields, and 
vegetation-covered regions. Most studies relied on the 
SAR backscatter modeling using the low/high order 
polynomials, or exponential and logarithm equations, 
which were retrieved from in situ soil moisture, biomass, 
and roughness measurements. However, the equations 
differ from sensor to sensor and site to site, and the SAR 
backscattering, particularly from spaceborne sensors, is 
heavily influenced by speckles and noises. To overcome 
such limitations, the interferometric phases with high 
coherence have been utilized to estimate moisture changes 
in bare soils and beneath vegetation. Recent study found 
that the interferometric phases from InSAR are highly 
correlated with soil moisture, and the phase consistency in 
triplets of interferograms was introduced for soil moisture 
estimation. 
In our study, the hydrologic changes in GDS, including 
surface water level changes and groundwater level changes, 
which are related to soil moisture variation, were observed 
by time-series C- and L-band SAR backscatter coefficients 
and time-series interferometric phase changes in low-lying 
peatlands. Exploiting all available outcomes (SAR 
intensity, interferometric phases, coherence) from SAR 
and InSAR can maximize the capability of the spaceborne 
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SAR sensor to characterize the spatiotemporal hydrologic 
changes beneath vegetation and delineate the areas subject 
to the impoundment of surface water.  
 

2. CHARACTERISTICS OF STUDY AREA 
 
The GDS is located on the coastal plain in southeastern 
Virginia and northeastern North Carolina. With flat terrain, 
its surface slopes gradually eastward (8-3 m above sea 
level) and its soil consists of unevenly distributed peat and 
mucky peat underlain by clay over a shallow aquifer [6]. 
Once peat covered most of the swamp floor, oak and 
hickory forests were gradually replaced by gum, cypress, 
juniper, and a variety of other species. The western part of 
the swamp is covered by cypress-gum (Figs. 1(a,b)), which 
is a typical southern swamp community adapted to surface 
inundation for at least part of the growing season. This 
association covering 12 % of the wetland prospers where 
standing water is abundant. In much of the swamp, the 
cypress-gum forest, formerly the most extensive 
association in the swamp, has been transformed into 
Maple-gum forests due to the change of the hydrologic 
settings and the intrusion of outside species. The Maple-
gum forests, currently most dominant association (Fig. 
1(b)), expanded over the past 30 to 40 years and are 
susceptible to occasional seasonal flooding [7]. The 
Atlantic White Cedar forests are a notable community 
sparsely occurring along canal ditches; the forests in the 
westernmost part transformed to the upland forests due to 
drainage for agricultural use. The Pine Pocosin occurs in 
the areas of poorly developed internal drainage on organic 
soils, where the vegetation is dominated by broadleaved 
evergreen shrubs less than 20 feet tall [7]. The disturbed 
classes (Fig. 1(b)) include the areas damaged by wildfires, 
anthropogenic developments, and tropical storms.  
 

 
 

 
Fig. 1 (a) Shaded-relief image of the study area. The red 
and yellow rectangular outlines show the coverage of 

Radarsat-1 and ALOS PALSAR images used in this 
study. (b) Vegetation cover map over the Great Dismal 
Swamp (black rectangle of Fig. 1(a)). Lines represent 
streams, artificial paths, and canal ditches. Cyan 
triangle (59A30) and Orange triangle (58B13) are two 
groundwater well sites inside and near the wetland, 
respectively.   
 
The hydrology in the GDS is seasonally fluctuated. The 
drastic fluctuation is attributed to the inflow from upstream, 
rainfall, and evapotranspiration. Usually, high rainfall 
season is juxtaposed with high water season in the wetlands. 
However, despite the high rainfall, the summer is the 
lowest water season in the GDS [8]. During this season, the 
evapotranspiration exceeds rainfall and becomes the 
biggest source of water removal [7]. The discharge through 
ditches, river channels, and the Dismal Swamp Canal 
consistently contribute to the water outflow. When the 
evapotranspiration becomes less influential during winter, 
the surface runoff is apparent over the whole swamp and 
surface flooding occurs along with ditches and around the 
western and northern part of the wetland. The flooding 
provides significant benefits in retaining the appropriate 
soil moistures in peatlands all year round and supplying the 
necessary nutrients to the ecosystem. 
 

3. METHOD 
 
In general, radar backscattering in forested wetlands 
represents a combination of surface, double-bounce, and 
volume scatterings. Over bare-earth or agricultural fields, 
the backscattering mechanism is relatively simple and is 
dominated by surface scattering with little or no 
penetration. However, backscattering over forested 
wetlands such as the GDS depends on numerous factors 
including the vegetation cover and density, soil moisture 
content, aboveground biomass, canopy opening, and run-
off events. For example, when the swamp is flooded during 
the wet season, double-bounce scattering is magnified and 
SAR backscattering is thereby strong. Also, the effect will 
differ along with vegetation cover. In relatively low-lying 
peatlands covered by shrubs, the double-bounce scattering 
will be weak compared to taller Cypress-covered forests. 
In addition, it should be noted that the SAR backscattering 
intensity includes the speckle effects due to the coherent 
sum of backscattered signals from multiple distributed 
targets. Hence, we averaged the SAR intensity over the 
whole GDS according to the vegetation cover, and 
compared the averages with groundwater level 
measurements. 
 The coherence and interferometric phase are two 
major products of InSAR processing. InSAR coherence 
can be calculated by cross-correlation of the coregistered 
SAR image pair over a small window of pixels:  

𝛾𝛾 = �
∑ 𝐶𝐶1𝐶𝐶2∗

�∑|𝐶𝐶1|2 ∑|𝐶𝐶2|2
� 

, where C1 and C2 are complex-valued backscattering 
coefficients, and 𝐶𝐶2∗ is the complex conjugate of C2. The 
coherence represents the consistency of scattering 
mechanisms between two data acquired in different times. 
If the surface condition is altered or the area has dense 
vegetation, the coherence becomes low. The wavelength is 
a key factor in coherence estimate: L-band SAR signal with 
a long wavelength can keep high coherence in forested 674



wetlands. Generally, when one has an interest in only 
estimating surface water level change in further InSAR 
processing, the data with low coherence are considered 
useless. However, the coherence provides useful 
information on flooding condition and vegetation cover [5]. 
The interferometric phases in wetlands have been used to 
estimate relative water level changes [9]. The GDS is 
highly impacted by positive water budgets during the wet 
season, and there could be run-off events near the inflow of 
ditches and streams. Therefore, InSAR can estimate the 
localized relative water level changes in the sections 
dissected by ditches, following the equation: 

𝜕𝜕ℎ = −
𝜆𝜆𝜙𝜙𝑑𝑑𝑑𝑑𝑑𝑑

4𝜋𝜋 𝑐𝑐𝑐𝑐𝑐𝑐𝜃𝜃
+ 𝑛𝑛 

, where 𝜕𝜕ℎ is relative water level change, 𝜃𝜃 is an incidence 
angle, 𝜆𝜆 is the wavelength, 𝜙𝜙𝑑𝑑𝑑𝑑𝑑𝑑  is deformation phase after 
differential InSAR processing, and 𝑛𝑛 is a noise component. 
Furthermore, when we have the results from time-series 
InSAR processing, we can estimate temporal variation of 
surface deformation. Similar to the Small BAseline Subsets 
(SBAS) algorithm, we can calculate time-series vertical 
components from multiple interferograms using the 
equation: 
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, where 𝜙𝜙𝑖𝑖,𝑗𝑗 is interferometric phase between i and jth SAR 
data, 𝑑𝑑𝑖𝑖  is the ith cumulative vertical component 
(deformation) in time order, and N is the number of SAR 
acquisition dates.  
 

4. RELATIONSHIP BETWEEN SOIL MOISTURE 
AND GROUNDWATER LEVEL CHANGES 

 
Because we do not have ground-truth soil moisture 
measurements in the GDS, a three-way comparison of soil 
moisture, groundwater level changes, and our SAR 
products was employed, assuming that, if there is a close 
relationship between soil moisture and groundwater level 
changes, we can derive the association with groundwater 
level changes and SAR backscattering returns. The latest 
observation of SMAP provided us time-series soil moisture 
measurements from space. Although the Level 4 SMAP 
products have a coarse grid size of 9 km (Fig. 2(a)) 
including the undesired effects from nearby agricultural 
fields, the overall temporal variation should be closely 
related to the soil moisture changes in the GDS. 14 9-km 
Equal-Area Scalable Earth-2 (EASE2) grids from Level 4 
SMAP products cover the GDS (Fig. 2(a)), but a single grid 
(blue box of Fig. 2(a)), where weather station (yellow 
triangle) and groundwater well (cyan triangle) exist, was 
selected to compare soil moisture and groundwater level. 
Because SMAP products have been released since March 
31, 2015, only a year-long dataset (March 31, 2015 to 
March 29, 2016) of SMAP soil moisture, groundwater 

level, and precipitation could be analyzed. Most 
precipitation (blue bars of Fig. 2(b)) was recorded from 
April to October, and resulted in responsive increases in 
soil moisture and groundwater level (Fig. 2(b)). 
 

 

 
Fig. 2 (a) 9-km SMAP grid around GDS. Level 4 time-
series SMAP surface soil moisture of a grid (in a blue 
box) was used for deriving the relationship with 
groundwater level at a well (cyan triangle: inside 
station of Fig. 1). At the weather station (yellow 
triangle), precipitation was recorded. (b) time-series 
SMAP soil moisture (gray line) and groundwater level 
(red line) during a year (2015.03.31~2016.03.29). Blue 
bar graph represents precipitation for the same period. 
 
Hence, precipitation is considered a driver of soil moisture 
and groundwater level change [7]. Also, summer is the 
driest season with low soil moisture content and 
groundwater level, because evapotranspiration removes 
water from the surface and underground (Fig. 2(b)). 
Despite low precipitation after October, soil moisture 
increased during winter. Although this increase could be 
attributed to weakened evapotranspiration [7], higher 
groundwater level is influential for soil moisture change. 
Overall, the soil moisture from SMAP and groundwater 
level are highly correlated (R-squared value: 0.80) for most 
times of a year. Based on a close relationship between soil 
moisture and groundwater level, we can explore how 
groundwater level changes and SAR backscattering 
intensities are related, as the last segment of the three-way 
comparison. 
 

5. RELATIONSHIP BETWEEN SAR INTENSITY 
AND GROUNDWATER LEVEL CHANGES 
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The hydrologic changes in the GDS affect the SAR 
backscatter returns during both high water (winter) and low 
water (summer) seasons. Regardless of operated radar 
wavelength, the SAR intensity images acquired in wet and 
dry seasons exhibit obvious differences. C-band Radarsat-
1and L-band PALSAR intensity images obtained on 
01/26/2007 and 12/22/2006, respectively, represent a 
strong radar return due to increased double-bounce 
backscattering, particularly over northern and western 
GDS. This area is close to the inflow from streams and 
ditches, and the run-off into the flat surface inundates the 
forested wetlands. However, the Radarsat-1 and ALOS 
PALSAR images acquired in summer look much darker 
compared to the SAR intensity images obtained in wet 
season. As previously mentioned, the water removal 
caused by the summer evapotranspiration and continuous 
discharge through ditches contributes to the difference. 
Based on the SAR intensity images, we could find that the 
HH-polarized SAR signals can penetrate the forest canopy 
and reach the ground surface to interact with soil layers. 
When we have time-series SAR intensity from C- and L-
band sensors, we can compare averaged SAR intensity over 
the GDS with groundwater level or surface water level 
measurements. The water level measured in river gages and 
ditches does not reflect hydrologic changes inside the 
swamp, as the water flows over flat surface lag behind the 
fast-changing surface water movements; the measured 
surface water did not have high correlation with averaged 
SAR intensity. On the other hand, the water table at 
groundwater well sites had a close relationship with 
acquired SAR intensity. Long-term time-series C-band 
Radarsat-1 SAR intensity returns from 1998 to 2008, which 
were averaged over the whole GDS excluding human-
disturbed areas, increases as the groundwater level rises 
(Fig. 3(a)). When we focus on the time frame from 2006 to 
2008 due to the sparse Radarsat-1 acquisition before 2006, 
the high correlation is obvious (Fig. 3(b)). In many 
wetlands, a seasonal vegetation change can be influential 
on SAR intensity, and the SAR intensity acquired in the 
same season should have similar values. However, in the 
GDS, SAR backscatter acquired in January of 2007 and 
2008 have an evident difference with a drop of as much as 
2 dB (decibel) in 2008. This means that a seasonal 
vegetation change is not prominent in the forested swamp, 
but rather a groundwater level drop of 2 m between two 
periods, and related soil moisture change, contributed to 
the variation of SAR intensity. The R-squared value from 
a linear regression between groundwater level and C-band 
SAR intensity was 0.76, indicating high correlation 
between the two parameters (Fig. 3(c)). The mean and 
standard deviation plot (Fig. 3(d)) shows that the low mean 
values of SAR intensity (during the dry season) maintained 
small standard deviations before exceeding -2 dB, and high 
SAR intensity returns (during the wet season) had high 
standard deviation. This was due to the effect of combined 
scattering over heterogeneous vegetation cover (e.g. 
swamp forest in the west, which is flooded during the wet 
season, and shrubland in the east, which is not flooded but 
moistened during the wet season).  

 

 

 
Fig. 3 Comparison between groundwater level and 
averaged Radarsat-1 SAR intensity from (a) 1998 to 
2008, and (b) 2006 to 2008 (red box in Fig. 3(a)). (c) 
Linear regression of groundwater level and Radarsat-1 
backscatter. (d) Scatter plot of average and standard 
deviation of Radarsat-1 SAR intensity. 
 
The L-band PALSAR intensity shows a similar pattern (Fig. 
4(a)) to the C-band Radarsat-1 observation. The 
groundwater level rise and the resulting soil moisture 
increase elevated the SAR backscatter while the 
backscatter during the dry season decreased. The R-
squared value between ground water level and L-band SAR 
intensity was 0.67 (Fig. 4(b)), and the mean and standard 
deviation plot (Fig. 4(c)) is comparable to that from C-band 
(Fig. 3(d)). 

 

 
Fig. 4 (a) Comparison between groundwater level and 
average ALOS PALSAR intensity from 2006 to 2011. 
(b) Linear regression of groundwater level and ALOS 
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PALSAR backscatter. (c) Scatter plot of average and 
standard deviation of ALOS PALSAR intensity. 
 
When we averaged the SAR backscattering returns 
according to the vegetation cover (Fig. 5), the temporal 
variations follow the fluctuations of groundwater level 
regardless of operated radar frequency (Figs. 5(a,b,c)). 
Based on these results, the SAR intensities corresponding 
to Cypress gum are most sensitive to hydrologic changes 
beneath the forested swamp and inside the soil, and those 
over the Pine Pocosin were least sensitive. Nevertheless, 
the SAR intensity over all the vegetation types is still 
mostly influenced by hydrologic changes in the wetlands. 
Also, we were able to identify the anomalous SAR 
intensity data point over the vegetation type of disturbed 
fire (red ellipse in Fig. 5(c)) in mid-2008 and 2009. 
Wildfire in the GDS lasted from June to October of 2008 
and damaged the region. Because of the burned forests and 
remnants, the surface became rough and the SAR intensity 
due to the increased roughness was magnified in mid-2008. 
After clean-up of the damaged areas, the SAR intensity was 
decreased as the short vegetation grew back in the area.  

 

 

 
Fig. 5 Comparison between groundwater level and 
average Radarsat-1 SAR intensity by vegetation types, 
from (a) 1998 to 2008, and (b) 2006 to 2008 (red box in 
Fig. 5(a)). (c) Comparison between groundwater level 
and ALOS PALSAR intensity by vegetation types. 
 

6. ESTIMATING THE SURFACE WATER LEVEL 
CHANGES IN THE INUNDATED AREAS AND 
GROUNDWATER LEVEL CHANGES FROM 

TIME-SERIES INSAR MEASUREMENTS 
 

Over the areas with high InSAR coherence, the 
interferometric phase measurements can be related to the 
relative water level changes in forested wetland and soil 
moisture changes in Pine Pocosin (communities of short 
vegetation, pines and shrubs). Due to double-bounce 
scattering in inundated areas, centimeter level water level 
changes beneath forest canopy can be detected (Figs. 
6(a,b)). Lines of a-a’, b-b’, and c-c’ are located in the areas 
where water run-off from ditches into the flat wetland 
occur, and their profiles show the variations in water level 
along their distances (Fig. 6(c)). The relative water level 
changes along line a-a’ from 04/01/2010 to 10/02/2010 
decreased, and those along line b-b’ and c-c’ between 
11/17/2010 and 02/17/2011 increased. Point a, b’, and c’ 
are located close to the incoming water site from ditches, 
and their nearby areas have large relative water level 
changes during the wet season. The southeastern area (red 
box in Fig. 6(b)) is not affected by surface water, but the 
interferometric results over the non-inundated areas can be 
associated with soil moisture changes induced by 
groundwater level changes. 

 

 

 
Fig. 6 Relative water level change (soil moisture 

change) map from a pair of (a) 2010.04.01~2010.10.02 
and (b) 2010.11.17~2011.02.17. (c) Relative water level 
change of profile a-a’, b-b’, and c-c’. 
 

With time-series InSAR measurements from 5 pairs of 
05/17/2010 to 07/02/2010, 07/02/2010 to 08/17/2010, 
10/02/2010 to 11/17/2010, 11/17/2010 to 02/17/2010, and 
01/02/2011 to 02/17/2011, we can estimate vertical 
components using the SBAS approach. Unfortunately, the 
southeastern area, which is mostly covered by short 
vegetation, could not keep high coherence in our SAR 
datasets. More InSAR pairs can make our solution more 
rigorous while suppressing error components, but we could 
only select 5 due to the limited coherence. Before applying 677



the SBAS method, we initially extracted Persistent 
Scatterer (PS) points over the whole GDS. The PS points 
with consistently strong backscatter and high coherence 
can be introduced as a reference in the case that the in situ 
information is insufficient. We calculated the amplitude 
dispersion index using the equation: 

𝐷𝐷𝑎𝑎 =
𝜎𝜎𝑎𝑎
𝑎𝑎�

 
, where 𝜎𝜎𝑎𝑎 and 𝑎𝑎� is the standard deviation and mean of 

SAR amplitude, respectively. The initial PS points with 
small amplitude dispersion index and high average 
coherence were selected (Fig. 7(a)). Because we only focus 
on the southeastern area, the PS points in other regions, 
which are influenced by surface water, are not considered 
for our analysis. To choose the final PS point, we assumed 
that highly-elevated area will have small groundwater level 
change compared to nearby low-lying wetlands, because 
the localized peaks (i.e. tree islands under non-fluvial 
condition) are less sensitive to a large fluctuation of 
groundwater level and the low-lying areas will be more 
impounded by ground water. A 30 m resolution digital 
elevation model (DEM), such as shuttle radar topography 
mission (SRTM), is not sufficient for picking the local 
elevation peak, and we instead used a light detection and 
ranging (LiDAR) DEM with 1.5 m resolution. After we 
picked a single PS point near the well (red dot in Fig. 7(b)) 
with low amplitude dispersion, high average coherence, 
and high elevation, we estimated the groundwater level 
changes at the groundwater level site (cyan triangle in Fig. 
7(b)) using a time-series method.  
 

   

 
Fig. 7 (a) Initial PS points, which were extracted from 
time-series InSAR measurements. (b) Selected PS point 
(red dot) and location of groundwater well site (cyan 
triangle). (c) Comparison of retrieved vertical 
components from time-series InSAR measurements 
and groundwater level. 

 
7. CONCLUSIONS 

 
The GDS is a wetland with a long history of development. 
Although hydrologic change is crucial for conserving the 
peatlands, these dynamics have not been thoroughly 
unveiled by the use of remote sensing technology, 
especially radar sensors. Our SAR observation can 

characterize the seasonal hydrologic changes, delineate the 
inundated area, measure the relative surface water level 
changes in the inundated area, and estimate the 
groundwater level changes based on the discovered close 
relationship between SMAP soil moisture and groundwater 
table. Our study shows the possibility that soil moisture 
changes can be detected by the averaged SAR intensity and 
time-series InSAR method. Also, our results could help 
partially explain the vegetation transformation due to the 
dried soils attributed to the human-made ditches and canals, 
and the cause of wildfire in 2008. However, future study 
cannot be completed without more extensive and detailed 
field measurements of soil moisture, biomass, and surface 
water level changes over the GDS. Even without the 
“ground-truth” measurements, we live in the wake of new 
advanced radar sensors including SMAP, C-band Sentinel-
1A/1B, L-band ALOS-2 PALSAR-2, and upcoming S/L-
band NISAR (NASA-ISRO SAR Mission). Particularly, 
SMAP can supply the reference information about soil 
moisture from space, and the high-resolution SAR data can 
supplement the passive radar sensor (radiometer) of SMAP 
as the SMAP mission originally planned the combination 
of two. In addition, SAR sensors with full polarization (HH, 
HV, VH, VV) will enhance our understanding on 
vegetation structure, biomass, and even soil moisture. 
Before the era of SAR sensors comes reality, our study can 
play an underpinning role as a stepping stone toward 
comprehending the hydrologic changes of vanishing 
peatlands. 
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1. INTRODUCTION

 The Michigan Tech Research Institute has used 

ALOS PALSAR and ALOS-2/PALSAR-2 data 

acquired via the Research Agreement with the 

Japan Aerospace Exploration Agency for several 

research activities. Work has focused on 

developing L-band SAR algorithms to map and 

monitor wetland extent, moisture condition, and 

hydropattern for a variety of wetland systems 

across North and South America. In addition, we 

completed work with collaborators at Michigan 

State University in a study of wildlife habitat in 

Mara, Kenya, Africa [1]. 

 The ALOS-1/2 data received under this Research 

Agreement (ALOS RA-6) have been instrumental in 

our research. L-band SAR allows for monitoring of 

soil moisture, wetland hydrologic status and plant 

structure and biomass.  These characteristics make 

it the backbone of our mapping and monitoring of 

wetlands across ecozones from the Arctic to the 

Tropics.  The data provided by our research 

agreement were used for seven primary projects: 

invasive species monitoring in the Laurentian 

Great Lakes; developing methods to assess 

wetland gain and loss in the coastal Great Lakes, 

vernal pool identification in Michigan’s Upper 

Peninsula and National Parks of the Great Lakes; 

peatland and other wetland mapping in the 

Northwest Territories and Alberta, Canada; 

mapping alpine peatlands of Ecuador, Peru and 

Colombia, South America, monitoring soil 

moisture and mapping biomass in the Arctic and 

boreal zone; and assessing grassland habitat in the 

Mara, Kenya. Each of these projects has utilized 

either or both ALOS-1 and 2 PALSAR data. Much 

of the studies have ongoing research and are not 

yet fully complete, so we present on the research 

results and provide publications or manuscripts in 

preparation as applicable as well as a list of 

presentations (section 8.External Presentations).  

For those articles in which we used PALSAR-1 

data but it was not supported by this specific 

research agreement (ALOS RA-6), we have not 

included the offprints, only the citations. 

2. INVASIVE SPECIES MONITORING IN

COASTAL WETLANDS OF THE LAURENTIAN 

GREAT LAKES 

 The Laurentian Great 

Lakes make up the largest 

surface freshwater system 

on earth. Historically, more 

than two-thirds of wetlands 

in the Great Lakes region 

have been drained for 

agriculture and other 

development, making the 

management of the 

remaining wetlands 

essential. Over the past 

several decades, a variety 

of exotic plant species have 

invaded coastal wetlands of 

the region, causing 

significant negative effects. 

One of these, Phragmites 

australis, has been 

especially prolific (Fig. 1). 

It has taken over large 

expanses of the shoreline, 

forming dense, tall (up to 5 

m) monotypic stands that

degrade habitat, reduce

biodiversity and diminish

ecosystem services. Maps

of Phragmites extent for

the U.S. portion of the Great Lakes coast were 

first created using three season PALSAR data 

from circa 2010 [2]. A more comprehensive map 

of Canada and U.S. coastal wetlands including the 

invasive Phragmites was subsequently produced 

from three seasons of Landsat and PALSAR-1 

using field training data and a machine learning 

classifier, random forests [3]. This initial map 

only covered a 10 km band around the coastal 

zone.  In the past year, we completed a map of the 

entire basin for circa 2010 using the same 

 Figure 1. Invasive 

plant, Phragmites 

australis, has been 

prolific in forming 

dense, tall (up to 5 m) 

monotypic stands.  
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approach (Battaglia, Bourgeau-Chavez et al. in 

prep & http://geodjango.mtri.org/coastal-
wetlands/). This map is being used in a 

hydrological model (LHM, [4]) to use as baseline 

conditions of land use/land cover with a focus on 

wetlands.  The PALSAR data allowed us to map 

the wetland types across the region with greater 

accuracy than optical data alone (Figure 2).  

Change maps between these and NOAA C-CAP 

maps from circa 1985 and 1995 are completed 

and analysis is underway [5] and was presented at 

ASPRS in March 2021 [6]).  

Figure 2. Wetland and upland 

land cover map of the bi-

national United States and 

Canada Great Lakes Basin 

based on multi-date PALSAR 

and Landsat-5 in Random 

Forests (after [3]).  

Significant projects to control 

the plant have occurred in the 

intervening years since the 

2010 map was produced, 

however, with efforts like the 

Great Lakes Restoration 

Initiative contributing 

millions of dollars of funding 

in hopes of halting 

Phragmites expansion. A 

multitude of smaller 

Phragmites mitigation 

projects have also taken 

place, with a variety of treatment methods being 

used. While the combinations of herbicide, 

mowing, and burning have served as effective 

management techniques in some areas, 

Phragmites has continued to expand to new areas 

when left unchecked. 

 

Figure 3. Full coastal Great Lakes wetland map from 

PALSAR-1/Landsat-5 circa 2010 (top) and partial 

remapping of 5 subareas with PALSAR-2/Landsat-8 

in 2018 for analyses of changes in invasive plant 

Phragmites australis which PALSAR-2 is able to 

uniquely map.  

Therefore, for estimation of changes in invasive 

Phragmites an updated map using PALSAR-2 

circa 2017-18, showing wetland type and extent, 

including invasive Phragmites australis, was 

created using recent (2016-2018) PALSAR-2 and 

Landsat 8 data for a subset of the study area 

where Phragmites was most dense in 2010 

(Figure 3, bottom map, [7]).  

   Following the same methodology as previous 

large-scale coastal mapping efforts [3], a 

combination of Electro-Optical (Landsat 8) and 

Synthetic Aperture Radar (PALSAR-2) were used 

to create updated classified maps of five coastal 

Great Lakes regions that had the largest 

Phragmites infestations. Three images 

representative of spring, summer, and fall were 

acquired for all study areas when available 

(Figure 4).  

 Approximately 90 PALSAR-2 images were 

collected (including some acquired via purchase) 

along with 67 Landsat 8 images. The PALSAR-2 

images were calibrated, speckle filtered using a 

3x3 median filter, and georeferenced to within 2 
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pixels of associated Landsat 8 images. The 

Landsat 8 images were processed to top-of  

atmosphere reflectance. The three seasonal 

images of Landsat 8 and PALSAR-2 were then 

stacked to be used as inputs to a machine learning 

classifier.  

   Field data were collected to supply training and 

validation data. Field crews visited approximately 

500 wetland locations in Summer and Fall 2017 

and Summer 2018. A variety of information was 

collected at each site, including GPS coordinates, 

vegetation type, height, and density, water depth, 

and GPS-tagged photographs. Additional training 

data were generated by trained analysts via aerial 

photograph interpretation. The training and 

validation data were separated according to each 

area of interest, as determined by Landsat 8 and 

PALSAR-2 image stacks. Random Forests [8] 

was used as the classifier based on its 

computational efficiency, ability to handle large 

datasets, and performance compared to other 

classifiers. Output classified maps were checked 

for accuracy and adjusted as needed until 

acceptable quality (~80% wetland accuracy) was 

achieved. The completed maps can be seen in the 

figure 3.  

For each of the maps, independent validation 

samples were reserved for accuracy assessments, 

and both maps showed >90% overall accuracy. 

  Changes between image dates was assessed 

using a combination of categorical and 

radiometric change from Landsat to reduce 

commission error. Phragmites control efforts 

 

 

Figure 5.  Map of Phragmites gain/loss in Saginaw 

Bay, Lake Huron (top) and plot of changes between 

2010 and 2018 in areas mapped as Phragmites 

(bottom). 

and increasing water levels (>1 m change in 

upper Great Lakes) led to significant reductions 

of Phragmites in some areas but landward 

expansion also occurred (Figure 5, Battaglia, 

Bourgeau-Chavez et al. in prep).  There was a 

measured net increase of 1,632 ha of 

Phragmites from 2010 to 2018.  
   In addition to this assessment of Phragmites 

change, an overall assessment of all wetland gain 

and loss was developed and tied to changes in 

lake levels, so as not to mislabel a wetland loss 

when it is just in transition due to fluctuating lake 

levels.  Therefore, wetland changes were put into 

2 classes – permanent and temporary change.  

This is appropriate since the coastal wetlands are 

defined by their connectivity to the Great Lakes, 

and lake levels vary by over a meter resulting in 

large shifts in coastal ecosystems.  Thus, we used 

Figure 4. Example of 3 dates of PALSAR-2 and 

the resulting false RGB color composite 

demonstrating the distinction of Typha, live and 

dead Phragmites and other covertypes that are 

essential to monitoring invasive plants. 
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hydrological modeling to link changes in wetland 

type and extent to water level changes in 

assessing change and define “permanent gain or 

loss” and “temporary wetland gain or loss” (Table 

1). Results show that the area modeled as 

inundated in 2018 has overall net ‘permanent 

wetland loss’ of 1,915 acres (i.e. wetlands 

changed to urban or upland). This contrasts with 

what would be a net overall gain of 199 acres of 

wetland if permanent/temporary change were 

not distinguished (Figure 6, Bourgeau-Chavez 

et al. in prep, also presented at 2020 41st CSRS 

[9] and Coastal Assembly in 2020 [10]).  

Table 1. Overall Wetland Gain and Loss Assessment 

broken down by permanent and temporary 

distinctions. 

 

Lastly, a comparison of wetland change through 

time (1978 to 2018) using L-band and Landsat 

from Seasat in 1978; JERS-1 in 1995; PALSAR-1 

in 2010; and PALSAR-2 in 2018 was conducted 

for Green Bay Wisconsin coastal wetlands.  

Categorical change between the years allows us to 

track wetland change overtime. In all but the 1978 

classification, the SAR allowed us to classify 

wetlands down to the species level for invasive 

Typha and Phragmites australis.  Here broadscale 

treatment of the invasive Phragmites occurred in 

2012, and that decrease in Phragmites in the 

mapped coastline (dark purple in 2010 map) is 

apparent in 2018 [6].   

 

  
 

 

 

 

 

 

Figure 6. Assessing wetland change with reverence to 

the zone of coastal influence for a portion of Lake 

Huron with table of change types and area (top) and a 

zoom in of Saginaw Bay (bottom) showing temporary 

and permanent gain and loss of wetlands. 

Saginaw Bay 

Saginaw 

Bay 
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3. VERNAL POOL IDENTIFICATION IN 

NATIONAL FORESTS AND NATIONAL PARKS 

OF THE GREAT LAKES  

 

Vernal pools are seasonally inundated, 

hydrologically isolated, forested depressions 

found throughout the midwestern and 

northeastern United States (Figure 8). They 

typically fill during the spring season following 

snow melt, and draw down significantly in mid to 

late summer. This hydrologic pattern creates 

conditions that are critical to the life cycle of a 

number of threatened amphibian and invertebrate 

species. Due to obscuration by the forest canopy, 

precise locations of individual vernal pools are 

often unknown and therefore are in danger of 

being eliminated due to anthropogenic activities 

such as lumber harvesting, agriculture, and 

development. A combination of LiDAR and 

PALSAR-2 data, both of which are capable of 

penetrating forest canopy, were used to detect 

potential vernal pools in a portion of the 

Hiawatha National Forest and in the Indiana 

Dunes National Lakeshore. Initial methods using 

a combination of LiDAR and SAR were outlined 

in [11] An updated methodology was used for this 

project and is described below.  

    L-Band Synthetic Aperture Radar data were 

acquired for the study areas for spring and 

summer dates to represent wet and dry 

conditions. PALSAR-2 images from 8/24/2015 

for Hiawatha and 7/16/2016 for Indiana Dunes 

were acquired as the summer scenes. Archival 

ALOS PALSAR data was downloaded for 

Hiawatha National Forest due to a lack of 

recent ALOS-2 PALSAR during spring for the 

study area. Two spring images were 

downloaded, one from 4/6/2008 and the other 

from 4/20/2008. The selected SAR images were 

calibrated, terrain corrected, and speckle 

filtered using the SNAP Toolbox. A 3x3 

median filter was used to process the SAR 

images for this project. Manual georeferencing 

was carried out using ERDAS IMAGINE 

software to ensure the images were properly 

geolocated. Because there were two spring SAR 

images acquired, these images were combined 

using a maximum operator post processing. 

This allows inundation beneath the canopy at 

each SAR image date to be evident for each 

dataset. 

Figure 7. Green Bay, WI 

wetland classifications 

created using multi-seasonal 

Landsat and JAXA L-Band 

SAR. The 1978 classification 

used historical Seasat data 

from July 28, 1978 and 

August 24, 1978, the 1995 

classification time period 

used JERS from August 20-

21, 1998, and the 2010 and 

2018 classifications used 

multi-seasonal ALOS 

PALSAR.  

 

Figure 8. Field photo example of a vernal pool (top) 

followed by pictures of the obligate and typical species 

found in vernal pools of the midwestern United States. 
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Figure 9. (A) Spring PALSAR-2 HH; (B) Summer 

PALSAR-2 HH;(C) LiDAR Stochastic Depression 

Analysis; (D) Potential Vernal Pools 

To create the SAR change product, which 

identifies areas flooded in spring and non-flooded 

in summer, areas with high backscatter (>-4.55 

dB) were assumed to be wet. This threshold was 

selected based on previous vernal pools work, and 

was verified by analyzing pixel values in known 

forested wetlands (Figure 9). These areas were 

selected out from the spring image, and all other 

pixel values were set to NoData. The summer 

SAR image was then subtracted from this 

resulting data layer. Areas with a decrease in 

backscattered energy greater than 3.5 dB were 

considered to have significant enough backscatter 

change to be considered “dry”. This threshold 

was also selected using previous vernal pools 

work, and is within the range of wet-dry forest 

transition reported in a review of SAR flooded 

vegetation research by [12]. LiDAR data for the 

western portion of Hiawatha National Forest were 

acquired from the Michigan Department of 

Technology, Management, and Budget’s Center 

for Shared Solutions. The LiDAR point cloud was 

processed to a Digital Elevation Model (DEM) 

with 2 meter spatial resolution. The LiDAR 

derived DEM was conditioned using Whitebox 

GAT, an open source remote sensing and terrain 

analysis package. A 3x3 gaussian filter was 

applied to the DEM to remove noise. A stochastic 

depression analysis was used to identify isolated 

depressions in the landscape, using the filtered 

DEM as the input. The method was utilized by 

[13] as part of their vernal pool detection 

procedure. The analysis, originally presented by 

[14] recognizes that digital elevation data will 

contain artifacts resulting from imperfect sensors. 

In the case of high-resolution LiDAR derived 

digital elevation models (DEMs), this is apparent 

in peaks and pits that may or may not be 

representative of the actual topography. 

Therefore, a Monte Carlo approach is used to 

determine which depressions are real by using the 

RMSE reported in the DEM metadata to 

iteratively fill depressions in the DEM. After 

reclassification into “real depressions” and “not 

depressions” the data were run through a majority 

filter to remove spurious pixels from the 

depressions dataset and then converted to 

polygons.  

    The SAR change product representing areas of 

potential wet to dry change in backscatter 

(decrease), was joined to the depression polygons. 

Polygons without significant backscatter decrease 

were eliminated, while the remainder were kept as 

potential vernal pools. Using this method, 80% of 

field validated vernal pools were identified.  

Indiana Dunes was surveyed for vernal pool 

presence after the maps were produced.  The 

survey results show that 15/19 polygons 

 

Figure 10. Indiana Dunes potential veral pools (blue 

polygons) and green points are field verified pools 

identified with the remote sensing, red are field 

verified pools that were not identified with PALSAR-

2/LiDAR methodology. 

representing potential vernal pools derived from 

PALSAR-2/LIDAR analysis contained a field 

verified vernal pool. 4 of 19 Vernal Pools found 

in the field were not identified from PALSAR-

2/LiDAR method (error of omission). The pools 

may not have been wet in the spring date of 

PALSAR-2 imagery used, or they may not have 
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dried before the summer date. Current work is 

underway to apply the methodology to 5 other 

Great Lakes National Parks and a manuscript is in 

development (Battaglia, Bourgeau-Chavez et al. 

in prep).   

L-band PALSAR and LiDAR allow us to find 

these obscure, small wetlands.  When their 

locations are unknown they are more at risk to 

threats from anthropogenic activity such as 

harvesting, agriculture and development. 
 

4. PEATLAND/WETLAND MAPPING IN 

CANADA’S NORTHWEST TERRITORIES AND 

ALBERTA

 

Figure 11. Three types of peatlands occur in our study 

area; open fens that are sedge or shrub dominated; 

treed fens that have both black spruce and larch with 

an understory of shrubs and bogs which are 

dominated by black spruce and occur in isolated rain-

fed locations. 

Peatlands are a type of wetland ecosystem that 

have saturated soils and large accumulations of 

partially decomposed organic plant material 

(peat) below ground (figure 11). Because they act 

as massive organic carbon sinks, peatlands are 

critical components to understand when assessing 

the global carbon budget. Assessing vulnerability 

of these ecosystems to climate change has 

become increasingly important as some peat-rich 

regions have begun to experience events that are 

linked to such changes, such as wildfires.  

 
Figure 12. Schematic showing the RF classification 

process including field data collection, air photo 

interpretation as training/validation and multi-date 

SAR and optical data inputs. 

Archival PALSAR data were used along with 

PALSAR-2 to create maps of peatland type and 

extent. Similar to the Great Lakes mapping 

procedure described above, multi-temporal 

SAR and optical imagery are used to map 

(Figure 12) peatlands with high accuracy [15, 

16].  
The use of L-band SAR data allows for the 

identification of unique hydrological 

characteristics that enable distinction between 

peatland types such as bogs and fens as well as 

other wetland and non-wetland landcover classes 

(Figure 13).  

 

Figure 13. Two date backscatter images of L-HV (top) 

and L-HH (bottom) showing how the different 

peatland types are distinguishable with PALSAR. 

These distinctions are especially important when 

attempting to quantify belowground carbon 

storage. The figure 14, below, shows a peatland 

dominated region of Northwest Territories near 

the Great Slave Lake and demonstrates how 

variations in co-polarized and cross-polarized 

backscatter contribute to the generation of 

peatland maps. 

 

Figure 14. RGB composite images of HH and HV 

backscatter (left and center) alongside a classified 

output map (right). 
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Figure 15. Final map of the study area around the 

Great Slave Lake in Northwest Territories Canada 

using the Random Forests PALSAR-Landsat method. 

Using this approach, 13,677,119 km2 of the study 

area were mapped (Figure 15).  This included 129 

L-band ALOS-1/2 PALSAR images from spring, 

summer and fall & 143 Multi-season Landsat -5 

TM optical/thermal images. For 

training/validation field data were collected over 

a 4 year period and include 152 locations each 

representing a 0.2 ha area on the ground (the 

mmu of the product).  All in all, we created 9,943 

training polygons to train the Random Forests 

classifier and 2,149 validation polygons for the 

accuracy assessment.  The final maps had 93.5% 

overall accuracy and are available on NASA 

ORNL DAAC [17].  These maps are used for the 

pre-fire ecotypes and analyses are being 

completed on the effects of wildfire across the 

region by intersecting these maps with maps of 

burn severity to the surface organic soil layers 

[18].  The results are allowing us to determine the 

vulnerability/resiliency of peatlands to wildfire in 

this region (Bourgeau-Chavez et al. in prep [19]).  

   The mapping approach used for the fire-affected 

areas of Northwest Territories were expanded to 

areas to the south, including the wetland 

complexes of the Slave River and Peace 

Athabasca Delta regions for a circa 2007 and 

2017 time periods. The PALSAR-1/2 data helps 

distinguish the wetland classes into finer 

categories, which has demonstrated value for 

waterfowl studies in the region. Field data were 

limited for this region and a finer level of ecotype  

classes were included with overall accuracy of 

78-85% for these new areas (Figures 16-17).  

    

 

 

Figure 16. Example of the 2017 Peace Athabasca 

Delta map output from random forests (top) and a 

two date PALSAR-2 composite of the vast wetland 

complex (bottom) showing L-HH 7/2/18, L-HV 7/2/18 

and L-HV 7/3/2017 in red, green, blue. 

 

Figure 17. Example of the 2017 Slave River Delta map 

output from random forests (top) and a two date 

PALSAR-2 composite on the bottom showing L-HH 

6/28/18 L-HV  6/28/18 and L-HV  7/21/18 in red, green, 

blue. 
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A change detection between the two time periods 

is underway to assess wetland change over the 

10-year period due to changes in hydrology and 

assessing how that relates to waterfowl surveys 

from Ducks Unlimited Canada. These results will 

be written up for a peer-review journal in the next 

year. Preliminary results will be presented at the 

CSRS 2021. 

 
5. MONITORING SOIL MOISTURE AND 

MAPPING BIOMASS IN ARCTIC AND BOREAL 

NORTH AMERICA 

Work is being conducted in the boreal and arctic 

study areas of Alaska and Alberta/Northwest 

Territories, CA to develop biomass and soil 

retrieval algorithms for peatlands and moisture 

maps. In situ data have been collected with 

handheld water content reflectometers coincident 

with airborne UAVSAR, PALSAR-2 and 

Radarsat-2 overpasses. This combination of 

remote sensing and field data are being used to 

develop soil moisture retrieval algorithms which 

will then be applied to archival PALSAR and 

PALSAR-2 data were available over the study 

region. Understanding soil moisture dynamics is 

critical to assessing fire vulnerability and the 

potential effects of climate change and L-band 

data provide the best canopy penetration for these 

high northern latitude regions. In addition, being 

able to remotely map biomass is important for 

understanding carbon storage, flux and carbon 

consumption from wildfire in the boreal zone.  

We have sampled biomass at over 50 locations to 

not only develop retrieval algorithms but to aid in 

soil moisture monitoring as backscatter varies 

with different levels of biomass and stand 

structure. Peatland sites range from sparsely treed 

to dense conifer (biomass <1 to 11 kg/m2).  A  

  

Figure 18. Plot of biomass for the peatland study sites 

vs. L-HV backscatter with 0.84 R2. Photos to right 

show the biomass extremes in these sites. 

 

strong relationship was found for these rather 

sparse forests using PALSAR-2 L-HV in relation 

to aboveground biomass (Figure 18). In addition 

to boreal locations, soil moisture retrieval is also 

underway in the Arctic tundra from PALSAR-2 

as well as SMAP and Radarsat-2.  We have a 

network of soil moisture loggers deployed on the 

north slope of Alaska for the tundra work.  Soil 

moisture probes were inserted at multiple depths 

(6, 10, 18 cm).  The correlation between 

PALSAR-2 L-HH and soil moisture at each depth 

is shown in Figure 19.  Soil moisture retrieval 

algorithms for tundra and boreal sites are under 

development.  Collecting in situ data coincident 

to the satellites from a range of sites and 

calibration of the loggers to the organic soils has 

been the focus of our efforts and we are now able 

to begin to fully analyze the datasets. Results will 

be written up by Bourgeau-Chavez for peer-

review in the next year. 

  
6. WILDLIFE GRASSLAND HABITAT MAPPING 

IN MARA, KENYA 

Grasslands represent one of the earth’s most 

common vegetation types, covering nearly a fifth 

of the planet’s land and providing important 

ecological, economic, and cultural services. They 

are responsible for an estimated 16-17% of global 

primary production, serve as hotspots for floral 

and faunal biodiversity, support endemic species, 

Figure 19. Plots of L-HH backscatter vs. in situ soil 

moisture for North Slope Alaska. Photos show a logger 

set up with solar panel and a harvested soil sample for 

probe calibration in the laboratory.  A hand saw is 

next to the soil sample for size.  
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affect runoff and water quality, and contain up to 

30% of the earth’s total soil carbon. Grasslands 

are critical to the maintenance of human 

economies, livelihoods, and cultures, particularly 

for low-income and marginalized peoples.

 

Figure 20. Classification schematic for the Mara was 

consistent with previous multi-date, multi-sensor SAR 

and optical mapping in Random forests, using field 

data for training/calibration.  

  In this study We combined multi-date radar 

(PALSAR-2 and Sentinel-1) and optical 

(Sentinel-2) imagery with field data and visual 

interpretation of aerial imagery to classify land 

cover in the Masai Mara National Reserve, Kenya 

using machine learning (Random Forests, Figure 

20). 

 

Figure 21. Mapped produced from RF classifer with 

multi-date PALSAR-2, Sentinel-1 and Sentinel-2 of 

the Mara Triangle and Eastern Reserve of Kenya. 

This study area comprises a diverse array of land 

cover types and changes dynamically over time 

due to seasonal changes in precipitation, seasonal 

movements of large herds of resident and 

migratory ungulates, fires, and livestock grazing. 

We classified twelve land cover types with user’s 

and producer’s accuracies ranging from 74-100% 

and an overall accuracy of 86%. These methods 

were able to distinguish among short, medium, 

and tall grass cover at user’s accuracies of 85%,  

75%, and 90%, respectively (Figure 21). Some 

interesting features that we mapped were a cluster 

of inselbergs (Figures 22 and 23), an abruptly 

rising, solitary, monolithic hills or mountains.  

 

 

Figure 22. A zoom-in of figure 21, showing a cluster of 

inselbergs (see Figure 23) in the Mara Triangle, on 

which rock and dense woody vegetation occur. 

 

 

 

Figure 23. Inselbergs are particularly common in the 

tropics and subtropics. Photo from S. Mara triangle. 
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This research is described in detail in [1], see 

appendix. 

 
7. MAPPING TROPICAL MOUNTAIN 

PEATLANDS OF SOUTH AMERICA 

 

Figure 24. Typical peatland types of tropical alpine 

locations in South America including sedge, cushion 

and grass peatlands. 

Alpine peatlands store large amounts of carbon 

belowground.  Yet, the distribution of tropical 

alpine peatlands is largely unknown. Using multi-

season PALSAR-1/2 and Optical imagery with C-

band from Radarsat, ERS or Sentinel-1 allows for 

distinction of key peat and non-peat ecotypes in 

the alpine region.  Areas of Ecuador [20] and 

Peru [21] have been previously mapped by MTRI 

using these methods with PALSAR-1 [16]. Here 

we show the new study area of Colombia in need 

of current data for an analysis of the threats and 

degradation of peatlands by grazing and other 

anthropogenic activity.  Here we used PALSAR-

1/2 from this research agreement to map the 

current peatland and land use conditions.  We 

then used PALSAR-1 long time series to map 

“potential peatland” for determining mapped 

grazing lands that may be peatlands and in need 

of conservation.  

  The same random forests algorithm with input 

training data from field and air photo 

interpretation was used here as in the other study 

areas.  We’ve found this approach to produce 

high accuracy, even between image analysts. In 

comparison to OBIA, least squares maximum 

likelihood, hierarchical, SVM and other methods, 

it is the most consistent and reliable.   Field 

analysis are ongoing, taking place by local 

researchers to the Colombia test area.  This 

approach will be applied across the region once 

finalized.  

     Figure 25 shows the results of the Random 

Forests Classification using 2 dates of PALSAR-

2, the mean and standard deviation of a Sentinel-1 

time series from the same period as PALSAR-2, 

and Sentinel-2 cloud free composites from 2 

dates. Utilizing GEE we were able to process 

many dates of Sentinel-1 and 2 images quickly to 

improve mapping.  These Sentinel-1 images are 

so large that downloading and processing them 

would be cumbersome. This latest map version 

has  80% overall accuracy.  An initial map with 

only a single PALSAR-2 date had 60% overall 

accuracy, so the second date increased accuracy 

by 20 percentage points. Field teams continue to 

collect field data to use as training/validation to 

further improve the accuracy of the map. This 

work will be presented at the Society of Wetland 

Figure 25. Random forests classification of 

peatlands and land use including pasture and 

agriculture of the study areas of Colombia using 

multi-date PALSAR-2, Sentinel-1 and 2 as inputs.  

Bottom right shows the results of Figure 26 zoomed 

in. 
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Scientists Annual Conference in June 2021 in an 

invited talk led by Bourgeau-Chavez. 

   For this project we also conducted a multi-date 

PALSAR-1 analysis for peat detection in grazed 

lands. Since a long time-series of FBD PALSAR-

1 images were available but not PALSAR-2, the 

former was used to assess moisture and vegetation 

structure conditions to map “potential peatland”.  

This product was later intersected with our land 

use maps to allow for determination of grazed land 

that is peatland. For this analysis a mean and 

standard deviation of HH and HV time series were 

calculated (Figure 26).   

 

  

Figure 26. PALSAR-2 time series displayed as HH 

mean, HV mean and HH standard deviation in RGB 

(left) and the “potential peatland” product (right) for 

the Colombia alpine study area. See figure 25 for a 

zoom in area. 

   The premise for this analysis is that peatlands 

tend to exhibit consistent soil moisture conditions 

with low variability and thus those areas that had 

low standard deviation in backscatter through 

time, but higher HH backscatter than features 

such as rock, were identified as “potential 

peatland”. This method captures peat in areas that 

have been used for grazing or other purposes, 

often for many years. Such a detection would be 

limited with optical imagery since grazing lands 

exhibit disturbed (non-peatland) spectral signals 

in optical imagery.  Field validation thus far has 

shown this map to have good accuracy.  

Additional field sampling is underway to 

complete a full validation analysis of these 

products and will be written for peer-review 

publication in a journal. 
 

 

8. NEXT STEPS 

We will be completing work on several of the 

projects and writing manuscripts for peer-review:  

a) Invasive Species Monitoring – Great 

Lakes USA: This work to monitor 

invasive Phragmites through time 

(JERS-1 to PALSAR-2) continues and 

will be led by Dorthea Leisman, she 

presented on the results to date at 

ASPRS 2021, March 30, 2021.  L-band 

SAR is critical to the detection of 

invasive Phragmites. 
b) Vernal Pool Detection and Mapping in 

National Forests and Parks- Detection and 

Mapping of 5 National Parks is underway 

and includes field verification of the 

“potential vernal pools” detected from 

PALSAR-LiDAR.  Field work is 

scheduled to begin April 25, 2021 and 

will be followed by a recheck for pool dry 

out in July-August timeframe. 

c) Peatland/Wetland Mapping in Canada’s 

Northwest Territories & Alberta - The 

maps are allowing us to assess the effects 

of wildfire on peatland systems and the 

effects of climate change on waterfowl 

habitat through NASA grants and in 

cooperation with Ducks Unlimited 

Canada.  Two manuscripts are in prep 

[19] and French et al.) 

d) Tropical Alpine Peatland Mapping - This 

work continues and we will be mapping 

larger alpine regions of Peru, Ecuador and 

Colombia with funding from 

USAID.PALSAR-2 data are critical for 

this mapping as are C-band. Work is 

being presented at SWS in 2021 by 

Bourgeau-Chavez and manuscripts are 

planned.  A recent submitted manuscript 

is in review for mapping lowland Peru 

peatlands with PALSAR-1/Landsat [22]– 

note PALSAR-1 was provided previous to 

this RA-6. 
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IMPROVING ABOVEGROUND FOREST CARBON STOCKS ESTIMATION 
METHOD USING ALOS 2/PALSAR-2 DATA 

PI No: 3148 
Dr. Rajesh Bahadur Thapa and Ms. Sajana Maharjan 

International Centre for Integrated Mountain Development 
GPO Box 3226, Kathmandu, Nepal 

1. INTRODUCTION

This research aims to conduct experiments to improve 
aboveground forest carbon stocks (AFCS) estimation using 
PALSAR-2 data in Indonesia and Nepal. These sites are 
interesting for scientific research because they are hot spots 
of forest diversity; inherit tropical and sub-tropical forests 
and gaining much attention worldwide due to the rapid 
decline of natural forests. Two experiments one pilot site 
each in the selected countries were presented below. 

2.1 CASE-1: RIAU, INDONESIA 

Data and methods 
Southeastern part of Riau, Indonesia 

Figure 1. Study area: Southeastern part of Riau Province in 
Central Sumatra, Indonesia 

AFCS was measured for 41 field plots (Figure 1) in 2012 
and 2013 (Table-1). Each plot measured at 1-ha size. The 
amount of AFCS for each field plot was considered as 47% 
of the aboveground biomass and reported in Mg C ha-1. 
Due to the differences in forest structure and associated 
AFCS in different land use and land cover (LULC) types, 
the locations for field plots were setup based on natural 
forest types (Table 1). The field measurement data 
represent diverse natural forests including variability in 
AFCS ranging 9-334 Mg C ha-1.  
In this experiment, PALSAR-2 images at fine beam dual 
mode acquired during November 2014 - February 2015. 

Slope correction and orthorectification was performed 
using 90 m SRTM data. The data were converted into radar 
backscattered coefficients. In addition to the polarizations, 
we prepared a γᵒ ratio (HV/HH) image of the mosaic data. 
The γᵒ images of both polarizations were converted to 
amplitude image for texture analysis. Eight Haralick’s 
textures metrics [1, 2] including Energy (T1), Entropy (T2), 
Correlation (T3), Inverse Difference Moment (T4), Inertia 
(T5), Cluster Shade (T6), Cluster Prominence (T7), and 
Haralick’s Correlation (T8) were computed for each 5 m 
pixel in sliding windows with five types of radius (3, 5, 7, 
9, and 11 pixels). This process was applied for both 
polarizations which yielded 80 variables for the AFCS 
assessment. We computed ratio (HV/HH) for each texture 
metric that added 40 additional variables making a total of 
123 variable options including the 2 backscatters and one 
backscatters ratio variables for AFCS potential model 
assessment. Multiple linear regression approach was 
adopted to establish model fittings. 

Table 1. Field measured above ground forest carbon stocks 
in natural forest areas. 

Forest types # Plot Mean 
(Mg) 

Min 
(Mg) 

Max 
(Mg) 

Mangrove 8 26.55 9.02 42.99 
Dry moist 9 198.10 106.69 334.10 
Peat swamp 19 114.06 69.70 173.62 
Regrowth 5 125.15 84.58 164.49 
Total 41 116.79 9.02 334.10 

Results 
Inclusion of multiple variables while developing an 
estimation model improves the saturation level. The 
potential models derived from this assessment are 
presented in Table-2. The first potential model (Model-1), 
represent the simple backscattering assessment while the 
other are from textures metrics assessment. The five 
potential models (Models 2-6) represent the texture 
parameters derived from radius-wide assessments while 
the last two (Models 7 and 8) represent joint assessments 
of all variables. As a result of first step, the joint assessment 
of all backscattering variables has provided a simple model 
option that improves the R2 up to 0.63 (Model-1, Table-3). 
The model is simple with two variables structure. It ensures 
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the AFCS estimation with uncertainty, RMSE of 45.03 Mg 
C ha–1 and Relative RMSE of 13.85%. This modeling result 
can be considered as reference model for comparing the 
subsequent modeling results by the texture metrics.  
 
Table 2. Potential model for aboveground forest carbon 
stocks estimation 

Model Structure VIF* p-
value* 

1(γᵒ) (22.362 + 1.533 γᵒHV + 
3.173 γᵒHV/γᵒHH)2 

<1 <0.001 

2(R3) ( – 36.384 – 0.00535HV_T8 
– 2.694HH_T6 + 
0.445HH_T7 +  
49.662RT_T2)2 

<4 <0.002 

3(R5) ( – 33.119 – 0.00522HV_T8 
– 2.130HH_T6 + 
0.390HH_T7 +  
46.035RT_T2)2 

<4 <0.006 

4(R7) ( – 32.840 – 0.00524HV_T8 
– 1.890HH_T6 + 
0.361HH_T7 +  
45.798RT_T2)2 

<4 <0.01 

5(R9) ( – 10.665 + 24.062HV_T3 
+ 13.970HV_T5 – 
0.00448HV_T8 + 
1.191RT_T6 – 3.053RT_T7 
+ 1.000RT_T8)2 

<3 <0.02 

6(R11) (– 12.260 + 23.879HV_T3 
+ 14.809HV_T5 – 
0.00429HV_T8 + 
1.306RT_T6 – 3.332RT_T7 
+ 1.024RT_T8)2  

<3 <0.01 

7(Joint-

A) 
( – 11.698 – 
0.00417HV_R5_T8 + 
20.432HV_R9_T3 + 
14.676HV_R11_T5 + 
1.296RT_R11_T6 – 
3.323RT_R11_T7 + 
1.038RT_R11_T8)2 

<3 <0.02 

8(Joint-

B) 
(31.577 – 9.820HH_R3_T2 
– 2.315HH_R3_T6 – 
4.130RT_R3_T8 + 
0.380HH_R5_T7 + 
9.333HV_R9_T5 + 
4.763RT_R9_T8 – 
0.00458HV_R11_T8)2  

<4, 
<6, 
<49 

<0.02 

Where, HH and HV: SAR polarizations, T2: Entropy, T3: 
Correlation, T5: Inertia, T6: Cluster Shade, T7: Cluster 
Prominence, T8: Haralick’s Correlation, RT: Ratio, Rn: 
Radius number, *for each variable. 
 
In second step, we examined the effects of radius size in 
five different sizes of pixel radius including 3, 5, 7, 9, and 
11. The radius sizes of 3, 5, and 7 have provided almost 
identical results (Table-2, Figure-3). The structure of these 
models is formed by four common variables, one from HV 
texture (HV_T8) representing Haralick’s correlation 
metric, two from HH textures (HH_T6 and HH_T7) 
representing Cluster Shade and Cluster Prominence 
metrics, respectively, and one from texture ratio of HV and 
HH (RT_T2) representing Entropy metric. The weight in 
each common variable is slightly different among the 
models corresponding to the impact of pixel size in radius. 

Each variable in all models is highly significant (p-value 
<0.01) and hints no multicollinearity (VIF < 4). The R2 and 
RMSE values among these three models are marginally 
different, indicating selection of any radius sizes between 
3 and 7 does not make significant differences in AFCS 
modeling. However, the Model-2 provides better option, 
higher model sensitivity, R2 (0.79) and lower uncertainty, 
i.e. RMSE (32.03 Mg C ha-1) and Relative RMSE (9.85%). 
This indicates that even including texture metrics in 3 pixel 
radius can provide far better estimation than the simple 
backscatter based model (Model-1) which ensures the 
improvement modeling performance by 16% and reduction 
of estimation error by 13 Mg C ha-1. Further examinations 
of radius sizes of 9 and 11 pixels provide two potential 
models (Models-5 and 6, Table-2) and demonstrate 
modeling improvement R2 to 0.82 and 0.83 and error 
reduction RMSEs to 28.84 and 27.60 Mg C ha-1, 
respectively. These two models are formed by 6 common 
texture variables but have different weights. However, each 
variable in these two models confirms high significance (p-
value < 0.02) in model building and signs no collinearity 
(VIF < 3). Although models are complex than the previous 
ones, they provide statistically better alternatives. 
 
In third step, we performed joint assessments taking 
consideration of all variables in model assessment. This 
procedure results two potential models (Models-7 and 8, 
Table-2). As similar to Models-5 and 6, the Model-7 is 
composed of six variables representing a variable from 5 
pixels radius, i.e. Haralick’s Correlation of HV texture 
(HV_R5_T8), a variable from 9 pixels radius, i.e. 
Correlation of HV texture (HV_R9_T3), and all other 
variables from 11 pixels radius, i.e. Inertia of HV texture 
(HV_R11_T5), ratio of Cluster Shade textures 
(RT_R11_T6), ratio of Cluster Prominence textures 
(RT_R11_T7), and ratio of Haralick’s Correlation textures 
(RT_R11_T8). Each variable in this model is highly 
significant (p-value <0.02) and has no collinearity (VIF < 
3). The modelling R2, RMSE, and Relative RMSE of this 
model are 0.840, 26.17 Mg C ha-1, and 8.05%, respectively, 
which are a slight improvement as compared to the Model-
6, but a big improvement as compared to the reference 
Model-1. Maximum possibility of this joint assessment is 
provided by Model-8. This model is formed by seven 
variables, a bit complex than the Model-7 (Table-2). All 
variables in this model are statistically significant (p-value 
<0.02) but three of them, i.e. RT_R3_T8, HH_R5_T7, and 
RT_R9_T8, are affected by multicollinearity problem as 
VIFs in these variables are greater than 4, i.e. 48.58, 5.66, 
and 46.78, respectively. This model improves the fitting by 
1.3% and reduces the relative RMSE by 0.22% than the 
Model-7, but it may become costly due to higher 
complexity and some multicollinearity issues. In this case, 
the Model-7 can be considered as best performing potential 
model for AFCS estimation in tropical forest with 
PALSAR-2 data. The estimation accuracy of the model is 
also reasonable while considering the field-measured 
AFCS, the sample size, and the SAR system used for 
calibrating the model in such diverse natural forests 
condition. The remaining uncertainty in the AFCS models 
may be linked to the field measurement method, allometric 
equations, penetration capability of L-band SAR, SRTM 
data, and the time gap between the field data and the 
satellite data. The R2 for calibration and validation of each 
model are mostly similar. Each model is highly stable as 

695



indicated by MD (≤ 0.01) of R2. As similar to R2 stability, 
the RMSE was also observed stable in all potential models 
(MD ≤ 0.21 Mg C ha-1). As an application of the models in 
predicting the AFCS patterns, Model-7 is used (Figure 2).  
 
Table – 3. Validation results for potential AFCS models 

Models Model - 
calibration 

Leave one out  (LOO) - 
validation*  

R2 RMSE+  R2  MD RMSE+  MD+ 
1(γᵒ) 0.63 45.03 0.63 0.010 45.06 0.04 
2(R3) 0.79 32.03 0.79 0.006 32.09 0.16 
3(R5) 0.78 32.68 0.78 0.006 32.74 0.20 
4(R7) 0.78 32.70 0.78 0.006 32.76 0.21 
5(R9) 0.82 28.84 0.82 0.005 28.93 0.17 
6(R11) 0.83 27.60 0.83 0.005 27.68 0.15 
7(Joint-A) 0.84 26.17 0.84 0.005 26.25 0.16 
8(Joint-B) 0.85 25.46 0.85 0.005 25.54 0.16 

*No. of models used in each model assessment = 41, + Units 
in Mg C ha-1. 
 

 
Figure 2. Estimated AFCS pattern using Model 7. 
 
Conclusion 
We found that the textural information in the high-
resolution PALSAR-2 mosaic data consist of very useful 
information related to AFCS. The Haralick’s texture 
metrics used in this study are adept to reason spatial 
variation of different textural features reflected in radar 
backscatter intensities which provide key information on 
the geometric and structural properties of tropical forest 
canopies. Therefore, texture parameters have shown 
significant role to improve the AFCS estimation accuracy. 
It is noted that the neighborhood characteristic used in the 
form of radius while calculating the texture parameters has 
resulted improvement in model predictions as compared to 
the pixel-by-pixel based model. The neighborhood method 
in texture metrics calculation surpassed the speckle noise 
in the high-resolution PALSAR-2 data that made more 
accountable to AFCS modeling. The use of both HH and 
HV polarizations texture parameters and ratios further 
improved the performance of AFCS estimation; probably 
the ratio images combine the complimentary information 
and reduce topographic effects and forest type structural 
differences. This result signals great potentials of dual 
polarizations PALSAR-2 mosaic data for improving AFCS 
estimation stored in natural forests in tropical region. 
 
 
 
 

 
2.2 CASE-2: PANCHTHAR & ILAM, NEPAL 

  

Data and Methods 

Ilam and Panchthar districts, Nepal 

 
 
Figure 3: Study area: Panchthar and Ilam, hilly districts of 
Nepal 
 
In this study, data collected under the Community based 
Red Panda Conservation in Eastern Nepal project in 
collaboration with ICIMOD and RPN (Red Panda 
Network) were used. The data was collected in 2018 with 
the purpose of estimating above ground forest carbon in 
Ilam and Panchthar districts (Figure 3) which hold key 
habitats of red panda [3]. There are 42 plots (ha) data, out 
of which 5 plots were unusable. Thus, those data were 
excluded. Out of remaining 37 plots, data from 27 plots 
were taken for training model and remaining were used for 
validation. In order to split total field data into training and 
validation, firstly data were organized in ascending order 
according to the AGB measurements. Then, every fourth 
plot were taken for validation. This was done to capture 
variation among the data. 
 
ALOS PALSAR 2 processing level 1.1 and 2.1 of 2018 
were used in this study. ALOS PALSAR 2 processing level 
1.1 was processes in SNAP 8.0 tool. Three different 
methods were applied to estimate forest AGB. They are: 

• Calibration of regression model 
• Machine learning approach using maximum 

likelihood algorithm, and 
• Machine learning approach using random forest 

algorithm.  
These three methods were followed consecutively.  
 
Firstly, regression analysis was carried out to understand 
the relationship between backscatter coefficient and field 
measured AFCS. Secondly, Maximum likelihood 
algorithm [4] in Erdas Imagine was applied. In order to 
train algorithm, 1 ha plot was taken as one class sample. 
There were 27 samples from the field data. Those 27 
samples were taken as 27 classes to classify forest AGB. 
Lastly, Random forest algorithm was used in Google Earth 
Engine using same set of training samples. Then, land 
cover data for 2018 produced by Regional Land Cover 
Monitoring System (RLCMS) was used to mask forest 
areas. 
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Results 
The regression analysis showed that there is no good 
relation between backscattered coefficients and tree carbon. 
Coefficient of determination (R2) was found poor for all 
images (Figure 4). 
 

 
Figure 4: Relationship between backscattered vs AFCS 
for images (level 2.1) acquired in different months of 
2018 
 
 
Following Figure 5 shows the biomass of the study area 
which were produced using maximum likelihood algorithm. 
It was observed that biomass prediction varied with the 
input image. In all the classified images, no data areas were 
also classified (Figure 6). 
 

 
Figure 5: Predicted biomass of the study area, a. Based on 
HH image, b. Based on HV image, c. Based on stacked 
image (HH, HV, HV/HH) 
 

 
 
Figure 6: Error in classified image (based on HH image) 
 
Random forest in GEE was applied for HH and HV images 
(Figure 7). Smoothing needs to be done for deriving 
meaningful result. The work is in progress. 
 

 
a. HV image (1.1)             b. Predicted AFCS 
Figure 7: Predicted AFCS of the study area using random 
forest. 
 
Conclusion 
This study was performed based on available field data. 
Our model and prediction also depend on the quality of 
field data. Smoothing process in GEE is going on with 
Random Forest. Validation needs to be carried out on the 
outputs generated by fandom forest and maximum 
likelihood. We are planning to conduct other experiments 
in Kanchanpur district, Southwestern part of Nepal when 
field data is available. In addition, we are building capacity 
of government professionals, academicians, and others in 
the Hundu Kush Himalayan region to use SAR data 
through various trainings.  
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1. INTRODUCTION

Biomass is a fundamental parameter characterizing the 

spatial distribution of carbon in the biosphere. Global 

satellite missions has focus on  assessment of the above 

ground biomass of woody plants and forests, comprising 

about 80% of terrestrial total biomass in vegetation 

(Houghton, 2005). 50% of woody vegetation is carbon 

equivalent to approximately 3.67 unit of CO2 that directly 

links biomass to the terrestrial carbon cycle and climate 

change (IPCC Good Practice Guide, 2003).  

The spatial distribution of biomass and carbon stocks is 

altered by a range of natural and anthropogenic 

disturbances like stand-replacing e.g., clear-cut logging or 

selective logging, landslides, insect defoliation, or land 

conversion, fire etc.  

There is increased focus on mapping disturbances as abrupt 

events that cause changes in forest biomass and are at the 

scale detectable by space-borne remote sensing (> 100 m). 

Disturbance is measured as the area and/or the intensity of 

biomass changes in units of area/year or mass/area/year 

(NISAR Science Users’ Handbook).  

Himalaya is one of the most biodiversity hotspot in the 

world besides having a high spatial variability in biomass 

distribution from sub-tropical to temperate forests. Stand 

replacing disturbances are frequent in the north-east India 

owing to widespread shifting cultivation activity while 

western Himalaya represents chronic disturbances 

primarily for fuel wood and fodder extraction from forest 

areas.  

Under the ALOS-2 RA6, attempt has been made to 

demonstrate the potential of ALOS-2 data for quantifying 

above-ground forest biomass using advanced SAR based 

physical inversion model at the forest planation site in 

Western Himalayan foothills while forest disturbances 

have been quantified in Karbi Arlong district in Assam and 

Mon district in Nagaland in North-East India using 

temporal ALOS L band observations.   

2. MATERIALS AND METHODS

2.1 AGB Estimation using TanDEM-X Pol-InSAR and 

ALOS-2 L band SAR and Machine Learning  

2.1.1 Canopy Height Estimation using TanDEM-X Pol-

InSAR and Random Volume Above-Ground (RVoG) 

model 

The overall methodology for canopy height estimation is 

shown in Fig. 1.  

Field Data Collection 

Field data collected in February of 2020 in Bhakra forest 

range of Terai Central Forest Division, Uttarakhand, India 

keeping in mind the variability existing within the forest 

and plots of 30mx30m were laid down representing 

different age and diameter classes. Trimble Juno GPS 

receiver was used to determine the location of the plots. A 

total of 37 plots were laid down in which CBH and canopy 

height of the trees (using Forestry pro Laser Range Finder). 

The top canopy height in the 30mx30m plot was recorded 

by averaging the heights of tallest trees in the plot. 

Additionally, height of the shelter-belt plantations was also 

recorded as they differed in top canopy height from the rest 

of the plots. 

Canopy Height Estimation using TanDEM-X 

PolInSAR  

    Fig. 1 Canopy height estimation using TanDEM-X SAR 
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RVoG (Random Volume over Ground) model used for 

estimation of height through inversion is basically a 

physical model. Cloude, 2010 reported that the complex 

interferometric coherence variables are related to forest 

vertical structure by this model. The assumption made by 

this model is that the canopy layer of the forest is a 

homogeneous media comprising of randomly arranged 

elements with persistent and constant attenuation in wave 

over an impermeable surface of the ground 

(Papathanassiou and Cloude, 2001). An exponential 

structure function is used by the model (Treuhaft et al., 

1996) as shown Fig. 2. 

                                 F(z)=2σ/ecosθ0 z                                                 

F(z) is the reflectivity by randomly oriented canopy 

elements at various heights represented by z 

θ0 is the incidence angle  

σ is the mean extinction coefficient i.e. rate of 

decomposition of wave in forest media. 

This function is used to assume the exponential distribution 

of scatterers i.e. they decrease exponentially when moved 

from volume top to bottom. 

Fig. 2 RVoG two-layer scattering model and representation 

of exponential structure function (Lee, 2012) 

 

As the assumption included no ground decorrelation, in 

different polarizations the complex coherence can be 

expressed as (Papathanassiou and Cloude, 2001). The 

volume coherence is also a function of F(z) (radar 

reflectivity) and hv (volume height) as explained by 

Papathanassiou and Cloude (2001). 

                                              

2.1.2 Estimation of Above Ground Biomass  

AGB was estimated using parameters derived from ALOS 

2 PALSAR quad-pol dataset of March month, canopy 

height derived using TanDEM X and machine learning 

methods namely Random Forest (RF) and Support Vector 

Regression (SVR). 

 

Plot level AGB was estimated for a total 37 plots using 

DBH, local volumetric equations, species-specific gravity 

values and biomass expansion factors.  

 

ALOS-2 data was pre-processed that included calibration, 

speckle removal and terrain correction. All these steps were 

performed in SNAP software. A number of SAR 

parameters (backscattering coefficients, polarization 

decompositions like Eigen decomposition and Yamaguchi 

decomposition, polarimetric parameters including radar 

indices and ratios and texture variables).  

Regression Algorithms 

RF and SVR are two of the machine learning techniques 

used for assessing forest biophysical parameters. They 

work efficiently as compared to simple linear techniques 

for assessing forest biomass. Both of the models reduce the 

associated problem mainly of over-fitting and biasness. In 

context to forestry, Support Vector Machine (SVM) has 

been previously well utilized for classification purposes 

and its regression counterpart has gained prominence for 

biomass estimation in recent years. A total of 38 variables 

were Considered for AGB estimation. For each of the 

algorithm the data was split into two parts, training and 

validation. The model was fed randomly to select 1/3rd of 

the number of plots for validation. The data was fed into 

both the models and to select optimum number of variables 

backward or recursive feature elimination (RFE) was 

carried out with cross-validation (Mutanga et al., 2012). 

After obtaining a set of important variables, the model 

predicting best R2 and RMSE was selected and the AGB 

map was generated for the study area. The predicted AGB 

from the algorithm found suitable was validated with the 

field measured AGB and R2 and RMSE were calculated 

(Fig. 3). 

 

 
        

      Fig.3. Methodology for estimating AGB 

 

2.2 Forest Disturbance Assessment  

2.2.1 Forest Disturbance Detection using Change Point 

Detection Technique 

 

CUMSUM change analysis is a distribution-free approach, 

applicable to short, irregular time series for detecting 

gradual and sudden changes and therefore provides 

opportunity on utility of SAR data for monitoring forest. 

NISAR mission will increase the frequency of SAR data 

availability and hence holds potential in improving the 

change detection algorithm results by better representing of 

seasonal and annual trend (Fig. 4). 
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Fig. 4. Disturbance detection using cumulative sum change 

point analysis  

 

 

2.2.2 Optimized Temporal Alpha Angle based Forest 

Change Detection  
Dual polarimetric alpha angle has been found robust to 

effects of soil moisture and terrain slope and sensitive 

changes in forest structure (Cloude, 2007). Lavalle (2017) 

used alpha angle for burnt area     mapping. We have 

assessed potential of optimized temporal alpha angle for 

tropical forest disturbance detection in part of Karbi Arlong 

landscape in Assam, North East India (Fig. 5) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  Fig. 5 Disturbance detection using optimized alpha angle 

 

The broad methodology includes generation of covariance 

matrices of temporal dual polarized (HH, HV) ALOS L 

band data and estimation of alpha angle images using Eigen 

decomposition which denotes the type of average 

scattering process. The value range of α is between 0-45 

degrees for scattered targets. The effect of soil moisture on 

alpha angle was corrected using X-Bragg model as 

suggested by Cloude (2007). The effect of terrain slope on 

values of alpha angle was minimized by as dual-pol alpha 

depends upon the ratio of the intensities of radar as 

observed from the equation of alpha. Therefore, the range 

terrain slope affecting radar intensity does not influence 

alpha whereas in the case of azimuth terrain slope.  

 

PDF (Probability Density Function) of α was calculated 

using ratio of two different Gamma distributions which is 

known as Beta prime distribution and the formula was 

determined as Lavalle (2017). The type of scattering is 

influenced by the response of PDF. Gamma distribution 

was adopted because the PDF of α has to be extracted from 

eigen values PDF and these values are related with eigen 

vector The area under PDF gives CDF for a scalar 

continuous distribution. It ranges from -∞ to any given 

sample point. A particular significance level was 

determined to get a sample point limit and CDF was 

calculated to get the probability of the two alpha angles and 

the alpha having greater probability was then compared 

with significance level value and if that value exceeded it, 

it was considered as a change in the forest pixel. The forest 

change map generated at 1 hectare scale was validated with 

Landsat data.  

 

 

4. RESULTS AND DISCUSSIONS  

 

4.1 PolInSAR forest canopy height estimation 

 

Complex coherence estimation using T6 matrix was done 

in various polarization basis namely Linear, Pauli and 

Optimal. Fig. represents the different polarization basis in 

which complex coherence estimation was carried out. It 

was observed that forest areas had lower coherences as 

compared to areas devoid of trees. Different polarization 

basis yielded different levels of coherence with cross-

polarizations showing more coherence than co-

polarizations. The effect of incidence angle is also 

considered while estimating in various polarization basis 

and the volume decorrelation can also be observed for all 

polarizations by studying the shape and magnitude of 

coherence region (Fig. 6).     

 

 

Fig. 6 Complex coherence estimation in different 

polarizations. 
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Kz is influenced by the local incidence angle and HoA. Kz 

decreases from near range to far range for a fixed baseline. 

The HoA of the TanDEM-X dataset used was 34.09 m. The 

maximum tree heights in the study area have to be 

comparable with HoA. Very high and very low HoA 

influence the Kz value and result in tree-height estimation 

error. After generating local incidence angle image, Kz was 

calculated which varied from 0.211 to 0.225. While 

evaluating different polarizations for top and ground phase, 

it was found that optimal phase 3 and optimal phase 1 gave 

best combinations for top and ground phase centre in two 

way RTM respectively thereby, influencing the height 

retrieval accuracy with R2 = 0.74, RMSE = 2.34 m (Fig. 7). 

 

 

 
  

Fig. 7 Canopy height estimation with different 

polarizations defining canopy and ground phase in RVoG 

model.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 8 Distribution of sample plots and canopy height 

modelled using Random Volume over Ground Model.  

 

The final forest canopy height map (Fig. 8) was obtained 

after RVoG inversion and the canopy height obtained for 

different plantations were-Eucalyptus plantations, 7-10 m, 

Mixed plantations, 10-15 m, Linear plantation strips of 

tallest trees left after harvesting along with some old-teak 

plantations depicted in red colour exhibited maximum 

height between 15-27 m and for middle-aged teak 

plantations height was obtained between 10-15 m. 

 

4.2 Above-ground forest biomass modeling  

 

The Random Forest regression algorithm was tuned using 

all the 38 variables and the best Ntree value was found 

based on the OOB (Out of Bag) error graph (Fig. 9). After 

tuning, RF model was built with Mtry=38 and Ntree=501 

using all the independent and dependent variables and the 

variable importance ranking was obtained (Fig. 10). 

 

 

 

 

 

 

 

 

Fig. 9 OOB error of AGB model(Mtry=38, Ntree=501) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 10 Variable importance ranking predicted by RF 

 

For the training set of samples, the R2 value obtained was 

0.93 and RMSE of 12.42 Mg/ha. To get a smaller sample 

of predictor variables RFE (Fig. 11) along with cross-

validation was carried out which yielded a set of four 

variables with lowest RMSE. These four variables were 

alpha, PolInSAR height, HH backscatter and HV 

backscatter. 

 
 
 
 
 
 
 

 

 

Fig. 11 RFE with cross-validation for variable optimization 702



 

The R2 of 0.78 and RMSE of 22.6 Mg/ha was obtained 

between the predicted and observed AGB upon validation 

(Fig. 12). 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 12 Observed vs. predicted AGB at test sites using RF 

 

Support Vector Regression 

SVR was performed in radial basis kernel. The hyper-

parameters were tuned in with C= 0.1 and gamma is 

calculated as 1/n_features where, n= number of features 

and the model was run to obtain ranking of the variables. 

The ranking is given based on their performance using the 

leave-one-out error (Table 1).   

 

 

 

 

 
Table 1 Ranking of variables for AGB estimation in SVR.  

 

After it, RFE (Fig. 13) with cross-validation was carried 

out to the get the smallest set of important variables. These 

were 8 variables namely HV backscatter, HH backscatter, 

PolInSAR height, alpha, Yamaguchi double bounce, 

Yamaguchi volume scattering, VV contrast and VV 

variance. 

 

 

 

 

 

 

 

 

 

 

Fig. 13 RFE with cross-validation for variable optimization 

in SVR 

 

The R2 and RMSE obtained for upon validation with field 

data was 0.50 and RMSE of 41.92 Mg/ha (Fig. 14).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 14 Observed vs. predicted AGB on test site using SVR 

 

Comparison and best model selection 

Between the two models it was observed that RF performed 

better as compared to SVR as it exhibited a low R2 value 

of 0.50. The predicted biomass using SVR showed a high 

RMSE of 41.92 Mg/ha whereas RF exhibited an RMSE of 

22.6 Mg/ha showing a difference of about 19.32 Mg/ha. RF 

and SVR differ in terms of sample size and rate of errors of 

the subset data. Additionally, RF models are highly non-

linear and non-parametric models which allow them to tune 

themselves according to the response introduced by 

induction of each new variable. This results in RF fitting 

well with dataset automatically. Whereas in case of SVR, 

this flexibility is lacking due to the pre-determined and 

fixed parameters and kernels 

Generation of AGB map 

L- band signals are dominated by the primary and 

secondary branches and relate more with the canopy of the 

forests. Out of these variables, alpha was one of the 

parameter that highly influenced the AGB retrieval process. 

It showed the highest correlation with the biomass as it 

defines the different scattering processes which occur 

inside the forest namely surface, volume and surface-trunk 

interactions. Apart from it, various researchers have found 

that backscattering coefficients positively relate to 

different levels of AGB. HV backscatter in several 

literatures has been found to correlate positively with 

biomass around 100 Mg/ha. Though the X-band mainly 

interacts with small branches, twigs and leaves of the trees, 

PolInSAR height accounted to be positively related with 

AGB (Fig. 15). 

Variables Ranking Variables Ranking 

HV backscatter 1 HV Homogeneity 27 

HH backscatter 1 HV Mean 19 

VH backscatter 3 HV Variance 5 

VV backscatter 14 HH Contrast 9 

Pedestal Height 24 HH Dissimilarity 16 

RFDI 31 HH Homogeneity 22 

CSI 25 HH Mean 6 

VSI 30 HH Variance 2 

HH/VV Ratio 23 VH Contrast 7 

HH/HV Ratio 10 VH Dissimilarity 15 

VV/VH Ratio 13 VH Homogeneity 29 

Alpha 1 VH Mean 20 

Anisotropy 28 VH Variance 8 

Entropy 26 VV Contrast 1 

Yamaguchi double-bounce 1 VV Dissimilarity 17 

Yamaguchi Surface 12 VV Homogeneity 21 

Yamaguchi Volume 1 VV Mean 11 

HV Contrast 4 VV Variance 1 

HV Dissimilarity 18 PolInSAR Height 1 
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Fig. 15 Variables used for AGB prediction 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 16 AGB map of the Bhakra Range, Uttarakhand 

 

The spatial pattern of AGB (Fig. 16) was observed and the 

values ranged from 27 -229 Mg/ha. The highest levels of 

AGB were observed in old plantations followed by mixed 

plantations. Mixed plantations constituted field AGB 

between 60- 130 Mg/ha and young and evenly spaced 

plantations of eucalyptus had the lowest level of AGB. 

Eucalyptus has short rotation period as well as low tree-

density due to the spacing. 

 

4.3 Forest Disturbance Detection using L band 

Backscatter thresholding  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 17 Clear cuts on multi-year HV composite ALOS-2 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 18 Annual Forest Loss from ALOS-2  

 

 

 
 

Fig. 19 Validation of Clear Cuts mapped using Landsat 

based forest loss  

 

 

4.4 Forest Disturbance Detection using Time Series 

Change Point Detection  

 

Sensitivity of SAR backscatter to canopy cover change 

varied across different forest ecosystems in North-East 

India (Fig. 20). 

 

 
 

Fig. 20 Dry and moist season L band HV backscatter-

canopy density curve  

 

The algorithm was able to detect forest disturbance 

(Fig.21). However, prior to area filter, every pixel in the 

study area showed change at least once, which must be due 

to the sensitivity of SAR sensors to moisture. Therefore, 

relative calibration, area filter and precise threshold value 

estimation are crucial. 
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Fig. 21 Disturbed and regrowth area maps  

 

4.2 Optimized Temporal Alpha Angle based Forest 

Change  
 

Fig. 22 shows the outputs of disturbance analysis using 

alpha image method. Temporal alpha images depict 

changes in type of scattering over the study area. The value 

of alpha lies from 0°-90°. Different scattering processes are 

defined by different alpha values, generally 0° for surface, 

45° for dipole, between 0°-45°for irregular surface and 

greater than 50°for double bounce. L-band data being a 

longer wavelength penetrate deep inside the forest and 

hence, relate positively with the scattering mechanisms. 

New clear cuttings were observed with more surface 

scattering and lowered the volume scattering. This can be 

interpreted with light patches of shifting cultivation 

showing higher values and the areas remaining as intact 

forests exhibiting low values in all the images of different 

years. To determine if probability of the year 2007 is 

greater than the probability of 2017, difference between 

them was calculated, using the basic probability rule of P 

(A>B) = P (B)-P (A) where, A and B are two events. Figure 

5.2 represents the gamma distributed probability values of 

both the years and probability values of A>B. Significance 

Level and generation of forest disturbance map. After 

determining the probability, significance level was selected 

at 90 % confidence level to find the changed pixels which 

represented the forest change. The probability level 

exceeding the significance value was considered as a 

disturbance, i.e. change in forest structure. The output 

consisted of a binary map having two classes disturbed and 

undisturbed areas (Figure). This algorithm will give 

consistent results even in rainy season and complex 

topography as it has been optimized for soil moisture and 

topography effect. The algorithm can be linearly extended 

on multi-temporal datasets. The disturbance or change 

occurring in the overall area could be detected well by the 

algorithm as can be observed by the extent of areas 

showing disturbances. The overall disturbance increase 

from 2007 to 2017 but to narrow down its performance at 

the patch level it was observed that the algorithm could as 

well as could not detect certain patches. It was also 

observed that the boundary of the detected patches were not 

as clear as they were observed in the alpha images. This 

can be linked to its performance considering only the 

average scattering mechanism. The sensitivity of a SAR 

system is towards the mean structure. The minor changes  

 

 

 
 
 
 
 
 
 
 
 
 
 
 

Fig. 22 ALOS L band alpha angle image based 

disturbance detection outputs and validation with Landsat 

TM.  

 
as well as the small size of a patch could affect its 

effectiveness in detecting them. The disturbed areas 

showed mostly surface interactions surrounded by volume 705



scattering. Hence, if the patch size is very small, as in the 

case of shifting cultivation it becomes difficult to 

differentiate between the scattering mechanisms and 

therefore, disturbance cannot be identified in case of small 

sized patches. Larger size patches like areas of quarrying 

could be well detected. From the study, it can be concluded 

that the dual pol alpha was effective in separating the 

surface to volume scattering but depending on two factors- 

the average scattering mechanism and size of the 

disturbance, the effectiveness of the algorithm can be 

enhanced in future.  

 

5. Conclusions  

 
The results for forest canopy height estimation showed best 

results of R2=0.77 and RMSE=2.62 m at HoA (Height of 

Ambiguity) = 34.09m. For AGB assessment, two 

regression algorithms Random Forest (RF) and Support 

Vector Regression (SVR) were compared to select the 

optimal method with RF satisfying the results with  

R2=0.57 and RMSE=36.09 Mg/ha using 4 variables out of 

37 generated variables which were alpha, PolInSAR forest 

canopy height, HH backscatter and HV backscatter.  

 

The cumulative sum based change point algorithm was 

able to detect forest disturbance at different time periods 

using time series dual pol ALOS L band data. However, 

prior to area filter, every pixel in the study area showed 

change at least once, which must be due to the sensitivity 

of SAR sensors to moisture. Therefore, relative calibration, 

area filter and precise threshold value estimation are crucial. 

 

The dual-pol alpha in conjunct with its probability density 

function was used to detect forest structure changes and 

reject changes due to statistical noise by calculating the 

probability values of gamma distributed Cumulative 

Distribution Function (CDF) to detect disturbances. The 

algorithm proved effective for larger patches but for 

detection of smaller patches, it requires improvement. The 

dual-pol alpha angle proved effective in separating surface 

to volume scattering. 
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1. INTRODUCTION

This final report describes the main results from our work 
to develop, test and validate methods combining ground 
forest measurements and metrics obtained from C- and L-
band Synthetic Aperture Radar (SAR) data in selected 
tropical regions in order to identify areas experiencing 
forest degradation due to selective logging operations. 

2. OBJECTIVES

A detailed selective logging dataset from three lowland 
tropical forest regions in the Brazilian Amazon was used 
to assess the effectiveness of SAR data from Sentinel-1, 
RADARSAT-2, and Advanced Land Observing Satellite-
2 Phased Arrayed L-band Synthetic Aperture Radar-2 
(ALOS-2 PALSAR-2) for monitoring tropical selective 
logging. We used machine-learning methods to model the 
incidence of selective logging based on metrics from 
those SAR datasets. We also used time-series analysis 
methods to detect change in dense time-series of Sentinel-
1 observations. 

3. MAIN RESULTS

Machine-learning classification using SAR data  
(Sentinel-1, RADARSAT-2, and ALOS-2 PALSAR-2) 
performed poorly, having high commission and omission 
errors for logged observations. This suggests little to no 
difference in pixel-based metrics between logged and 
unlogged areas for these sensors, particularly at lower 
logging intensities. In contrast, the Sentinel-1 time series 
analyses indicated that areas under higher intensity 
selective logging (> 20 m3 ha-1) show a distinct spike in 
the number of pixels that included a breakpoint during the 
logging season. This method detected breakpoints in 50% 
of logged pixels and exhibited a false alarm rate of 
approximately < 5% in unlogged forest. Overall, our 
results suggest that SAR data can be used in time series 
analyses to detect tropical selective logging at high 
intensity logging locations (> 20 m3 ha-1) within the 
Amazon. 

APPENDIX 

M.G. Hethcoat, J.M.B. Carreiras, D.P. Edwards, R.G.
Bryant, S. Quegan, S., “Detecting tropical selective
logging with C-band SAR data may require a time series
approach”, Remote Sensing of Environment, in print.
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Abstract—Biodiversity monitoring is frequently conducted 

using remote sensing data. Because of its outstanding height-

sensing abilities, light detection and ranging (LiDAR) technology 

is widely used in the field of ecology. However, there have been few 

reports on estimating the structural diversity of forests using L-

band synthetic aperture radar (SAR), which provides enormous 

advantages, particularly over tropical regions. We explored the 

feasibility of employing L-band SAR to observe forest layer 

structure with the objective of evaluating habitat of birds, 

targeting natural and plantation forests in Riau, Sumatra, 

Indonesia. Our polarimetric data analysis, together with field 

measurement data, showed that L-band SAR data represent forest 

layer structure. The results revealed that VV polarization, co-

polarization ratio of VV/HH, and volume scattering represented 

the layer of forest floor, understory, and canopy, respectively. A 

subsequent statistical analysis elucidated that bird diversity of 

forest-dependent and threatened species required special 

attention, exhibiting clear positive logarithmic correlations with 

the selected SAR polarimetric parameters. Furthermore, positive 

deviation of bird occurrence in peat swamp forests from 

regression estimates implied that a positive influence on bird 

diversity is exerted by other factors, for example, plant species 

composition as well as structural diversity of forests. Our findings 

suggest that SAR techniques offer a feasible approach for 

evaluating avian species richness and ecosystem conditions. 

 
Index Terms—Biodiversity, Forestry, Image decomposition, L-

band, Radar polarimetry, Synthetic aperture radar  

 

I. INTRODUCTION 

ROPICAL forests in Southeast Asia have enormously rich 

biodiversity. Peat swamp forests are characterized by 

partially decomposed wood, roots, leaves, and other organic 

matter that contain considerable amounts of carbon. The 

environment exhibits uniqueness in terms of biodiversity. 

However, ecosystems are deteriorating rapidly, particularly in 

developing countries. In particular, peat swamp forests, which 

are important refuges for biodiversity in Southeast Asia [1, 2], 
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are now becoming targets for development. Therefore, peat 

swamp forests are being exposed to threats from various human 

activities, including logging, fire, and conversion into palm oil 

and acacia plantations [3, 4]. Natural forests are in a critical 

situation, and plantation forests are becoming important 

habitats for some species [5, 6]. Despite the significance of 

ecosystem, there is little understanding about the impact of land 

conversion on the biodiversity and biological communities in 

peat swamp forests. This can be attributed to waterlogged land 

and soil, which prevent researchers from conducting frequent 

field surveys. Therefore, considerable attention is being paid to 

monitoring the forest ecosystem and biodiversity, particularly 

in tropical regions.  

Birds are regarded as good indicators of ecosystem health 

because they are sensitive to environmental changes. Indeed, 

they are found in many kinds of ecosystems, and are easily 

identified as we have abundant basic ecological knowledge of 

birds at hand. Thus, data collection is relatively easy and 

inexpensive [7]. Although many developed countries have been 

conducting nationwide bird monitoring projects for decades, 

very few such projects have been conducted in tropical 

Southeast Asian countries [8]. Therefore, forest ecosystems are 

disturbed or lost without even knowing about the bird 

community that inhabits the forest. 

Bird diversity is known to have a strong relationship with 

forest structure in many kinds of ecosystems in temperate and 

tropical regions [7, 9, 10]. Erdelen [11] pointed out that forest 

structural diversity, namely the sum of horizontal diversity and 

vertical diversity, affects bird species diversity. The structural 

complexity of vegetation as foliage height diversity or percent 

vegetation cover creates various kinds of resources and physical 

conditions for birds [12]. Among the most important are food 

and nesting sites. For example, birds that need large trees for 

their nesting cavities tend to be abundant in old-growth forests, 

where large trees are available [13]. Terrestrial and understory 

birds are also abundant in old-growth forests, where they can 
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find dead trees for their foraging place. For this reason, forest 

structure affects bird diversity or abundance, which is therefore 

considered to be predicted by forest structure complexity to 

some extent [14]. 

Remote sensing, particularly with an active sensor, has 

attracted considerable attention in recent years as a way to 

understand forest structure that explains biodiversity [15, 16]. 

Direct detection of birds by remote sensing is impossible, but 

in recent years, quite a few attempts have been made to estimate 

bird diversity through forest structural properties or habitat 

suitability [16]. 

Light detection and ranging (LiDAR) and SAR tomography 

(TomoSAR) are known to be powerful tools for modeling three-

dimensional forest structures [17]. As active optical remote 

sensing, LiDAR is used to measure tree heights at very fine 

resolution and for remote sensing observations of bird diversity 

[7, 10, 16, 18-21]. While affording a way to detect the three-

dimensional information, LiDAR data remain very costly 

because the main platform is an airplane [22]. 

SAR has great advantages for observing the Earth’s surface 

in all weather conditions, especially over tropical regions where 

continuous cloud coverage prevents optical monitoring. Radar 

backscatter from SAR observations has been widely used for 

land-use/land-cover assessment, deforestation [23] and forest 

regrowth mappings [24], and above-ground biomass estimation 

[25, 26].  

TomoSAR, which is an advanced synthetic aperture radar 

(SAR) technique, uses SAR interferometry (InSAR) 

technology. As it requires scenes that are taken from slightly 

different satellite positions with high-scene coherency [27, 28], 

data availability is still spatially and temporally limited. High-

scene coherency, especially over forest areas, is compelled to 

employ single-pass InSAR, which has mostly been adopted in 

airborne SAR platforms. Therefore, the use of LiDAR and 

TomoSAR over forest areas still has restrictions, and it is not 

suitable for repetitive monitoring because of the cost.   

Polarimetric SAR (PolSAR) is a leading technology that 

records the phase of radar backscatter and is on board the 

platform of satellite, which is more suitable for repeat 

monitoring. Polarimetric power decomposition is a powerful 

technique in PolSAR analysis and requires full-polarimetry data. 

Target decomposition extracts surface features from 

polarimetry data [29] and involves mainly model-based [30] 

and eigenvalue-based [31] methods. The original model-based 

decomposition yielding surface, double-bounce, and volume 

scattering was strengthened as a four-component 

decomposition scheme by adding helix scattering [32, 33]. The 

four-component decomposition techniques were further 

improved by Singh, et al. [34] through the introduction of a 

unitary transformation of the coherency matrix. This method is 

referred to as general four-component scattering power 

decomposition with unitary transformation (G4U). The G4U 

method has features that account for all the polarimetric 

parameters contained in the coherency matrix; that is, it uses all 

the polarimetric information in the power decomposition. 

Of the various SAR wavelengths, the L-band offers the 

advantage of penetrating the forest canopy to reach the Earth’s 

surface [35-37], meaning that L-band SAR data contain 

information on forest layer structure. Numerous studies have 

estimated forest stand parameters such as diameter, stem 

volume, and biomass. However, the literature concerning the 

use of microwave SAR data for habitat analysis is very limited 

because of the unsuitability of such data for direct tree-height 

measurement. There have been few attempts to retrieve forest 

structural diversity using L-band SAR data. As was also pointed 

out by Betbeder, et al. [22], SAR data have not been explored 

as a tool for determining the internal structure of a forest. Only 

a few studies [22, 38] have analyzed microwave SAR data for 

monitoring habitat diversity. 

The purpose of the present study is to retrieve the structural 

diversity of forests from full-polarimetry L-band SAR data in 

natural and plantation forests in Sumatra, Indonesia. We then 

discuss the possibility of indirect estimation of bird 

communities from microwave satellite remote sensing data.  

This research consists of two parts. The first one is to clarify 

the relationship between forest structure and SAR data, and this 

is possible by analyzing the polarimetric backscattering data, 

which should reflect the corresponding forest layer (III.C.1). 

The second one is to find some connection between the 

identified SAR backscattering and bird diversity (III.C.2).  

II. STUDY AREA 

Our study site is located in the Bukit Batu area of the Giam 

Siak Kecil-Bukit Batu Biosphere Reserve in Riau Province on 

the island of Sumatra in Indonesia (Fig. 1). As of 1982, peat 

swamp forests still covered most of this area, but were heavily 

logged from 1989 to 1993 to change into plantation forests [39]. 

Illegal logging was made between 1998 and 2010, mainly along 

the river. Half of the area was consequently transformed to 

acacia plantation by 2007 [4].  

In this study, we targeted the following three forest types 

[40]: (i) natural peat swamp forests (NPF) with peat depths up 

to 6 m [41], which were managed by the Forestry Department 

of Riau (Fig. 2(a)), and (ii) planted acacia forests (PAF) 

managed by plantation companies of PT. (which stands for 

“Perseoran Terbatas,” Indonesian for “Company”) Bukit Batu 

Hutani Alam and PT. Sakato Pratama Makmur, in which Acacia 

crassicarpa was planted over ground with drainage canals (Fig. 

2(b)), and (iii) jungle rubber forests (JRF) managed by local 

people, which is a low-maintenance rubber plantation 

characterized by tall trees and dense understory (Fig. 2(c)).  

III. METHODS 

A. Ground-based Observations 

The ground observation data were analyzed from the 

viewpoint of ecology [40] and this study used the same census 

dataset of Fujita et al. [40]. We briefly discuss the ground 

survey in this section. 

 

1) Bird Census  

The bird census was carried out in order to observe bird 

occurrence. There were three survey transects for each land-

cover type (NPF1–3, PAF1–3, and JRF1–3). Note that a bird 
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survey for NPF was conducted at already-logged forests that 

preserved complex multilayer structures [2, 42] because of the 

difficulty in accessing intact NPF. The survey was conducted in 

NPF in October 2011 and JRF and PAF in March and May 

2011. Each transect along nine 1-km survey transects had four 

survey points that were set 250 m apart from each other (Fig. 

3). The census used a fixed-radius point-count method in which 

the number of individual birds detected within 50 m radius 

circular plots was counted.  

Finally, we summarized those individual data into bird 

occurrence data that are calculated with the division of the 

number of the concerned species by the total number of birds 

counted. The uncertainty of the bird occurrence data was 

analyzed in Fig. 2 of Fujita et al. [32]. Species rarefaction and 

extrapolation were calculated with 95% confidence intervals, 

which showed clear significant differences in bird assemblages 

among the habitat types. 

Species that urgently need conservation are those associated 

primarily with native habitats (i.e., NPF). Therefore, we 

focused on forest-dependent and threatened species. Bird 

species that meet the criterion of the habitat environment was 

selected as forest-dependent species [40, 43]. Threatened 

species were those that were classified either as “critically 

endangered,” “endangered,” “vulnerable,” or “near-threatened” 

in the International Union for Conservation of Nature and 

Natural Resources (IUCN) Red List of Threatened Species in 

2015 [44]. 

 

2) Field Survey on Forest Layer Structure 

Forest layer structure in a 25 m radius of each survey point 

was observed by vegetation height and coverage. Height was 

categorized into five layers (<1 m, 1m –5 m, 5 m–10 m, 10 m–

20 m, and 20 m–30 m), and the coverage (%) in each of the five 

layers was visually measured to average within each transect. 

The vegetation survey was not conducted in NPF-3 because of 

the time constraint during the field work [40].  

The vegetation in tropical forests is typically composed of 

several layers: forest floor that includes herbs, ferns and mosses, 

understory that includes shrubs and lower trees, upper canopy 

of dominant trees, and emergent tree layer [45]. We 

recategorized it into three layers: a forest floor layer less than 1 

m (< 1 m), understory layer from 1 m to 10 m (1-10 m), and 

canopy layer from 10 m to 30 m (10-30 m). Trees taller than 10 

m in height formed a canopy layer in this study area. Therefore, 

we set the lower boundary of canopy layer to 10 m. Moreover, 

the forests lacked an emergent layer that attained a tree reaching 

a height of up to 30 m, which might be because of logging 

activities. We summed up the observed coverage (%) according 

to the new category. Therefore, there is a category that shows 

vegetation coverage greater than 100%. 

Table 1 summarizes the field observation results for the bird 

occurrence frequency of the forest-dependent and threatened 

species, and on the vegetation coverage in each forest layer. In 

general, NPF shows a multi-story layer with vegetation 

coverage in all the layers. PAF is quite simple with a forest floor 

layer (<1 m) and acacia plantation canopy (10–20 m). JRF 

shows a relatively multilayer structure, although the vegetation 

coverage ratios differ among transects. 

B. Microwave Satellite Remote Sensing Data 

1) ALOS-PALSAR Data Sets and Preprocessing  

We used Advanced Land Observing Satellite (ALOS) 

Phased Array type L-band Synthetic Aperture Radar 

(PALSAR) full-polarimetry data with HH/HV/VV/VH 

polarizations, where H and V refer to horizontal and vertical 

polarizations, respectively. Two images covering our study site 

were acquired in an ascending orbit on March 31, 2010 and May 

16, 2010 with off-nadir angles of 21.5° and 23.1°, respectively. 

It is noteworthy that no quad-pol SAR data were collected in 

2011, when most of the ground surveys were conducted.  

The PALSAR data were calibrated to processing level 1.1 by 

the Japan Aerospace Exploration Agency (JAXA). We first 

applied absolute radiometric calibration to the level 1.1 SAR 

images [46]. To reduce speckle noise, a moving average filter 

was applied to each matrix element using a window size of 

2 × 10 (two pixels in the range direction and 10 pixels in the 

azimuth direction). The PALSAR images used have nominal 

spatial resolutions of 22 m (range direction) and 4.5 m (azimuth 

direction), meaning that the averaged area in the filtering is 

approximately 45 m × 45 m on the ground.  

We disregarded a local incidence angle (local topographic 

effect) not to apply radiometric and geometric terrain 

corrections, assuming a negligible influence of terrain in this 

area. The peat swamp forests are typically located in coastal 

lowland areas and are known to have flat topography. In a peat 

swamp in Central Kalimantan, the elevation of the peatland 

only rises to 20 m for 24.5 km transect from the river [47], 

which is equivalent to a 0.08 % slope. Most of our target forests 

are in inland areas along the river and less than 1 km away from 

the river, and are therefore situated in flat terrain areas. 

We then calculated the covariance and coherency matrices in 

order to obtain various polarimetric parameters mentioned in 

the next section. After the calculation, we converted each image 

from a slant range to a ground range and finally registered 

imagery using the Universal Transverse Mercator (UTM) 

projection (UTM-47N) with the World Geodetic System 1984 

(WGS 84) datum. The pixel spacing for the ground-range image 

was set to approximately 25 m in both the cross-track and 

along-track directions. The grid definition was followed by an 

inverse distance-weighted interpolation with a unit weighting 

factor. 

 

2) Polarimetric Parameters from PolSAR Data 

We derived the following polarimetric parameters: (1) A 

backscattering coefficient of sigma naught (σ0) normalized on 

the ellipsoid ground area in decibels (dB) for HH (σ0
HH), HV 

(σ0
HV), and VV (σ0

VV) polarizations [48]; (2) All the 

combinations of polarization ratio with cross- and co-polarized 

backscattered power (HV/HH, HV/VV, and VV/HH). The 

calculation utilized the magnitude of backscattering coefficient, 

but not dB values converted to a logarithmic scale, (3) 

Decomposition powers of surface (Ps), volume (Pv), double-

bounce (Pd), and helix (Pc) scattering derived from the G4U 

711



> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 

 
4 

scheme, which were normalized by dividing it by the total 

power (TP) [49]. Each normalized decomposition power (P/TP) 

is abbreviated as PsTP, PvTP, PdTP, and PcTP. Four-

component scattering decomposition was originally developed 

for urban settings by adding a helix scattering power [32]. The 

helix scattering power generated by spaced dipole structures 

(such as branches in forests) is equal to the circular polarization 

power. However, it is also applicable to more general settings 

[49]. (4) The decomposition power ratios of Pv/Pd and Pv/Ps 

were calculated based on the decomposition power.  

 

3) Extraction of Polarimetric Parameters 

We averaged the digital number (DN) values of each 

polarimetric parameter over a buffer zone constructed around 

each 1 km line survey transect used in the bird census. Nine 

buffers were created in total (three buffers for each land-cover 

type) and the buffer had a radius of 50 m (50 m buffer). We 

adopted the 50 m buffer, assuming that land-cover and forest 

structure were uniform within it. In the following analysis, we 

used the DN value averaged over each transect. 

C. Statistical Analysis 

Note here that we performed the following two statistical 

analyses, which are illustrated in a schematic diagram of the 

data analysis flow (Fig. 4). We first defined SAR polarimetric 

parameters that reflect the forest layer structure. Next, we 

attempted to find a relationship between SAR parameters and 

bird diversity. The analyses intended to figure out polarimetric 

parameters that most accurately represent forest layer, which 

would in turn indicate bird species richness.   

 

1) Multivariate Linear Regression Analysis between Ground-

observed Forest Layer Structure and SAR Polarimetric 

Parameters 

We applied multivariate linear regression analysis to explore 

whether L-band SAR polarimetric parameters reflect the forest 

layer structure. The explanatory variables (x) were the ground-

observed vegetation coverage (Table 1) of the three forest 

layers (<1 m, 1–10 m, and 10–30 m), while the response 

variables (y) were each of the SAR polarimetric parameters 

(Table 2). Our sample size is limited to eight in accordance with 

the number of survey transects (we have nine survey transects, 

but no vegetation survey in NPF-3). Austin and Steyerberg [50] 

showed that the sample size required for unbiased estimation is 

two per independent predictor variable in multivariate 

regression analysis. Accordingly, a sample size of six is at least 

required for the three forest layers of independent variables. 

Our sample size satisfies these criteria.  

In the regression model, the selection of an independent 

variable is crucial for an accurate study. High correlation 

among predictor variables, known as multicollinearity, 

negatively impacts the estimation of a regression coefficient, 

making it difficult to interpret the regression analysis result. 

The selection of independent variables was based on the 

variance inflation factor (VIF) value, which is a diagnostic 

value for testing multicollinearity among independent 

variables. The variable with the highest VIF value was 

repeatedly excluded until all the remaining variables showed a 

value less than 10 [51].  

Following the multicollinearity test on the basis of VIF, we 

proceeded to the multivariate analysis between the forest layer 

structure and the SAR polarimetric parameter. We applied a 

stepwise forward selection method based on Akaike’s 

Information Criterion (AIC). Thus, a better predictor variable 

was chosen out of the three explanatory variables. AIC-

selection provided information for identifying forest layers that 

strongly affected microwave backscattering.  

We illustrated scatter plots for an intuitive understanding of 

the correlation between forest layer structure and each 

polarimetric parameter. In addition, we performed a two-

sample t-test between all combinations of transects to evaluate 

the null hypothesis that the SAR parameters have equal 

population means. The t-test was performed using all DN 

values within the 50-m buffer zone. Based on these 

verifications, we finally determined polarimetric parameters 

that better reflect the forest layer utilized in the next statistical 

analysis. 

 

2) Multivariate Generalized Linear Regression Analysis 

between Polarimetric Parameters and Frequency of Bird 

Occurrence 

We used a multivariate generalized linear model (GLM) to 

examine the relationship between polarimetric parameters from 

PolSAR data (explanatory variables) and frequency of bird 

occurrence per census (response variables) of forest-dependent 

and threatened species. In the GLM analysis, we applied the 

Poisson error distribution and log link function. In addition, 

because units of the polarimetric parameters are not unified 

among them, we standardized the explanatory variables using 

z-score normalization in order to compare the regression 

coefficient or contribution rate.  

As mentioned in the previous section, according to Austin 

and Steyerberg [50], we could not input all the SAR 

polarimetric parameters into the multiple regression analysis to 

be compelled to reduce the number of polarimetric parameters. 

Therefore, we used polarimetric parameters that showed a 

higher correlation with forest layer structure in the previous 

analysis. As was also mentioned in the previous section, after 

the VIF-multicollinearity test for explanatory variables, we 

applied a stepwise forward selection method using AIC to 

discriminate polarimetric parameters that have a stronger 

relationship with bird occurrence. 

IV. RESULTS AND DISCUSSION 

A. Selection of Polarimetric Parameters 

1) Statistical Analysis between Vegetation Coverage and 

Polarimetric Parameter from SAR 

Table 2 shows the averaged polarimetric parameter values 

within the buffer zones of 50-m radius established around each 

survey transect.  

The multicollinearity test of independent variables before the 

regression analysis, resulted in VIF values of 1.64, 2.60, and 

1.88 for <1 m, 1–10 m, and 10–30 m, respectively. No 

multicollinearity among explanatory variables was proven by a 
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VIF value less than 10. We then analyzed the relationship 

between the three vegetation coverage ratios, namely < 1 m, 1–

10 m, and 10–30 m (Table 1) and each polarimetric parameter 

from L-band SAR (Table 2). 

Table 3 shows the results of multivariate linear regression 

analysis with the AIC-selected variables, including adjusted R2 

(adj. R2) with p-value (p) and estimates of the selected variable 

with the p-value. The seven polarimetric parameters, namely 

σ0
VV, HV/HH, VV/HH, PvTP, PcTP, Pv/Pd, and Pv/Ps, were 

statistically significant (p < 0.10) for forest layer structure. 

However, we hereafter disregarded the helix scattering 

component (PcTP) from the subsequent analysis, since it is 

known to have a connection with a man-made structure, which 

is out of our target. Scatter plots for each forest layer coverage 

(%) and six polarimetric parameters (σ0
VV, HV/HH, VV/HH, 

PvTP, Pv/Pd, and Pv/Ps) selected by previous analysis (Fig. 5), 

were consistent with the results shown in Table 3.  

 

2) Selection of Polarimetric Parameters Reflecting Forest 

Layer Structure 

The σ0
VV was explained only by < 1 m layer with 

adj. R2 = 0.343, p = 0.074 and negative coefficient (Table 3 and 

Fig. 5(c)). The polarization ratio of HV/HH was explained by < 

1 m with p = 0.236 (Fig. 5(d)) and predominantly by 10–30 m 

with p = 0.005 (Fig. 5(f)), which shows a clear negative 

correlation and a higher correlation (adj. R2 = 0.819, p = 0.006). 

In contrast, VV/HH showed a positive correlation only with 1–

10 m (Fig. 5(h)) with a significantly higher adj R2 of 0.778 (p = 

0.002).  

PvTP showed higher correlation (adj. R2 = 0.708 and p = 

0.049) with all the three layers, which was significantly 

explained by the forest canopy layer (p = 0.332 for < 1 m (Fig. 

5(j)), p = 0.085 for 1–10 m (Fig. 5(k)), and p = 0.014 for 10–30 

m [Fig. 5(l)] ).  

Both Pv/Pd and Pv/Ps showed higher correlation with 1–10 

m with adj. R2 values of 0.367 (p = 0.065) and 0.474 (p = 0.035), 

respectively. Although Pv/Pd and Pv/Ps showed higher adj. R2, 

the correlations showed a skewed shape caused by an outlier 

(Fig. 5(n) and Fig. 5(q)). Since it is uncertain to conclude that 

these parameters reflect certain vegetation coverage, we 

decided not to use Pv/Pd and Pv/Ps in the following analysis.  

Table 4 shows the results of the two-sample t-test, evaluating 

the null hypothesis that the two datasets have equal population 

mean. We conducted the test for the four polarimetric 

parameters, namely σ0
VV, HV/HH, VV/HH, and PvTP. We 

assumed a significance level of 0.10 in this test. As shown in 

Table 2, the differences in SAR backscatter among forest types 

were not large enough, and the backscattered power varied 

according to the transects. However, it was proved in Table 4 

that all the transects differed in at least one polarimetric 

parameter from among the four polarimetric parameters. 

B. Forest Layer Structure Reflected in L-band SAR Data  

1) Forest Floor Vegetation Layer 

The direct surface backscatter is known to be represented by 

HH and VV polarization [52]. Similar to the previous work, 

both HH and VV polarizations showed a relatively good 

relationship with the forest floor layer less than 1 m with adj. 

R2 values of 0.259 and 0.343, respectively (Table 3), although 

HH did not seem significant. As the relationship was negatively 

correlated, the interpretation of the results would be that more 

scattering of co-polarization was detected where the ground 

surface was scarcely covered by vegetation.  

When we discuss the backscattering of the forest floor layer, 

we need to consider the radar penetration through a forest 

canopy that depends on the forest layer structure and the 

presence of canopy gaps [53]. Radar with a smaller incidence 

angle is less sensitive to crown cover [38]. It has been reported 

that the penetration depth of the L-band wave ranged from 4 m 

to 10 m in the jack pine’s canopy with an incidence angle of 35° 

and 5 m to 6 m in a dense canopy of hemlock with an angle of 

39° [53].  

Our datasets are from L-band SAR with an incidence angle 

of 23°. Moreover, many of the thick tree trunks of natural 

forests in the study area had already been cut by logging 

activities, and trees taller than 30 m rarely remain in the forests. 

Therefore, canopy layers from 20 m to 30 m in the natural 

forests resulted in less than 10% coverage. In addition, the 

rubber plantation (JRF) had canopy gaps, and acacia plantation 

(APF) had a relatively thin canopy. Based on this fact, we 

concluded that L-band radar can reach the ground surface 

through a non-dense canopy, and the co-polarization waves 

surely reflected the forest floor condition. 

 

2) Understory Vegetation Layer 

The significant positive correlation of VV/HH with the 

middle understory (1–10 m) layer (Table 3 and Fig. 5(h)) 

indicates that VV/HH increases with understory coverage. This 

tendency can be explained by the findings of previous studies 

as follows. Trunk-ground double bounce has a major 

contribution to total L-band backscattering [53]. The trunk-

ground interaction increases with trunk width and number of 

trees, while it decreases with increasing ground vegetation. In 

addition, the double bounce mechanism prefers HH 

polarization [54]. Based on this knowledge, higher understory 

coverage decreases trunk-ground double-bounce scattering and 

leads to lower HH backscattering. This introduces an increase 

in VV/HH with higher understory coverage, and vice versa, as 

demonstrated in Fig. 5(h). This tendency is also supported by 

Singh et al. [55] who mentioned that a ratio of co-polarized 

waves emphasizes the information of double-bounce scattering 

from vegetation, and furthermore, by Pope et al. [54] who used 

co-polarized waves to represent the relative presence of vertical 

structure to horizontal structure in the forest canopy.  

The results imply that the co-polarized metric of VV/HH 

plays an important role in parameterizing the structural 

complexity and multilayer structure in the forests. 

 

3) Canopy Vegetation Layer 

It is well known that volume scattering is generated from a 

vegetation canopy [53] and increases with vegetation volume. 

NPF and JRF showed higher values of σ0
HV and PvTP, while 

PAF showed lower values (Table 2). This result is consistent 

with the well-known theory and the knowledge obtained 
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through our observation in the field. 

However, contrary to our expectations, clear negative 

correlations between the canopy layer coverage (10–30 m) and 

the volume scattering (PvTP), and negative correlations 

between the canopy layer and HV/HH were observed (Fig. 5(f), 

Fig. 5(l), and Table 3). This can possibly be attributed to the 

decorrelation between extent and volume of canopy coverage at 

each habitat type. Indeed, PAF which had a lower PvTP value, 

was characterized by fairly uniform canopy coverage of 80%–

90%, as the trees were planted in the same year. In contrast, 

NPF and JRF, which had higher PvTP values, were 

characterized by lower canopy coverage of 30%–66%. This 

lower canopy coverage in the natural/near-natural forests is 

because the observed vegetation coverage does not include 

metrics of canopy thickness or overlapping leaves. The 

tendency of highly covered artificial forests to have lower 

volume scattering leads to a negative correlation between 

canopy coverage and volume scattering of PvTP and HV/HH. 

C. Bird Occurrence Explained by Polarimetric Parameters 

from L-band SAR Data 

1) Explanatory Variables of Forest Structure Metrics 

A generalized linear regression analysis to determine the 

relationship between polarimetric parameters and bird 

occurrence started with the four polarimetric parameters (σ0
VV, 

HV/HH, VV/HH, and PvTP) selected in the previous analysis 

(see IV.A.2). Multicollinearity tests gave VIF values of 96.5, 

233.7, 102.2, and 92.8 for σ0
VV, HV/HH, VV/HH, and PvTP, 

respectively. Hence, we omitted HV/HH having the highest 

VIF value and recalculated VIF values. The new VIF values 

were 1.6, 1.3, and 1.9 for σ0
VV, VV/HH, and PvTP, respectively. 

Since all the values were less than 10, we could conclude that 

there is no multicollinearity, and those three polarimetric 

parameters were consequently employed in the following 

analysis.  

 

2) Results of Multivariate Generalized Linear Regression 

Analysis between SAR Parameters and Bird Occurrence  

Table 5 summarizes the results of the multivariate 

generalized linear regression analysis between the three 

selected polarimetric parameters of the explanatory variable 

and bird occurrence frequency of the response variable. The 

VV/HH ratio was selected at the highest significance level (p < 

0.001) for both forest-dependent and threatened species. σ0
VV 

was selected at the highest significance (p < 0.001) with 

threatened species and a lower significance (p = 0.087) with 

forest-dependent species. PvTP was selected at the lower 

significance level (p = 0.092) only with forest-dependent 

species. 

Simple scatter plots between three polarimetric parameters 

(σ0
VV, VV/HH, and PvTP) and bird occurrence frequency (%) 

were created for both species categories (Fig. 6). The goodness 

of fit for the Poisson regression model, evaluated with a pseudo 

R2 squared of McFadden, indicates that σ0
VV (R2=0.294 and 

0.378 for forest-dependent and threatened species, respectively) 

and VV/HH (R2=0.547 and 0.397 for forest-dependent and 

threatened species, respectively) showed clear relationships 

with bird occurrence, while PvTP did not (R2=0.007 and 0.010 

for forest-dependent and threatened species, respectively). 

VV/HH exhibited better correlation than σ0
VV with bird 

occurrence (Fig. 6(c) and (d)). Scatter plots and subsequent 

regression analyses were entirely consistent with the results of 

the multivariate analysis shown in Table 5.  

 

3) Polarimetric Parameters and Bird Occurrence 

Our analysis indicated that dense understory vegetation 

resulted in higher bird occurrence of forest-dependent and 

threatened species. This outcome is deduced from VV/HH 

correlated with an increase in bird occurrences for both forest-

dependent and threatened species (Fig. 6 (c) and (d)). As 

VV/HH values are positively correlated with the understory (1–

10 m) vegetation layer (Fig. 5 (h) and Table 3), larger VV/HH 

values indicate a greater understory layer. Therefore, larger 

VV/HH values could explain the higher occurrence of forest-

dependent and threatened species.  

This result is implicitly supported by higher bird occurrence 

with greater σ0
VV values (Fig. 6(a) and 6(b)), which correlated 

negatively with forest floor vegetation (< 1 m; Fig. 5(a) and 

Table 3). Although σ0
VV had lower regression fitting than 

VV/HH (Pseudo R2 = 0.294 or 0.378 in σ0
VV, Pseudo R2 = 0.547 

or 0.397 in VV/HH), higher σ0
VV could explain the higher 

occurrence of forest-dependent and threatened species. The 

reason why we think these two results of understory and forest 

floor vegetation are consistent is that lower forest floor 

vegetation is typically formed under conditions of dense upper 

vegetation where little sunlight reaches the ground. Indeed, 

NPF and JRF were characterized by lower forest floor coverage 

and higher understory coverage than PAF (Table 1).  

Our results showed slight contradictions, as transects with 

higher forest floor (< 1 m) vegetation showed higher canopy 

coverage (10–30 m), especially transects of PAF (Fig. 5(a) and 

5(c)). This is probably because Acacia crassicarpa plantation 

has a rather scarce leaf density compared with natural 

vegetation, and dense forest floor vegetation was observed even 

in a stand with a closed canopy (M. Fujita, personal 

observation). In other words, our vegetation survey method 

does not detect differences in leaf density. Lower canopy 

coverage in the NPF does not necessarily mean open canopy, 

since the sum of understory and canopy layer coverage would 

be high enough to block the sunlight from reaching the forest 

floor (Table 1). Recent logging is possibly the reason for the 

lower canopy layer coverage in NPF.  

Fig. 7 shows a comprehensive diagram summarizing the 

relationship of bird occurrence, vegetation structure, and 

polarimetric parameters. As canopy vegetation coverage did not 

have a clear correlation with bird occurrence (as described 

below), we focused on understory and forest floor vegetation as 

a possible estimator of bird occurrence. Bird occurrence was 

positively related to understory vegetation (1–10 m), which is 

indicated by higher VV/HH, and negatively related to forest 

floor vegetation (< 1 m), which is indicated by the higher σ0
VV 

value. 

As shown in Fig. 6 (e)–(f), natural forests had no relation 

with PvTP, which is correlated with the canopy layer (10–30 

714



> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 

 
7 

m) or the volume scattering. This presumably indicates that the 

vegetation volume itself is not sufficient to support biodiversity, 

meaning that, in addition to the vegetation volume, other 

environmental factors, including multilayer-layer forests and 

plant species richness, are essential for sustaining biodiversity.   

 

4) Factors of Sustaining Diversity of Bird Community  

Our results are consistent with the well-known fact 

evidenced by field-based experiences, in which biodiversity is 

supported by vegetation volume, structural complexity, and 

plant diversity. The positive deviation of NPF points from the 

regression lines (Fig. 6 (a)–(d)) shows that NPFs have more 

species than expected by the regression. This is possibly 

because of the increased plant species diversity in natural 

forests, which was not taken into account in our study. NPFs 

comprise richer plant species diversity in comparison with 

planted forests. Increased plant diversity creates many 

resources (e.g., food, nesting materials, and places) for birds, 

thereby increasing bird diversity [56]. This fact implies that our 

method that uses forest layer structure could provide a good 

predictor of bird occurrence in planted forest, but other 

parameters are needed for natural vegetation, which includes 

plant diversity. 

D. Feasibility of Bird Diversity Monitoring by PolSAR Data  

The polarimetric parameters derived from L-band SAR could 

be an indicator of bird assemblage via forest layer structure 

estimation, as long as the forest canopy is not too dense to allow 

L-band microwave penetration. The polarimetric parameters of 

σ0
VV reflecting the forest floor layer and of VV/HH representing 

the understory layer likely act as important predictors of bird 

occurrence and thus bird diversity. In addition, the vegetation 

volume represented by the volume scattering could become an 

indicative factor. In contrast, emergent trees characterizing 

tropical rain forests as well as plant species diversity (as 

mentioned in the previous section), could not be identified 

using L-band SAR data. The difficulty of emergent tree 

identification is probably because of the limiting density of 

emergent trees in this study area. This insight implies that it is 

necessary to generate other polarimetric parameters that enable 

us to explain canopy morphology of natural forests. Extraction 

of the features could be implemented in the future using shorter 

wavelengths such as the C-band, which is more sensitive to 

canopy structure [53], or using texture analysis [57].  

It should be noted that our analysis only deals with a small 

sample size in a very short sampling period. Therefore, the 

results must be treated carefully. We cannot conclude that the 

results could be applied widely to other habitat types. Although 

a more comprehensive study is needed to generalize our 

findings, our results clearly demonstrate the potential of 

applying SAR polarimetric parameters to assess bird 

occurrence and diversity through estimation of vegetation 

structure in tropical peat swamps. 

V. CONCLUDING REMARKS 

Tropical forests are facing unprecedented threats of logging 

and degradation due to human activities. The importance of 

impact evaluation of land conversion on biodiversity has 

become apparent in recent years, thereby urging researchers to 

explore structural complexity. This is because a good habitat 

condition, which retains the complexity of forest structure, 

strongly sustains biodiversity.  

Remote sensing technology offers broad coverage 

monitoring of a habitat. Unlike active LiDAR sensing, SAR 

sensing has rarely been applied to the measurement of three-

dimensional forest structures to estimate bird habitats. To take 

advantage of L-band SAR, which is available in all weather 

conditions and is relatively inexpensive, we assessed its 

applicability for observing forest layer structure with the 

objective of evaluating a bird habitat. 

We first compared the forest layer structure, which is 

vegetation coverage in each layer of forests, to polarimetric 

parameters derived from full polarimetric ALOS/PALSAR 

data. The polarimetric parameters comprised the radar 

backscatter (HH, HV, and VV polarizations), polarization 

ratios, decomposition powers (surface, volume, double-bounce, 

and helix scattering) normalized by total power, and empirically 

combined parameters. Our multivariate linear regression 

analysis found that the forest floor, middle understory, and 

canopy vegetation layer were significantly correlated with VV 

polarization, VV/HH polarization ratio, and volume scattering, 

respectively. We concluded that L-band SAR penetrates the 

forest canopy to represent forest layer structure, as long as the 

forest canopy is not too dense. We then performed a generalized 

multivariate regression analysis between L-band SAR 

polarimetric parameters and bird occurrence data from the 

point-count census. It is particularly worth noting that the 

occurrence of forest-dependent and threatened species, on 

which particular attention should be paid, could be explained 

by SAR polarimetric parameters. We revealed that both types 

of bird occurrence showed remarkable positive logarithmic 

correlations, particularly to the co-polarization ratio (VV/HH) 

presenting understory vegetation. Our results open up the new 

possibility of using L-band SAR data for habitat estimation. 

Meanwhile, our SAR data analysis presumably indicated that 

forest layer structure was not enough to predict bird diversity in 

natural forests, where plant species richness is higher. 

Unfortunately, plant diversity was difficult to consider in the 

analysis of SAR signals. Therefore, one of the future directions 

of this study will be to incorporate plant diversity in the 

analysis. 

The literature concerning the application of L-band SAR data 

to habitat assessment is very limited. Furthermore, the 

environmental impacts of converting tropical natural forests to 

plantations are poorly understood, particularly in peat swamp 

forests that are inaccessible. Therefore, this study offers a new 

interpretation and application of L-band SAR data for 

conducting research on ecological and habitat assessment. 

Further insights into this aspect are left for future work with 

more on-site survey plots. 

ACKNOWLEDGMENT 

This work was supported by JSPS KAKENHI Grant Number 

JP 25740006, Grant Number JP 18K11626 and JSPS Global 

715



> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 

 
8 

COE Program “In Search of Sustainable Humanosphere in 

Asia,” and was partially supported by the research grant for 

Mission Research on Sustainable Humanosphere from the 

Research Institute for Sustainable Humanosphere, Kyoto 

University. 

We greatly thank Mr. Canecio Munoz, Sinar Mas Forestry, 

for his kind assistance and providing accommodation during 

our fieldwork. We also thank the Forest Department and 

BBKSDA Riau for permission to conduct our research in the 

Bukit Batu Wildlife Reserve. Satrio Wijamukti greatly helped 

identify bird species during bird censuses. 

REFERENCES 

 
[1] X. Giam, G. R. Clements, S. A. Aziz, K. Y. Chong, 

and J. Miettinen, "Rethinking the 'back to wilderness' 

concept for Sundaland's forests," (in English), Biol 

Conserv, vol. 144, no. 12, pp. 3149-3152, Dec 2011, 

doi: 10.1016/j.biocon.2011.10.001. 

[2] M. R. C. Posa, "Peat swamp forest avifauna of 

Central Kalimantan, Indonesia: Effects of habitat loss 

and degradation," Biol Conserv, vol. 144, no. 10, pp. 

2548-2556, 2011. 

[3] R. T. Corlett, The ecology of tropical East Asia. 

Oxford University Press (UK), 2014. 

[4] M. C. Uryu Y., Foead N., Yulianto K., Budiman A., 

Setiabudi, Takakai F., Nursamsu, Sunarto, Purastuti 

E., Fadhli N., Hutajulu C. M. B., Jaenicke J., Hatano 

R., Siegert F., Stu ̈we M., "Deforestation, Forest 

Degradation, Biodiversity Loss and CO2 Emissions 

in Riau, Sumatra, Indonesia," in "WWF Indonesia 

Technical Report," Jakarta, Indonesia, 2008.  

[5] M. S. Fujita, D. M. Prawiradilaga, and T. Yoshimura, 

"Roles of fragmented and logged forests for bird 

communities in industrial Acacia mangium 

plantations in Indonesia," Ecol Res, vol. 29, no. 4, pp. 

741-755, 2014. 

[6] J. Barlow et al., "Quantifying the biodiversity value 

of tropical primary, secondary, and plantation 

forests," (in English), P Natl Acad Sci USA, vol. 104, 

no. 47, pp. 18555-18560, Nov 20 2007, doi: 

10.1073/pnas.0703333104. 

[7] C. I. B. Wallis et al., "Contrasting performance of 

Lidar and optical texture models in predicting avian 

diversity in a tropical mountain forest (vol 174, pg 

223, 2016)," (in English), Remote Sens Environ, vol. 

178, pp. 223-223, Jun 1 2016, doi: 

10.1016/j.rse.2016.03.013. 

[8] V. Proença et al., "Global biodiversity monitoring: 

from data sources to essential biodiversity variables," 

Biol Conserv, vol. 213, pp. 256-263, 2017. 

[9] N. T. Munro, J. Fischer, G. Barrett, J. Wood, A. 

Leavesley, and D. B. Lindenmayer, "Bird's Response 

to Revegetation of Different Structure and Floristics-

Are "Restoration Plantings" Restoring Bird 

Communities?," (in English), Restor Ecol, vol. 19, 

pp. 223-235, Mar 2011, doi: 10.1111/j.1526-

100X.2010.00703.x. 

[10] P. J. Weisberg et al., "Guild-specific responses of 

avian species richness to LiDAR-derived habitat 

heterogeneity," (in English), Acta Oecol, vol. 59, pp. 

72-83, Aug 2014, doi: 10.1016/j.actao.2014.06.002. 

[11] M. Erdelen, "Bird communities and vegetation 

structure: I. Correlations and comparisons of simple 

and diversity indices," Oecologia, vol. 61, no. 2, pp. 

277-284, 1984. 

[12] J. R. Karr and R. R. Roth, "Vegetation structure and 

avian diversity in several New World areas," The 

American Naturalist, vol. 105, no. 945, pp. 423-435, 

1971. 

[13] I. A. Díaz, J. J. Armesto, S. Reid, K. E. Sieving, and 

M. F. Willson, "Linking forest structure and 

composition: avian diversity in successional forests 

of Chiloé Island, Chile," Biol Conserv, vol. 123, no. 

1, pp. 91-101, 2005. 

[14] F. Zellweger et al., "Environmental predictors of 

species richness in forest landscapes: abiotic factors 

versus vegetation structure," Journal of 

Biogeography, vol. 43, no. 6, pp. 1080-1090, 2016. 

[15] H. Nagendra et al., "Remote sensing for conservation 

monitoring: Assessing protected areas, habitat extent, 

habitat condition, species diversity, and threats," (in 

English), Ecol Indic, vol. 33, pp. 45-59, Oct 2013, 
doi: 10.1016/j.ecolind.2012.09.014. 

[16] Z. I. Petrou, I. Manakos, and T. Stathaki, "Remote 

sensing for biodiversity monitoring: a review of 

methods for biodiversity indicator extraction and 

assessment of progress towards international targets," 

(in English), Biodivers Conserv, vol. 24, no. 10, pp. 

2333-2363, Sep 2015, doi: 10.1007/s10531-015-

0947-z. 

[17] I. El Moussawi et al., "Monitoring tropical forest 

structure using SAR tomography at L-and P-band," 

Remote Sens-Basel, vol. 11, no. 16, p. 1934, 2019. 

[18] N. T. Boelman et al., "Airborne laser scanning and 

spectral remote sensing give a bird's eye perspective 

on arctic tundra breeding habitat at multiple spatial 

scales," (in English), Remote Sens Environ, vol. 184, 

pp. 337-349, Oct 2016, doi: 

10.1016/j.rse.2016.07.012. 

[19] S. Goetz, D. Steinberg, R. Dubayah, and B. Blair, 

"Laser remote sensing of canopy habitat 

heterogeneity as a predictor of bird species richness 

in an eastern temperate forest, USA," (in English), 

Remote Sens Environ, vol. 108, no. 3, pp. 254-263, 

Jun 15 2007, doi: 10.1016/j.rse.2006.11.016. 

[20] J. C. Vogeler, A. T. Hudak, L. A. Vierling, J. Evans, 

P. Green, and K. I. T. Vierling, "Terrain and 

vegetation structural influences on local avian species 

richness in two mixed-conifer forests," (in English), 

Remote Sens Environ, vol. 147, pp. 13-22, May 5 

2014, doi: 10.1016/j.rse.2014.02.006. 

[21] K. M. Bergen et al., "Remote sensing of vegetation 3-

D structure for biodiversity and habitat: Review and 

implications for lidar and radar spaceborne missions," 

(in English), J Geophys Res-Biogeo, vol. 114, Dec 23 

2009, doi: Artn G00e0610.1029/2008jg000883. 

716



> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 

 
9 

[22] J. Betbeder, L. Hubert-Moy, F. Burel, S. Corgne, and 

J. Baudry, "Assessing ecological habitat structure 

from local to landscape scales using synthetic 

aperture radar," (in English), Ecol Indic, vol. 52, pp. 

545-557, May 2015, doi: 

10.1016/j.ecolind.2014.11.009. 

[23] M. Whittle, S. Quegan, Y. Uryu, M. Stüewe, and K. 

Yulianto, "Detection of tropical deforestation using 

ALOS-PALSAR: A Sumatran case study," Remote 

Sens Environ, vol. 124, no. 0, pp. 83-98, 2012, doi: 

http://dx.doi.org/10.1016/j.rse.2012.04.027. 

[24] M. Tanase, J. de la Riva, M. Santoro, F. Pérez-

Cabello, and E. Kasischke, "Sensitivity of SAR data 

to post-fire forest regrowth in Mediterranean and 

boreal forests," Remote Sens Environ, vol. 115, no. 8, 

pp. 2075-2085, 2011, doi: 

http://dx.doi.org/10.1016/j.rse.2011.04.009. 

[25] J. M. B. Carreiras, M. J. Vasconcelos, and R. M. 

Lucas, "Understanding the relationship between 

aboveground biomass and ALOS PALSAR data in 

the forests of Guinea-Bissau (West Africa)," Remote 

Sens Environ, vol. 121, no. 0, pp. 426-442, 2012, doi: 

http://dx.doi.org/10.1016/j.rse.2012.02.012. 

[26] O. Cartus, M. Santoro, and J. Kellndorfer, "Mapping 

forest aboveground biomass in the Northeastern 
United States with ALOS PALSAR dual-polarization 

L-band," Remote Sens Environ, vol. 124, no. 0, pp. 

466-478, 2012, doi: 

http://dx.doi.org/10.1016/j.rse.2012.05.029. 

[27] M. Shimada, Imaging from spaceborne and airborne 

SARs, calibration, and applications. CRC Press, 

2018. 

[28] M. Tello, V. Cazcarra-Bes, M. Pardini, and K. 

Papathanassiou, "Forest structure characterization 

from SAR tomography at L-band," Ieee J-Stars, vol. 

11, no. 10, pp. 3402-3414, 2018. 

[29] J. A. Richards, Remote Sensing With Imaging Radar. 

Springer, 2009. 

[30] A. Freeman and S. L. Durden, "A three-component 

scattering model for polarimetric SAR data," (in 

English), Ieee T Geosci Remote, vol. 36, no. 3, pp. 

963-973, May 1998, doi: Doi 10.1109/36.673687. 

[31] S. R. Cloude and E. Pottier, "An entropy based 

classification scheme for land applications of 

polarimetric SAR," (in English), Ieee T Geosci 

Remote, vol. 35, no. 1, pp. 68-78, Jan 1997, doi: Doi 

10.1109/36.551935. 

[32] Y. Yamaguchi, T. Moriyama, M. Ishido, and H. 

Yamada, "Four-component scattering model for 

polarimetric SAR image decomposition," (in 

English), Ieee T Geosci Remote, vol. 43, no. 8, pp. 

1699-1706, Aug 2005, doi: 

10.1109/Tgrs.2005.852084. 

[33] Y. Yamaguchi, A. Sato, W. M. Boerner, R. Sato, and 

H. Yamada, "Four-Component Scattering Power 

Decomposition With Rotation of Coherency Matrix," 

(in English), Ieee T Geosci Remote, vol. 49, no. 6, pp. 

2251-2258, Jun 2011, doi: 

10.1109/Tgrs.2010.2099124. 

[34] G. Singh, Y. Yamaguchi, and S. E. Park, "General 

Four-Component Scattering Power Decomposition 

With Unitary Transformation of Coherency Matrix," 

(in English), Ieee T Geosci Remote, vol. 51, no. 5, pp. 

3014-3022, May 2013, doi: 

10.1109/Tgrs.2012.2212446. 

[35] N. Joshi, E. Mitchard, J. Schumacher, V. Johannsen, 

S. Saatchi, and R. Fensholt, "L-Band SAR 

Backscatter Related to Forest Cover, Height and 

Aboveground Biomass at Multiple Spatial Scales 

across Denmark," (in English), Remote Sens-Basel, 

vol. 7, no. 12, pp. 4442-4472, Apr 2015, doi: 

10.3390/rs70404442. 

[36] R. M. Lucas, A. L. Mitchell, A. Rosenqvist, C. 

Proisy, A. Melius, and C. Ticehurst, "The potential of 

L-band SAR for quantifying mangrove characteristics 

and change: case studies from the tropics," (in 

English), Aquat Conserv, vol. 17, no. 3, pp. 245-264, 

May 2007, doi: 10.1002/aqc.833. 

[37] C. Robinson, S. Saatchi, M. Neumann, and T. 

Gillespie, "Impacts of Spatial Variability on 

Aboveground Biomass Estimation from L-Band 

Radar in a Temperate Forest," (in English), Remote 

Sens-Basel, vol. 5, no. 3, pp. 1001-1023, Mar 2013, 

doi: 10.3390/rs5031001. 
[38] M. L. Imhoff, T. D. Sisk, A. Milne, G. Morgan, and 

T. Orr, "Remotely sensed indicators of habitat 

heterogeneity: Use of synthetic aperture radar in 

mapping vegetation structure and bird habitat," (in 

English), Remote Sens Environ, vol. 60, no. 3, pp. 

217-227, Jun 1997, doi: Doi 10.1016/S0034-

4257(96)00116-2. 

[39] K. Mizuno, M. S. Fujita, and S. Kawai, Catastrophe 

and Regeneration in Indonesia’s Peatlands: Ecology, 

Economy and Society. NUS Press, 2016. 

[40] M. S. Fujita, H. Samejima, D. S. Haryadi, A. 

Muhammad, M. Irham, and S. Shiodera, "Low 

conservation value of converted habitat for avifauna 

in tropical peatland on Sumatra, Indonesia," (in 

English), Ecol Res, vol. 31, no. 2, pp. 275-285, Mar 

2016, doi: 10.1007/s11284-016-1334-2. 

[41] H. Gunawan, S. Kobayashi, K. Mizuno, and Y. 

Kono, "Peat swamp forest types and their 

regeneration in Giam Siak Kecil-Bukit Batu 

Biosphere Reserve, Riau, East Sumatra, Indonesia," 

Mires & Peat, vol. 10, 2012. 

[42] D. P. Edwards et al., "Degraded lands worth 

protecting: the biological importance of Southeast 

Asia's repeatedly logged forests," Proceedings of the 

Royal Society of London B: Biological Sciences, vol. 

278, no. 1702, pp. 82-90, 2011. 

[43] J. R. MacKinnon and K. Phillipps, A field guide to 

the birds of Borneo, Sumatra, Java, and Bali, the 

Greater Sunda Islands. Oxford University Press, 

1993. 

[44] IUCN, "The IUCN Red List of Threatened Species. 

Version 2015-4. ," 28 November 2015 2015. 

[Online]. Available: http://www.iucnredlist.org 

[45] P. W. Richards, A. G. Tansley, and A. S. Watt, "The 

Recording of Structure, Life Form and Flora of 

717

http://dx.doi.org/10.1016/j.rse.2012.04.027
http://dx.doi.org/10.1016/j.rse.2011.04.009
http://dx.doi.org/10.1016/j.rse.2012.02.012
http://dx.doi.org/10.1016/j.rse.2012.05.029
http://www.iucnredlist.org/


> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 

 
10 

Tropical Forest Communities as a Basis for Their 

Classification," Journal of Ecology, vol. 28, no. 1, 

pp. 224-239, 1940, doi: 10.2307/2256171. 

[46] D. Small, "Flattening Gamma: Radiometric Terrain 

Correction for SAR Imagery," (in English), Ieee T 

Geosci Remote, vol. 49, no. 8, pp. 3081-3093, Aug 

2011, doi: 10.1109/Tgrs.2011.2120616. 

[47] S. Page, J. Rieley, Ø. Shotyk, and D. Weiss, 

"Interdependence of peat and vegetation in a tropical 

peat swamp forest," in Changes and Disturbance in 

Tropical Rainforest in South-East Asia: World 

Scientific, 1999, pp. 161-173. 

[48] M. Shimada, O. Isoguchi, T. Tadono, and K. Isono, 

"PALSAR Radiometric and Geometric Calibration," 

(in English), Ieee T Geosci Remote, vol. 47, no. 12, 

pp. 3915-3932, Dec 2009, doi: 

10.1109/Tgrs.2009.2023909. 

[49] S. Kobayashi et al., "Yearly Variation of Acacia 

Plantation Forests Obtained by Polarimetric Analysis 

of ALOS PALSAR Data," (in English), Ieee J-Stars, 

vol. 8, no. 11, pp. 5294-5304, Nov 2015, doi: 

10.1109/Jstars.2015.2487503. 

[50] P. C. Austin and E. W. Steyerberg, "The number of 

subjects per variable required in linear regression 

analyses," (in English), J Clin Epidemiol, vol. 68, no. 
6, pp. 627-636, Jun 2015, doi: 

10.1016/j.jclinepi.2014.12.014. 

[51] D. C. Montgomery, E. A. Peck, and G. G. Vining, 

Introduction to linear regression analysis. John 

Wiley & Sons, 2012. 

[52] M. Santoro, J. E. Fransson, L. E. Eriksson, M. 

Magnusson, L. M. Ulander, and H. Olsson, 

"Signatures of ALOS PALSAR L-band backscatter in 

Swedish forest," Ieee T Geosci Remote, vol. 47, no. 

12, pp. 4001-4019, 2009. 

[53] F. M. Henderson, R. A. Ryerson, A. J. Lewis, A. S. f. 

Photogrammetry, and R. Sensing, Principles and 

applications of imaging radar (no. 第 5 巻). Wiley, 

1998. 

[54] K. O. Pope, J. M. Rey-Benayas, and J. F. Paris, 

"Radar remote sensing of forest and wetland 

ecosystems in the Central American tropics," Remote 

Sens Environ, vol. 48, no. 2, pp. 205-219, 1994. 

[55] G. Singh, G. Venkataraman, Y. Yamaguchi, and S.-

E. Park, "Capability assessment of fully polarimetric 

ALOS–PALSAR data for discriminating wet snow 

from other scattering types in mountainous regions," 

Ieee T Geosci Remote, vol. 52, no. 2, pp. 1177-1196, 

2013. 

[56] A. L. Márquez, R. Real, and J. M. Vargas, 

"Dependence of broad‐scale geographical variation 

in fleshy‐fruited plant species richness on disperser 

bird species richness," Global Ecology and 

Biogeography, vol. 13, no. 4, pp. 295-304, 2004. 

[57] M. L. R. Sarker, J. Nichol, B. Ahmad, I. Busu, and A. 

A. Rahman, "Potential of texture measurements of 

two-date dual polarization PALSAR data for the 

improvement of forest biomass estimation," (in 

English), Isprs J Photogramm, vol. 69, pp. 146-166, 

Apr 2012, doi: 10.1016/j.isprsjprs.2012.03.002. 

 

 

 

718



1 

1

POLARIMETRIC SAR DATA CONTRIBUTION TO MAPPING AND 

MONITORING PARANA FLOODPLAIN WETLANDS 

Report title: Use of ALOS/PALSAR imagery to monitor flooding and wildfires 

PI No P3219 

Morandeira Natalia Soledad 1,2 

 Instituto de Investigación e Ingeniería Ambiental, Universidad Nacional de San Martín (UNSAM), Campus Miguelete, 25 

de Mayo and Francia, (1650) General San Martín, Buenos Aires, Argentina. 

2 Consejo Nacional de Investigaciones Científicas y Técnicas (CONICET), Buenos Aires, Argentina. 
nmorandeira@unsam.edu.ar 

1. INTRODUCTION

Wetland ecosystems play a key role in hydrological and 

biogeochemical cycles and comprise a large part of the 

world's biodiversity and resources [1]. South America is 

the continent with the largest surface covered by wetlands, 

with the greatest extension being covered by fluvial 

wetlands associated with the Amazonas, the Orinoco and 

the Paraguay-Paraná rivers [2]. These ecosystems' 

dynamics are mainly controlled by flood pulses [3], which 

determine fluxes of materials and organisms between the 

river and the floodplain, influence ecological processes, 

and affect biodiversity patterns [4]–[6]. 

Due to the large extension of fluvial wetlands and their 

restricted accessibility, the exploitation of remote sensing 

data can substantially contribute to monitoring procedures 

at broad ecological scales [7], [8]. This is especially true 

during extreme events that limit accessibility even more 

than usual, such as floods, droughts (hindering navigation), 

or wildfires.  

In the period of the JAXA project, the Paraná River started 

with a medium hydrometric level. Our first aim was to 

monitor water presence and flooding frequency. However, 

the Lower Paraná River floodplain (also known as Paraná 

River Delta, Argentina) suffered from a severe drought in 

2020, and extended areas were burned. These wildfires had 

high environmental impacts and affected the health of the 

population living in the islands and in the close high-

density cities [9]. Besides environmental conditions, 

lockdown due to the epidemiological situation was an extra 

factor limiting accessibility. Thus, our second aim was to 

address the capability of ALOS/PALSAR imagery to 

monitor burned areas in the context of a severe drought. 

Flood frequency. Flood pulses act as a recurrent 

disturbance factor that usually resets the herbaceous 

vegetation cover due to plant burial by sediment deposits, 

plant breakage and uprooting or plant death due to long- 

term submersion [10]. Therefore, flood pulses may 

promote the beginning of several local and relative short-

term successional processes. Although the existence of a 

single regional directional trend of accumulation of 

information content and biotic structure is not expected, 

floodplains can be seen as mosaics of patches differing in 

their successional stages as well as in environmental 

conditions [1], [11]. Flood pulses play a key role in the 

ecosystem functioning of floodplains, as has been 

described for the Amazon and other floodplain ecosystems 

[5], [6], [12], [13]. 

Remote sensing techniques have been extensively used in 

floodplains to delineate and monitor the extent and water 

quality of wetlands. Taking into account the dynamic 

behavior of the SL in floodplain wetlands, Borro et al. [14] 

proposed a methodology to delineate SL in the Paraná 

River floodplain (Argentina) using a frequency analysis on 

a Normalized Vegetation Index (NDVI) time series derived 

from Landsat TM and ETM+ data. This methodology was 

also used by Gayol et al. (in revision) to estimate flooding 

frequency and delineate water extent and shallow lakes in 

the Paraná River floodplain. Hess et al. [15] (2003) mapped 

wetland extent for the central Amazon region using L-band 

synthetic aperture radar (SAR) imagery acquired by the 

Japanese Earth Resources Satellite-1 (JERS- 1); and 

several authors have suggested that L-band is appropriate 

for flood detection [16] 

The detection of water bodies and of water presence is 

expected to change considerably whether optical or SAR 

data are used. Although optical scenes cannot penetrate 

through trees and standing vegetation –an advantage of L-

Band SAR data- nor can acquire images of the wetlands 

with cloudy weather, it must be noted that scene 

availability is high and temporal series can be obtained. To 

address Objective 1.1. of our proposal (“Wetland flood 

condition at a landscape scale”) we aimed to compare water 

bodies detection with ALOS/PALSAR-2 scenes and 

Landsat 8-OLI scenes.   

Final Report on the 6th ALOS-2 Research Announcement 

719

mailto:nmorandeira@unsam.edu.ar


2 

Burned areas assessment in the context of a severe 

drought. The use of remote sensing data in fire monitoring 

and management involves several data types and methods, 

depending on the objective: alert on fire danger conditions, 

detect active fires and burned areas, analyze fire effects and 

vegetation recovery, etc.; and has been applied in 

ecosystems around the world.  Active fire detection relies 

on the infrared thermal signal: high thermal contrast 

between hotspots and the surrounding pixels in the middle-

infrared region (3-5 µm) [17]. Here we combined the use 

of active fire thermal hotspot product (to detect fire 

locations) with an optical Sentinel-2 scene and 

ALOS/PALSAR-2 imagery (to study the capability of L-

Band to assess burned areas). 

Fire hotspot products derived from satellite systems are 

shared within ca. 3 hours of satellite observation by the Fire 

Information for Resource Management System (FIRMS-

NASA) and can be freely accessed with an open sharing 

data policy. Two main types of products are available in 

the FIRMS-NASA database, differing in their spatial 

resolution and historic coverage. VIIRS products from S-

NPP and NOAA-20 satellites are available since 2012 and 

2017, respectively, and are derived from 375 m pixel 

resolution images [18]. This operational product has the 

best compromise between spatial and temporal resolution 

[17]. Besides, hotspot products derived of 1 km pixel 

images from Terra & Aqua MODIS satellites are available 

since November 2001 [19], allowing comparisons with 

previous periods. 

To handle these spatial data on active fires in the Lower 

Paraná River floodplain and to analyze and report the 

number of hotspots during 2020, a reproducible workflow 

was used. A comparison with previous years' situation was 

also addressed (e.g., fires occurring in 2008 [20], [21]). 

Since the 2020 fires occurred for several months (mainly 

June to November), using a reproducible workflow was 

crucial to ingest the zip files and repeat the same series of 

plots and analyses when necessary. Open geospatial 

software was used in all the processing steps, mainly R [22] 

and QGIS [23]. Obtaining reproducible reports was crucial 

because of the evolving wildfire situation, so RMarkdown 

was used [24]. 

The next step was to obtain the burned areas from active 

fire monitoring: i.e., to derive which wetland extensions 

were effectively burned. The generation of burned area 

products was automatized, by using the point hotspots and 

post-fire "Normalized Burn Ratio" images obtained from 

Sentinel-2 scenes. Lastly, we assessed whether 

ALOS/PALSAR-2 imagery was able to discriminate 

burned areas and non-burned areas.  

 

2. METHODS 

2.1. STUDY AREA 

The study area was the Lower Paraná River floodplain 

(Paraná River Delta), which runs 400 km South-Southeast 

along Argentina's main populated and industrial area and 

covers 19,300 km2 (Figure 1) [25]. In this zone, the 

floodplain reaches 10 to 30 km wide. Shallow lakes and 

emergent macrophytes dominate [14], [26]. The climate is 

temperate humid; the mean annual temperature is 17.1 °C, 

January being the hottest month and July the coldest (24.0 

°C and 10.3 °C, respectively). Mean annual precipitation is 

1074 mm, March being the wettest month and August the 

driest (126.4 mm and 42.1 mm, respectively) (1965-2019, 

Instituto Nacional de Tecnología Agropecuaria at 33°44'S 

59°41'W). 

The hydrometric water levels of the Paraná River in the last 

10 years are shown in Figure 2. In 2020, a severe drought 

occurred and Paraná River water levels were the lowest 

since 1971 (Juan Borús – Instituto Nacional del Agua, com. 

pers.). These hydroclimatic conditions favored the 

propagation of fires, 95% of which were initiated by 

humans (intentionally or accidentally), according to the 

Argentinian National Environmental Minister. 

 

Figure 1. Case study area. Lower Paraná River 

floodplain in Argentina. Reproduced with permission 

from Kandus et al. 2019 [25]. In the map, colors indicate 

different Landscape Units (see [25] for details). 

 

2.2. FLOOD FREQUENCY (2014-2018) 

SAR acquisition. We worked at a landscape scale, and 

Fine-Beam scenes had an appropriate spatial resolution, 

both regarding swath and pixel size. Based on the available 

ALOS/PALSAR-2 scenes, we selected the product type 

SM3 (Fine Beam Dual), with scenes covering October 

2014 to May 2018. We inform the results obtained with the 

Ascending Orbit scenes, with a mean incidence angle of 

32.5°, observation path 28 and centre frame 4270. A total 

of eight scenes were analyzed (Table 1): note that scene no. 

4 is above evacuation water level (Table 1, Figure 1). For 

this report, we used HH polarization scenes. The period 

includes a strong flood pulse (2015-2016), associated to an 

ENSO event. Level 1.5 scenes were acquired. Pixel 

resolution after processing and projecting to UTM Zone 

20S is 6.23m. 
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Figure 2 Hydrometric water level Daily mean water level of the Paraná River (meters) recorded from 2010 to 2020 at 

Diamante city (32.072°S 60.643°W), provided by the Water National Institute. Alert water level is 530 cm (black dashed 

line) and mean water level without the 2020 records is 350 cm (red dotted line). 

 

Table 1. ALOS/PALSAR-2 SM3 HH scenes used for 

the flood frequency objective. Hydrometric water 

level corresponds to Diamante city (see Fig. 2). 

 

No. Date Water level 

(cm) 

Histogram 

thresholds (dB) 

1 2014-10-03 372 -15.16 

2 2015-02-20 396 -17.23 

3 2015-10-02 297 -16.01 

4 2016-02-19 597 -14.94; -6.94 

5 2016-09-30 326 -16.06; -9.16 

6 2017-02-17 348 -15.77 

7 2017-09-29 261 -16.26 

8 2018-05-25 421 -16.30 

 

SAR processing. SNAP 6.0 software was used. Scenes 

were calibrated to sigma0 intensity. A Lee Sigma speckle 

filter was applied, with a 7x7 filter window size, a sigma 

threshold of 0.9 and a 3x3 target window size. Level 1.5 

scenes are geocorrected but not map projected. SNAP was 

not compatible to CEOS format and did not allowed 

Elipsoid Range Doppler correction (error: “scenes are 

already projected”) nor Reprojection (error: “scenes are not 

projected”). To map project scenes, we then used the 

Mosaic tool, but with only one scene per run (as suggested 

in ESA STEP s1tbx forum), with a nearest neighbor 

resampling algorithm. HH polarization bands were 

converted to decibels (dB) and histograms were inspected. 

We classified the pixels of each scene in three classes: (a) 

Standing water (low backscattering (see Results section)); 

(b) Vegetation (volume backscatter, intermediate values); 

(c) Flooded vertical vegetation (double-bounce 

backscatter; high backscattering, see Results section). This 

and further analyses were restricted to the floodplain areas 

(cities and highlands with agriculture fields were 

excluded), and to areas shared by the eight 

ALOS/PALSAR-2 scenes.  

 

Landsat processing. During this period, a total of 27 

Landsat 8-OLI scenes with less than 10% cloud coverage 

(and no detected clouds over the floodplain) were available 

(Path/Row 227-82). Landsat scenes were acquired through 

USGS in Level 2 type (corrected to surface reflectance). 

Pixel resolution is 30 m. The Normalized Difference 

Vegetation Index (NDVI) is the normalized difference 

between the reflectance in the near infrared and red spectral 

bands. NDVI was computed for each of the 27 scenes. 

Pixels with NDVI < 0.34 were assumed to be covered by 

water. This threshold was established by Borro et al. (2014) 

[14]  for the adjacent area of our study area and assessed in 

this area by Gayol et al. (in revision), thus classifying the 

pixels of each scene into “with water” or “without water” 

classes. Flood frequency was obtained for the floodplain 

area (proportion of scenes with water, per pixel). SAR vs. 

Optical flood frequency comparison The two flood 

frequency products were stacked (Landsat product was 

resampled to ALOS resolution); and only the floodplain 

areas covered by both products were considered. Two 

comparisons were done: a graphical analysis showing areas 

with differences between flood frequencies estimations; 

and an analytical correlation analysis done by extracting 

values with 1000 random points.  

 

 

2.3. BURNED AREAS (2020) 

Active fire – thermal infrared products acquisition. 

FIRMS-NASA products were periodically accessed and 

downloaded.  The used product types were Near Real Time 

VIIRS (375 m resolution) from S-NPP satellite [18] to 

monitor active fires, and MODIS (1 km resolution) data 

[19] to analyze the fire history. These data are available as 

zipped spatial objects (point shapefiles). A processing 

workflow was written in R [22]: from the zipped FIRMS 

data, the script assimilates the spatial data, generates plots 

and summarizes the information in bilingual reports. This 

reproducible workflow was presented in two international 

conferences: useR!2021 [27] and FOSS4G2021 

(Morandeira, in press). 

 

Burned areas grown from active fires points.  This 

procedure, as well as the analysis with ALOS/PALSAR-2 

in the next section, is a work in progress. To obtain burned 

areas, a free-cloud Sentinel-2 scene acquired after the fires 

in the Middle Delta was selected (date: 2020-08-16), and 

the Normalized Burned Ratio (NBR) index was computed 

[28]. Next, active fires points occurring during a month 

721



4 

before the NBR image were selected (2020-07-16 to 08-

15) and used as seeds. A SAGA growing region algorithm 

was used to generate burned areas (polygon layer). The 

algorithm’s sensitivity to its main parameters was tested: 

variance in the feature space (values 0.1, 0.2), variance in 

the position space (3, 5), and similarity threshold (0.01, 

0.05). The best parameter combination was selected by 

computing the burned area and visually comparing it with 

our knowledge on the fire situation: feature space 0.1; 

variance in the position space 3 and similarity threshold 

0.01. Lastly, six polygons in burned areas and six in non-

burned areas were generated, to be used to assess the 

response of ALOS/PALSAR-2 imagery in the next step. 

 

SAR acquisition and processing. A total of 10 

ALOS/PALSAR-2 Wide beam HH/HV scenes were 

acquired during 2020 (Table 2). Scenes were calibrated to 

sigma0 backscattering, speckle filtered with the IDAN4 

algorithm with 9 neighbors [29] in SNAP [30], stacked and 

projected to UTM Zone 20 S. The speckle filter was chosen 

after comparing with a set of other filters, and showed 

better performance for these Wide scenes. Geocoding had 

to be corrected “manually” because of inconsistencies with 

other scenes and with ground-data. 

For each of the burned and non-burned polygons generated 

in the previous step, statistics on HH and HV at each scene-

date backscattering were computed. Descriptive statistics 

were generated, and results were informed in dB. 

Although our planned objective was to continue with 

machine learning classification techniques (including 

PALSAR and Sentinel-2 data fusion) to better identify and 

monitor burned areas, we had no success in our exploratory 

analysis, as will be shown in the Results section. Thus, this 

classification procedure was not yet explored. However, 

this is a work in progress and further analyses may be 

accounted in the future. 

 

Table 2. ALOS/PALSAR-2 Wide HH/HV scenes used 

for the burned area objective.  
 

No. Date 

1 2020-01-02 

2 2020-02-13 

3 2020-03-26 

4 2020-05-07 

5 2020-06-18 

6 2020-07-16 

7 2020-08-27 

8 2020-10-08 

9 2020-11-19 

10 2020-12-31 

 

 

3. RESULTS AND DISCUSSION 

 

3.2. FLOOD FREQUENCY (2014-2018) 

The histograms of most of the HH ALOS/PALSAR-2 

scenes (scenes 1 to 3 and 6 to 8) were bimodal. A threshold 

was estimated by means of Jenks Natural Breaks (the 

valley or minimum value between the two gaussians of the 

histograms), and was considered as the water-vegetation 

threshold, ranging between -14.94 and -17.23 dB (see 

Table 1). 

For two scenes (no. 4 and 5) a third gaussian was observed, 

with high dB values. Since these scenes were acquired on 

high water level dates, associated with the peak of the 

flood-pulse, we suggest that this third gaussian is 

associated to the high backscattering of flooded forests. In 

the field, marks on the trees denoted at least 2 m of standing 

water. Thus, double-bounce scatter is expected [16]. The 

Jenk’s Natural Breaks for these two scenes, to discriminate 

between vegetation and forests with standing water, were -

6.94 dB (scene no. 4) and -9.16 dB (scene no. 5). 

To avoid confounding vegetation with high backscattering 

(volume scatter) with flooded forests, we inspected the two 

“driest” scenes (no. 1, before the flood pulse and before 

water entered the floodplain; and no. 7, after the flood 

pulse, with the lowest water level). As a conservative 

criterion, we assumed that most of the forests in these 

scenes were not flooded. We observed backscattering 

enhancements of up to 7 dB in flooded forests, between 

scene no. 1 or 7 and scene no. 4, consistently to the results 

reported by Hess et al. (1990) [31]. All of the forest areas 

were backscatter was increased in more than 2 dB showed 

> -5 dB in scene no. 4. Due to this, we considered -5 dB as 

the conservative threshold between vegetation (volume 

scatter predominates) and flooded standing vegetation 

(double-bounce scatter predominates). For the eight 

ALOS/PALSAR-2 scenes, pixels with lower backscatter 

than the water-vegetation threshold (Table 1) or with 

higher backscatter than -5 dB were assumed to be flooded; 

and flood frequency was obtained. 

Map products are shown in Figure 3. Note that water 

courses and shallow lakes pattern is similar: by comparing 

1000 randomly distributed pixels, we observe that both 

maps are correlated (r = 0.88). However, in wetland 

vegetated targets estimated flood frequency is higher in the 

ALOS/PALSAR-2 product. This denotes the capability of 

L-Band to detect water below vegetation. 

 

 

3.3. BURNED AREAS (2020) 

 

In 2020, a total of 39,821 VIIRS S-NPP hotspots were 

detected (Figure 4), with August (winter in the Southern 

Hemisphere) accounting for 39.8% of the year’s hotspots. 

An animated map of the potential active fires is available: 

https://github.com/nmorandeira/Fires_ParanaRiverDelta/b

lob/master/output/Morandeira2021_ParanaRiverDelta_Fir

es2020_animation.gif. 

The temporal trend of burned and not-burned areas 

assessed with ALOS/PALSAR-2 HH and HV imagery is 

shown in Figure 4. As can be noted, no significant 

differences are shown between burned and not-burned 

areas. Higher variability is observed in Not burned areas, 

probably because of variance accounted by vegetation and 

soil heterogeneity. However, ALOS/PALSAR-2 imagery 

seem to be useful to monitor vegetation growth and 
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wetland resilience after the Winter-dry period or after the 

fire disturbance. 

Caution has to be taken when analysing burned areas 

without reference of the trend in a not-burned area: all the 

plots show a decrease in HH and HV backscattering in July 

2020, coincident with the driest and coldest month and with 

the highest fire activity in the area. The use of variance 

information to discriminate burned areas can be explored. 

However, these preliminary results point that optical 

images and the NBR index are better for burned areas 

delineation. L-Band SAR imagery can be useful to further 

study vegetation recovery. 

 

 

 

 
 

Figure 3. Flood frequency: (a) ALOS/PALSAR-2 HH 

product (8 SAR scenes frequency). (b) Landsat 8-OLI 

NDVI product (27 optical scenes frequency); ranges 

between 0 (white) and 1 (dark blue). (c) Detail (green 

rectangle): comparison of both products: ranges between -

1 (blue, higher flood frequency in Landsat product) 

and 1 (red, higher flood frequency in ALOS/PALSAR-2 

product). 

 

 

4. CONCLUSION 

Freshwater floodplain wetlands of the Lower Paraná River 

floodplain have shown great hydrological and climatic 

variability during the study period, medium-high water 

levels to the severe drought and La Niña phenomenon the 

area is suffering in 2020-2021. ALOS/PALSAR-2 has 

provided excellent results for monitoring floods, because 

of its large penetration through herbaceous vegetation. 

However, more studies need to be accounted to exploit 

PALSAR-2 capabilities to monitor burned areas, and 

discriminate vegetation recovery after burning versus 

vegetation growth after a dry-winter period. 

 

 
 
 

 
Figure 4. Thermal hotspots recorded during 2020, 

indicating potential active fires at the Lower Paraná River 

floodplain. Based on VIIRS S-NPP data (375 m 

resolution) from FIRMS-NASA. (a) Daily records; (b) 

Cumulative and daily records. 

 
 

 

  
Figure 4. Burned areas assessment in areas affected by 

fires between 2020-07-16 and 2020-08-15 (winter). 

Blue: burned, Red: not burned; Up: HH backscattering, 

Bottom: HV backscattering. 

 

 

5. FUTURE WORKS WITH ALOS/PALSAR-2 

IMAGERY 

An article on the Burned areas results is in preparation, to 

be submitted to an indexed journal. Polarimetric 

ALOS/PALSAR-2 imagery acquired in the Paraná River 

floodplain will also be used to continue my studies on 

vegetation dynamics and wetland monitoring. I’d like to 

point out that during 2020-2021 I was not able to conduct 

(a) 

(b) 
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fieldwork in the study area, because of lockdown 

restrictions related to the covid19 pandemic. This issue 

limited my analyses and results. Extensive wildfires and 

the severe drought were not expected when the project 

proposal was written, so the original aims were modified to 

adapt to this environmental situation in the area. 

In the Del Plata basin, I have also acquired a set of scenes 

to be used in a PhD thesis project by my student Carlos 

David Clauser. Clauser is describing the transformation of 

natural floodplain wetlands to rice paddies in an extensive 

area of Argentina. 
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1. INTRODUCTION

In larger contiguous forest areas, a wide variety of animal 
and plant species come together. By researching the living 
creatures in the forest, many statements can be made about 
how they lived together in earlier decades. Research 
projects are trying to gain more information about the 
processes and structural changes in the forest. The trees as 
the main components of the forest are certainly the most 
interesting. Especially in the Bavarian Forest National Park, 
extensive tree inventories are carried out for this purpose. 
By recording all important tree dimensions such as species, 
height or crown diameter, important basics for research and 
management are collected. Since a natural forest 
predominates in the national park, statements can be made 
about the differences and similarities to managed forests. 
In addition to the anthropogenic influence, the aim is to 
determine how sustainably the forest develops through 
non-intervention. Based on area-wide documentation of 
forest structures, risk analyses on bark beetle or fungal 
infestation are prepared. In addition, even remote areas can 
be considered and correlated with the entire natural zone 
using uniform comparison parameters. Gaining knowledge 
from the national park is also playing an increasingly 
important role for managed forests [1]. As the importance 
of the forest becomes more and more essential for human 
existence, automated analysis methods for structure 
recognition must be developed. In this context, it is 
important to combine the strengths of the different fields of 
remote sensing and forest management. For years, 
successful projects have been running in the Bavarian 
Forest National Park in the field of laser scanning. Now the 
analysis of forest properties is to be carried out using full 
polarimetric L-band radar data. Reference data from the 
field of laser scanning are necessary for training and 
validation. This method is expected to provide, among 
other things, the first comprehensive scanning of huge 
forest areas. 
So far, only relatively small areas have been surveyed by 
the forest inventories and laser scanning flights. The focus 
was always on the detection of individual trees. In the radar 
context, only tests from SAR interferometry are available 
so far. This work is intended to show the extent to which 
full polarimetric L-band satellite data can record the forest 
structures of the Bavarian Forest. Furthermore, it must be 
determined which losses are caused by the low ground 

sampling distance of 25m and whether the LIDAR 
accuracies can be achieved. Advantages are expected to 
occur from the greater and more cost-effective coverage 
provided by radar images from space. To obtain the best 
result, three different types of classifications are applied, 
and two independently acting validation procedures are 
used. It should be possible for the first time to analyze large 
contiguous forest areas of several hundred square 
kilometers at once. 

2. STUDY SITE AND DATA

2.1 STUDY SITE 
The Bavarian Forest is located on the German-Czech 
border region in eastern Bavaria and forms together with 
the Bohemian Forest one of the largest contiguous forest 
areas in Central Europe. The study area starts at an altitude 
of 500m and runs up to over 1450m above sea level. This 
results in a maximum altitude difference of approximately 
950m. The investigated area covers 987km². The 
Bavarian/Bohemian Forest is assigned to the temperate 
zone. It has several climatic differences due to its different 
altitudes. In its valleys at an altitude of 500m, the annual 
average temperature is 8°C and a closed snow cover can 
only be found for three months on average. Overall, the 
temperature in the valleys has risen by 1°C in recent 
decades. Due to the ridge locations, it can be significantly 
colder in some valleys and there can even be frost all year 
round. On the peaks at an altitude of at least 1300m, one 
has to expect six months of snow and an annual mean 
temperature of only 3.5°C. Annual precipitation there is 
1400mm. In spring, the levels of the mountain rivers 
regularly rise sharply due to the meltwater influx [2]. 

2.2 SAR DATA 
In this work, L-band polarimetric data from the ALOS-
PALSAR and ALOS-PALSAR 2 satellites are investigated. 
There are 15 quad-pol images which where beta-processed 
to Kennaugh images with ten channels each. One pixel has 
a side length of exactly 25m, which corresponds to an area 
of 625m² per pixel. For the analysis in this paper, two strips 
of ALOS-PALSAR 2 dating from 2017-05-09 and 2017-
05-29 are used. The first acquisition is provided in partly
overlapping subsets 2017-05-09a and 2017-05-09b. The
data sets were processed by the German Aerospace Center
[3, 4] and made available as *.tif files. Quad-pol images
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provide a full polarimetric acquisition, corresponding to 
the four polarizations HH-HV-VH-VV. The Kennaugh 
images pass through the production steps of the multi-SAR 
system especially developed by German Aerospace Center. 
The system is suitable for multi-scale, multi-sensor, multi-
temporal, multi-frequency and multi-polarization SAR 
data. The multi-SAR system delivers geometrically 
corrected, geocoded, polarimetrically decomposed, 
radiometrically calibrated, speckle reduced, normalized 
and compressed image data used in this study. 

Fig. 1 Production steps of the MultiSAR system [3, 4] 

The Kennaugh matrix in backscattering configuration 
contains ten independent elements in the case of a quad-pol 
recording. The channel k0 stands for the total intensity 
whereas the channels k1, k2, k3 provide information about 
the polarization-dependent absorption during the scattering 
process. Statements about the diattenuation can be made 
with k4, k5, k6. The retardance, i.e. phase delay, is 
described by k7, k8, k9. The Kennaugh decomposition is 
independent of polarization, sensor and wavelength. The 
multi-looking step reduces the speckle effect and creates 
square pixels in the output image. For this work, the 2017 
ALOS-PALSAR 2 recordings are used because the 
available reference data are from 2016. A small time 
difference between both datasets guarantees only 
negligible change in the forest. If the time difference is 
larger, the homogeneity of the RADAR and LIDAR data is 
no longer assured. The chapter concludes with a 
presentation of the unprocessed quad-pol data around the 
study site. All the Kennaugh images have already been 
reduced to forest-only areas using a suitable forest mask. 
As an example, channels k1, k2, and k3 are visualized in 
the multichannel representation in Fig. 2. 
 
2.3 LIDAR DATA 
To extract forest structures from the polarimetric data, 
comparative data are necessary. From the research of Prof. 
Krzystek and Prof. Heurich single tree datasets from the 
Bavarian Forest are provided as shapefiles [5, 6]. These 
reference data are single tree data, where each tree is 
represented by its own polygon. One has also to mention 
that, similar to the trees, the polygons can also overlap. For 
each tree, the attribute table contains information about the 
tree species, tree height, tree crown volume, tree crown 
initial height and terrain height. The tree class distinguishes 
deciduous and coniferous trees. The terrain height in the 
area ranges from 600m to 1450m above sea level. These 

four strips each start in the valley and run up to an elevation 
of over 1200m. 

Fig. 2 Multi-channel representation of channels k1, k2 
and k3, which represent the absorption of polarization. 
 

3. METHODS 
 
To focus the viewpoint exclusively on the forest areas, the 
three quad-pol subsets are cropped to the forest areas using 
a forest mask. During the laser scanning surveys, the 
attributes of tree species, tree height, crown volume, initial 
and crown height were recorded. This section attempts to 
determine the extent to which the various attributes are 
reflected in the quad-pol data. For the subsequent 
classifications, five ROIs are created for each class, with at 
least two classes for each attribute.  
 
3.1 TREE SPECIES 
The tree species are studied in two ways. The first approach 
includes four classes: pure "coniferous forest", pure 
"deciduous forest", "mixed forest" and "sparse forestation". 
The second option only contains the two main classes 
"coniferous forest" and "deciduous forest". 
 
3.2 TREE HEIGHT 
In the study area, there exist all occurring heights of Central 
European forests, from low young, wooded areas, to 
medium natural wooded areas, to high forests. The 
subdivision of tree height into three classes with equal 
interval distances follows, namely "0m – 15m", "15m – 
30m" and "higher than 30m". 
 
3.3 CROWN VOLUME 
This tree structure is divided into three classes, which are 
"0m³ – 80m³", "80m³ – 300m³" and "more than 300m³". 
The variable interval is chosen for frequency reasons, 
because there exist many smaller trees with a low volume 
below 80m³. The next most voluminous trees do not occur 
with great frequency, so that a larger interval is necessary 727



to obtain a representative quantity for this class. The third 
class "more than 300m³" includes the trees with the largest 
crown volume. 
 
3.4 CROWN INITIAL HEIGHT 
For this attribute, four classes are available for 
classification. These are called "0m – 1m", "1m – 5m", "5m 
– 10m" and "higher than 10m". The occurrence of many 
trees with branches and foliage to just above ground level 
results in the small interval of only one meter. The middle 
two classes represent average trunk heights, and by the 
fourth class we can speak of tall trunk wood. 
 
3.5 CLASSIFICATION 
For each of the three quad-pol images and the four 
attributes plus variant two of the tree species, three 
classifications are performed. First, the Maximum-
Likelihood (ML) method is used, followed by the 
Minimum-Distance (MD) method, and finally, the Random 
Forest (RF) is used for classification. 
 
3.6 VALIDATION 
The confusion matrix is used to evaluate the classification 
results. This serves as a tool for any validation in remote 
sensing. From this matrix, the overall accuracy (OA), the 
user accuracy, the producer accuracy and the kappa 
coefficient (𝜅𝜅) are calculated [7]. Two different validation 
methods are used in this work. The differences of the 
accuracy evaluations refer to the number and selection of 
the reference pixels. However, the evaluation of the 
confusion matrix with all parameters to be calculated 
subsequently occurs in each method. The first validation 
phase runs over a smaller number of control pixels, over 
which no training is done. This phase is performed on each 
attribute. In case of high accuracies, a second validation 
phase including a much larger number of control pixels is 
initiated. The second validation is intended to thoroughly 
re-examine the first one and provide an assured result. 
 

4. RESULTS 
 
4.1 TREE SPECIES 
For the first variant of the tree species classification, the 
results are listed in Tab. 1. All classifications show a high 
value for the overall accuracy in the image from 2017-05-
26. Random Forest and Minimum-Distance even achieve 
80% overall accuracy and a kappa value of at least 71%. 
The reason for the higher accuracy in the third image might 
be the acquisition time late in may instead of in the 
beginning of may for the first two image subsets. 
 
Tab. 1 Overall Accuracies (OA) and kappa-coefficients 
(𝜿𝜿) from variant 1 of the tree species (four classes) 

 ML MD RF 
Image OA [%]   𝜅𝜅  OA [%]   𝜅𝜅 OA [%]   𝜅𝜅 

2017-05-09a 54          0,36 54          0,37 62          0,46 
2017-05-09b 57          0,39 54          0,36 63          0,49 
2017-05-26 70          0,54 82          0,73 80          0,71 

 
Overwhelming results are presented in Tab. 2. The image 
on 2017-05-26 achieves very good accuracies for all three 
classification methods. For the Random Forest (RF) and 
Minimum Distance variants, the values of the first 
validation even reach 100%. 

 
Tab. 2 Overall Accuracies (OA) and kappa-coefficients 
(𝜿𝜿 ) of variant 2 of the tree species (two classes) – 
validation phase 1 

 ML MD RF 
Image OA [%]   𝜅𝜅  OA [%]   𝜅𝜅 OA [%]   𝜅𝜅 

2017-05-09a 90          0,74 82          0,64 83          0,58 
2017-05-09b 88          0,72 80          0,59 86          0,68 
2017-05-26 99          0,97 100        1,00 100        1,00 

 
This is quite suspect, and must be examined more closely 
in the second validation. Tab. 3 shows the results of the 
second validation. All nine classification variants are on a 
similar accuracy level. The best result, with an overall 
accuracy of 73% and a kappa coefficient of 40%, is again 
the RF classification of the image on 2017-05-26. 
 
Tab. 3 Overall Accuracies (OA) and kappa-coefficients 
(𝜿𝜿) of variant 2 of the tree species – validation phase 2 

 ML MD RF 
Recording OA [%]   𝜅𝜅  OA [%]   𝜅𝜅 OA [%]   𝜅𝜅 

2017-05-09a 68          0,21 65          0,31 70          0,34 
2017-05-09b 69          0,30 64          0,30 69          0,34 
2017-05-26 67          0,24 71        0,40 73        0,40 

 
4.2 TREE HEIGHT  
In the first validation phase, high overall accuracies are 
mainly achieved for the Random Forest classifications. In 
all three images, this is around 90% and kappa values are 
also partly above 90%. The Random Forest classification 
(on 2017-05-09) consistently delivers the highest values.  
 
Tab. 4 Overall Accuracies (OA) and kappa-coefficients 
(𝜿𝜿) from tree height – validation phase 1 

 ML MD RF 
Image OA [%]   𝜅𝜅  OA [%]   𝜅𝜅 OA [%]   𝜅𝜅 

2017-05-09a 65          0,49 76          0,64 94          0,91 
2017-05-09b 69          0,54 74          0,61 95          0,93 
2017-05-26 75          0,63 80        0,69 85        0,76 

 
Because of the promising results of the first validation, the 
second validation phase is also performed here. Tab. 5 lists 
the overall accuracies and kappa coefficients of all nine 
classification variants. The overall accuracy values 
decrease significantly. However, the Random Forest (RF) 
results prove to be the most useful classification method. 
 
Tab. 5 Overall Accuracies (OA) and kappa-coefficients 
(𝜿𝜿) from tree height – validation phase 2 

 ML MD RF 
Image OA [%]   𝜅𝜅  OA [%]   𝜅𝜅 OA [%]   𝜅𝜅 

2017-05-09a 40          0,17 41          0,18 50          0,28 
2017-05-09b 39          0,16 39          0,16 48          0,27 
2017-05-26 41          0,19 41        0,18 50        0,28 

 
4.3 CROWN VOLUME 
 
According to Tab. 6, the first validation results in an 
overall accuracy of 60% - 80% in all nine classification 
variants. The kappa coefficients are particularly high for 
the Random Forest (RF) and Minimum-Distance (MD) 
variants. The second validation produces lower values than 
the first. Surprising is the evolution of the results for the 728



Maximum-Likelihood (ML) classification, which now 
present themselves as the best. Overall, the second 
validation process, which runs over a larger number of 
pixels, pushes the accuracies down. 
 
Tab. 6 Overall Accuracies (OA) and kappa-coefficients 
(𝜿𝜿) from crown volume – validation phase 1 

 ML MD RF 
Image OA [%]   𝜅𝜅  OA [%]   𝜅𝜅 OA [%]   𝜅𝜅 

2017-05-09a 72         0,56 80          0,68 79          0,68 
2017-05-09b 73          0,57 84          0,74 79          0,68 
2017-05-26 65          0,37 72        0,53 72        0,40 

 
Tab. 7 Overall Accuracies (OA) and kappa-coefficients 
(𝜿𝜿) from crown volume – validation phase 2 

 ML MD RF 
Image OA [%]   𝜅𝜅  OA [%]   𝜅𝜅 OA [%]   𝜅𝜅 

2017-05-09a 46         0,21 38          0,13 41          0,17 
2017-05-09b 46          0,21 35          0,10 41          0,16 
2017-05-26 31          0,03 35        0,09 34        0,08 

 
4.4 CROWN INITIAL HEIGHT 
For the initial tree crown height, all three methods are in 
the range of less than 50% in overall accuracy, therefore a 
second round of validation is not performed. 
 
Tab. 8 Overall Accuracies (OA) and kappa-coefficients 
(𝜿𝜿) from crown initial height 

 ML MD RF 
Image OA [%]   𝜅𝜅  OA [%]   𝜅𝜅 OA [%]   𝜅𝜅 

2017-05-09a 32         0,13 40          0,21 40          0,20 
2017-05-09b 36          0,18 37          0,17 39          0,20 
2017-05-26 26          0,01 30        0,07 33        0,11 

 
5. DISCUSSION 

 
To start with, it is possible to extract forest structures from 
the L-band polarimetry data. However, not all attributes are 
equally suitable for analysis with the quad-pol imagery. 
The tree crown initial height does not reach useful accuracy 
values in all classification scenarios, thus this attribute was 
not further investigated after the first validation. The 
situation is different for the tree species. Here, the simple 
differentiation of the tree species into "deciduous forest" 
and "coniferous forest" is most promising. The maximum 
likelihood method proves to be very reliable for the tree 
species. Minimum-Distance and Random Forest, which 
performs best on tree species, achieve over 70% in overall 
accuracy in the second validation phase. Further 
differentiations, i.e., more classes, are possible, but this 
step would probably decrease the accuracy. A class of 
"mixed forest" is extremely difficult to classify because the 
definition of mixed forest varies widely. 
Tree height was the second best classification result. The 
results from the Random Forest algorithm are best suited. 
In the first validation phase, very good results of over 90% 
overall accuracy are achieved. This decreases significantly 
in the second phase to only 50%, but still shows that the 
Random Forest classification is clearly better suited here 
than the other two attributes. These promising results in the 
validations show the potential of SAR polarimetry to 
penetrate forest canopy and to report even on structures 
commonly hidden by foliage. 
 

For crown volume estimation, high accuracy values around 
80% are reported by the first validation phase, but not 
confirmed by the second phase. In this case, the maximum 
likelihood results show up relatively strong, but overall, the 
accuracy level decreases very much. This is proven by the 
low kappa coefficients of less than 20%, which are on the 
edge of randomness. It can be assumed that the accuracy 
values cannot be further increased based on a pixel-based 
approach. With a higher spatial resolution, the inclusion of 
texture might promise a clearer distinction. At the moment, 
the 25m x 25m pixels are already very coarse in order to 
derive the small-structured forest stands in central Europe. 
Although neither individual tree inspection as ground truth 
information nor single-tree segmentation/classification 
from LiDAR can be replaced, polarimetric SAR is suited 
to extent the study area from small patches to complete 
coverages of mid-European temperate forests. 
 

6. CONCLUSION 
 
This work reveals the great opportunities of polarimetric L-
band data. A large area-wide classification of a European 
temperate forest performed successfully. The Kennaugh 
representation revealed to be able to transfer the attributes 
tree species and tree height known from the individual tree 
data to a wide area. The transferability of the approaches 
from the Bavarian Forest to other temperate forests and the 
inclusion of further machine learning methods in the 
classification process are subject to future studies. 
 

7. REFERENCES 
[1] Heurich, Marco: Evaluierung und Entwicklung von 
Methoden zur Automatisierten Erfassung von Wald-
strukturen aus Daten flugzeuggetragener Fernerkundungs-
sensoren, Technische Universität München, Dissertation, 
2006, https://mediatum.ub.tum.de/doc/603731/603731.pdf 
[2] Naturpark Bayerischer Wald: Klima, 2021, 
https://www.naturpark-bayer-wald.de/klima.html, access 
date: 01.03.2021 
[3] Bertram, Adina; Wendleder, Anna; Schmitt, Andreas; 
Huber, Martin: Long-term monitoring of water dynamics 
in the sahel region using the Multi-SAR System, 2016, pp. 
1–8, https://elib.dlr.de/107607/  
[4] Schmitt, Andreas; Wendleder, Anna; Hinz, Stefan: The 
Kennaugh element framework for multi-scale, multi-
polarized, multi-temporal and multi-frequency SAR image 
preparation. In: ISPRS Journal of Photogrammetry and 
Remote Sensing 102, 2015, pp. 122–139, 
https://doi.org/10.1016/j.isprsjprs.2015.01.007 
[5] Amiri, Nina; Krzystek, Peter; Heurich, Marco; 
Skidmore, Andrew: Classification of Tree Species as Well 
as Standing Dead Trees Using Triple Wavelength ALS in 
a Temperate Forest. In: Remote Sensing 11, Nr. 22, 2019, 
pp. 1 – 19, https://www.mdpi.com/2072-4292/11/22/2614 
[6] Krzystek, Peter; Serebryanyk, Alla; Schnörr, Claudius; 
Cervenka, Jaroslav; Heurich, Marco: Large-Scale Mapping 
of Tree Species and Dead Trees in Šumava National Park 
and Bavarian Forest National Park Using Lidar and 
Multispectral Imagery. In: Remote Sensing 12, 2020, pp. 1 
– 22, https://www.mdpi.com/2072-4292/12/4/661 
[7] Congalton, Russell G.: A review of assessing the 
accuracy of classifications of remotely sensed data. In: 
Remote Sensing of Environment 37, Nr. 1, 1991, p. 35–46, 
https://www.sciencedirect.com/science/article/pii/003442
579190048B 

729



FINAL REPORT OF ALOS-2 RA-6 ALOS-2 PALSAR-2
ESTIMATION OF TROPICAL FOREST STRUCTURES WITH HIGH-

RESOLUTION VALIDATION FROM HANDHELD LASER-SCANNING
GROUND SURVEYS 

PI NO 3268 

Heiko Balzter 1, 2, Ana Maria Pacheco-Pascagaza1,3 , Polyanna da Conceicao Bispo1,3 
Mohammed Ozigi1. 

1 Leicester Institute for Space and Earth Observation, Centre for Landscape and Climate Research, School of Geography, 
Geology and the Environment, University of Leicester, Leicester, United Kingdom; 

2 NERC, National Centre for Earth Observation at the University of Leicester, Leicester, United Kingdom; 

3 Department of Geography, School of Environment, Education and Development, University of Manchester, Oxford Road, 
M13 9PL, Manchester, United Kingdom 

1. INTRODUCTION

This report summarises the main research results, 
presentations and publications of the project ALOS-2 
PALSAR-2 estimation of tropical forest structures of 
tropical with high-resolution validation from handheld 
laser-scanning ground surveys.  
Here we report the main results from two PhD research that 
led to different presentations, and conference papers. In 
addition, we report other research publications that 
although did not used the quoted available data in this 
agreement, used the ALOS data from the available 
mosaics, and the contribution of some of the co-authors in 
other publications that used ALOS-2 data.  

2. MAIN RESULTS

2.1 Oil-impacted vegetation from oil-free healthy 
vegetation. 

The potential influence and effect of seasonality in 
detecting, mapping and discriminating oil-impacted 
vegetation from oil-free healthy vegetation was explored 
this study using multi-temporal – multi-frequency L, C and 
X band SAR classification. This became necessary as the 
field spectral reflectance of polluted and oil-free vegetation 
showed huge contrast between sites of varied oil impact. 
The overall accuracy assessment result obtained when wet 
season sentinel – 1 and sentinel – 2 images were fused and 
classified were lower compared to the results obtained 
when the Multi-Sensory-Multi-frequency data was 
classified. Classification accuracies showed that the 
integration of L, C and X band SAR data in the wet season 
gave the best result of over 80% OA in the discrimination 

of polluted and oil-free cropland vegetation, representing 
an over 10% improvement over the dry season images. 
Grassland vegetation also had a marginal improvement of 
more than 1.6% from the dry season image classification.  

In addition, the classification accuracy of Tree Cover Area 
(TCA) was also observed to have improved, as an OA of 
71% was obtained using the multitemporal Sentinel – 1 and 
ALOS PALSAR (L and C band) wet season image stack. 
The inclusion of wet season acquired L – Band SAR in the 
classification led to a significant improvement in the wet 
season scenarios classification accuracy in the Land cover 
types.  

However, the inclusion of the L-Band ALOS PALSAR 2 
dry season images did not improve classification accuracy 
as was observed with the wet season. The best OA (of 
64.6%) for cropland was obtained when the multitemporal 
Sentinel – 1 and ALOS PALSAR 2 (L and C band) images 
were fused. For grassland, the best OA (of 65.4%) was 
obtained while for TCA 60.4% was obtained. This 
represented a reduction of nearly 10% in overall accuracy 
when compared to the best results where the wet season L 
Band images were introduced. 

A major reason for the improved accuracies can be 
attributed to the use of multi-frequency and multi-
polarisation stacked images. This have been previously 
recommended [1] to effectively capture the structural 
variability of sparse vegetation across space and depth in 
comparison with denser vegetation. Further reason for this 
is that L – Band SAR has higher penetration into the 
vegetation sub canopy (15m depth), representing radiation 
interaction with vegetation trunks, crown, ground and 

Final Report on the 6th ALOS-2 Research Announcement 

730



vegetation branches. In contrast, the C and X Band SAR 
have a much shallow penetration (of 7m and 3m, 
respectively), which represents backscattering radiation 
interaction with vegetation canopy, leaves, and secondary 
branches. In addition, results obtained in this study are also 
in line with findings from [1], where L – Band SAR gave a 
positive result in the detection of structural defect caused 
by oil pollution on marsh vegetation owing to the better 
penetration of incident beam from the L – Band sensor. 
 
2.2 Detecting forest degradation using multi-frequency 
SAR data 
 
The degradation of tropical forests is a significant problem 
transforming these ecosystems, contributing to greenhouse 
emissions and biodiversity loss [2]. However, quantifying 
the impact is difficult, because different factors can 
indicate that a forest is degraded, and there is a wide variety 
of definitions and drivers[3, 4]. The motivation of this 
research was to contribute to the technical challenge of 
mapping and measuring forest degradation by evaluating 
the variations in forest structure of a degraded tropical 
forest and explore the potential of SAR for accurately 
achieving this goal. 
The area of this study was located in the forests of Bajo 
Calima – Colombia, which  are under pressure from 
unplanned gold mining and selective logging at different 
intensities. For this, the structural variabilities of these 
forests were investigated and then connected to forest 
degradation, using a combination of multi-temporal in-situ 
data, light detection and ranging (LiDAR) data, multi-
frequency and time series SAR data. 
Aboveground biomass (AGB), tree density and basal area 
and trunk diameter (DBH) were the variables that better 
explained the variations in forest structure. Secondly, the 
potential of integrating multi-frequency SAR data: ALOS 
PalSAR-2, Sentinel-1, interferometric coherence, and the 
digital elevation model (DEM) from TanDEM-X, in 
combination with LiDAR and field data was investigated 
to retrieve the forest structure parameters derived from the 
field data analysis. Laslty, capabilities of ALOS PalSAR-
1, ALOS PalSAR-2 (2007 – 2018) and Sentinel-1 (2014 – 
2017) were assessed by integrating time series responses 
from multi-frequency SAR data in order to evaluate forest 
degradation as the significant variation in forest structure. 
Results were promising, demonstrating with high accuracy 
(≥ 88%) that by using the model derived from this study, it 
is possible to identify areas that have been considerably 
impacted by degradation over time. 
 
 

3. LIST OF PUBLICATIONS AND 
PRESENTATIONS 

 
 
3.1 Peer reviewed papers 
 
There are not peer reviews papers under this project 
agreement yet.  Nonetheless, the principal investigator and 
the co-investigators of this project published peer reviewed 
papers that although did not use data from this agreement, 
used ALOS data either from the global mosaics,  or 
contributed to journal publications using data of different 
JAXA agreements. The list of these publications below: 
 

  
• Mapping the spatial distribution of Colombia's 

forest aboveground biomass using SAR and 
optical data [5]. 
 

• Benefits of Combining ALOS/PALSAR-2 and 
Sentinel-2A Data in the Classification of Land 
Cover Classes in the Santa Catarina Southern 
Plateau  [6] 

 
• Discriminating Forest Successional Stages, Forest 

Degradation, and Land Use in Central Amazon 
Using ALOS/PALSAR-2 Full-Polarimetric Data 
[7] 

 
• Woody aboveground biomass mapping of the 

brazilian savanna with a multi-sensor and 
machine learning approach [8] 

 
3.1.1 Peer reviewed papers in preparation 

 
• Ozigis M. et al. Seasonal Dynamics of Terrestrial 

Oil Spills Observed by Multi-temporal and Multi-
sensor L-, C- and X-Band SAR. 

 
• Pacheco-Pascagaza A.M. et al Characterizing 

Forest Degradation from Multi-Frequency Time 
Series SAR Data. 

 
 
3.2 Conference papers 
 

• The Use of Multifrequency SAR Data for 
Assessing Levels of Forest Disturbance in Bajo 
Calima Colombia. [9] 

 
3.3 PhD thesis 
 

• Detection and Mapping of Terrestrial Oil Spill 
Impact Using Remote Sensing Data in 
Combination with Machine Learning Methods. A 
Case Site within the Niger Delta Region of 
Nigeria. [10] 

 
• Multi-Temporal and Multi-Frequency Analysis to 

Assess Forest Degradation in Bajo Calima - 
Colombia. [11] 

 
 
3.4 Posters  
 
The use of multi-frequency data for assessing levels of 
forest disturbance in Bajo Calima Colombia: 
 

●  JAXA Join PI Workshop. Tokio. January 2018. 
2. IGARS Valencia Poster  

Multi-Temporal Analysis of Alos-2 and Sentinel-1 data to 
assess Forest Degradation in Bajo Calima - Colombia. 
 

● 8th Advanced Training Course on Land Remote 
Sensing. September 2018. 
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Multi-Temporal and Multi-Frequency Analysis to Assess 
Forest Degradation in Bajo Calima - Colombia.  
 

● Living Planet Symposium. Milan May- 2019 
● SINO-UK Promote Development and Application 

of Artificial Intelligence. University of Leicester, 
June- 2019. 

●  AGU Conference – San Francisco California – 
December 2019 

 
 

3.4 Presentations 
 
Multi-Temporal and Multi-Frequency Analysis to Assess 
Forest Degradation in Bajo Calima - Colombia. 
 

● RSPSoc Nottingham – September -2019 
● Universidad de Medellín – Colombia October 

2019 
● Universidad del Tolima – Colombia October 2019 
● Universidad de los Andes – Colombia October 

2019 
● IV Colombian National annual seminar of forest 

monitoring. 
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Final report 

ALOS-2 project 

Space-based monitoring of wetlands and flooded areas with ALOS-2 

observations 

PI Name: Shimon Wdowinski (PI No. 3269) 

Introduction 

The main objective of this project is the evaluation of ALOS-2 data for wetland and flooded 

area monitoring. In particular we are interested in evaluating the usefulness of the ALOS-

2’s ScanSAR mode, which is widely used for global monitoring. We acquired ALOS-2 

data of four different wetlands types, from Alaska in the north to Colombia in South 

America (Figure 1). Our analysis indicate that StripMap mode acquisitions yield high 

coherence interferograms suitable for the wetland InSAR application. However, the 

ScanSAR interferograms yielded mixed quality interferograms, which requires more 

research to evaluate their usefulness for wetland monitoring. We also acquired stripmap 

data for South Florida and the Houston area for detecting the extent of flooding induced by 

hurricanes Harvey and Irma that caused severe flooding in both area in 2017. This part of 

the project still requires additional work. 

Fig. 1 Location map of the four wetland areas 

studied in this project 

Data and data processing 

In this project we acquired both StripMap and ScanSAR ALOS-2 observations 

acquired over four wetland areas. We used a total of 14 acquisitions, in which 6 are in 

StripMap mode and 8 in ScanSAR mode. In two study areas, Alaska and Everglades, we 

used only StripMap acquisitions. In the Ceinaga Garnde de Santa Marta (CGSM), 
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Colombia, and the Louisiana Coast wetlands, we used both StripMap and ScanSAR 

acquisitions.  

We processed the data using the Gamma software package [8]. In order to produce 

wetland interferometric phase induced by water level change, differential interferometric 

data processing including eliminating topographic phase using digital elevation modes 

(DEM) is required. We utilized Shuttle Radar Topography Mission (SRTM) DEM to 

remove topographic information. All interferometric pairs were co-registered with 

amplitude correlation coefficients in sub-pixel accuracy to reduce decorrelation effect. 

After generation of interferograms, we applied interferometric phase filtering to improve 

the signal to noise ratio of the interferometric phase and suppress speckle noises [9]. Very 

good coherent interferograms were generated from sufficient small geometric, temporal, 

and Doppler baselines. The fringe patterns show water level changes occurring between 

two consecutive SAR acquisitions. 

Results 

In this section, we present interferograms of the four wetland study areas and evaluate their 

quality using a visual inspection. As we obtained and processed only a limited number of 

interferograms, the results should be considered preliminary and should serve as guidelines 

for more extensive future research. 

Alaska wetlands – Our study area lies along the Yukon River Delta, which is characterized 

by relatively flat topography resulting from a low, flat alluvial deposit of the river [10]. 

The vegetation along the coast consists of various plant forms associated with wet or moist 

tundra. In general, coastal vegetation consist of extensive meadows of grasses and sedges, 

whereas inland areas are dominated by tussock sedges, scattered willows, and dwarf 

birches [10].  

We obtained quad-pol data of the Yukon River Delta in western Alaska. The 140x40 km2 

swath covers variable environments consisting of coastal wetlands in the northern section, 

tundra in the middle, and mountains in the southern part (Figure 2a). The calculated HH 

interferogram is of high coherence, but contaminated by ionospheric disturbances in its 

southern section (Figure 2b). Nevertheless, the northern section of the interferogram is of 

high quality and shows interesting phase changes induced by water level changes in the 

coastal wetland. The phase changes follow circular ground features with variable 

vegetation types and river channels. 

Louisiana coastal wetlands – Louisiana has the largest coastal wetlands in the US, 

extending over an area of about 20,000 km2. The wetlands provide important ecosystem 

services including storm protection, flood control, and habitat for a wildlife. However, 

extensive use of the wetlands for oil and gas developments, sea level rise, and coastal 

subsidence have threaten these wetlands. Over the last century, wetlands along the 

Louisiana coast have decimated by approximately 5,000 km2 [11]. Previous InSAR study 

of the Louisiana coastal wetlands have shown that tidal inundation extent is bounded by 

human developments, which limits the natural migration of the wetlands inland [7]. 

Our study of the Louisiana Coastal wetlands includes testing both StripMap and ScanSAR 

modes interferograms (Figure 3). The StripMap interferogram covers most of the 

Mississippi Delta region and shows good coherence over most of the wetland areas. Most 
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of the observed phase changes are of long wavelength and most likely reflect changes in 

tropospheric phase delay. However, some of the observed short wavelength changes reflect 

differential water level changes across natural or man-made barriers, as levies or canals. 

The ScanSAR interferogram presents a high coherence level in the western part of the 

image, which decreases eastward (Figure 3c). The long wavelength fringes reflect most 

likely tropospheric noise. The shorter wavelength signals in the western section of the 

interferogram represent phase changes were induced by water level changes. 

 
 

Fig. 2 (a) The Yukon River Delta study area in 

Alaska. (b) HH interferogram of quad-pol 

acquisitions.  The whit frame marks the location of 

the close up view of phase changes in the wetlands 

(c). 

 

Fig. 3 (a) The Louisiana coastal wetland study area 

(b) StripMap interferogram of the Mississippi 

delta showing high coherence. (c) ScanSAR 

interferogram of a wide area in central southern 

Louisiana showing variable coherence level 

throughout the study area. 

Everglades wetlands – The Everglades region in south Florida, once named “river of 

grass”, is a unique ecological environment.  Anthropogenic changes in the past 100 years, 

mainly for water supply, agricultural development and flood control purposes, have 

disrupted natural water flow and severely impacted the regional ecosystem. Currently, 

Everglades flow is controlled by a series of hydraulic control structures to prevent flooding 

and regulate flow rates, but which also suppress natural water level fluctuations, essential 

for supporting the fragile wetland ecosystem. This controlled Everglades environment 

provides a large-scale laboratory for monitoring and modeling wetland surface flow. 
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Due to limited data acquisition over southern Florida, at least in the early period of the 

project, we obtained a single StripMap pair, which allowed us to generate an interferogram 

over the northern Everglades and the northern part of the Miami metropolitan area (Figure 

4). This five month long interferogram shows good coherence over some of the wetlands 

and the urban area. However, some of the wetlands characterized by herbaceous vegetation 

(WCA-2A in Figure 4b) show no coherence. Similarly, the agricultural area in the 

northwest section of the interferogram is also incoherent. The luck of coherence over the 

herbaceous wetlands most likely reflects temporal decorrelation due to the relatively long 

temporal baseline of the interferogram (five months). The high gradient fringes at the 

northwestern section of WCA-2 represents phase changes due to water level changes, 

which occur in response to hydrologic structure operation. These patterns are similar to 

fringes observed in our previous studies of the Everglades wetlands using JERS-1 data 

[2,3]. 

 
 

Fig. 4 (a) The Everglades wetland study area. (b) 

StripMap interferogram showing high coherence 

over of Water Conservation Areas 1 and 2 (WCA-1 

and WCA-2A), as well as over the Urban area 

located between the wetlands and the ocean. 

Fig. 5 (a) Location map of data acquired over 

Cienaga Grande de Santa Marta (CGSM) 

wetlands in northern Colombia. (b) StripMap 

interferogram showing good coherence and 

localized pattern of phase changes due to wetland 

water level changes. (c) ScanSAR interferogram 

showing no coherence, due to no overlap in the 

bursts (d). 
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Ceinaga Garnde de Santa Marta (CGSM) – The CGSM is a protected wetland site 

consisting of the largest wetland complex on the Colombian Caribbean coast. This 

estuarine wetland complex forms the delta of the Magdalena River, the longest river in 

Colombia and is located between the two coastal cities of Barranquilla and Santa Marta. It 

is sadly remembered as one of the ecological catastrophes of the Americas. A road 

construction along the wetland’s perimeter blocked the natural hydrologic flow between 

sea and fresh water required for the natural functioning of the wetland’s ecosystems, caused 

hypersaline conditions resulted in a massive mortality of mangroves at the end of the 20th 

century. 

Our study of the CGSM includes the analysis of a single StripMap and two ScanSAR and 

interferograms (Figure 5). The StripMap interferogram is of a short temporal baseline (14 

days), which results in a high coherence level over the entire wetland area. The 

interferograms covers the entire CGSM and shows both long and short wavelength phase 

changes. The long wavelength changes reflects most likely tropospheric noise, whereas the 

short wavelength represent phase changes induced by water level changes across natural 

or man-made barriers, as roads and canals in  the northern part of the wetlands [12]. The 

ScanSAR interferogram covers a very large area in northern Colombia (Figure 5c). It show 

zero coherence, because there was no overlap in bursting during the two acquisitions 

(Figure 5d). 

 

Conclusions 

In this project we evaluated the suitability of ALOS-2 data for the wetland InSAR 

application, by analyzing StripMap and ScanSAR data acquired over four wetland areas in 

Alaska, Louisiana, the Everglades, and CGSM in Colombia. Our results revealed that 

StripMap data yield coherent detailed interferograms indicative of water level changes in 

wetlands. However, the ScanSAR interferograms yielded less valuable results. Two 

ScanSAR interferograms had zero coherence due to no overlap between their bursts. The 

third ScanSAR interferogram showed variable coherence level that varied along range. We 

conclude that additional research using ScanSAR data should be conducted to further test 

the suitability of this acquisition mode to the wetland InSAR application. 
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Figure 6. (Left) All 10 SM (SM2 and SM3) mode data are shown. Different colors indicate different 

tracks, and acquisitions with the same color were acquired in the same day.  The data is for flooding 

detection which was induced by Hurricane Irma in 2017. (Right) 4 SM mode acquisitions of the ALOS-

2 PALSAR for flooding study in Houston induced by Hurricane Harvey 
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1. INTRODUCTION

ALOS PALSAR-1&2 L-band SAR data is very useful for 

forest studies due to capability of the signal to penetrate 

into the vegetation layer. 

We studied forests in Asian and European parts of Russia 

and in Canada. Since 2019, we also examined an additional 

territory in the Far East of Russia in order to estimate 

parameters of the landslide on the Bureya River occurred 

in December, 2018 (the fourth test site). 

Time series of ALOS-1&2 SAR data allow revealing 

seasonal and slow processes in forest vegetation and 

underlying soil.  

2. MOSCOW REGION TEST SITE:

POLARIMETRIC CLASSIFICATION IN SPRING 

Podmoskovye (Moscow region) test site situated at a 

distance of 30 km to the north-east from Moscow includes 

coniferous forest (pine and fir), deciduous forest (birch) 

and mixed forest. Four years long time series of ALOS 

PALSAR images showed seasonal variation of RCS at HH 

polarization [1]. All types of natural surfaces shared low 

sigma-naught values in winter. In summer, the birch forest 

demonstrated 1-2 dB difference in comparison with the 

other forests. Very warm and dry summer in 2010 allow 

tracing the dynamics of RCS: gradual decrease from -8dB 

to -10dB for mixed and pine forests; from -9 dB to -11 dB 

for the birch forest; fall from -12 dB to -16 dB for the 

cutover. The latter test site was covered by pine till 2008, 

then a part of it was killed by bark beetle, so it was clear-

cut later. In 2009 and 2010, the area of cutover land 

increased.  

New ALOS-2 data for the Podmoskovye test shows the 

polarimetric classification results in 2017, 2018, and 2019. 

Figure 1 presents results of H-alpha polarimetric 

classification [2] for a forest and a clear-cut area. 

In the Fig. 1, upper part, one can see that the dominant 

scattering type for the pine forest is volumetric scattering 

(a layer of dipoles with medium entropy – “vegetation” 

class; and dipoles with high entropy – “forest volume” 

class). Other classes contain under 4% of the area pixels. 

Clear-cut area (Fig. 1, bottom) has nearly equal values for 

the vegetation class and rough surface class. In the 

observation dates, there is a second growth on it after 

cutting in 2008-2010.  

All three dates were not frosty with air temperature +2℃, 

+12℃, and +3℃, respectively in 2017, 2018, 2019, so we

don’t observe here any indications of the frost, in the 

opposite to the above mentioned ALOS-1 time series. 

Precipitation of medium rate (4 mm/3 hours) was reported 

on the April 11, 2019, other two dates were dry. Rough 

surface scattering class slightly increased on the rainy date 

for both regions of interest.  

Fig. 1 Polarimetric classification results for April dates 

in 2017, 2018, 2019, percent of pixel number. 
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Double-bounce classes are zero in the clear-cut, whilst 

there are 1-2% pixels of high entropy double bounce class 

and 3-4% pixels of medium entropy double-bounce class 

in the forest test site.  

Finally, the Bragg surface scattering is absent in the forest 

test site, but in the clear-cut there is 1-3% pixels of that type. 

Generally, in the weather conditions of the early spring in 

the region (no grasses or leaves on deciduous trees and 

bushes) polarimetric classification show changeless results.  

 

3. BAIKAL TEST SITE: POLARIMETRIC 

CLASSIFICATION IN DIFFERENT SEASONS 

 

Baikal test site is situated in Siberia, on the south-eastern 

beach of the Baikal Lake. There are coniferous (pine and 

fir) forest there, and also fields, meadows, pastures, and 

shrubby banks and islands in the delta of the Selenga River.   

Archive ALOS-2 data include 13 images acquired in full 

polarimetric mode. Figure 2 shows the location of these 

data takes.  

 

 

Fig. 2 Baikal Lake and data takes location. 

 

As the distance between scenes reaches 500 km, we 

examine independently four groups of adjacent scenes. 

Each group includes an image taken at frosty weather 

conditions, but the majority of observation dates were 

warmer. 

Figures 3 and 4 shows the polarimetric classification 

results for winter and summer data takes, respectively. It’s 

an entropy-alpha classification by S.R. Cloude and 

E. Pottier with 8 zones [2]. For natural targets, e.g. forests, 

two main classes are high- and medium entropy dipole 

scattering classes with alpha angle values around 45 

(green and light-green on Fig. 3, 4). For sparse forests 

fraction of surface-type scattering class is higher. Smooth 

non-forested terrains fall into low-entropy surface 

scattering class (deep blue), and rough surfaces shows 

medium entropy (blue).  

 

 

Fig. 3 Polarimetric classification for winter scenes. 

 

 

Fig. 4 Polarimetric classification for summer scenes. 

As one can see, winter classification maps (Fig. 3) 

demonstrate more surface-type scattering pixels (blue) than 

summer ones (Fig. 4). Plot on the Fig. 5 shows the 

percentage of main four classes. As we can see, vegetation 

class with dipole scattering mechanism and medium 

entropy dominates for all dates excluding two frosty days: 

20190408 in the 1st group (-8℃) and 20191211 in the 2nd 

group (-5℃). Other dates with non-positive temperatures 

were not very cold (20151017 with -2℃, 20170327 with -

1℃, 20170331 with 0℃, and 20170405 with -3℃), but 

still show slightly higher impact of one of surface classes 

in comparison with warmer dates. 

Group 2 includes a pair of observations with near 

temperatures (20180613 with +12℃ and 20170522 with 

+10℃), but a noticeable difference in the amount of the 

vegetation class pixels: 42% vs 51%. This change cannot 

be referred to a vegetation cycle, because in June the forest 

foliage is thicker than in May, so we can expect the 

opposite effect, if any. At the same time, the incidence 

angles for these two observations are different: 28 in June 

and 35 in May, therefore the signal pathways within the 

vegetation layer have different inclination and different 

length. 

Thus, negative air temperature and frosty conditions drop 

the amount of vegetation class pixels and increment the 

presence of the surface-type scattering classes. 

1 

2 

4 

3 
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4. CANADA TEST SITE: AIR TEMPERATURE 

AND INCIDENCE ANGLE 

 

Canadian test site in the neighbourhood of Watson Lake, 

Yukon. Long observation period from 2007 to 2016 allows 

estimate the dependence of decomposition parameters on 

weather conditions. All 25 scenes are covered by pine 

forest of different density with the exception of a number 

of clearings.  

In order to compare alpha and entropy values of the same 

area we selected 2 groups of our quad-pol radar images, all 

images in each group have the intersected part, so it is 

possible to find some regions of interest within it [3]. The 

first group consists of 5 images: 3 of them taken by 

PALSAR in 2007-2009 and 2 taken by PALSAR-2 in 

2014-2015). The second group contains 8 images (5 

PALSAR data takes and 3 PALSAR-2 ones). 

 

4.1. Group 1: forests vs bare soils 

 

Entropy and alpha angle mean values were estimated for 

four region of interests (ROI) of the first data subset 

(Group 1). Two ROIs are in the forest, and two are almost 

without trees. Fig. 6 illustrates difference between forests 

(ROI 1 and ROI 4) and non-forest (ROI 2 and ROI 3), as 

well as decreasing of alpha angle in the frosty date 

20091210 with daily average temperature –21℃. Let us 

note that only in June (20070604) and May (20150505) 

alpha angle for both forests is above 40-42 degrees (that is 

a threshold between surface and dipole scattering 

mechanisms). Entropy values (not presented in the figures) 

allow easily separate forest from non-forest as well, and all 

of them are between 0.5 and 0.9 (medium entropy zone), 

except for the same cold day 20091210: bare soil shows the 

lowest entropy of 0.4 on it. Entropy values for two forest 

sites are very close to each other with maximal difference 

between ROI 1 and ROI 4 that equal to 0.02, so alpha angle 

can be more suitable parameter for distinguishing forest 

types by means of temporal dynamics of their scattering 

properties. 

 

 

 

4.2. Group 2: different forests and deforestation 

 

The second data subset (Group 2) has only one field ROI, 

and 4 ROIs of different forests. Alpha values for non-forest 

region is between 20 and 30 degrees with increasing and 

decreasing that correspond to the temperature changes in 

general (see Fig.7, data available at Canadian web-archive 

http://climate.weather.gc.ca/historical_data/. Forest ROIs gives 

alpha values above 40 degrees for all dates except for two 

frosty ones: 20070402 and 20160117, when the air 

temperature was –11℃ and –13℃, respectively (they are 

the first and the last dates on the Fig. 7 and Fig. 8). In three 

warm dates (20070518, 20090609, 20150421) differences 

between alpha values are minimal for ROI1, ROI2, and 

ROI3. Our ROI4 (with diamond marks on the Fig 3) is 

remarkable: since 2014 it becomes closer to the surface-

type scattering. This ROI is located on a swamp between 

small lakes, and the amount of trees on it decreased since 

2014, so alpha decrease indicates deforestation here.  

As one can see on Fig. 7 and 8, the temperature drop 

corresponds to significant alpha decrease in the forest ROIs 

only in the case of zero crossing: 18℃ difference between 

20070402 and 20070518 results in alpha increasing from 

27 to 43 degrees, whereas 20 ℃  difference between 

20090407 and 20090609 corresponds to alpha increasing 

from 41 to 46 degrees.   

 

  
Fig. 6 Alpha angle values (degrees) for Group 1 

(observation dates are given in the format yyymmdd). 

 

 

 

 

Fig. 5 Fraction of main classes for 4 groups of data takes, percent (bold solid lines); air temperature for the 

observation dates, ℃ (thin solid line); incidence angle, degrees (crosses). 
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Fig. 7 Daily air temperature (Celsius degrees) for 

the Group 2 (observation dates are given in the format 

yyymmdd). 

 

 

 
Fig. 8 Alpha angle values (degrees) for Group 2 

(observation dates are given in the format yyymmdd). 

 

 

The ROI 1 (circle markers on the Fig. 8) gives the minimal 

temporal variations: it is the most homogenous and rather 

dense forest site. The ROI 3 (triangle markers on the Fig. 

8) is a forest with the lowest tree density, and, 

consequently, the highest impact of surface scattering with 

the highest temporal variations of alpha angle. 

 

4.3. Group 2: differences between PALSAR-1 and 

PALSAR-2 data 

 

Along with temperature dependence stated above there is 

difference between PALSAR-1 and PALSAR-2 

polarimetric decomposition results.  Notwithstanding the 

fact that for sub-groups containing PALSAR-1 images 

only or PALSAR-2 ones only show explicit dependence of 

the polarimetric classification results on temperature, this 

dependence is broken if we take into account the whole 

group. Using the group 2, we compared dates with similar 

season and temperatures that are close to each other (e.g., 

20070402 with –11.3℃  and 20150324 with –10.3℃ ; 

another pair: 20070518 with +3.4℃ and 20150421 with 

+0.8℃, see Fig. 9).   

Classification results in the Fig. 9 demonstrate that for 

PALSAR-2 we have an increasing amount of vegetation 

(dipole scattering mechanism) for both negative and 

positive air temperature. As one of differences in 

PALSAR-1/2 technical parameters is noise floor, we 

simulated thermal noise at 25 dB level for PALSAR 

20070402 image and PALSAR-2 20150324 image, adding 

white Gaussian noise. Comparing classification maps for 

initial images and images with 25 dB noise, we got the 

following results: the amount of pixels with Bragg surface 

scattering (low entropy) slightly reduced after introducing 

noise from 6% to 3% in PALSAR-1 image and from 3% to 

2% for PALSAR-2, the amount of pixels with dipole type 

of scattering (vegetation class) increased from 2% to 6% 

and from 39% to 43%, respectively. As for the main class, 

surface scattering with medium entropy, it remained the 

same (91%) in PALSAR-1 image and changed from 53% 

to 54% in PALSAR-2 images. 

 

 
Fig. 9 Differences between PALSAR-1 (left) and 

PALSAR-2 (right) classification maps. Green: dipole 

scattering; blue: surface scattering with medium 

entropy; dark blue: surface scattering with low 

entropy. 

 

Thus, we can see that known differences in noise level of 

PALSAR-1 and PALSAR-2 does not explain the 

differences in classification maps. Another suggestion lies 

in the geometrical field: our images were taken with 

different incidence angles: 21.5º for PALSAR-1 

observations and 30.4º for PALSAR-2 scenes. The steeper 

angle allows penetrating the vegetation layer and get more 

backscatter from the ground level, and, as a result, we can 

see that PALSAR-1 image classification indicates the 

surface scattering in the area where PALSAR-2 

classification shows dipole scattering type. 

The same effect we observed in the Fig. 1 (Section 2, 

Moscow region test site), where the incidence angle in the 

last observation was steeper than in the first and the second 

one (25.4 vs 33.1), which resulted in increasing the 

amount of surface scattering pixels for the both types of 

landcover. 
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5. BUREYA LANDSLIDE: POLARIMETRIC AND 

INTERFEROMETRIC PROCESSING 

 

The catastrophic landslide occurred on December 11, 2018 

on the southern bank of the Bureya River, Siberia. The 

length of the sliding surface of the landslide was about 

800 m, the width was about 400 m, and the volume of the 

removed ground was 18.5–18.9 million m3.  

Two ALOS-2 quad-pol images taken before the landslide 

event (November 28, 2018) and after it (December 12, 

2018) show clearly the impact: a dam across the riverbed; 

surface-type scattering on the surface of rupture and also in 

the opposite river bank, where trees were washed out by 

the tsunami-like wave [4]. 

The main unresolved issue is finding out the causes of the 

landslide and the time ground motions began. 

After processing the selected 42 pairs of PALSAR-1 and 2 

images [5] and analyzing the results, only 12 

interferograms were recognized as informative in 

accordance with the levels of interferometric coherence. 

Short time interval interferograms (with both observations 

within 1 year) show increasing displacement rates in the 

upper part of the landslide for the last years: about 2 

cm/138 days in 2006, about 1 cm/46 days in 2009 and 

about 4 cm/28 days in 2016.  

Longer temporal baseline pairs are in accordance with 

other observations: 14 cm displacement between 2007 and 

2009, 15 and 17 cm/2 years in 2008-2010, 23 cm/1 year in 

2015-2016 (fig. 10). 

 

 
 

Fig. 10 PALSAR-1&2 interferograms for Bureya: 

a) 20070108-20090228; b) 20080111-20100116; 

c)  20080226-20100303; d) 20150622-20160620. 

 

Figure 11 shows the displacements for all mentioned pairs 

of the SAR data measured by subtracting the phase 

difference in the landslide area from the phase of the 

surrounding stationary regions on the corresponding 

interferograms, in terms of the displacement along the 

landslide slope for 30 days. The differences between 

displacement velocities in pairs from the PALSAR-1 radar 

in 2006–2010 over the intervals from 46 to 782 days are 

low and almost constant. 

The values estimated from the PALSAR-2 data in 2015–

2016 are noticeably higher. The maximum velocity was 

observed in the summer of 2016 in the upper part of the 

landslide body; it exceeded 10 cm/month and approached 

those from the Sentinel-1 data at the beginning of winter 

2017–2018: 7 cm in 12 days, or 17 cm/month down the 

slope [6]. The results indicate that the velocity of landslide 

motion in summer is usually higher than in winter. 

The lowest measured velocity of motion was noted in the 

beginning of the observation period in 2006. The likely 

cause of the landslide process is filling of the reservoir 

(whose operating water level was reached in 2009) and the 

subsequent seasonal fluctuations in the water level. The 

maximum radial displacement (23 cm per year) was 

revealed at the end of the observation period using the 

PALSAR-2 data taken not long before the landslide event. 

 
Fig. 11 Average velocities at the head of the landslide 

and in the midslope from PALSAR-1&2 

interferometric observations. 

 

It is found that summer images are less informative due to 

a dramatic loss of coherence due to heavy rainfall; almost 

all winter pairs of images taken at low negative 

temperatures have high coherence due to the stability of the 

dielectric properties of wood vegetation and underlying 

soils. Based on the analysis of the dynamics of the 

development of the landslide process over a 10-year time 

interval, it is shown that soil displacements along the slope 

were small in 2006–2010 (1.6–1.9 cm/month); in 2015–

2016, the displacements increased significantly (4.7–4.9 

cm/month), and the maximum measured velocity of 

displacements was reached in the summer of 2016 (10.7 

cm/month). It has been suggested that intensification of the 

landslide process occurred at the time the filling of the 

reservoir basin was completed in 2006–2009; the process 

was triggered by both the initial rise and seasonal 

fluctuations in water levels. 
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1. INTRODUCTION

The purpose of this research is studying the use of ALOS-
2 PALSAR-2 imagery for aboveground biomass (AGB) 
vegetation estimation in different biomes, and biomass 
dynamics. For this RA6 we studied the water cloud model 
for AGB retrieval in savanna woodlands, the use of fully 
polarimetric L-band and multi-frequency SAR data to 
characterize AGB in different biomes, and explored the 
potential of temporal analysis to characterize the spatial 
distribution of forest disturbance and gain events, as well 
as long-term regrowth in tropical forests. 

2. MAIN RESULTS

2.1. Water cloud model for above ground biomass 
retrieval in savanna woodlands 

Although the statistical relationship between above ground 
biomass and radar backscatter described by an empirical 
model is quite strong, it fails to include the physics of 
scattering from the target area. This hinders widespread 
implementation of this model for biomass retrieval. To 
account for soil moisture in woody biomass estimation, the 
Water Cloud Model [1]; a semi-empirical model based on 
physics of radar scattering both from vegetation and soil 
moisture, is used. In this study [2], we analysed the 
effectiveness of WCM to improve the accuracy of biomass 
retrieval by proposing a suitable WCM formulation for 
biomass retrieval using L-band SAR at HV polarisation in 
miombo woodlands. Results indicated that WCM reduced 
biomass estimation uncertainties by correcting soil 
moisture effects compared to linear and exponential 
statistical models. The semi-empirical WCM was 
successfully interpreted to correct soil moisture effects in 
biomass retrieval from miombo woodlands using L-band 
ALOS PALSAR backscatter at HV polarisation. This 
formulation lead to the least calibration and validation 
uncertainties in biomass prediction 

2.2. Detecting and quantifying forest dynamics using 
SAR time-series data in Indonesia 

Mapping forest biomass stocks, deforestation, forest 
degradation and enhancement is crucial in order to 
determine the loss of carbon stocks due to disturbances (e.g. 
deforestation, fires) or the gain due to new forest or growth. 
Time-series observations identify decreasing or increasing 
trends of aboveground biomass carbon, and separate 
anthropogenic related changes from seasonal changes of 
vegetation. This is important for understanding the 
terrestrial carbon cycle and for supporting better forest 
management and policies. This study uses time-series data 
from L-band Synthetic Aperture Radar (SAR) JAXA’s 
ALOS PALSAR and ALOS-2 PALSAR-2 to quantify 
carbon loss and gain trajectories (emission / sequestration) 
of existing forests in West Java (Indonesia) [3].  

Fig. 1 Time-series of annual composites for a 
deforestation (above) and regrowth (below) event. 

Image from [3] 

A SAR time-series dataset is used to generate annual 
composites to be used as input for a superpixel clustering 
based on SNIC (Simple Non-Iterative Clustering) [4]. The 
clusters are then analysed using change-point analysis 
techniques [5], and trajectories to detect significant 
changes on the time-series and identify the date of the 
gain/loss events. Next steps will use GEDI LiDAR as 
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reference data to quantify changes in biomass, and other 
biophysical parameters. 
 
2.3. Multi-frequency radar imaging for the analysis of 
tropical forest structure in the Amazon 
 
ALOS PALSAR-2 data over Tapajos National Forest (Para 
State, Brazil) was used to integrate with the other SAR 
datasets from X band TanDEM-X, C band Sentinel 1 and 
geomorphometric information from SRTM to analyse the 
forest structure in that area as a pilot case. The main 
research goal is to develop a methodology to derive 
information on forest structure and floristics based on the 
polarimetric and interferometric variables from TanDEM-
X (X band), PALSAR-2 (L band), and Sentinel-1 (C band), 
integrated with geomorphometric data derived from SRTM 
(C band). This method will benefit the monitoring of forest 
communities, and estimates of biomass to understand the 
carbon biogeochemical cycling in tropical forests which is 
essential in the context of global climate change. This work 
is still in progress. 
 
2.4. Aboveground carbon stocks estimates in different 
types of tropical forests using full polarimetric ALOS-
PALSAR-2. 
 
We are evaluating the aboveground carbon stock 
differences, among four forests in tropical areas (Colombia, 
Brazil, Gabon and Mexico) using coherent and incoherent 
polarimetry attributes derived from ALOS PALSAR 2, and 
analysing the spatial distribution and the associated 
uncertainties to those estimates. This work is still in 
progress. 
 

3. LIST OF PUBLICATIONS RELATED TO THIS 
RESEARCH 

 
3.1 Peer reviewed papers 
 
• Santoro, M., et al.. “The global forest above-ground 

biomass pool for 2010 estimated from high-resolution 
satellite observations”. Earth Syst. Sci. Data Discuss., 
(2020), 1-38. 
 

• Rodríguez-Veiga, P., et al.. “Carbon Stocks and 
Fluxes in Kenyan Forests and Wooded Grasslands 
Derived from Earth Observation and Model-Data 
Fusion” (2020).  Remote Sensing, 12, 2380. 
 

• da Conceição Bispo, Polyanna, et al. “Woody 
aboveground biomass mapping of the brazilian 
savanna with a multi-sensor and machine learning 
approach." Remote Sensing 12.17 (2020): 2685.  
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3.2 Conference papers 
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1. INTRODUCTION

Assessment of forest aboveground woody biomass is 

essential for national and regional forest carbon stocks and 

carbon stock changes estimation and reporting. The use of 

remotely sensed data supports countries in advancing 

approaches to forest monitoring and management. The 

biomass estimation is very crucial for carbon accounting 

and sequestration thus better characteristic and reduction 

of uncertainties of aboveground biomass estimates is 

essential. This study is a part of the DUE GlobBiomass 

project funded by the European Space Agency (ESA). The 

aim of the GlobBiomass project is to better characterize 

and to reduce uncertainties of aboveground biomass 

estimates by developing an innovative synergistic mapping 

approach in five regional sites (Sweden, Poland, Borneo, 

Mexico, South Africa) for the year 2005, 2010 and 2015 

and one global map for the year 2010.  

In this research proposal, the ALOS-2 data was tested for 

the forest biomass retrieval. The main objective of this 

study was i) to examine the correlation between the forest 

inventory data, and ALOS-2 signal, ii) to develop an 

algorithm for AGB retrieval based on synergy of ALOS-2, 

Sentinel-1 and Sentinel-2 datat, and iii) to perform 

independent validation of the forest aboveground biomass 

map for the reference year 2015. 

2. STUDY AREA

This research was conducted at national and regional 

scale. In Poland, forest covers more than 91 thousand 

square kilometers. The forest is covered predominantly by 

coniferous forest, which is dominant tree species in the 

Polish forest, accounting for almost 69% of the total forest 

area. The predominant part of the Polish forest - 80.8% 

belongs to the public, out of which 77.0% is under the 

administration of the State Forest National Holding and 

2% belongs to national parks. The remaining 19.2% of the 

forest is privately-owned. The regional study was 

conducted in the eastern part of Poland, closed to 

Belarusian border. The area covered around 16 thousand 

square kilometres. The forest coverage in Poland and the 

extent of the regional study is illustrated in Fig. 1.  

Fig. 1 Forest distribution in Poland, polygon defines 

the extend of the regional study. 

3. REFERENCE DATA

A large-scale National Forest Condition Inventory data 

collected in the year 2015 and 2016 was used as a 

reference dataset for training and validating the model. 

The location of the forest inventory plots corresponds to 

the ICP Forests Programme (International Co-operative 

Programme on Assessment and Management of Air 

Pollution effects on Forests), which monitors forest on a 

systematic grid of 16 x 16 km [1]. Within each 16 x 16 km 

grid, 25 L-shaped groups of sampling plots located in a 

systematic grid of 4 x 4 km were established. The forest 

inventory plots are circular with radius equal to around 

12.6 m. For each sampling plot the growing stock volume 

(GSV) was calculated and converted into woody forest 

biomass using the IPCC approach based on biomass 

expansion factors (BEFs) and wood density (WD) 

following IPCC guidelines [2, 3]. The woody biomass was 

calculated for each sampling plot based on GSV of the 

dominant tree species. The plots that meet the following 

criteria were selected for further analysis: located at least 

100 m away from the forest edge, homogenous, lied on 

terrain with slops less than 5 degrees.  

The independent validation of the estimated forest biomass 

at national level was done using the State Forest Inventory 

database available at the forest stand level, at the two 

forest districts (Supraśl and Pieńsk). The conversion of the 

GSV at forest stand to the woody aboveground biomass 

was done in the same way as described above. 

Final Report on the 6th ALOS-2 Research Announcement 

749



 

4. SATELLITE DATA 

 

Aboveground biomass for the reference year 2015 at 

national scale was calculated based on synergy of ALOS-2 

mosaic and Sentinel-2 data and synergy of Sentinel-1 and 

Sentinel-2 data. A freely available ALOS-2 2015 and 2016 

mosaics of gamma naught (γ0 =  0 /cos, where  0 is 

the radar backscattering coefficient and cos is the local 

incidence angle) produced by JAXA at 25 m pixel spacing 

in HH and HV polarizations was used [4]. A multi-

temporal multichannel filter [5] using a 7x7 window was 

applied to all the annual mosaics. At this point, the 

remaining speckle effect was considered negligible. 

Aboveground biomass at regional scale was calculated 

using ALOS-2 (Stripmap Level 1.5).  

 

A time series of Sentinel-1 Dual polarization IW mode 

data acquired in the year 2015 and 2016. The Sentinel-1 

C-band SAR mission is designed as a two-satellite 

constellation providing data in dual polarisation. The pre-

processing chain of the Sentinel-1 data consisted of 

calibration, geocoding (using the SRTM DEM), 

radiometric normalization and conversion to  0 . The 

preprocessing was done using the ESA SNAP toolbox. 

Multi-channel filtering [5] for individual Sentinel-1 tracks 

was applied to reduce speckle effect. Next, the multi-

temporal sum and median for VV and VH polarizations 

separately for summer and winter images were calculated. 

 

A set of Sentinel-2 images acquired in the period 2015-

2016 was used to generate annual median value 

composites from good quality pixels for four spectral 

bands available originally at 10 m spatial resolution.  

 

For the aboveground biomass estimation at regional scale 

a couple of ALOS-2 images (FBDR1.5RUA) for the year 

2014, 2015, 2016 was ordered from https://auig2.jaxa.jp/. 

The spatial resolution was equal 6.25 m (UTM Zone 34). 

ALOS-2 data was pre-processed in the ESA SNAP 

toolbox, a multi-temporal multichannel filter [5] using a 

7x7 window was also applied. Finally the multi-temporal 

statistics (sum and median) were calculated. 

 

5. METHODS 

 

The estimation of the forests biomass was performed using 

the Random Forest (RF) Regression approach [6]. This is 

a machine learning algorithm approach that uses multiple 

self-learning decision trees to parameterize models and 

uses them to estimate variables. RF is an ensemble learning 

technique, where many decision trees are constructed 

based on random sub-sampling of the given data set. The 

RF model was calibrated using a set of training plots 

located over the entire forested area except mountains. 

70% of the reference sapling plots were used for training 

of the model and the remaining 30% for the validation of 

the model performance. The parameterization of the model 

was performed on 200 single trees in the forest. A set of 

explanatory variables: multitemporal sum and median 

calculated for different polarizations and 4 bands of 

Sentinel-2 was used to train the model at the national 

level. For the regional scale, the stack of Alos-2 and 

Sentinel- 2 was used as the input data to the model. 

 

6. RESULTS 

 

National scale 

 

The result of aboveground biomass modelling using a 

synergy of ALOS-2 mosaic and Sentinal-2 at national scale 

is presented in Figure 2. Figure 3 presents the scatterplot 

of reference versus estimated aboveground biomass 

values. In general, the biomass estimates tend to 

significantly  overestimate small values of aboveground 

biomass and increasingly underestimate larger values of 

biomass (greater than 100 t/ha). It is particularly 

observable over the forest clear-cuts, where biomass 

estimates reached values above 80 t/ha (Fig. 2). 

 

 

Fig. 2 Forest AGB estimated based on Alos-2 mosaics 

and Sentinel-2 data at the national scale 

 

Fig. 3 Scatterplot of estimated vs. reference forest 

AGB derived from Alos-2 and Sentinel-2 
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For comparison, the result of the AGB modelled at the 

national level using a synergy of Sentinel-1 and Sentinel-2 

data is presented in Figure 4. Figure 5 illustrates the 

scatterplot of reference versus estimated aboveground 

biomass values.  

 

 
 

Fig. 4 Forest AGB estimated based on Sentinel-1 and 

Sentinel-2 data at the national scale.  

 

 
 

Fig. 5 Scatterplot of estimated vs. reference forest 

AGB derived from Sentinel-1 and Sentinel-2. 

 
The biomass estimates derived from a synergy of Sentinel-

1 and Sentinel-2 show a saturation effect around 150-200 

t/ha, which is higher than has been reported for C-band [6, 

7]. In general the biomass estimates tend to increasingly 

overestimate small values of aboveground biomass (up to 

100 t/ha) but less than in case of Alos-2 mosaic and 

Sentinel-2. The higher biomass values greater than 250 

t/ha are increasingly underestimated. The overall RMSE 

value is equal to 60 t/ha [8]. The relative bias is lower, less 

than 20%, only for the middle biomass range. The second 

approach shows clear differentiation between the clear-

cuts and mature forest, which is close to the on the ground 

situation.    

 

The obtained results confirmed that modelling of the AGB 

using the ALOS-2 mosaic at national scale is challenging. 

Intensity difference between neighbouring strips caused by 

soil moisture difference or seasonal variability affects the 

results. It is particularly challenging if the reference data 

are distributed across different strips. The solution could 

be to model AGB per strips. This approach was performed 

in case of the Sentinel-1 data.  

 

Independent validation of forest aboveground biomass 

map for the reference year 2015 

 

The independent validation of the biomass estimates 

preformed at the forest stand level confirmed quite good 

agreement between the estimated forest biomass and 

biomass calculated from the inventory data for the selected 

forest stands. The results of the independent validation at 

stand forest level performed over two State Forest 

Districts (Supraśl and Pieńsk) presented in Figure 6. The 

best agreement was found for biomass ranging between 

150-200 t/ha, which is the dominant range of the forest 

biomass in the Polish forest. The saturation effect was 

more pronounced for broadleaved forest then for the 

coniferous forest. 

 

 
 

 
 

Fig. 6 Scatterplot of estimated against reference forest 

aboveground biomass at stand level (total biomass per 

stand) over Supraśl (above) and Pieńsk (below) forest 

district. 

751



 

The independent validation of the biomass estimates 

performed at the forest stand level confirmed quite good 

agreement between the estimated forest biomass and 

biomass calculated from the inventory data for the selected 

forest stands. 

 

Regional scale 

 

At the regional scale, the result of the AGB estimation 

using a synergy of ALOS-2 data and Sentinel-2 data is 

presented in Figure 7. The overall RMSE error was equal 

to 75 t/ha. 

 
Fig. 7 Scatterplot of estimated vs. reference forest 

AGB derived from Alos-2 and Sentinel-2 

 

The result of the AGB estimation using a synergy of 

Sentinel-1 and Sentinel-2 data is presented in Figure 8. 

The overall RMSE was equal to 74 t/ha.  

 
Fig. 8 Scatterplot of estimated vs. reference forest 

AGB derived from Sentinel-1 and Sentinel-2 

 

The estimates derived from the Sentinel-1 data showed the 

high level of variability over the lower biomass values, 

which can be explained by different backscatter 

mechanisms, soil moisture and structure of young forest. 

The lower biomass was better estimated using Alos-2 data. 

In case of estimation of higher biomass, the saturation 

effect was visible at around 100 t/ha for the Alos-2 data 

and around 50 t/ha for Sentinel-1.  

 

Summary  

 

General the biomass estimates tend to increasingly 

overestimate small values of aboveground biomass and 

increasingly underestimate larger values of biomass. This 

behavior was observed in many forms of data fitting 

approached [7]. The overestimation of the low biomass 

can be caused by different backscatter mechanisms, soil 

moisture and structure of forest understory. Further 

analysis is required to understand the behavior of the radar 

signal in the low-biomass forest and to improve the 

biomass estimate in less dense forest.  
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1. INTRODUCTION

The area burned by a fire and the severity are two key 
descriptors of forest fires. Fire severity is directly related to 
the amount of vegetation consumed by fire, and the 
regeneration rates of vegetation after a fire [1]. This 
removal of vegetation is a contributing factor to post fire 
erosion [2]. Quantifying fire severity can be difficult, and 
improving the accuracy of the assessment will aid in post 
fire restoration efforts. Current methods of assessing fire 
severity are usually limited to on-site visual inspection of a 
post fire landscape [3], or the use of satellite and aerial 
images to quantify severity over larger areas. For satellite 
image analysis, the Normalized Burn Ratio (NBR) is a 
common spectral index used to assess fire severity [4,5]. 
NBR uses the near-infrared and mid-infrared spectral 
regions to create a normalized index. The difference 
between pre- and post-fire NBR (differential NBR, dNBR) 
has been shown to be more effective at describing fire 
severity than the differential Normalized Difference 
Vegetation Index (dNDVI) [6]. Related to dNBR is the 
Relative differenced NBR (RdNBR). Miller and Thode [7] 
proposed RdNBR as an improved version of dNBR. And 
radar has also been used to find the forest recovery by HV 
change through the time [8]. Radar burn ratio (RBR) and 
radar forest degradation index have been utilized for fire 
severity [9]. And windthrow and insect outbreak has been 
detected by these indices [10].  

Which index is better at describing fire severity is 
dependent on several factors [1, 9, 10, 11]. The deviation 
of the indices from on the ground assessments of fire 
severity can be related to seasonal and topographic 
conditions [12]. In such instances, the indices can have a 
limited capability to accurately characterize fire severity 
[13–15]. 

On the ground, one of the most widely used methods to 
characterize fire severity is the Composite Burn Index (CBI, 
[3]). The CBI is mainly derived from visual estimation and 
subjective judgement and is a simple and fast approach. 
However, CBI is prone to observer bias. The values are 
influenced by the observers’ knowledge of the local 
ecosystem and ability to accurately assess several forest 
structure measurements [16]. It is still unknown how 
structural components of the post fire forest influence the 
spectral signatures detected by satellites, as well as the fact 
that CBI assigns a severity value from both overstory and 
understory vegetation assessment. 

To model the structural components of   a   post   fire 
forest   in   relation   to   RdNBR, Miller and co-authors 
[17] used the Forest Vegetation Simulator (FVS, [18]). The 

FVS was used with data from the US Forest Service’s 
Forest Inventory and Analysis (FIA) to simulate forest 
structure attributes for a range of variables. FVS was 
accurate in modeling resultant forest structure attributes for 
high severity fires, but failed in moderate and low severity 
burns. There is a need for high-resolution quantification of 
three-dimensional forest structure in relation to fire 
severity. For this study, a terrestrial laser scanner is used to 
produce objective and highly detailed 3D scans of forest 
structure at various levels of fire severity. 

Three-dimensional point clouds acquired through TLS 
have been used in numerous ecosystem studies, including 
tree stem reconstruction [19,20], measuring biomass of 
saplings [21], determining leaf angle and distribution [22], 
quantifying canopy gaps [23], and various other ecological 
applications [24]. Fine scale measurements from TLS have 
also been used for forest inventory [25], biomass allometry 
[26], and tree species identification [27]. Using multi-
temporal TLS data, small changes in tree height have been 
quantified [28], as well as spring phenology [29], crown 
competition [30], and biomass [31]. TLS has also been 
used previously to detect forest structural change caused by 
fire [32]. TLS has proven to be a valuable tool in not only 
quantifying above-ground biomass and structure, but also 
measuring fine scale change. 

The objective of this study is to utilize terrestrial lidar 
to quantify and compare forest structure attributes with the 
spectral signatures of Landsat satellite images and radar 
burn ratio. This study notably proposes a technique to 
compare the forest structure in different height strata with 
burned and unburned reflectance from satellite images. 

2. STUDY SITE

The study site was located at Wood Buffalo National Park 
(WBNP) in Northwest Territories and Alberta, Canada. 
WBNP became a national park in 1922 and is a 
designated wildlife refuge. Lightning is the major source 
of forest fires [33,34], and the park is located within the 
area known as the fire hot spot of Canada [35,36]. The 
dominant tree species are Jack pine (Pinus banksiana 
Lamb.), aspen (Populus tremuloides Michx.), balsam 
poplar (Populus balsamifera L.), white spruce (Picea 
glauca (Moench) Voss), black spruce (Picea Mariana 
(Mill.) BSP), and tamarack (Larix laricana (Du Roi) 

K. Koch).
3. METHODOLOGY
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Species composition and stand density are major factors 
that influence the spectral signature of an area. A change in 
the spectral reflectance observed by a satellite between 
either two different sites, or the same site at different times, 
is likely due to differences in species composition or stand 
density. The area of our study, i.e., within the boreal forest 
biome, is covered mainly by homogeneous stands of the 
same age and species. The spectral signature of the area is 
thus also mainly homogenous, unless altered by some 
disturbance event (e.g., fire). The area largely consists of 
native forest stands that have been self-thinning and 
undergoing a natural succession process [37,38]. Forest 
succession entails a relatively simple structural change, and 
stand development can be related to the spectral change. 

The spectral change due to fire is derived from pre- and 
post-fire Landsat image analysis using the Google Earth 
Engine platform. The structural components of the forest 
are measured using a Terrestrial Laser Scanner (TLS) to 
generate a 3D model of the area. The scans were taken in 
September of 2016.  

To identify the spectral change, both dNBR and RdNBR 
are calculated. Our area of interest covered 44,807 km2 
requiring several Landsat image tiles to cover the extent. 
We utilize Google Earth Engine (GEE) to visualize and 
analyze the satellite imagery and use the GEE servers to 
compute dNBR and RdNBR. The use of an online platform 
greatly speeds up the processing and spares us the onerous 
task of downloading and processing gigabytes of image 
data [39]. To compute dNBR and RdNBR, pre- and post-
fire dates need to be identified. However, the fires 
happened in different times and places within our 44,807 
km2 study site. To identify the location and date of each 
fire, a composite imaging technique is used to make pre- 
and post-fire images. The composite image technique uses 
a stack of time-series images to select and store the pixel 
value when the criteria are matched. In this study, NBR 
values are stored when NDVI is maximum for pre-fire 
condition and NBR is minimum for post-fire condition. 
This process is conducted within the study area using 
multi-temporal Landsat 8 images with a 16-day revisit 
cycle during the year of 2016. The images are only selected 
during the fire season from June 1st to October 1st. Using 
this date range, we avoid erroneous values caused by snow 
on the ground in spring and winter. An unburnt area has a 
high NDVI value while the same area post fire has a low 
NBR value. The difference between those values is used to 
produce dNBR and RdNBR values for each pixel. 

The backscattering coefficients of L band radar has been 
proceeded by ALOS 2 radar images. The dual polarization 
(HH and HV) images of 2016 have been collected over the 
TLS scanning area.  And radar forest degradation index 
(RFDI) was computer by the following equation (1). 

 
RFDI = (HH – HV) / (HH + HV)     (1) 

 
Where HH and HV means the backscattering coefficient in 
power units [8].  

The dNBR, RdNBR, and RFDI values are compared to 
structure measurements obtained with TLS. The portable 
laser sensor TX5 (Trimble Inc., Sunnyvale, CA, USA) is 
used for data collection. The 3D scan data has the potential 
to quantify the structural differences more accurately 
between unburned and recently-burned sites, compared to 
human visual observation. The position of the scan 
locations is recorded with a consumer grade GPS unit 

(Montana 600, Garmin Inc., Olathe, KS, USA) with a 
location error of 5 m. This locational error is far less than 
the half pixel size of 30 m Landsat imagery. The TX5 TLS 
system uses phase shift detection to generate 3D points and 
the horizontal and vertical scan line resolution is set to 
0.0167◦. 

Within our study site, there is a road network bisecting 
the park in north/south and east/west directions. The TLS 
locations are chosen along this road network for ease of 
data collection. A systematic random sampling method is 
used to select sites to cover the diverse range of tree height 
and species within the large WBNP area. The scanner 
collects data every 10 km along the road. The scanning 
locations are at least 30 m away from the road 
(perpendicular to the angle along the road) to insure the 
scan location is within a Landsat pixel that does not include 
reflectance from the road. The total 32 TLS scans were 
collected during Sept. 2016 and covered the diverse 
structural range from unburned sites to sites with high 
severity burn (Figure 1). All TLS scanning locations (n = 
32) are divided into two groups: unburned plots (no fire 
since 1981, n = 21) and recently burned plots (most recent 
fire within the last 3 years, n = 11). Historical fire dates are 
determined using a fire map provided by the Canadian Park 
Services. 

A multi-step process is used to derive structural metrics 
from the 3D TLS point clouds. A Digital Terrain Model 
(DTM) is created from the raw 3D point cloud using the 
climbing and sliding method [40]. The height of the points 
is normalized using the derived DTM. Only points within 
a 15 m radius of the scan position are used. A 15 m radius 
provided a point density sufficient to generate DTMs and 
is the plot size suggested by the CBI field protocol. The 
CBI field protocol includes cover change estimation, 
species identification, dead or live judgement, color change 
assessment, and soil disturbance estimation. They are not 
directly comparable to the number of voxels. However, the 
3D data can contribute structure measurements by height 
strata. The structure assessment is a major factor to 
determine CBI values. Therefore, this study is not aimed to 
compare values between CBI and TLS 3D data. The CBI 
data needs to be collected twice: right after fire for Initial 
Assessment (IA) and one year after fire for Extended 
Assessment (EA). Our field samplings were not collected 
right after fire. The timing to take our data is different from 
CBI. 

To quantify the vertical forest structure of the scan sites, 
voxels are created at a 0.25 m resolution. The voxel size is 
fitted to the average stem diameter of this study site. A 
voxel is created when there is a laser return point located 
within a 0.25 m3 grid cell. The number of voxels at 
different height strata is counted. There are four height 
strata adapted to this voxel analysis from the original CBI 
definition: 0 m to 0.5 m (ground surface), 0.5 m to 1m 
(shrubs), 1 m to 5 m (shrubs and understory), and 5 m 
above (overstory trees). The number of voxels at each 
stratum is correlated with the spectral reflectance measured 
by Landsat. The voxel is used rather than counting the 
number of raw returns, because the voxel approach can 
reduce the bias caused by the distance from the sensor and 
normalizes point density as points are inherently dense and 
close to the TLS sensor. 

A linear or non-linear (2nd order polynomial) equation 
is fitted to the distribution between counted voxels and 
(spectral and radar) indices. Both equations used in this 
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study are assessed with R2 values to indicate how strong 
the correlations are. Moreover, hypothesis tests are applied 
to test the difference between the linear and non-linear case. 
The t-test is used for the linear case and Shapiro-Wilk 
normality test is used for the goodness of fit for the non-
linear case. Both cases used a significance level of 0.05. 
The statistical tests are indicated by p < 0.05 (a significant 
t-test result) for the linear case and p > 0.05 (a not-
significant result with Shapiro-Wilk normality) for the 
non-linear case. 

4. RESULTS 
 
There were 32 TLS scans in total. Eleven of these were in 
recently burned plots and 21 in unburned plots. There was 
a linear relationship between the total number of voxels 
within each scan in the unburned plots, and satellite derived 
dNBR (R2 value of 0.54, p value < 0.05) and RdNBR 
values (R2 value of 0.60, p value < 0.05) (Figure 1). In the 
burned plots, there was a non-linear correlation with R2 
values of 0.75 (p value > 0.05) and 0.73 (p value > 0.05) 
for dNRR and RdNBR respectively (Figure 1).  And there 
was no relationship in the unburned plots (R2 value of 
0.0557, p value < 005) and there was a non-linear 
correlation with R2 values of 0.53 (p value > 0.05) between 
the total number of voxels within each scan and radar based 
index, RFDI  (Figure 1). 
 

5. DISCUSSION 
 

Comparing dNBR values with RdNBR and the total 
number of voxels per plot (Figure 1), the range of RdNBR 
was wider than the range of dNBR because of the effect of 
including pre-fire vegetation conditions in the equation.  

The dNBR and RdNBR are relative measurements 
between pre and post fire NBR. If the site has experienced 
no fire, they are presumed to be zero. However, there were 
some changed values at unburned plots in Figure 1. This 
shows an advantage to using high precision 3D data to 
detect small changes in that height stratum. This method is 
useful to describe ecological response to fire in burned 
plots and structural development in unburned plots. 
Through this process, the specific height strata related with 
the spectral change are identified by the stronger 
correlations. 

For burned plots, the relationship between counted 
voxels and spectral indices was non-linear (Figures 1) and 
was related to the ecological responses of the site 
conditions. High value change (in x axis of Figures 1) with 
low voxel count (in y axis of Figures 1) characterizes the 
severely burned sites immediately after fire; middle 
spectral change with high voxel count means live 
vegetation remained after fire; and low spectral change 
with low voxel count means no vegetation recovery after 
fire. 

The utility of a 2D severity map from spectral indices 
such as dNBR and RdNBR and radar based RFDI is limited 
to assess severity. With 3D ground observations, the 
spectral change can be addressed by structural change. A 
good example of this application is fire refugia. The 
vegetation recovery takes different trajectoris with the 
initial structure remaining after fire. The severity 
assessment with 3D ground observation helps to 
characterize the difference. 

Three years were required to detect an ecological 
response at this study site. The severity is measured by the  

 

 

 
 

 
RFDI value 

Fig. 1 The relationship between the total number of 
voxels at each plot and (a) dNBR, (b) RdNBR, (c) 
RFDI values (marker ●: recently burned plots, ◆: 
unburned plots, the bold fonts of R2 values are 
statistically significant for the linear case and not-
significant for the non-linear case with a significant 
level of 0.05).   

 
most immediate fire effects as an immediate assessment 
and additional responses of initial severity as an extended 
assessment. The duration of vegetation recovery depends 
on the ecosystem and the climate of the site. The recovery 
rate is slow in boreal forest region and the recent fire 
burned with high intensity. With high intensity fire and 
slow vegetation recovery, the spectral and structural 
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change observed over burned plots is more related with 
ecological response. The three year interval was needed to 
detect the ecological response for fire severity. Monitoring 
ecological response after fire is an important application of 
TLS ground observation. 

With regard to TLS ground sampling, one third of 
samples only came from burned plots. In this study site, the 
sampling locations were limited to places along the roads 
due to difficult accessibility. The number of burned plots 
facing roads were more limited than the number of 
unburned plots. That is why only one third of samples were 
from burned plots. The ground sampling strategy can be 
improved to capture more diverse fire severity. 

A TLS limitation for collecting ground forest 
structure data includes occlusion of laser returns by forest 
obstacles within the scanning view angle [41,42]. In this 
study, a sampling approach is applied that isn’t dependent 
on capturing occlusion free 3D data [19,20]. Our sampling 
strategy was to compare 3D data among plots by using a 
single scanning location. Multiple-scans per plot would be 
better to capture more complete structure measurements as 
occlusion is eliminated, but multiple scans invite more 
sampling variation with additional factors of scan 
positioning and angle being introduced. The single 
scanning strategy has been adopted to compare different 
vertical vegetation profiles and describe different structural 
conditions [43]. Calders and co-authors found that a single 
scanning was enough to describe various vertical plant 
profiles. This TLS study does not aim to provide absolute 
accuracy in tree measurements of the sites, but the results 
provides more accurate “relative differences” among plots 
without any subjective judgement, which could not be 
achieved by conventional visual estimates. This 3D ground 
truth is needed more in validating fine scale, post fire 
change when being estimated by high-resolution optical 
[44] and radar images [8]. 
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1. INTRODUCTION

This is the final report of ALOS-2 RA-6. Climate change, 
in addition to human activity, impact ecosystem 
distribution and structure at local to global scales. Remote 
sensing technology provides the ideal tools to assess the 
occurrence of these changes in the both the spatial and 
temporal domains. Repeat-pass imaging of forest, in 
particular, provide two types of radar observations: 
polarimetric changes in backscatter and repeat-pass radar 
interferometry. We propose to develop a methodology to 
detect and assess structural variations in forest structure 
spatially and temporally using L-band repeat-pass 
backscatter and interferometry from ALOS-2.  

Our specific objectives were to Process ALOS-2 time-
series to characterize forest structure with land cover 
classification and above ground biomass, and detect 
changes. We developed method using radar backscatter, 
InSAR  coherence and phase generated from repeat-pass 
interferometry over a variety of forest sites.  

2. RADIOMETRIC CALIBRATION

We performed radiometric terrain correction (RTC) of 
ALOS-2 products to produce consistent backscatter 
regardless of terrain slope.  We use the methodology as 
outlined in [5,6] to perform a two-stage correction.  The 
first step is to scale the received backscatter by an 
illuminated area factor.  The second step is a follow-up 
correction using a look-up table to further reduce variations 
in backscatter due to look angle or terrain slope over 
forested areas.  This extra correction step over forested 
areas makes the corrected backscatter products particularly 
useful for above-ground biomass estimation, forest change 
detection, or other terrestrial ecology applications. 

Figure 1 shows an example of ALOS-2 HV backscatter 
before and after applying the radiometric terrain correction. 
In the corrected image the appearance of slopes and other 
terrain features is greatly reduced, allowing backscatter 
values to be analyzed and compared independently of the 
underlying ground topography.  Our RTC algorithm has 
been applied to all the ALOS-2 data used in this report. 

(a) 

(b) 

Fig. 1 Demonstration of radiometric terrain correction 
of ALOS-2 data over Laurentides Wildlife Reserve, 
Québec, Canada.  (a) Original ALOS-2 HV sigma-
nought before correction. (b) ALOS-2 HV gamma-
nought after correction is applied. 

3. LAND COVER MAPPING IN
MANGROVE FORESTS
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Over the Pongara National Park in Gabon, there are rich 
mangrove ecosystem and various types of mangrove trees. 
The ALOS-2 data provide the possibility to look at this area 
using the perspectives in Polarimetry and Interferometry. 
We use the products from both PolSAR and InSAR to look 
at the sensitivity from different types of mangrove tress to 
propose a classification framework [3]. From the InSAR, 
we incorporate the HH-coherence with 14-day temporal 
baseline as in Fig. 2a. From PolSAR, we perform the 
Freeman-Durden decomposition and incorporate the 
volume scattering and double bounce products to the 
analysis as in Figs. 2b and 2c. We use a limited area from 
Landsat-8 derived landcover map to establish the decision 
tree for the landcover classifier shown in Fig. 3. The 
classifier is then applied to the entire area as shown in 
Figure 4 to locate tall mangrove, short mangrove, dwarf 
mangrove, and dry forest. We validate our classification 
with the Landsat-8 derived landcover map. We show that 
the boundary between mangrove and forested areas are 
highly differentiated indicating such L-band products are 
invaluable for mangrove monitoring. The model discussed 
here is easily interpreted and can serve as a reference for 
future classification models to map mangroves from L-
band imagery.  

 

 
(a) 

 
(b) 

 
(c) 

Figure 2: InSAR and PolSAR products over Pongara 
National Park in Gabon (a) HH coherence with 14-day 
temporal baseline, (b) volumetric scattering proportion 
in dB scale (c) double bounce scattering proportion in 
dB scale.  

 

Figure 3: Rules for the decision tree for the land cover 
classifier derived from Landsat-8 derived landcover 
map using a limited area. 
 

 
Figure 4: Retrieved land cover maps using the rule 
from the decision tree.  
 

4. WATER LEVEL CHANGE AND 
DECORRELATION STUDY 

 
We evaluated the capabilities of spaceborne L-band 

InSAR to retrieve water surface level change in wetlands 
using ALOS-2 data [4]. This is a very important aspect of 
wetland ecosystems that need to be monitor to improve 
models of productivity and sediment transport. This study 
also supports modeling efforts for NASA’s Delta-X project. 

Figure 5 shows a calendar map of coherence with 14-
day temporal baseline from HH polarization during 2016 
to 2019. The observed seasonal trend over the wetlands 
shows high coherence in the winter (November to 
February) and low coherence in the summer (May to 
September).  

 

 
Figure 5: HH-coherence with 14-day temporal baseline 
from ALOS-2 scansar images. The time format for each 
sub-picture is in YYMMDD. The first and second dates 
are for the main and the secondary images. 

 
Figure 6 shows the interferograms for the same pairs 

as in the above coherence calendar maps. The color 
represents the wrapped interferometric phase while the 
brightness shows the magnitude of coherence. The phase is 
relative and wrapped. To apply the phase difference for 
water level change retrieval, we have performed phase 
unwrapping and phase corrections using ground control 
points. In most case we observe (Figure 6) a significant 
InSAR phase response to change in water level 
immediately south of the Gulf Intracoastal Waterway 
(East-West river channel). The phase response is not as 
clear in the southern most region characterized by 
herbaceous marshes. 760



 

 
Figure 6: HH-interferogram with 14-day temporal 
baseline from ALOS-2 scansar images. The time format 
is the same as Fig.5. 
 

Our analysis shows that water level changes in 
wetlands only work in the presence of trees. That is because 
of the stronger double-bounce microwave scattering that 
improves performance of the water level change retrieval. 
In the swamp (i.e. forested wetlands), it exhibits large 
double-bounce scattering signal. At Coastwide Reference 
Monitoring System (CRMS) stations over the swamp (Fig. 
7), the water level change retrieval performed well as 
shown in Fig.8 by the validation against in situ water level 
change data from CRMS stations. 
 

 
Figure 7: Land cover from the National Land Cover 
Database (NLCD2011) shows emergent herbaceous 
(marshes) and woody (swamps) wetlands within the 
study area, located within the Atchafalaya basin of 
coastal Louisiana, USA. The location of the Coastwide 
Reference Monitoring System (CRMS) stations are 
shown as white and yellow dots (white dots: swamp, 
yellow dots: fresh marsh). Red dots show the locations 
of the ground control points (GCPs) and validation 
point (VAL). 
 
 

 

Figure 8: Water level change retrieval validated over 
the swamp in Wax Lake wetlands against in situ 
measurement from CRMS stations. 
 

5. LAND COVER CHANGE  
 
We present a flexible methodology to identify forest loss 
in synthetic aperture radar (SAR) L-band ALOS-
2/PALSAR-2 images [2]. Instead of single pixel analysis, 
we generate spatial segments (i.e., superpixels) based on 
local image statistics to track homogeneous patches of 
forest across a time-series of PALSAR-2 images. This 
method is applied to time-series of ALOS-2 radar images 
over a boreal forest within the Laurentides Wildlife 
Reserve in Québec. We evaluate four spatial 
arrangements including 1) single pixels, 2) square grid 
cells, 3) superpixels 
based on segmentation of the radar images, and 4) 
superpixels derived from ancillary optical imagery (e.g. 
Landsat). Detection of forest loss with superpixels 
outperform single pixel and regular grid methods, 
especially when superpixels are generated from ancillary 
optical imagery. Results are validated with official 
Québec forestry data and Hansen forest loss products. Our 
results indicate that this approach may be applied robustly 
to monitor forests across large study areas with L-band 
radar instruments such as PALSAR-2. In Figure 9, we 
show the workflow associated with our method.  

 
 

Figure 9: Schematic of Change Detection 
Algorithm. 

In Figure 10, we show the study area, the training area, 
and an ALOS-2 tile. In Figure 11, we show the results of 
the time series in an area. The white areas are no data 
areas due to significant slopes that were masked. Our 
methodology uses simple features so that this change 
method can be adapted for other forest sites and other L-
band image stacks. We demonstrate the use of superpixel 
segmentation in our change analysis to improve 
computational efficiency, reduce speckle, and 
incorporate optical information. The latter point actually 
showed the greatest improvements to our results as can be 
seen in Table 1. 
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Figure 10: Location of test images 

 

 
Figure 11: Detected land forest changes through the 
time-series. 

 
Table 1: Results of Change Detection 

 
Table 2: ALOS2-ID for downloaded images 

 

 
Figure 12: Validation Set (L) and Estimates (R) 

 
Figure 13: AGB Ref. (a) and AGB estimation (b). 

 
Table 3: Results of AGB Estimation 

 
6. USING COHERENCE TO IMPROVE 

ESTIMATION OF ABOVE GROUND BIOMASS  
 
We propose a framework to estimate high above ground 
biomass (AGB) from L-band SAR imagery leveraging 
spaceborne lidars such as GEDI or ICESat-2 and repeat-
pass coherence using ALOS-2 [1]. Our results indicate we 
are able to overcome model saturation typically associated 
with purely backscatter methodologies. We validate our 
approach using lidar-derived AGB maps from the 
AfriSAR datasets at Mondah, Ogooue, and Lope. We 
apply our framework to UAVSAR and ALOS-2 imagery 
to obtain 50 meter resolution biomass maps. We 
obtain < 60% nRMSE (in some cases much better) with 
negligible relative bias using a multiscale random forest 
model.  We illustrate that the inclusion of coherence can 
significantly improve high AGB estimation particularly at 
the coastal site Mondah (Gabon). Figure 12 references the 
setup in which we have samples from the reference set 762



(shown in white) and the reference is compared to the 
estimates from our modeling shown in Figure 12. The full 
map over Mondah is shown in Figure 13.  
 
Our results are shown in Table 2, demonstrating that 
inSAR coherence, in particular, can provide significant 
improvements to estimate high biomass compared to 
biomass estimates generated from SAR backscatter alone. 
Our multiscale model is able to capture spatial 
correlations and leverage such correlations. 
 
 

7. CONCLUSION 
 
This ALOS-2 RA-6 proposal demonstrated the versatility 
of ALOS-2/PALSAR-2 when using backscatter images 
and InSAR coherence. This research enhance the ability of 
ALOS-2 to detect, monitor and assess change in canopy 
structure in a variety of ecosystem types, even in very high 
biomass regime encountered in the tropics. We 
demonstrated the power of ALOS to: 1) detect change in 
forest cover, 2) improve aboveground biomass estimates in 
tropical forests, 3) perform repeat-pass interferometry to 
characterize phenology and 4) measure water level change 
in wetlands.   
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1. INTRODUCTION

This study focused on innovative applications of Synthetic 
aperture radar (SAR) and Interferometry SAR (InSAR) 
technologies to address three distinctly different Earth 
science problems, which are much less studied regions 
using the SAR geodetic techniques. These three scientific 
problems are the high elevation permafrost region over the 
Qinghai-Tibetan Plateau, the highest plateau in the world, 
with an average of 5 km altitude, and its high-mountain 
downstream region in the river delta of Bay of Bengal, the 
Sundarbans mangrove forest wetland. The Sundarbans and 
is the largest single block of tidal halophytic (salt water) 
mangrove forest in the world, covering an area of 10,000 
km2, and is located in southern Bangladesh and the 
southern part of West Bengal state in India. The third 
scientific problem is study the vulnerability over coastal 
Bangladesh by observing polders displacement, which will 
support the Government of Bangladesh (GOB) Coastal 
Embankment Improvement Project Phase-1 (CEIP–1).  

2. MAPPING ACTIVE LAYER THICKNESS
CHANGES IN NORTHERN QINGHAI-TIBETAN 

PLATEAU 

Permafrost is defined as the perennially frozen ground (soil 
or rock) that remains at or below the freezing point of water 
(0 °C) for at least two years [1; 2]. Overlying the 
permafrost is the active layer (AL), which is the top layer 
of soil or other Earth materials that are subject to seasonal 
thawing during summer and freezing again during autumn 
[3]. The AL plays an important role in the surface energy 
balance, carbon exchange, ecosystem, hydrological cycle, 
and landscape process in cold regions. The active layer 
thickness (ALT), the thaw depth in permafrost regions due 
to solar heating of the surface, is extremely sensitive to 
climate change. It varies due to air temperature, the 
amplitude of ground surface temperature, the duration of 
summer, the thickness and thermal properties of alpine 
vegetation, and the snow cover, etc. [4]. 
It has been widely accepted that the amount of ice/frozen 
grounds on Earth is decreasing [5; 6]. There are distinct 
evidences suggest that permafrost extent is thawing and 
active layer thickness is increasing due to the permafrost 

temperature rising. The permafrost temperature in 
Northern Alaska has increased by 2–3 °C since the 1980s 
[7; 8]. In the Russian Arctic region, the permafrost 
temperature increased about 1–2 °C during the last few 
decades [9]. Evidences from these monitoring sites 
indicated that ALT has been increasing over Russian Arctic 
regions [10]. 

On the Qinghai-Tibetan Plateau, the temperature of 
permafrost along the Qinghai-Tibet highway (QTH) has 
been monitored from 1996 to 2006 with an average 
increase of about 0.43 °C during the past decades and the 
mean rate of permafrost temperature rise was 
approximately 0.02 °C·yr−1 from 2006 to 2010 along the 

Fig 2.1. The data coverage map of ALOS-1 PALSAR 
along the QT railway (white line). The light blue dots 
represent borehole sites and background map is SRTM 
DEM. 
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Qinghai-Tibet railway (QTR). Global warming and the 
subsequent rise in the geothermal gradient have caused the 
top of the permafrost layer to undergo secular degradation. 
The permafrost is a major reservoir of water and organic 
matter that decays into greenhouse gases. When permafrost 
is frozen, organic carbon can’t decompose, or rot away, 
while with temperature rising, microbes begin 
decomposing this material and greenhouse gases like 
carbon dioxide and methane are released during this 
process. As permafrost thaws, the permafrost extent is 
decreasing globally and large areas of permafrost will 
eventually disappear, which will cause greenhouse gases 
that trapped in permafrost, especially methane, slowly be 
released to atmosphere [11; 12].  

In recent years the interferometric SAR (InSRA) technique 
has been widely used to monitor vertical surface 
displacement caused by freezing and thawing process of 
the AL in permafrost regions, since it is able to sense 
surface deformation with several mm accuracy over 100 
km wide swath, which makes it a promising tool to map the 
ALT and its changes [13; 14; 15]. The long-term trend of 
ALT change is crucial to monitoring permafrost 
degradation which could have profound effects on the flux 
of greenhouse gases [16; 13]. Thus, combining with in situ 
methane emission measurements, InSAR estimated ALT 
change rate could be an alternative approach to detect 
methane release over a large region. 
Here we show some updated results of using InSAR to 
estimate AL thickening rate over QTP along the QTR. Fig 
2.1. Shows the data coverage map of ALOS-1 PALSAR 
along the QTR (white line). The light blue dots represent 
the monitoring network along the QTR which include 27 
borehole sites and background map is SRTM DEM. We 
used standard differential InSAR (DInSAR) method to 
generate differential interferograms and estimated vertical 
ground surface displacement for each InSAR pair. Then a 
sinusoidal model was introduced to estimate secular land 
deformation rate and seasonal displacement from DInSAR 
measurements, as the surface deformation in the 

permafrost area exhibits characteristics of both long-term 
linear deformation and seasonal undulation [14; 15]: 
𝐷 = 𝐷!"#$%&'() +𝐷*'+*"#+! +𝐷' Eq. 1 
𝐷!"#$%&'() = 𝑎1 × 𝑡  Eq. 2 
𝐷*'+*"#+! = 𝑎2 × )sin -,-

.
× 𝑡,. − sin -

,-
.
× 𝑡/.0 +

𝑎3 × )cos -,-
.
× 𝑡,. − cos -

,-
.
× 𝑡/.0 Eq.3 

𝐷' = 𝑎4 × 𝐵 Eq.4 
Where D is the InSAR observed displacement between t1 

and t2; t is time interval (t2-t1); a1 is secular land 
deformation rate; a2 and a3 are estimated parameters for 
seasonal deformation; 𝐷' is phase caused by DEM error; B 
is perpendicular baseline between the two SAR 
acquisitions. 
Then we compared InSAR derived long-term deformation 
rate with in situ ALT thickening rate at 27 borehole sites to 
find a linear relationship between these two components. 
Fig. 2.2 shows the comparison between InSAR derived 
land surface deformation rate and in situ AL thickening 
rate. Then we used the relationship to estimate the Alt 
changing rate, shown in Fig. 2.3. 

 
3. MONITORING WATER LEVEL CHANGES IN 

THE SUNDARBANS, BANGLADESH 
 
Coastal estuaries, which connect ocean coasts, wetlands, 
and land regions, play an important role in the ecology, 
hydrology, ocean circulations, and environment of coastal 
regions. Wetlands cover more than 4% of the Earth’s land 

 
Fig 2.2. Comparison between InSAR derived land 
surface deformation rate and in situ AL thickening 
rate. 

 
Fig 2.3. Active layer thickening rate over study regions 
along the QTR from ALOS PALSAR. 
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surface and are typically located in low-lying areas along 
the edges of lakes and rivers, or in coastal areas protected 
from waves [17]. Because of the flourishing of various 
aquatic plants in it, and its ability to provide habitats for a 
wide range of rare animal species, wetlands have been 
considered as the most biologically diverse of all 
ecosystems, which is distinct from other landforms or 
water bodies. 

 
Fig. 3.1 location of study region in the Sundarbans 
mangrove forest wetland. 

For wetland applications, SAR backscatter coefficients 
from polarimetric or non-polarimetric spaceborne or 
airborne SAR platforms have mostly been employed for 
land cover classification and for delineating inundated 
areas in large river basins or wetland areas. Only a few 
studies have focused on the variation of radar backscatter 
associated with wetland water level changes [18]. Recent 
studies have found that it is possible to estimate water level 
change in wetlands through analyzing the relationship 
between SAR backscatter coefficient and water level 
measurements from gauge and altimetry data [19; 20]. 

 

 
Fig. 3.2 (a) Sundari tree (Heritiera littoralis); (b)-(d) 
local photos of river channels and wetlands 
[GoogleEarth].  

The Bangladesh Delta is the largest deltaic region in the 
world at the confluence of the mighty Ganges, 
Brahmaputra, and Meghna (GBM) rivers.  Bangladesh is a 
South Asian country adjacent to India and Myanmar 
located in the floodplain of the GBM river basin. It is the 
world’s 8th most populous country, home to over 15 
million people, with a high growth rate of over 0.5 million 
people per year. It is also among the most densely-
populated regions in the world. Because of the low 
elevation of Bangladesh, where 75% of this country is less 
than 10 m above sea level while 80% is floodplain, the 

country is one of the most flood-prone countries in the 
world, where about 26,000 km2 (around 18% of the 
country) is flooded each year. 
Our study region is located in the Sundarbans Mangrove 
forest wetland which covers about 10,000 square 
kilometers (Fig. 3.1). In Fig. 3.1, it shows the location of 
study region in the Sundarbans mangrove forest wetland, 
wetland classification from CIFOR 
(https://www2.cifor.org/global-wetlands) and ALOS-1 
PALSAR coverage. The background image is from 
Landsat. The grey rectangles represent the coverage of 
ALOS-1 path 504, 505, 506 and 507 ©JAXA/METI ALOS 
PALSAR L1.0. Accessed through ASF DAAC). Here we 
also used ALOS-2 155-440, 155-430, ©JAXA ALOS-2 
PALSAR2 L1.1.).  

 

 
Fig. 3.3 (up) LOS range changes for different time 
intervals: 1) 42 days, 2) 364 days, and 3) 658 days from 
ALOS-2 PALSAR2. (bottom) shows the averaged 
coherence value over mangrove forest in our study 
region at the coastal region of Bangladesh from ALOS-
1 (up, 19 InSAR pairs with perpendicular baseline less 
than 500 m) and ALOS-2 (bottom, 45 InSAR pairs).  

The Sundarbans is intersected by a complex network of 
tidal waterways, mudflats and small islands of salt-tolerant 
mangrove forest. The characteristic tree of the forest is the 
sundari (Heritiera littoralis), from which the name of the 
forest has probably been derived (Fig. 3.2 (a)). The 
interconnected network of waterways makes almost every 
corner of the forest accessible by boat (Fig. 3.2 (b-d)). In 
our research, we focus primarily on using ALOS PALSAR 
SAR/InSAR data to monitor coastal wetland water level 
change within the Sundarbans. 
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Fig. 3.4 Comparison between ALOS SAR 
backscattering coefficients and water height from 
Envisat virtual stations (VSs). Comparison between 
averaged ALOS SAR backscattering coefficients and 
water height from Envisat virtual stations (VSs). 

In recent years, SAR and InSAR techniques have proven 
effective as an alternative remote sensing approach to 
observe water level conditions over flooded vegetation [17; 
19; 20]. Both applications of SAR and InSAR for wetland 
water-level monitoring are based on the fact that the 
dominant backscattering mechanism in wetlands is double-
bounce backscattering, where the radar signal is initially 
reflected away from sensor by the water’s surface, towards 
a tree trunk or other vertical structure and then directly 
reflected toward the sensor. At the same time, in inundated 
forests, there are two other backscattering mechanisms: 
canopy surface backscatter and volume backscatter that 
includes backscattering from multiple path interactions of 
canopy. Fig. 3.3 (up) LOS range changes for different time 
intervals: 1) 42 days, 2) 364 days, and 3) 658 days from 
ALOS-2 PALSAR2. (bottom) shows the averaged 
coherence value over mangrove forest in our study region 
at the coastal region of Bangladesh from ALOS-1 (up, 19 
InSAR pairs with perpendicular baseline less than 500 m) 
and ALOS-2 (bottom, 45 InSAR pairs). Coherence can be 
maintained in mangrove forest for over two years, which 
suggests that the dominant scattering mechanism is double-
bounce backscattering. 

 

 

 

 
Fig. 3.5 the estimated water level height for each ALOS-
1 PALSAR observations.  

After getting the negative linear relationship between water 
level height and backscattering coefficient from L-band 
SAR images and Envisat observations, we applied this 
simple model to estimate the water level height in our study 
regions. Fig. 3.5 shows example of estimated water levels 
over our study regions in Sundarbans. As we expected, our 
results showed a strong seasonal pattern of water level 
height beneath mangrove forests. As can be seen in the 
figure., water level is generally higher in the wet season 
(June to October) than it is in the dry season (November to 
February) through most areas of mangrove forest, while in 
other dates during March, May and November, the water 
level beneath mangrove forests is typically affected by 
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local weather conditions. And on average, the water level 
in our study region is about 1 to 2 m during the dry season 
and 2 to 5 m during the wet season, a reasonable result 
based on prior water height observations from Envisat 
altimetry. 

 
Fig. 3.6 time series of water level from Saral/Altika and 
backscatter coefficients from ALOS-2 PALSAR2 
imageries for two VSs. 

Since Envisat has been ended in 2012, we used 
SARAL/AltiKa water level time series to calibrate ALOS-
2 intensity images. Fig. 3.6 shows time series of water level 
from Saral/Altika and backscatter coefficients from ALOS-
2 PALSAR2 imageries for 2 VSs. Because of time span of 
two datasets, the overlapping time period is about 1 year, 
and the available observations are limited. Here we applied 
the negative linear relationship from ALOS-1 and 
calibrated backscatter coefficients of ALOS-2 data 
(http://www.eorc.jaxa.jp/ALOS-
2/en/calval/calval_index.htm), to estimate water level in 
mangrove forest. 
 

4. LAND DEFORMATION MONITORING USING 
PSINSAR OVER BANGLADESH COASTAL 

REGIONS 

Bangladesh is a densely-populated, low-lying country 
which located at the Bay of Bengal in South Asia. One-
third of the country is vulnerable to flooding because large 
areas of coastal settlements are situated just above sea-
level. The Government decided to construct polders 
surrounded by embankments along the entire coastal belt 
to protect the people and agriculture of the coastal zone and 
crops from tidal inundation and saline water intrusion and 
release a large extent of land for permanent agriculture. In 
recent years, the Bangladesh Water Development Board 
(BWDB) has prepared to improve the coastal 
embankments. Therefore, it is considered critical to 
monitor the changes of Bangladesh coastal region, 
including the long-term embankment (polders) subsidence, 
to mitigate or to adapt to coastal vulnerability due to sea-
level rise and seasonal monsoonal flooding hazards. 
 
PSInSAR is a technique, which aims at ground 
deformation mapping with millimetric precision over areas 
with dense vegetation or with large deformation rates that 
may cause temporal and geometrical decorrelations of 
pixels. The Permanent Scatterers (PS) are high radar 
reflecting objects for which spectral response does not 
change significantly during different acquisitions. 
Dispersion due to temporal and geometrical decorrelation 
phenomena is thus minimized using PS as measurement 
points. Fig. 4.1 shows land deformation rate over 

Bangladesh coastal areas (polder 13-15, 35) estimated from 
ALOS-PALSAR (2008-2011). Each dot represents a PS 
pixel. Positive means uplift and negative represents 
subsidence. 

  
Fig. 4.1 shows land deformation rate over Bangladesh 
coastal areas (polder 13-15,  35) estimated from ALOS-
PALSAR (2008-2011). 
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1. INTRODUCTION

The hydrologic variation (changes in water level) of 

wetlands makes them the most productive habitat in our 

ecosystem [1], [2]. This same hydrologic variation, 

however, often limits the availability of resources provided 

by wetlands to wetland-dependent organisms in that they 

may be dry when organisms are most dependent on them 

[2]. This variation in inundation of wetlands makes 

accurately developing restoration goals based on the 

resource needs of wildlife populations difficult. Although 

we have an adequate estimate of the total acreage of 

wetlands, we are unable to estimate the acreage of wetlands 

that are inundated by water and, thus, truly available to 

wetland-dependent organisms at the time when they are 

needed [3]. For example migratory waterfowl are likely 

most dependent on wetlands in the central mid-migration 

regions of the US during spring migration [3]. Thus, to 

provide resources for waterfowl, wetlands would need to 

be inundated by surface water from mid-February to mid-

April. Similarly secretive marsh birds and wading birds 

require wetlands in the Midwest United States for breeding 

during May - July while migratory shorebirds require 

wetland for autumn migration during July - September; 

wetlands would need to be inundated by standing water for 

them to be of value to these organisms during these periods 

of time [4], [5]. Currently, no estimates of proportion of 

wetland inundation during these biologically important 

periods are available. Exacerbating these habitat 

assessment problems, wetlands are often covered with 

various levels of vegetation, making it difficult to estimate 

water inundation from aerial photography or optical 

satellite imagery[6].  

Currently, in the Midwestern United States, we 

have no estimates of the proportion of wetlands that are 

unavailable for use by wetland dependent organisms at a 

large scale due to lack of hydrologic inundation or invasive 

vegetation cover during biologically important periods. 

One potential way to derive estimates is the use of synthetic 

aperture radar (SAR), which is an active remote sensing 

technology that uses radiation in the microwave spectrum 

[6]. This radiation is at much longer wavelengths than 

optical imagery (cm scale vs. µm scale). Longer 

wavelength radiation is better able to penetrate through 

clouds and smoke, allowing for data collection regardless 

of atmospheric conditions. This capability can provide data 

during rainy seasons when optical imagery might not be 

very useful [7]. The radiation can also penetrate vegetative 

canopies, but reflects from surface water, larger 

obstructions, and to a lesser extent, saturated soils. This 

differential reflection sets up the potential for a double-

bounce effect, wherein radiation that bounces off of water 

and then vertical objects, or vice versa, is reflected back to 

the satellite as backscatter, resulting in high intensity 

returns [8]. When radiation hits calm open water, it is 

reflected away from the satellite, resulting in a low return. 

When the radiation penetrates dry vegetation, there may 

still be a double-bounce effect, but its intensity is lessened 

by scattering at the soil surface. The intensity of the return 

can therefore be used as an indicator of inundation: if the 

return is very high, or very low, the surface is likely 

inundated [6].  

A satellite with an appropriate sensor must be 

chosen for a project seeking to use SAR; one of the primary 

determinants of which sensor is used by investigators is the 

SAR band. The wavelength of radiation is classified into 

different bands. The most commonly used bands for 

remotely sensed SAR imagery are (with typical 

wavelengths): C (~5.6 cm), L (~23.5 cm), and P (~68.2 cm) 

[9]. Just as SAR microwave radiation is better at 

penetrating clouds and vegetative canopies than optical 

imagery due to its longer wavelength, the penetration by 

SAR varies among bands, with longer wavelength bands 

having more penetrative ability. The vegetative cover types 

of the study area must be taken into consideration when 

selecting bands. P-band SAR is not commonly used for 

inundation studies, despite evidence that it has greater 

canopy penetration than L-band [10], [11]. This may be 

partly due to the limited availability of P-band sensors. L-

band returns of relatively high intensity have been reported 

for inundated forests comprised of bottomland hardwoods, 

pines, cypress-tupelo, and mangroves [6]. C-band imagery 

is not as capable in densely forested areas, but is preferred 

for wetlands dominated by herbaceous vegetation [12] and 

is also capable in sparse woody vegetation [13] because L-

band may not reflect off of the smaller vertical 

obstructions.  

The PALSAR-2 sensor aboard the ALOS-2 

satellite is an L-band satellite launched in 2014, continuing 

the L-band observation started with JERS-1 in 1992 and 

Final Report on the 6th ALOS-2 Research Announcement 
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PALSAR in 2006 [14]. It features multiple modes with 

sufficient resolution to evaluate inundation at the Illinois-

wide scale and features multiple polarity options including 

dual-pol and quad-pol modes. The transmission and 

detection of the SAR radiation can each be polarization 

specific: vertical or horizontal. Early SAR utilized one or 

two of the possible combinations: VV, VH, HH, HV, where 

the letters represent the transmission and detection 

polarizations, respectively. Each polarization combination 

produces different values depending on the surface 

detected. Like-polarized imagery such as HH or VV is 

often preferred for inundation studies because it results in 

a greater contrast of backscatter between inundated and 

non-inundated areas than cross-polarized imagery [7], [15]. 

A common method for estimating inundation in SAR 

imagery is to use the intensity values from like-

polarizations. This can be done through thresholding [6] or 

using classification algorithms such as Random Forest 

[16]. Additionally, evaluations of multi-temporal imagery 

can provide insight into inundation regimes of the wetland 

areas [17].  

Different scattering mechanisms can also be 

detected in polarized imagery, wherein the polarization of 

emitted radiation is transformed by the time it returns to the 

sensor. The occurrence of phase shifts has been modeled 

[18], [19] and used to aid classification [20], [21]. The 

degree of the shift may be influenced by the vegetation 

composition [22], the geometry of the reflector, or 

differential scattering between polarizations [23]. Most 

modern SAR sensors utilize two (dual-pol) or four 

combinations (quad-pol). Mathematical decompositions of 

quad-pol imagery can increase inundation classification 

accuracy by allowing the discrimination of different 

scattering mechanisms [24]: specular reflection from 

smooth surfaces, rough scatter from single bounce returns, 

volume from multi-directional backscatter by understory 

vegetation, and double-bounce scattering from dihedral 

reflectors, such as inundated trees [25], [26]. Effective 

wetland inundation and land cover classifications have 

been performed using the Freeman-Durden decomposition 

[24], Shannon entropy and surface scattering [27], and 

H/A/α or H/α [28], among others. 

A fusion of multiple remote sensing methods 

might be the best way to increase accuracy. For example, 

an L-band SAR image may fail to reveal inundated 

emergent vegetation, but a C-band SAR image of the same 

location might show a double-bounce. The Sentinel-1 

mission from the European Space Agency has collected C-

band SAR during a similar period to PALSAR-2, allowing 

dual satellite mapping. Combinations of remote sensing 

data types have been used to map wetland presence and 

vegetation types. Fusion of C-band, L-band and Landsat 

imagery provided 94% accuracy for a classification of 

wetland vegetation type and inundation [13]. C-band, 

Landsat, and optical VHR imagery have been used to 

develop the Canadian Wetland Inventory [29], [30]. 

Evaluations showed that adding SAR data increased 

wetland classification accuracy in the inventory [31]. 

LiDAR has also been used to correct for the effects of 

vegetation on SAR returns [23] and fusion of the two has 

been used determine flood extent [32]. Both C-band and L-

band SAR have been successfully combined to map both 

wetland type and inundation [33]. Combining the strengths 

of the multiple sensors appears to be the best approach to 

inundation monitoring, but doing so requires complex 

classification methods to handle the multiple data sources.  

We seek to use SAR and Sentinel-1 imagery to 

refine our estimates of wetland inundation in the state of 

Illinois. A successful model will allow wetland and wildlife 

managers to monitor the availability of wetland habitat at a 

level previous unattainable. For the overall project, we plan 

to use inundation mapping from ground surveys to train 

and test classifications of PALSAR-2 and Sentinel-1 

imagery of Illinois during the period 2015-2018. The 

ground survey is most extensive within the extent of one 

PALSAR-2 scene along the Kaskaskia River, mapped and 

imaged during low-water and during a flood event. Using 

this scene and ground survey data, we aim to use the trained 

classifier to classify the 200-250 PALSAR-2 scenes during 

the study period and distributed throughout the state that 

we were granted through RA-6. We will then use additional 

ground survey data to validate the additional classifications 

and will use the resulting classifications to evaluate 

patterns of inundation (i.e. extent, seasonality). For this 

specific manuscript, we discuss preliminary attempts to 

classify the PALSAR-2 imagery from the Kaskaskia river 

as we work toward methodology for classifying the 

additional imagery. 

 

2. METHODS 

 

We used handheld GPS to map inundation status (i.e. 

inundated or not-inundated) and vegetation type (i.e. 

woody, herbaceous, or open) throughout National 

Wetlands Inventory wetlands (NWI; [32]). Ground surveys 

were conducted within 1 week of scene collection during 

two different periods: low water (August 28, 2015) and 

flood event (May 5, 2017). No substantial changes in 

inundation or river stage occurred within the collection 

periods. Herbaceous and open classes were combined, 

resulting in four classes: inundated open/herbaceous, 

inundated woody, not-inundated open/herbaceous, and 

not-inundated woody.  

 We tasked and purchased quad-pol PALSAR-2 

L1.1 stripmap scenes from August 1, 2015 and May 5, 

2017 and obtained dual-pol Sentinel-1A L1 GRD scenes 

from August 19, 2015 and May 4, 2017. Using ESA SNAP 

v8.0, we applied thermal noise reduction, orbit file, border 

noise reduction, calibration, and speckle filtering (Lee 

Sigma 7x7) to the Sentinel-1 imagery. We calibrated, 

speckle filtered, and terrain corrected the PALSAR-2 

imagery for classification based on backscatter intensity. 

The flood PALSAR-2 scene was calibrated, decomposed 

(H/A/α and Freeman-Durden), speckle filtered, and terrain 

corrected for classification based on the decomposition 

results. Sentinel 1-A and Palsar-2 intensity results were 

collocated for dual-satellite classifications. 

 We used random forest to classify the various 

products using the ground survey data for training. We also 

attempted to use a Wishart classifier with the polarametric 

data. We clipped results to the extent of wetlands listed in 

the NWI. Thus far, we have quantified overall training 

accuracy and qualitatively evaluated the resulting 

classifications. We will further refine our methods before 

evaluating classification accuracy with a subset of the 

ground survey data in the future. 

 

3. RESULTS 
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 Our ground surveys classified 1133 ha of 

wetlands during low water (Fig. 1A) and 1728 ha during 

the flood event (Fig. 1B), after removing 15-m buffers to 

account for GPS drift. 

  

 

 
Fig. 1 Subset of ground survey data from A) low-water 

and B) flood periods on the Kaskaskia River. The 

river and associated oxbow wetlands are located on 

the west side of this view and a permanent power plant 

reservoir is located on the east side. Buffers of 15 m 

were removed from all polygons to reduce the 

influence of GPS drift. 

  

We classified PALSAR-2 and a combination of PALSAR-

2 and Sentinel-1 imagery using random forest. Among 

backscatter intensity-based classifications, overall training 

accuracy was highest for the dual-satellite flooded scene 

(96.76%; Fig. 2D), then the PALSAR-2 flooded scene 

(86.7%; Fig. 2B), dual-satellite low-water scene (81.1%; 

Fig. 2C), and finally the PALSAR-2 low-water scene 

(67.38%; Fig. 2A). Qualitatively, the classification of the 

PALSAR-2 flooded scene most closely represented the 

extent of inundated woody cover while the dual-satellite 

classification of the low-water scene best represented the 

extent of inundated open/herbaceous. 

 

 

 
Fig. 2 Subset of classified imagery with riverine 

wetland adjacent to a reservoir. Areas outside the 

National Wetland Inventory were masked. 

Classifications A and B are based on quad-pol 

intensity of PALSAR-2 image for low-water and flood 

periods, respectively. Classifications C and D are 

based on quad-pol intensity of PALSAR-2 and dual-

pol intensity of Sentinel-1 images from the same 

periods as A and B. 

 

Because we will be using the classifier trained from one 

or both of these scenes on scenes from other dates and 

locations, we explored using the classifier from each date 

on the other scene. Qualitatively, they both were effective 

in characterizing the general status of inundation in the 

vegetation; the classification of the low-water scene had 

little inundation in the woody areas and the flood scene 

had substantial inundation in the woody areas. They each 

had omission issues with the inundated open/herbaceous 

class being misclassified as not-inundated for the lake 

area in the low-water scene (east side of Fig. 3A) and for 

the oxbow ponds in the flood scene (west side of Fig. 3B). 

 

 
Fig. 3 Subset of classifications of PALSAR-2 quad-pol 

intensity trained from A) flood imagery applied to 

low-water period imagery, and B) low-water period 

imagery applied to flood imagery. Areas outside the 

National Wetland Inventory were masked. 

 

Finally, we explored classifications based on polarimetric 

decomposition products. We were unable to classify the 

polarimetric products using Wishart distance due to 

software issues, but we will be attempting to resolve these 

issues for future evaluations. We used random forest to 

classify the polarimetric decomposition products of the 

flood scene. The training accuracy was higher for the 

classification using Freeman-Durden double-double 

bounce and volume scattering components (81.84%; Fig. 

4A) than using H/A/α components (80.28%; Fig. 4B). 

Qualitatively, the classification using Freeman-Durden 

components more closely resembled the status of the 

wetlands during the flood event. The H/A/α included 
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Not-inundated woody
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Inundated woody

Not-inundated woody

Masked

Inundated open/herbaceous

Not-inundated open/herbaceous

Inundated woody

Not-inundated woody

772



substantial inundation, but grossly misclassified inundated 

open/herbaceous as inundated woody.  

 

 

 
Fig. 4  Subset of classifications of PALSAR-2 quad-pol 

imagery using A) double-bounce and volume 

scattering components from Freeman-Durden 

decomposition, and B) H/A/α decomposition. Areas 

outside the National Wetland Inventory were masked. 

 

 

4. DISCUSSION 

 

Overall, the inundation classifications coarsely followed 

the expected trends with more inundation detected during 

the flood event than during the low-water period. Training 

accuracies mostly exceeded 80%, but we have not yet 

performed full accuracy assessments with independent 

data, so do not have a complete understanding of 

classification accuracies. Our qualitative evaluation 

revealed several misclassification issues with cover type, 

inundation type, or both. In general, all classifications 

underestimated the inundation, showing not-inundated 

areas during the flood event when those areas were quite 

rare. 

The classifications that we present here have been 

clipped to the NWI wetland extents, but the classifications 

themselves were performed on the entire scene along with 

additional ground surveys outside the NWI area. The 

classifications outside the NWI during the flood event 

showed extensive flooding in agricultural fields despite 

those fields not being flooded. It is possible that the fields 

were saturated with water and that our classifications failed 

to discriminate between the returns from saturated soils and 

those from inundated soils. Our ultimate goal is to estimate 

the total inundated area available to migratory birds in 

these areas, so restricting classifications to only the NWI 

wetlands would likely underestimate available habitat. 

Inundated agricultural fields can serve as important 

foraging sites for some migratory waterbirds in this region 

[5]. Thus, we will need to refine our classifications both 

within and outside the NWI extent.  

 We have neither exhausted classification 

approaches nor have we refined imagery preprocessing, so 

there remain multiple options for improving 

classifications. Many of our granted scenes are of the same 

locations at multiple times, so we will explore methods that 

leverage the temporal component, such as multi-product 

speckle filtering, change detection, and min-max 

inundation for seasonality information [17]. Of the 250 

scenes granted under RA-6, 190 are processed at L1.1, the 

same as our purchased training scenes, allowing us to 

further explore polarimetric decompositions and 

classifications. Upon resolving software issues, we plan to 

attempt Wishart classifications of the polarimetric 

products, which have been demonstrated as a highly 

accurate method for classifying wetlands [28]. We have 

explored some potential topographic derivatives used in 

other studies to refine results, including height-above-

nearest-drainage (HAND; [28]), slope [34], and 

topographic wetness index [35], but none have perfectly 

discriminated among potentially inundated areas and areas 

without potential for inundation within our study area. It is 

possible that more general, lower resolution derivatives of 

those products will be more useful to generally represent 

floodplain areas and upland areas. Finally, although our use 

of Sentinel-1 imagery did not appear to improve our 

classifications in these scenes, it may be because the 

wetlands in these scenes were dominated by woody 

vegetation. C-band imagery may prove more useful in 

classifications of wetlands with substantial areal coverage 

by herbaceous vegetation [12], which are found in other 

regions of Illinois [36]. 
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1. INTRODUCTION

Climate change is one of the most important phenomena 
currently affecting the worldwide crop production. With 
insufficient precipitation amounts and a significant 
increase in the evapotranspiration rates due to higher 
temperatures, water demand for crop cultivation has been 
increasing in the last two decades. In the year 2025, the 
global crop production in irrigated areas is expected to 
reach 80%, an increase of 50% from the year 2000, as 
estimated by the FAO. As a result, irrigation is the main 
contributor in the freshwater consumption. However, with 
water shortages, new agricultural policies should be 
adapted to sustain crop production with the increase in the 
population food demands, as well as preserving water 
resources.Synthetic Aperture Radar (SAR) data has been 
exploited to deal with mapping irrigated areas. The key 
element in the usage of the SAR data for irrigation mapping 
is the surface soil moisture (SSM) values that has been 
widely demonstrated to be correlated with the radar 
backscattering coefficients. 
The objective of this project is to investigate the potential 
of ALOS in L-band for the retrieval of surface roughness 
and soil moisture in agricultural areas. This report 
summarizes the various works carried out within the 
framework of this project. 

2. SYNTHESIS OF RESEARCH CARRIED OUT

2.1. Comparative analysis of the accuracy of surface soil 
moisture estimation from the C- and L-bands [1] 

Surface soil moisture (SSM) estimation is of great 
importance in several areas, such as hydrology, agriculture 
and risk assessment. C-band SAR (synthetic aperture 
radar) data have been widely used to estimate SSM, 
whereas few studies have been performed using L-band 
SAR due to the low availability of L-band SAR data. In this 
context, the objective of the present paper is to compare the 
SSM estimation potentials of the C- (Sentinel-1) and L-
bands (PALSAR) for wheat and grassland plots. The 
inversion approach developed in this study uses neural 
networks to invert the SAR signal and estimate the SSM. 
For each radar frequency, the developed neural networks 
were trained using the following as an input vector: SAR 
incidence angle, SAR polarization (VV for the Cband and 
HH for the L-band), and NDVI from optical images. 

Artificial Neural networks (ANNs) were developed and 
validated using synthetic and real databases. The results 
showed that the L-band provided slightly less accurate 
SSM estimates than the C-band. Moreover, the results 
showed that the accuracies of the SSM estimates for both 
frequencies strongly depended on the soil roughness 
(Hrms) and SSM values. From the synthetic database at 
SSM values less than 25 vol.%, the ANNs underestimated 
the SSM for Hrms values less than 1.5 cm and 
overestimated the SSM for Hrms values greater than 1.5 
cm. In addition, the ANNs underestimated the SSM value
regardless of the Hrms value when the SSM value was
greater than 25 vol.%. An RMSE analysis of the SSM
estimates showed that the highest RMSE values were
observed for the L-band regardless of the SSM value, and
high RMSE values were observed for the C-band only in
very wet soil conditions (SSM>25 vol.%). From the real
database at NDVI values less than 0.7, the RMSE (root
mean square error) of the SSM estimates was 4.6 vol.% for
the C-band and 5.3 vol.% for the L-band. Most importantly,
the L-band enabled the estimation of the SSM under a well-
developed vegetation cover (NDVI > 0.7) with an RMSE
of 6.7 vol.%, whereas the C-band SAR signal became
completely attenuated for some crops when the NDVI
value was greater than 0.7, and thus the estimation of SSM
was impossible using the C-band.

2.2. Analysis of L-band SAR data for soil moisture 
estimations over agricultural areas in the tropics [2] 

The main objective of this study is to analyze the potential 
use of L-band radar data for the estimation of soil moisture 
over tropical agricultural areas under dense vegetation 
cover conditions. Ten radar images were acquired using the 
Phased Array Synthetic Aperture Radar/Advanced Land 
Observing Satellite (PALSAR/ALOS)-2 sensor over the 
Berambadi watershed (south India), between June and 
October of 2018. Simultaneous ground measurements of 
soil moisture, soil roughness, and leaf area index (LAI) 
were also recorded. The sensitivity of PALSAR 
observations to variations in soil moisture has been 
reported by several authors, and is confirmed in the present 
study, even for the case of very dense crops. The radar 
signals are simulated using five different radar 
backscattering models (physical and semi-empirical), over 
bare soil, and over areas with various types of crop cover 
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(turmeric, marigold, and sorghum). When the semi-
empirical water cloud model (WCM) is parameterized as a 
function of the LAI, to account for the vegetation’s 
contribution to the backscattered signal, it can provide 
relatively accurate estimations of soil moisture in turmeric 
and marigold fields, but has certain limitations when 
applied to sorghum fields. Observed limitations highlight 
the need to expand the analysis beyond the LAI by 
including additional vegetation parameters in order to take 
into account volume scattering in the L-band backscattered 
radar signal for accurate soil moisture estimation. 
 
2.3. Penetration analysis of SAR signals in the C and L 
bands for wheat, maize, and grasslands [3] 
 
This paper assesses the potential of Synthetic Aperture 
Radar (SAR) in the C and L bands to penetrate into the 
canopy cover of wheat, maize and grasslands. For wheat 
and grasslands, the sensitivity of the C and L bands to in 
situ surface soil moisture (SSM) was first studied 
according to three levels of the Normalized Difference 
Vegetation Index (NDVI < 0.4, 0.4 < NDVI < 0.7, and 
NDVI > 0.7). Next, the temporal evolution of the SAR 
signal in the C and L bands was analyzed according to SSM 
and the NDVI. For wheat and grasslands, the results 
showed that the L-band in HH polarization penetrates the 
canopy even when the canopy is well-developed (NDVI > 
0.7), whereas the penetration of the C-band into the canopy 
is limited for an NDVI < 0.7. For an NDVI less than 0.7, 
the sensitivity of the radar signal to SSM is approximately 
0.27 dB/vol.% for the L-band in HH polarization and 
approximately 0.12 dB/vol.% for the C-band (in both VV 
and VH polarizations). For highly developed wheat and 
grassland cover (NDVI > 0.7), the sensitivity of the L-band 
in HH polarization to SSM is approximately 0.19 dB/vol.%, 
whereas as the C-band is insensitive to SSM. For maize, 
only the temporal evolution of the C-band according to 
SSM and the NDVI was studied because the swath of SAR 
images in the L-band did not cover the maize plots. The 
results showed that the C-band in VV polarization is able 
to penetrate the maize canopy even when the canopy is well 
developed (NDVI > 0.7) due to high-order scattering along 
the soil-vegetation pathway that contains a soil 
contribution. According to results obtained in this paper, 
the L-band would penetrate a well-developed maize cover 
since the penetration depth of the L-band is greater than 
that of the C-band. 
 
2.4. Cereal crops soil parameters retrieval using L-band 
ALOS-2 and C-band Sentinel-1 sensors [4] 
 
This paper discusses the potential of L-band Advanced 
Land Observing Satellite-2 (ALOS-2) and C-band 
Sentinel-1 radar data for retrieving soil parameters over 
cereal fields. For this purpose, multi-incidence, multi-
polarization and dual-frequency satellite data were 
acquired simultaneously with in situ measurements 
collected over a semiarid area, the Merguellil Plain (central 
Tunisia). The L- and C-band signal sensitivity to soil 
roughness, moisture and vegetation was investigated. High 
correlation coefficients were observed between the radar 
signals and soil roughness values for all processed multi-
configurations of ALOS-2 and Sentinel-1 data. The 
sensitivity of SAR (Synthetic Aperture Radar) data to soil 
moisture was investigated for three classes of the 

normalized difference vegetation index (NDVI) (low 
vegetation cover, medium cover and dense cover), 
illustrating a decreasing sensitivity with increasing NDVI 
values. The highest sensitivity to soil moisture under the 
dense cover class is observed in L-band data. For various 
vegetation properties (leaf area index (LAI), height of 
vegetation cover (H) and vegetation water content (VWC)), 
a strong correlation is observed with the ALOS-2 radar 
signals (in HH(Horizontal-Horizontal) and 
HV(Horizontal-Vertical) polarizations). Different 
empirical models that link radar signals (in the L- and C-
bands) to soil moisture and roughness parameters, as well 
as the semi-empirical Dubois modified model (Dubois-B) 
and the modified integral equation model (IEM-B), over 
bare soils are proposed for all polarizations. The results 
reveal that IEM-B performed a better accuracy comparing 
to Dubois-B. This analysis is also proposed for covered 
surfaces using different options provided by the water 
cloud model (WCM) (with and without the soil–vegetation 
interaction scattering term) coupled with the best accuracy 
bare soil backscattering models: IEM-B for co-polarization 
and empirical models for the entire dataset. Based on the 
validated backscattering models, different options of 
coupled models are tested for soil moisture inversion. The 
integration of a soil–vegetation interaction component in 
the WCM illustrates a considerable contribution to soil 
moisture precision in the HV polarization mode in the L-
band frequency and a neglected effect on C-band data 
inversion. 
 
2.5. Integration of soil roughness estimated from L-band 
SAR data into a retrieval approach of bare soil moisture 
from C-band SAR data [5] 
 
Surface soil moisture (SSM) is a key variable for many 
environmental studies, including hydrology and agriculture. 
Synthetic aperture radar (SAR) data in the C-band are 
widely used nowadays to estimate SSM since the Sentinel-
2 provides free of charge C-band SAR images at high 
spatial resolution with high revisit time, whereas the use of 
L-band is limited due to the low data availability. In this 
context, the main objective of this paper is to develop an 
operational approach for SSM estimation that uses mainly 
data in the C- (Sentinel-1) with L-bands (ALOS/PALSAR) 
as additional data to improve SSM estimation accuracy. 
The approach is based on the use of artificial neural 
networks (NNs) technique to firstly derive the soil 
roughness (Hrms) from the L-band (HH polarization) to 
then consider the L-band derived Hrms and C-band SAR 
data (VV and VH polarizations) in the input vector of NNs 
for SSM estimation. Thus, the Hrms estimated from L-
band at a given date is assumed to be constant for a given 
times series of C-band images. The NNs were trained and 
validated using synthetic and real databases. The results 
showed that the use of L-band derived Hrms in the input 
vector of NN in addition to C-band SAR data improved 
SSM estimation by decreasing the error (bias and RMSE), 
mainly for SSM-values lower than 15 vol.% and regardless 
of Hrms-values. Based on the synthetic database, the NNs 
that neglect the Hrms underestimate and overestimate the 
SSM (bias that ranges between -8.0 and 4.0 vol.%) for 
Hrms-values lower and higher than 1.5 cm, respectively. 
For Hrms < 1.5 cm and most SSM higher than 10 vol.%, 
the use of Hrms as an input in the NNs decreases the 
underestimation of the SSM (bias ranged from -4.5 vol.% 
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to 0 vol.%) and provides more accurate estimation of the 
SSM with a decrease of the RMSE by 2 vol.%, 
approximately. Moreover, for Hrms-values between 1.5 
and 2.0 cm, the overestimation of SSM slightly decrease 
(by around 1.0 vol%), without a significant improvement 
on the RMSE. In addition, for Hrms > 2.0 cm and SSM 
between 8 to 22 vol. %, the accuracy on the SSM 
estimation improved and the overestimation decreased by 
2.2 vol.% (from 4.5 vol.% to 2.3 vol.%). From the real 
database, the use of Hrms estimated from the L-band 
brought a significant improvement on the SSM estimation 
accuracy. For in situ SSM less than 15 vol.%, the RMSE 
decreased by 1.5 and 2.2 vol.% and the bias by 1.2 and 2.6 
vol.%, for Hrms-values lower and higher than 1.5 cm, 
respectively. 
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1. INTRODUCTION

The main driver of Indian economy is agriculture

sector as an approximate 60% of Indian population is

directly or indirectly engage in agriculture and

contributing 13% of country’s GDP (Gross Domestic

Product). To enhance the sustainable growth of

agriculture in synchronization with natural recourses

precise crop information at spatial scale is prime

focus for various national agricultural programs. In

past three decades whole globe had witnessed the

substantial advancement in the field of ground, aerial

and space based remote sensing technology and

computing techniques. In India as per the need of

scientific agricultural community space programs and

policy had taken a shape and various space missions

were executed. With the success of the previous

Indian missions the demand from agricultural

scientific community increases from national scale

monitoring to field scale monitoring during monsoon

(rainy) and post monsoon seasons. Indian space

community demonstrated the usage of optical,

thermal and microwave sensors at various spatial and

temporal resolutions for agricultural applications. To

further enhance the scope of remote sensing in

agriculture and to harness the potential of Synthetic

Aperture Radar (SAR) data an investigation was

planned with ALOS L band data. As SAR have an

inherit capability to provide data in all sky conditions

and can overcome the limitation of optical and

thermal during cloudy sky. In past studies were done

to map crop using RISAT-1 and RadarSat in

homogeneous agricultural patches of India. All past

studies were more focused to address mapping of

flooded paddy crop. This will generated need to

address a greater number of crops using SAR data

and to explore to address in season crop phenology in

homogeneous and heterogeneous patches. In this

study crop mapping and phenology were prime

objectives. As listed in literature many researches

have been carried out for monitoring agricultural

areas using SAR data because of their sensitivity to

the moist conditions and surface roughness. Nelson et

al. (2004) and Q. Zhang (2011) demonstrated the

classification by paddy fields from other crops and 

land uses. Mandowara et al. (2019) used C- band data 

to classify different agricultural crops over 

heterogenous area. Yusoff et al. (2016) identified 

rubber and oil palm from agricultural areas, Tian et 

al. (2010) identified crops and Mishra et al. (2011) 

showed promising results in classification of tall 

vegetation from short vegetation using SAR data. 

This study aims to use different microwave 

frequencies data such as ALOS-2/PALSAR-2 data 

and C-band Sentinel-1A data for identification of 

crop types and phenology over heterogeneous and 

homogeneous croplands respectively.   

2. STUDY AREA

The present study was carried out over two regions of

India. (a) Gurdaspur, Punjab (Homogeneous) (b)

Anand, Gujarat (Heterogeneous). Gurdaspur is on the

main highway to Amritsar (southwest), Punjab’s

largest city. It is located at 32.0414° N, 75.4031° E.

The annual temperature in this region varies in the

range of 2oC to 450C. In winter temperature ranges

from 2oC to 200C. The 80% (650 mm) rainfall in this

region received during monsoon season (June to

September) and rest due to western disturbance

(December to March). Its elevation ranges from about

305 to 381 meters above sea level and having sandy

loam soil. The whole region is well irrigated and lies

adjacent to Himalayan hill state of Himanchal

Pradesh. The study area is primarily a trade Centre

for the region’s agricultural products; wheat (post

monsoon), corn (maize), rice (monsoon), and other

crops are grown in the surrounding area. In winter

90% of agricultural area is dominated by wheat crop.

Total 45 wheat field were geotagged with crop

phenology (Table 1a).

The study area Anand popular known as “Milk

Capital of India”, for Amul dairy and its vast

contribution in milk industry. The Head Office of

Gujarat Cooperative Milk Marketing Federation Ltd

(GCMMF), which is parent organization for AMUL

& other co-operative operations for collection of

milk), Vidya Dairy, Institute of Rural Management
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Anand (IRMA), NDDB of India and one of the 

largest University, the Anand Agriculture University 

are all situated in Anand. It is located at 22.57° North 

latitude and 72.93° East longitude (Fig. 1) and has an 

average elevation of 39 meters (127 feet). The region 

has alluvial sandy and loam type with average depth 

of 200 cm. Temperature in this region varies from 

20.30oC to 33.63oC. The average seasonal rainfall 

here is about 750 mm. Anand is primarily an 

agricultural district with tobacco and paddy as the 

predominant crops. The other major crops cultivated 

are wheat, banana and vegetables such as papaya, 

mango, onion, cabbage etc. About 30.12 % of land 

holdings are with small and marginal farmers and the 

average size of the holdings is 0.96 Ha. Cultivated 

lands (68.58 %), forest lands (0.20%), open scrub and 

waste land (9%) and miscellaneous lands (12%). It 

falls under Agro Climate Region of XIII-Gujarat 

Plain & hills region. 

 

Figure 1. Location map of study area 

 

The texture of the soil is loamy sand. The soil is low 

in organic carbon and nitrogen, medium in available 

phosphorus and available Sulphur.  Status of 

potassium was found high, while micronutrient status 

is found sufficient. The GPS survey was carried out 

across the district using the Trimble® R1 rugged, 

compact, lightweight GNSS receiver that provides 

professional-grade positioning information to any 

connected mobile device using Bluetooth® 

connectivity. The total ground truth points collected 

for different crop types is shown in Table 1b for 

Anand region.  

Table 1a. Number of GPS points collected for wheat 

crop over Gurdaspur district 

  

Sr. No. Phenological 

stage of wheat 

crop 

Total ground 

points 

1. CRI stage 10 

2. Tillering stage 15 

3. Soft dough 

stage 

10 

4. Hard dough 

stage 

10 

 Total 45 

 

 

Table 1b. Number of GPS points covered during field 

visit at Anand  

Sr. No. Feature class Total ground 

points 

1. Tobacco 31 

2. Banana 14 

3. Potato 6 

4. Wheat 8 

5. Water body 11 

6. Bare soil 21 

 Total 91 

 

3. Methodology: 

A. In situ data  

To full the objectives of the study rigorous field data 

was collected. the field visit was planned in such a 

way that field data can be collected for two 

consecutive days nearby satellite imaging date. In the 

field data collection major land types namely, water 

bodies, barren land, major crop types and urban/rural 

settlements. In Gurudaspur district total 45 wheat 

field were surveyed to record the different 

phenological stages of crop (Figure 2a). Moreover, in 

Anand region at 33 crop fields parameters such as 

crop height, soil moisture, biomass, leaf area index 

(LAI), plant to plant distance and row to row distance 

were measured. Additionally, 91 location points have 

been recorded during the field visit (Figure 2b) as 

shown in Table 1. 

 

 

Figure 2a. Ground pictures for different phenological 

stages of wheat crop 
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Figure 2b. geo-location and field pictures 

conditions of ground truth points collected over 

study area 

 

 

B. Preprocessing of SAR data  

ALOS-2/ PALSAR-2 data: 

Sentinels Application Platform (SNAP) software 

from the European Space Agency (ESA) provides the 

tools for processing Sentinel-1 satellite data, as well 

as other satellite data, such as from PALSAR-2. The 

preprocessing steps are (i) calibration, (ii) multi-look 

with a 1:2 ratio for azimuth and range (JAXA, 2014), 

(iii) co-registration, (iv) speckle filtering for reducing 

the noise in SAR data, (v) geocoded processing and 

(vi) backscatter coefficient calculation.  All 

PALSAR-2 data were stacked and co-registered 

together by using the Shuttle Radar Topographic 

Mission digital elevation model (SRTM DEM). The 

single product speckle filter was applied based on the 

Lee speckle filtering method with a window size of 5 

× 5. The PALSAR-2 data were geocoded to the 

Universal Transverse Mercator (UTM) projection 

49S with World Geodetic System 1984 (WGS84) 

datum. The topographic effect was corrected using 

the SRTM DEM. The results of the geocoded images 

formed a subset based on study area coverage and 

were confirmed to have a perfect fit with the Pleiades 

image. The full-Pol ALOS-2/PALSAR-2 data at 3m 

spatial resolution was used to carry out study at 

Gurdaspur, while dual Pol ALOS-2/PALSAR-2 data 

at spatial resolution of 10m was used for study over 

Anand region, in order to be coherent with Sentinel 1-

A data set.  

SENTINEL- data: 

The Sentinel-1A IW Level 1 (L1) GRDH (ground-

range detected, high resolution) product was used in 

this study. The Sentinel-1 C band (~ 5.40 GHz) SAR 

data has dual-polarization (VV and VH) with revisit 

time of 12 days with spatial resolution of 10 m.  L1 

data was pre-processed using ESA’s open source 

‘Sentinel-1 Toolbox’. Pre-processing steps include 

orbit correction, geocoding, radiometric calibration 

and resampling 

(seehttps://sentinel.esa.int/web/sentinel/toolboxes/sent

inel-1for a detailed description of the processing 

steps). Since this study is based on the investigation 

of (low-frequency) seasonal backscattering behavior, 

speckle filtering was performed for temporal data 

sets. 

C. Polarimetric H-α classification 

 

Cloude and Pottier (1997) proposed an algorithm to 

identify in an unsupervised way polarimetric 

scattering mechanisms in the H-α plane. The key idea 

is that entropy arises as a natural measure of the 

inherent reversibility of the scattering data and that α 

can be used to identify the underlying average 

scattering mechanism. The H-α classification plane is 

sub-divided into 8 basic zones characteristic of 

different scattering behaviors. The basic scattering 

mechanism of each pixel of a polarimetric SAR 

image can then be identified by comparing its entropy 

and α parameters to fixed thresholds. The different 

class boundaries, in the H-α plane, have been 

determined so as to discriminate surface reflection 

(SR), volume diffusion (VD) and double bounce 

reflection (DB) along the α axis and low, medium and 

high degree of randomness along the entropy axis. 

Detailed explanations, examples and comments 

concerning the different classes can be found in the 

publication from Cloude and Pottier. This 

methodology shown in Figure 3a is tested only for at 

parts of Gurdaspur region of Punjab due to data 

constraints. As per our plan we do not get the 
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temporal ALOS full polarization data for study region 

to address full crop growing phase to investigate the 

whole phenology of the wheat crop. This will limit 

our further investigation for crop phenology with full 

pol dataset.   

 

 
Figure 3a. Unsupervised H-α segmentation scheme 

 

D. Classification based on Backscatter coefficients  

Thresholding of backscatter values for various crops, 

water and urban was calculated with the help of the 

GT points collected during the visits to get an idea of 

range of backscatter value for each crop type. For 

performing supervised classification, region of 

interests (ROIs) file was generated using ground truth 

locations (Table 1b). 

 

 

 

Figure 3b. Overall methodology used in this study 

The backscatter coefficient in decibel units (dB) was 

then calculated using this formula (JAXA, 2017) where 

the Cf and A are calibration factors with a value of -83 

and 32 dB, respectively. Back scatter coefficient (σ) is 

calculated as: 

 σ= 10 × Log10(polarization) + Cf – A        (1) 

Here, Maximum Likelihood Classifier (MLC) was 

applied on the backscatter image which is a popular 

method and is frequently used in the field of remote 

sensing. The procedure involved in MLC can be 

described as a pixel with the maximum likelihood is 

classified into the corresponding class where, the 

likelihood is defined as the posterior probability of a 

pixel belonging to class k”. 

   Lj =P(j/A) = P(j)*P(A/j)/P(i) * P(A/i)       (2) 

where, P(j): prior probability of class j; P(A/j): 

probability density function I.e. PDF or conditional 

probability to observe A from class j, Mostly, P(j) are 

assumed to be equal to each other and P(i) * P(A/i) 

is also common to all classes. Therefore, Lj depends 

on P(A/j) or the probability density function. MLC 

classifier demands for sufficient ground truth data to 

be sampled to allow estimation of the mean vector 

and the variance covariance matrix of population. 

Here, the collected GPS points were used to build the 

ROI file for the scene and at the time of classification, 

this ROI file was overlaid on the backscatter image. 

 

4. Results and Discussions: 

The polarimetric signature was computed from ALOS 

full pol L band dataset over parts of the Gurdaspur 

region. In that region wheat crop was sown at 

different time scale. This led to made a difference in 

different phenological stages of crop. The different 

phenological stages represent different canopy 

architecture and geometry and generate different 

scattering. To study the effect of different 

phenological stages of wheat crop H-α decomposition 

was done. In the Figure 4 the soft and hard dough 

stage represented by scattering by canopy roughness 

as in that stage the surface roughness was maximum. 

The tillering stage was marked as scattering from 

vegetative surface from random anisotropic scatter 

and CRI stage was depicted scattering from 

vegetative surface. In the Figure 4 only wheat crop 

was present at different phenological stages and 

conclusion was made as per the ground truth and 

scattering mechanism. The comparison of 

decomposition of scattering image showed 70% 

accuracy with ground data. In few wheat fields the 

tillering and soft stage gave similar scattering. The 

accuracy of vegetative field with other classes such as 

water and rural settlement was high (85%) as 

compare to within wheat crop phenology 

discrimination.        

 To generate and compare the crop classification map 

using ALOS data over part of Anand region Setinel-1 

data is also used. The backscatter coefficients σVH for 
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C-band varied in range of -17.8 dB to -22.1 dB and 

for L-band varied in range of -13.4 dB to -23.2 dB for 

various LULC (tobacco, banana, wheat, potato) as 

mentioned in Table 2 and Table 3. Using Maximum 

Likelihood Classifier (MLC), we concluded that the 

study area Anand was dominated by tobacco and 

banana which occupied almost 40% of the area as 

seen from both C-band and L-band data. The other 

20% is dominated by other crops (wheat, potato, 

cabbage). The rest area is urban and water (Figure 5 

and Figure 6). This is very analogous to the ground 

survey carried out in this area. The kappa coefficient 

was found to be 0.6 and 0.8 for L-band and C-band 

respectively. Many workers have reported that the 

microwave energy in shorter wavelength regions (C 

band) are more suitable for short crop studies, as they 

interact more with the crops surface due to lesser 

penetration compared as compare to microwave 

energy at higher wavelength (S and L) band. Inoue et 

al. (2002); Brisco and McNairn (2004) research 

demonstrated that the backscatter coefficients of 

higher frequency bands are highly correlated with the 

weight of heads. Lower frequency bands such as L-

band, are better correlated with fresh biomass while 

C-band is better correlated with leaf area index. L-

band data allow identification of well developed 

'broad leaf' crops (sunflower and corn), whilst C-band 

are useful for discriminating different kinds of short 

crops even in the case of moderate growth (Ferrazzoli 

et al., 1997). For C band more multi temporal data set 

is available while for L band we have only two-day 

data set. This leads to higher classification accuracy 

observed from C band as compared to L band in 

heterogeneous agricultural patches. 

 

 
Figure 4: Spatial distribution of H-α segmentation 

scheme over Gurdaspur, Punjab. 

 

Table 2: Backscatter coefficients (σVH) range for 

different crops for C-band 

 

Sr No. Feature 

Class 

Avg. 

Backscatter 

range VH 

polarization 

(dB) 

Standard 

Deviation

(dB) 

Classifi

ed (%) 

in the 

image 

1 Tobacco -17.8 to -

19.2 

0.01 24 

2 Banana -16.2 to -

17.6 

0.008 11 

3 Potato -18.4 to -

19.5 

0.003 7 

4 Wheat -20.7 to -

22.1 

0.09 6 

Table 3: Backscatter coefficients (σVH) range for 

different crops for L-band 

Sr 

No. 

Feature 

Class 

Avg. 

Backscatter 

range VH 

polarization 

(dB) 

Standard 

Deviation(d

B) 

Classifi

ed 

(%) in 

the 

image 

1 Tobacco -15.6 to -17.5 0.11 26 

2 Banana -13.4 to -14.5 0.1 9 

3 Potato -16.7 to -18.5 0.006 7 

4 Wheat -20.6 to -23.2 0.12 4 

 

 

Figure 5: Crop type classification using MLC classifier with ALOS-

2/PALSAR-2 L-band data 
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Figure 6: Crop type classification using MLC classifier with with 

with SENTINEL-1A C-band data 

 

5. Conclusion 

In this study prime aim was to discriminate crop 

phenology and crop type using ALOS-2/ PALSAR-2 

data. We tried to discriminate the wheat phenology 

using one-time full pol data set with accuracy of 70%. 

But due to limitation of temporal resolution we do not 

get any other data from the same study region. This 

study also demonstrated the application of multi 

frequency L-band SAR data for crop classification 

over heterogenous agricultural areas of Gujarat, 

India. The comparison of L-band SAR data with C 

band Sentinel SAR data showed for short height 

canopy C band performed better. To further explore 

the potential of L band crop classification is planned 

over region which is dominated by tall crops such as 

sugarcane and maize. To further enhance the 

accuracy of crop classification fusion of C and L band 

are planned by applying different classification 

accuracies.   
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1. INTRODUCTION

Management of variability of crops is expected for 
precision agriculture in Japan.  Satellite remote sensing is 
a powerful tool for monitoring spatial variability and 
PALSAR-2 has a high potential. PALSAR-2 is an all-
weather type L-band SAR sensor and it is expected for 
agricultural field monitoring. One of the advantage of the 
PALSAR-2 is a possibility of full polarimetric observation. 
Full polarimetric SAR makes it possible to detect the 
scattering mechanism of a target on the ground. 
Classification of agricultural crops is one of the expected 
applications of full polarimetric SAR. Several studies 
about agricultural crop classification using spaceborne C-
band full polarimetric SAR have been reported recently. 
For example, rice, maize, grape, and cotton have been 
classified using RADARSAT-2 full polarimetric data [1]. 
RADARSAT-2 dataset of periodic potato and wheat fields 
in inner Mongolia have been analyzed and the scattering 
characteristics of ridging patterns have been investigated 
[2]. In this study, we applied PALSAR-2 full polarimetric 
data for agricultural monitoring and evaluate its possibility 
[3][4][5].   

2. PADDY RICE FIELD EXTRACTION USING
AGRICULTURAL PARCEL VECTOR DATA [4]

2.1. Study area and data 

The study site analyzed consists of agricultural field in 
Wakabayashi-ku, Sendai-shi. This area was damaged by 
the tsunami caused by the 2011 Great East Japan 
Earthquake.  

Full polarimetric PALSAR-2 data obtained on 11 
September 2014, 4 August 2016, and 3 August 2017 were 
analyzed. Four-component decomposition [6] was carried 
out with a 3 × 3 window size using PolSARpro software 
after deriving a 3 × 3 complex coherency matrix from the 
original data. An eigenvalue–eigenvector decomposition 
[7] was performed, and the scattering entropy, polarimetric
anisotropy, scattering mechanism parameter, and alpha
angle were computed. After the decomposition analysis,
images were projected onto a map with UTM coordinates.
The agricultural parcel vector database was overlaid on the
analyzed images and the mean value of the decomposition
parameters for each agricultural parcel was computed.

To evaluate the PALSAR-2 data analysis results, 
optical sensor images were used as reference data. For a 
quantitative evaluation of the analysis result of the 2014 
PALSAR-2 data, LANDSAT 8 OLI images obtained on 31 
May and 3 August 2014 were analyzed. Agricultural 
parcels with a mean value of the shortwave infrared 
(SWIR) band on 31 May that was less than a threshold 
value were estimated as paddy rice field, and rice growing 
field in the agricultural parcels was estimated using the 
mean value of the Normalized Difference Vegetation Index 
(NDVI) calculated from the 3 August data. Visual 
interpretation results from a SPOT 7 image acquired on 29 
July 2016 and LANDSAT 8 OLI images acquired on 10 
and 26 July 2017 were compared with the analysis results 
of the PALSAR-2 data in 2016 and 2017.   

2.2 Results and discussion 

The polarimetric decomposition result of the PALSAR-2 
data for 2014 was divided as paddy rice field and other crop 
field, including soybean, according to the classification 
results derived by using the LANDSAT 8 OLI analysis 
images. By histogram analysis, rice fields and other crop 
fields were clearly distinguished by alpha angle, double 
bounce scattering component ratio, and surface scattering 
component ratio.   

   Paddy rice field was extracted by binarization analysis 
of the alpha angle, double bounce and surface scattering 
component ratios. Fig.1 shows a paddy rice field extraction 
result using double bounce component ratio for 2014 data 
[3]. The thresholds were determined from the histograms 
analysis.  For the double bounce scattering component ratio, 
a value greater than 26 % was regarded as paddy rice field.  

   Figs. 2 and 3 shows paddy rice field extraction results 
using double bounce component ratio on the 2016 and 2017 
data.  The threshold value was set as 26 %.    For both the 
data obtained in 2016 and 2017, the paddy rice field and 
other crop, including soybean, fields could be 
discriminated effectively, in reference to the field survey 
and visual interpretation of the optical sensor images.  
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3. CROP TYPE ESTIMATION  
USING POLARIMETRIC DECOMPOSITION 

ANALYSIS [5] 
 
3.1 Study area and data 
 

The northern part of Shinchi-cho, Fukushima 
prefecture, Japan, was selected as the study area. This site 
includes agricultural and residential areas. It is bounded by 
the Pacific Ocean and was affected by the tsunami caused 
by the 2011 Great East Japan Earthquake. The main crops 
in this area are paddy rice and soy bean. There are several 
corn fields in coastal side area. There are open-culture 
vegetable fields and agricultural buildings such as 
greenhouses near residential buildings.     

Full polarimetric PALSAR-2 data obtained on August 
2, 2018, from the ascending orbit with an off-nadir angle 

of 25° were analyzed. These data were obtained in the High 
Beam Quad pol. (HBQ) mode with a resolution of ca. 6 m. 
Three component[8] and four-component[6] 
decomposition was carried out with a 3 × 3 window using 
PolSARpro software after deriving a 3 × 3 complex 
coherency matrix from the original data. An eigenvalue–
eigenvector decomposition [7] was performed, and the 
scattering entropy, polarimetric anisotropy, scattering 
mechanism parameter, and alpha angle were computed. 
After the decomposition analysis, the images were 
projected onto a map with UTM coordinates. 

The agricultural parcel vector database was overlaid on 
the analyzed images and the mean value of the 
decomposition parameters for each agricultural parcel was 
computed. Sentinel-2 data and Google Earth Pro images 
were used as reference data.  
 
3.2 Results and discussion 
Percentages for the three component polarimetric 
decomposition components for paddy rice, soybean, corn, 
and vegetable fields selected from the area were computed 
(Fig.4). Scattering characteristics for each crop types were 
shown quantitatively. The double bounce scattering 
component occupies more than 50 percent in paddy rice 
fields. Surface scattering occupies more than 50 percent in 
the soybean fields. Corn fields show a larger percentage of 
volume scattering than paddy rice and soybean fields. The 
percentages of three components were similar in two of the 
selected fields. In the vegetable fields, the dominant 
scattering component is volume scattering and it occupies 
more than 50 percent.   

As shown 2.1, double bounce scattering is a useful 
decomposition component to extract paddy rice fields. In 
PALSAR-2 data obtained in early August and early 
September, most paddy rice fields show more than 26 % of Paddy  

Soybean and others 
500 m 

Fig. 1. Paddy rice field extracted by thresholds for the 
double bounce component ratio with 2014 data [3]. 

Paddy  
Soybean and others 

500 m 

Fig. 3. Paddy rice field extracted by thresholds for the 
double bounce component ratio with 2017 data [4]. 

Paddy  
Soybean and others 

500 m 

Fig. 2. Paddy rice field extracted by thresholds for the 
double bounce component ratio with 2016 data [4]. 
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the double bounce scattering component.  The hilly areas 
with some vegetable fields were evaluated by the threshold 
analysis (Fig.5). Red colored areas correspond to areas in 
which the double bounce scattering component percentage 
is greater than 26 %. Fig.6 is a Sentinel-2 image of the area 
shown in Fig.5. Most of the paddy rice fields are included 
in this category. However, several instances of 
misclassifications of non-paddy rice areas as paddy rice 
fields are observed. Another useful polarimetric 
decomposition parameter is the alpha angle. Threshold 
analysis using the alpha angle was attempted, and miss-
classified fields were observed in these results as well. 
These misclassifications are caused by the vegetable open 
culture fields. The structural configurations of vegetable 
open culture fields are highly variable. Therefore, it is 
difficult to distinguish them from paddy rice fields by 
simple threshold analysis.   
 

 
4. CONCLUSION 

 
Full polarimetric ALOS-2 PALSAR-2 has a potential to 
detect the crop type and its growth.  On the study areas, 
threshold analysis of polarimetric decomposition 
parameters are useful to distinguish paddy rice from other 
crops.  The possibility to distinguish corn field is also 
shown in this study. Further study is necessary to for 
practical use.   

Full polarimetric PALSAR-2 data is also useful to 
detect forest area by combination with optical image and 
Lidar data [9].  There are many possibility for application 
of full polarimetric L-band SAR data for agricultural and 
environmental monitoring.   ALOS-4, as a successor of the 
ALOS-2, has a potential for full polarimetric observation.  
We expect its application to precision agriculture and land 
use observation. 
 
 
 

Rice     Rice      Rice    Soybean  Soybean Corn     Corn     Corn      Vege.    Vege.    Vege. 
   

Scattering components 
 

Double bounce 
Volume  
Surface 

Fig. 4. Percentages of the scattering components analyzed using three component polarimetric decomposition for 
selected paddy rice, soybean, corn, and vegetable fields. [5] 

 100 
 

80 

 
60 

 
40 

 
20 

 
0 

Fig. 6. Sentinel-2 image obtained on August 23, 2018[5]. 
 

Double bounce component ratio 
       ≧ 26%                    < 26% 
Fig. 5. Threshold analysis results using the double 
bounce component ratio computed from PALSAR-2 
data[5]. 

300 m 300 m 

300 m 
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1. INTRODUCTION

Efficient agricultural practices are a global concern 

in terms of monitoring crop health by means of SAR 

imaging. In the present era, various physical, inversion, 

semi-empirical and empirical models have been 

developed in order to analyze and interpret the temporal 

behavior of backscattering coefficients of several crops 

such as rice, sugarcane etc. but they turned into 

unpredictable and mathematically complex models 

since associated with numerous interaction parameters.  

Henceforth, there is a strong need to assess the use 

of polarimetric SAR data for the retrieval of crops' bio-

physical parameters with requiring a-priori information 

as minimal as possible, and development of 

specifications for crop monitoring system. Keeping 

these things in perspective, some crop parameters 

retrieval models were proposed. Complementary field 

measurements were also taken on the test site to fulfill 

the objectives. 

Some approaches are critically analyzed and EM 

based model using fully polarimetric information are 

developed which can offer potential solution for 

classification and soil moisture retrieval. Proposed 

objective of the project are: 

 Decomposition methods based crop 

classification and growth monitoring 

 Electromagnetic scattering model for crop

canopy/ crop health estimation (i.e., biomass,

LAI etc.)

 Neural network and a scattering model (based

on radiative transfer theory) for crop parameters

retrieval

 Continuous canopy model

 Curve fitting procedure for crop phenology

extraction

On the basis of the above-proposed objective, two 

major tasks and their subtask are defined as given 

below:  

I. To prepare an accurate and reliable crop cover

map which will be useful in planning and

management of different agriculture schemes.

a) Development of Standard polarimetric

decomposition based classification methods

for various crop classes (i.e., bare soil, Short

vegetation (SV), Tall vegetation (TV)) and

other classes such as water and urban area.

b) Introduction and investigation of polarization

signatures as a potential features to improve

classification accuracy and development of 

convolutional deep neural networks model for 

the classification. 

c) To develop an artificial neural network (ANN)

approach for classification of different mixed

vegetation classes (i.e., poplar tree, mango

orchards, wheat, sugarcane, other crops, dry

bare soil and wet bare soil) using multi-

frequency SAR data.

II. To develop an algorithm for soil moisture

estimation in agriculture field.

2. MOTIVATION

A reliable crop cover map is necessary for proper 

agriculture management and crop pattern analysis. Soil 

moisture is an essential parameter that affects crop 

health. Therefore, in this project work PALSAR-2 data 

is utilized to classify different crops and for soil 

moisture estimation which will be helpful for the proper 

agriculture management. 

3. STUDY AREA AND DATA SET USED

3.1 Study Area 

Roorkee city is chosen area of interest, which is 

situated near by Haridwar District, Uttarakhand state, in 

India. Agricultural field near Roorkee city contains all 

the major classes which is area of interest for the 

classification. Ganga canal is a region of interest for 

water. Solani River is mostly dry because it is rain fed 

river, it is region of interest for bare soil. Roorkee and 

its near town are the source of urban area. Agriculture 

field are the source of short vegetation (SV). Dense tree 

are present in the Roorkee city and it‟s nearby is the 

region of interest for tall vegetation (TV). Centre 

coordinate of the data set used are 29.868N and 

77.953E respectively. 

3.2 Data set 

ALOAS-PALSAR 2 fully polarimetric data is used 

for development of algorithm, which was acquired on 

13
th

 march 2015 (Data ID- ALOS2043420590),  and for 

the validation of algorithm, it is apply on another data 

set of ALOAS-PALSAR 2 which is acquired on 25
th

 

march 2016(Data ID-ALOS2099310590-P1.1). 

3.3 Ground Truth Data 

For the development of the algorithm, ROI points are 

required, some ROIs are taken from Ground truth 

survey, and some point from Google Earth Imagery. 
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Out of 2487 ROIs, 1578 ROIs are used for training set 

and development of algorithm and remaining 909 ROIs 

are used for validating the algorithm and accuracy 

calculation purpose as shown in Table I: 

 

 
Fig 1 Color composite of the study area (R = HH, G 

= HV, B = VV)  

 
Fig 2 Reference color composite circle 

Table 1 ROI Points 

 
Number of ground truth samples 

collected 

Class Training Testing 

Bare Soil 334 197 

TV 307 179 

SV 306 151 

Urban 310 182 

Water 321 200 

 

 

4. PROPOSED ALGORITHIM AND ITS 

IMPLEMENTATION  

 

4.1 To Prepare an Accurate and Reliable Land Use 

Land Cover Map to Identify Crop Areas:  

Standard polarimetric decomposition based 

methods: PALSAR 2 fully polarimetric data (HH, HV, 

VH, and HH) were used for comparative analysis of 

polarimetric decomposition techniques. Fig 3 shows the 

complete steps involved in the polarimetric 

decomposition techniques, classification and 

comparative analysis of different decomposition 

techniques  . 

Classified results of different decomposition 

techniques using K-mean clustering is shown in Fig. 4. 

Overall accuracy and kappa coefficient of different 

decomposition techniques are given in Table 2.  

 

Fully Polarimetric 

PALSAR 2 Data

Preprocessing

Polarimetric 

Decomposition

Yamaguchi 4 

components 

Decomposition

Freeman 3 

components 

Decomposition

Cloude 

decomposition
H-A-Alpha

Sinclair 

Decomposition

Van Zyl 3-

Decomposition

Pauli 

Decomposition

Layer Stacking of decomposition 

images for classification

Ground truth 

Information

 classification of above 

decomposition techniques 

Accuracy assessment and 

comparative analysis
  

Fig. 3 Flow chart of polarimetric decomposition 

techniques and classification 

Table 2 Overall Accuracy and Kappa coefficient 

 

  

(a) Yamaguchi 4 components 

Decomposition 

(b) Van Zyl 3-Decomposition 

  

(c) Sinclair Decomposition (d) Pauli Decomposition 

Dec. Tech. Overall Accuracy% Kappa Coefficient 

Y4D 65.18 53.24 

VZ3D 0.56 0.41 

Sinclair Dec. 53.01 0.40 

Pauli Dec. 52.34 0.40 

H-A-Alpha 35.16 0.19 

F3D 62.05 0.52 

Cloude Dec. 51.9 0.39 
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(e) H-A-Alpha (f) Freeman-Durden 3 

components Decomposition 

 

(g) Cloude Decomposition 

Fig. 4 Classified results of different decomposition 

techniques 

The results of the polarimetric decomposition 

techniques were calculated using error matrix or 

confusion matrix, confusion matrix gives detail 

information about kappa coefficient and overall 

accuracy. Fig 4 shows the classification result of 

different decomposition techniques. Red color 

representing urban area, blue color for water body, 

yellow for bare soil, green for small vegetation and sky 

green representing tall vegetation. When classification 

techniques were applied to the all decomposition, image 

we observed that all the five classes (bare soil, water, 

urban area, tall vegetation and short vegetation) were 

classified with acceptable overall accuracy and kappa 

coefficient value in the Yamaguchi, Freeman, Cloude 

and Van Zyl decomposition techniques. Out of these 

Y4D and F3D decomposition techniques give the best 

results among all applied decomposition techniques.  

4.2  Introduction and investigation of polarization 

signatures as features to improve classification 

accuracy: 

  In the last subsection land use land cover are 

classified using decomposition techniques but it‟s not 

provide the very good result, therefore for this purpose 

polarization signature as a features are utilized for 

improvement in the classification accuracy.  

 Polarization signature of a target is a three 

dimensional graphical representation of measurement of 

backscattered coefficients. In the polarization signature 

x- axis, y-axis represent ellipticity angle and orientation 

angle respectively and z-axis represent received 

backscattered coefficient for corresponding 

combination of ellipticity and orientation angle. 

Orientation angle (ψ) varies from 90
0
 to 90

0
 and 

ellipticity angle χ varies from -45
0
 to +45

0
. Polarization 

signature can be calculated by equation (1), where σ 

represent backscattering coefficient, suffix i and j 

represent transmit and received combination 

respectively. 

 Co-polarized signature plot obtain by transmit 

and received combination of ψi = ψj and χi = χj and for 

cross polarized signature ψi = (90
0
+ ψj) and χi = -χj. 

Ellipticity angle defined the polarization behavior 

(linear, circular or elliptical polarization), while 

orientation angle defines horizontal or vertical 

polarization[7]–[10]. 

   i i j j i i j j2

i i j j

i j

1 1
4π

σ χ ψ χ ψ = cos2χ cos2ψ K cos2χ cos2ψ
k

cos2χ sin2ψ cos2χ sin2ψ

     sin2χ       sin2χ

  
  
  
  
  
  
         

(1) 

 

Fig. 5 shows the co-polarization and cross polarization 

signatures of different classes. Fig 6 and Fig 7 shows 

the flowchart of the signature based proposed algorithm 

for classification of vegetation and other classes[11], 

[12].  
 

  
(a) Co-polarization bare soil (b) Cross-polarization bare soil 

  
(c) Co-polarization tall 

vegetation 
(d) Cross-polarization tall 

vegetation 

  
(e) Co-polarization urban (f) Cross-polarization urban 

  
(g) Co-polarization water (h) Cross-polarization water 

  
(i) Co-polarization short 

vegetation 

(j) Cross-polarization short 

vegetation 

Fig. 5 Polarization signatures of different classes. 
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Import Raw data

Generate SLC files of HH ,HV, and 

VV

Multilooking

Filtering

Geocoding

DEM

Calculate co-variance matrix 

elements  

Generate Kennaugh matrix

(4 x 4)

Generate co-polarization and 

cross polarization signatures

Calculate NED and NSCM for 

different classes for both 

polarization signatures 

Obtain average value of NED and 

NSCM

Calculate mean value and 

standard deviation for different 

land cover classes

 DTC based classification 

Algorithm

Fig. 6 Flow chart of the signature based proposed 

algorithm for classification. 

NSCM_NED_BS_CO >0.95  

&

NSCM_NED_BS_CROSS 

>0.8

Backscattered(HV) <7.0 

dB

Bare Soil
Backscattered (HV) >11.5 

dB

NSCM_NED_Urban_CO 

>0.9  

&

NSCM_NED_Urban_Cross 

>0.85

Tall Vegetation UrbanShort Vegetation Water

No Yes

YesNo

Yes
YesNo

No

 
Fig. 7 Proposed DTC for classification of various 

classes.  

  It is observed that classifying an image is very 

difficult only by visually analysis of polarization 

signatures. Therefore, to classify the image by using 

polarization signatures some pattern matching 

parameters are used. Normalized signature correlation 

mapper (NSCM) and normalized Euclidean distance 

(NED) both are two important parameters of 

polarization signatures for pattern matching. For the 

better classification purpose both parameters are 

normalized in the range of 0 to 1 and calculated the 

average value of the two parameters for co-polarization 

and cross-polarization signatures and used in DTC for 

classification as shown in Fig 7. 

 In this algorithm we start with the 

discrimination of bare soil from the other classes, 

because bare soil signatures are different from other 

class as shown in Fig 5(a) and Fig 5 (b). For the 

classification of bare soil from other classes, we 

calculated mean value of NSCM and NED from the 

bare soil reference signatures, and after critical analysis 

decision boundary for bare soil classification is decided.  

In our case it is 0.95 and 0.80 for co-polarization and 

cross-polarization respectively. Next we classified two 

group of classes. One group contain water and short 

vegetation, and in second group contain urban and tall 

vegetation. Because backscattered value for urban and 

tall vegetation are high compared to water and short 

vegetation, so with the help of backscattered value of 

HV channel we can easily classify the two group of 

classes. Next we classified the urban area from the tall 

vegetation with the help of polarization signatures, 

because urban signatures are different from tall 

vegetation signatures as shown in Fig 5. For the 

classification of urban area from tall vegetation, we 

calculated mean value of NSCM and NED from the 

urban area reference signatures, and after critical 

analysis decision boundary for urban area classification 

is decided.  In our case it is 0.90 and 0.85 for co-

polarization and cross-polarization respectively. Next 

we classified the remaining two classes, water and short 

vegetation with the help of backscattered value of HV 

channel. So all the five classes easily classified with the 

help of developed signatures based decision tree 

algorithm. Confusion matrices were calculated for the 

performance measurement and accuracy assessment and 

shown in Table 3. Obtained overall accuracy and kappa 

coefficient are 76.98 and 0.70 respectively. Classified 

result is shown in Fig. 8. 

   

 
Fig 8 Classified result of proposed algorithm 

Table 3 User and Producer Accuracy 

Class Producer accuracy User Accuracy 

Tall Vegetation 66.66 71.43 

Bare Soil 90.91 89.21 

Urban 97.44 93.83 

SV 76.92 54.95 

Water 66.00 76.44 

 

 Performance of the proposed DTC was found 

better than the results obtained in compared to 

decomposition based techniques. Using this algorithm 

with good classification accuracy a better land use land 

cover are prepared and used for further study.    
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4.3 Development of an adaptive Polarization 

Signatures based algorithm for classification using 

PALSAR 2 Data 

This method highlights two key ideas of the study. 

First, the development and critical analysis of PSs 

(Polarization Signatures) based features representing 

LCs (land cover). A land cover (for ex: bare soil) 

behaves as a complex mixture of different standard 

scatterers or standard targets and its PS is difficult to be 

made a standard. Therefore, there is a need to compute 

correlations between polarimetric/ polarization 

signature (PS) of a land covers and polarimetric 

signature of standard targets. This correlation indicates 

the degree of similarity between the two categories.  

Further, these correlations termed as polarization 

signature correlation features (PSCFs) can be critically 

analysed and then can be used for LC classification. 

Details of PSCF computation and its utilization for LC 

classification is discussed in section 4.3.1. LC 

classification performance of these PSCFs is compared 

with other popular polarimetric decomposition based 

features and discussed in section 4.3.1 as well.  

Second, an attempt for maximum exploitation and 

utilization of PSCFs for LC classification, an adaptive 

and optimal land cover class boundary estimation 

approach is proposed and discussed in section 4.3.2. An 

adaptive class boundary estimation approach based on 

individual class (reference) and image (observed) 

statistics is proposed and developed. Further, to 

maximize classification performance, empirical 

relations are established between class performance 

indicators and LC class boundaries which are further 

optimized using genetic algorithm (GA) to obtain 

optimal class boundaries. At last, a decision tree based 

on these optimal class boundaries is opted for LC 

classification. Classification performance is evaluated 

and compared with other popular LC classifiers which 

utilized the same PSCFs features developed in section 

4.3.2. 

4.3.1 Generation of polarization signature 

correlation features (PSCFs)  

Polarization signatures (PS), both observed (image 

pixel) and standard target (Flat Plate (FP), horizontal 

dipole (HD), vertical dipole (VD), and dihedral (Di)) 

are obtained using equation (1). In this section, 

correlation is computed between each image pixel-

standard target PS pair. 

Correlation coefficient is a value, which varies 

from +1 and −1 and it is calculated to represent the 

linear interdependence of two variables or sets, of data. 

For two variables, say x and y, the correlation 

coefficient is computed using equation 2.  

xy

x y

S
CC

S S
  (2) 

For the current study, x is the observed (image 

pixel) PS, y is the standard target PS, Sx is standard 

deviation in x, Sy is standard deviation in y, Sxy is co-

variance between x and y, and CC is correlation 

coefficient between x and y. 

The following pairs are considered between which 

correlation is computed. 

 Co-polarized (pixel-dihedral) or Corr_co_Di 

The term pixel represents observed co-polarization 

signature from a pixel in image, and term dihedral 

corresponds to co-polarization signature of dihedral 

standard target. Co-polarized (pixel-dihedral) means 

correlation coefficient between observed co-

polarization signature and dihedral co-polarization 

signature. Similarly, other pairs are represented as 

 Co-polarized (pixel-flat plate) or Corr_co_FP 

 Co-polarized (pixel-horizontal dipole) or 

Corr_co_HD 

 Co-polarized (pixel-vertical dipole) or 

Corr_co_VD 

 Cross-polarized (pixel-dihedral) or 

Corr_cross_Di 

 Cross-polarized (pixel-flat plate) or 

Corr_cross_FP 

 Cross-polarized (pixel-horizontal dipole) or 

Corr_cross_HD 

 Cross-polarized (pixel-vertical dipole) or 

Corr_cross_VD 

In total, 8 such pairs are obtained in the process. These 

features are termed as polarization signature correlation 

features or PSCFs. These PSCFs are potential features 

for land cover classification. The process of computing 

PSCFs is depicted in Fig. 9. 

 
 

4.3.2 Critical analysis of PSCFs, class separability 

assessment, and PSCF selection 

In this section, each PSCF generated in section 

4.3.1 is analysed and discussed. Class separation for 

each PSCF is evaluated by computation of class 

separability index (SI). 

 

 Fig. 9 Flowchart showing polarization signature 

correlation features (PSCFs) computation using 

fully polarimetric SAR data. 
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For a given feature, separability index (SI) between 

two classes, i and j, is computed using equation (3). 

 

 
(3) 

Where,  is the separability index for class i and j.  

and  are mean values for class i and j respectively, 

and  and  are standard deviation for class i and j 

respectively [13]. The SI values obtained for all the 

PSCFs as features are provided in Table 4.  

Decision tree (DT) provides the freedom to set optimal 

class boundary values during classification. Therefore, 

an optimal class boundary based DT classifier is 

considered and developed in this study. Details of 

development of the optimal class boundary estimation 

algorithm is discussed.  

To reduce the computational complexity of the 

proposed classifier, feature selection is carried out with 

PSCFs. A detailed critical analysis of SI values in Table 

4 is made and PSCFs selected for segregating a 

particular class based on significance are listed in table 

5.  

4.3.3 Adaptive and Optimal Class Boundary Value 

Estimation for classification 

 Mean (M) and standard deviation (S) are computed for 

each PSCF. These statistics are used for the 

computation of class boundaries. 

 Relationship is made between class boundaries 

and corresponding PSCF statistics (the one selected for 

segregating that particular class (see table 6). The 

relationship is formulated and explained with an 

example. Let‟s take the case of “urban” class. Urban is 

strongly segregated by “corr_co_Di” feature, Mcorr_co_Di 

and Scorr_co_Di are mean and standard deviation of 

corr_co_Di. Therefore, Urban class spread can be 

expressed as; 

_ _ 1 _ _

_ _ 2 _ _

  *     _ _

    * 

corr co Di corr co Di

corr co Di corr co Di

M n S corr co Di

M n S

 

 
 

(4) 

 

Where, n1 and n2 are real and scalar. 

 
_ _ 1 _ _  * corr co Di cor co DiM n S   is the class lower boundary 

value and 
_ _ 2 _ _  * corr co Di corr co DiM n S  is class upper 

boundary value. This expression means, if corr_co_Di 

pixel value lies in between these boundary values then 

the pixel belongs to urban” class. Similar expressions 

are developed for other classes such as bare soil, short 

vegetation,   tall vegetation and water. Therefore we 

have total five equations for five classes and total 10 

scalar variable n1 to n10.   

The goal of representing the class boundaries are to 

obtain class boundaries that achieve best classification 

results under a given situation. Overall accuracy (OA) 

is an indicator of classification performance. Higher the 

OA, better is the classification result. It is understood 

that more accurate class boundaries result in higher OA. 

In order to achieve the best overall accuracy (OA) with 

given feature space, the values of ni (i = 1 to 10) should 

be optimized.  To get optimal ni (i = 1 to 10) values, an 

empirical function needs to be developed relating 

overall accuracy (OA) to ni(I = 1 to 10)  which can be 

optimized. OA is defined in eqn. 5. 

   
total no of correctlyclassified pixelsoverall classes

OA
Total noof pixelstested over all classes



 

(5) 

Individual overall accuracy (IOA) is computed for each 

classes and OA is rewritten as eqn. 6. 

 

5

_
IOA IOA IOA IOA IOA

urban baresoil water short veg tall veg
OA

  





  

(6) 

 

 

Genetic algorithm (GA) [14] is used for finding 

optimal ni (i = 1 to 10) values. The choice of GA as 

optimization method is because of the probability of 

more than one maxima/minima. Conventional methods 

Table 4 SI values for various class pairs for all features 

Class pair 

SI value 

Corr_co_D

i 
Corr_cross_Di 

Corr_co_F

P 
Corr_cross_FP 

Corr_co_H

D 

Corr_cross_

HD 

Corr_co_V

D 

Corr_cross_V

D 

TV to BS 0.9427 0.0598 0.9940 0.3287 0.7855 0.4879 0.2188 0.4879 

TV to Water 0.7928 0.0535 0.8634 0.3010 0.9089 0.4089 0.9546 0.4089 

TV to Urban 0.7125 0.1530 0.4930 0.2818 0.2953 0.5044 0.1452 0.5044 

TV to SV 0.4333 0.0560 0.4657 0.0743 0.4249 0.1780 0.1244 0.1780 

BS to Water 0.0596 0.0062 0.0280 0.0010 0.8207 0.0046 0.7306 0.3046 

BS to Urban 1.2884 0.2356 1.3986 0.529 0.5803 0.9359 0.3855 0.9359 

BS to SV 0.4682 0.0113 0.4986 0.2269 0.3446 0.3765 0.0904 0.3765 

Water to 
Urban 

1.1135 0.2264 1.2345 0.5015 0.9442 0.8352 0.9656 0.8352 

Water to SV 0.369 0.015 0.4230 0.2083 0.7516 0.2992 0.6806 0.2992 

Urban to SV 0.7968 0.2032 0.9014 0.3285 0.1806 0.6944 0.2787 0.6944 

 

Table -5 list of class with corresponding 

selected features for classifications 
Class Feature to be used for segregation 

Urban Corr_co_Di 

Water Corr_co_HD, Corr_co_VD 

Water Canal VV polarimetric band 
Bare soil Corr_co_FP 

Tall vegetation Corr_co_FP  

Short vegetation Corr_co_FP 
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like first difference line nucould be faster but can suffer 

from attaining local maxima/minima problem. 

The objective function of the optimization problem 

at hand is given below;  

          maximize f x maximize OA   (7) 

After optimizing equation (7), the optimal ni (i = 1 to 10) 

values obtained are shown in Table 6. These optimal ni 

(i = 1 to 10) values are used to obtain class boundaries 

which in turn will be used in decision tree classifier. 

 
Table 6 Optimal n values obtained using GA optimization 

n1 n2 n3 n4 n5 n6 n7 n8 n9 n10 

0.315 2.0 0.446 1.0 
-

2.0 

-

1.667 

-

1.4 

-

0.2 

-

0.022 
0.998 

The decision tree based on the optimal class boundary 

values is illustrated in Fig. 10. The priority of a class to 

be segregated first is evaluated by its separability index 

(SI) value. 

 

4.3.4 Results and Discussion 

The optimized class boundaries obtained are utilized 

with DT to perform LC classification (see figure 10). 

The classified image is shown in Fig. 11 (a). The 

proposed optimal class boundaries based DT classifier 

is compared with 1-dimensional convolutional neural 

network (1D-CNN) and RBF-SVM classifiers using the 

same PSCF features. Classified images using 1D-CNN 

and RBF-SVM is shown in Fig. 11(b) and 11(c) 

respectively. Overall classification performance 

indicators for the proposed method, 1D-CNN, and 

RBF-SVM are provided in table 7. From table 7, it is 

evident that the proposed method achieves best 

classification accuracy (75.3%) and kappa coefficient 

(0.69). 

Table 7: Classification performance indicators for the proposed, 

1D-CNN, and RBF-SVM classifiers with PSs as features. 

Method OA (%) Kappa 

DT classifier 75.3 0.69 

1D-CNN 70.8 0.633 

RBF-SVM 74 0.69 

 

4.4  Improved utilization of polsar polarization 

signatures using convolutional-deep neural nets for 

classification  

Normalized Euclidean distance (NED) and normalized 

signature correlation mapper (NSCM) are most 

popularly used pattern classifiers with polarization 

signatures (PSs) based polarimetric synthetic aperture 

radar (PolSAR) data applications. These methods are 

not able to fully exploit the PSs as they do not exploit 

the spatial context or pattern of PSs which is essential. 

Improved utilization of PSs is still required for PolSAR 

applications such as agriculture crop classification and 

monitoring.  In this study, convolutional deep neural 

networks (C-DNNs) are introduced and utilized as 

pattern classifiers for PS classification. C-DNNs have 

the ability to consider and control the influence of local 

neighborhood pixels during classification. Therefore, in 

this study C-DNNs are utilized to extract and exploit 

subtle changes between PSs of land covers to improve 

classification performance. Comparison with NED and 

NSCM classifiers signify the contribution of C-DNNs 

by improved performance in PolSAR data 

classification. 

4.4.1 Model development 

In this study, C-DNNs are utilized to extract features 

from PSs for land cover classification. First a C-DNN 

model is constructed with the help of convolutional and 

fully connected, layers. The constructed model is then 

trained with PSs of desired classes collected as ground 

truth.  

The C-DNN model is constructed in the following 

manner. Please note that input data is a 

91 181 2  matrix where 91 and 181 are the spatial 

extent of image and 2 is the number of channels. 

First, a convolutional layer of 10 convolutional filters, 

each of filter size of 15 15 is used. A „same‟ padding 

scheme with pad size 1 1 is used in this layer. Rectified 

linear unit (ReLU) activation function is used for non-

linear transformation. Dropout regularization strategy is 

utilized in order to stabilize the network. A dropout 

 
 
Fig. 10 Decision tree based on the obtained 

threshold values 

 
Fig. 11 Classified Image; (a) Proposed method (b) 

1D-CNN, (c) RBF-SVM, and (d) Google Earth 

image for reference purpose. The dashed yellow 

box if figure 1(f) highlights Roorkee city. Colour 

scheme; Red = Urban, Light green = Agriculture 

or short veg., Green = Tall Veg., Blue = Water, 

and Yellow = Bare soil. 
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ratio of 10% is considered. A batch normalization 

process is also carried out to speed up the training 

process and to reduce network sensitivity. Most of the 

model parameters are set via „trial and error‟ strategy. A 

second layer of 10 convolutional filters, each with size 

5 5 is added.  Similar kind of padding scheme, 

padding size, activation function, dropout ratio, and 

batch normalization scheme is used. Further, a third 

layer of 50 fully connected neurons with ReLU 

activation function is added. This layer takes a flattened 

version of convolutional layer outputs as input. At last, 

one more layer of 5 fully connected neurons is added. A 

„softmax‟ activation function is used to obtain the final 

class labels. A four layered C-DNN classification model 

is realized at the end 

4.4.2 Result and discussion  

The constructed and trained model is presented with 

unseen PSs from PALSAR2 image data of the study. 

The corresponding classified image obtained is shown 

in figure 12(a). Overall accuracy (OA) achieved on test 

samples is 72.8%. Confusion matrix (CM) is shown in 

figure 12(d). Urban, water, and bare soil are showing 

good accuracies (70%, 79%, and 88% user accuracies 

respectively) whereas SV class is showing low accuracy 

(62% user accuracy). 

Results from proposed methodology are compared with 

popular pattern classifiers used with polarization 

signature based land cover classification [15]. Figure 

12(b) shows the classified image obtained using NED 

classifier (OA = 62.3%) and Fig. 12(c) shows the 

classified image obtained using NSCM classifier (OA = 

64.1%). From the comparison, it is observed that the 

proposed methodology provides superior performance 

over the other two methods. 

4.5 To develop an artificial neural network (ANN) 

approach for classification of different vegetation 

classes (i.e., poplar tree, mango orchards, wheat, 

sugarcane, other crops, dry bare soil and wet bare 

soil) using multi-frequency SAR data 

Classification of mixed classes that are having similar 

backscatter response at different polarization 

combinations, using single frequency synthetic aperture 

radar (SAR) data is very intricate and there is always a 

high possibility of misclassification. Therefore, the 

main objective of this study is to classify the mixed 

classes using multi-frequency SAR data. An artificial 

neural network (ANN) approach is used for 

classification of the considered mixed classes using 

various polarimetric parameters obtained from single 

acquisition ALOS2 PALSAR (L band) and Sentinel 1 

(C band) dual pol SAR data. An image statistical 

measure based separability index analysis is used to 

identify the optimal polarimetric parameters for 

developing the classifier. 

4.5.1 Study area and data used 

The considered study area has central coordinates of 

29.931
o
E and 77.964

o
N and is located in Haridwar 

district of Uttarakhand, India. Two sets of mixed classes 

are present in the study area with one set being bare 

lands having different moisture content and the other set 

being high biomass crop, sugarcane n tall vegetation 

classes i.e. mango orchards and poplar trees along with 

wheat and other crops. Ground truth of the considered 

classes are marked on drone image and is shown in Fig. 

13. 

 

4.5.2 Selection of polarimetric features and 

development of artificial neural network for 

classification 

 The backscattering response of the considered mixed 

classes at different polarizations of L and C bands is 

quite similar and they alone may not provide accurate 

classification. Besides backscattering coefficients, their 

ratios and the derived polarimetric parameters such as 

normalized difference polarization index (NDPI), cross 

polarization ratio (CPR), ratio vegetation index (RVI) 

provide additional information about the mixed classes 

and are used in the analysis [16]. A total of 14 

parameters obtained from L and C bands are considered 

for the study. Sometimes increase in dataset might lead 

to reduction in classification accuracy [17]. Hence, 

separability index (SI) analysis is performed to obtain 

optimal polarimetric parameters as shown in the Fig. 

14. After an extensive SI analysis, a total of eight 

 
Bare Soil  TV SV Urban Water 

Fig 12. (a); Classified image obtained using the 

proposed C-DNN based pattern recognition 

approach. (b); Classified image using NED 

classifier. (c); Classified image using NSCM 

classifier, (d): Confusion matrix generated from 

test samples (1 = Bare Soil, 2 = TV, 3 = SV, 4 = 

Urban, 5 = Water). Blank spaces correspond to 0. 

 
Fig. 13. Drone image of the study area (1. Moist 

land, 2. Dry land, 3. Wheat, 4. Other crops, 5. 

Sugarcane, 6. Mango orchards, 7. Poplar trees) 
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polarimetric parameters 

(
_

o

C VH , 0 0

_ _/C VH C VV  ,
_

o

L HV , _

o

L HH
, _

o

C VV
,

_ _/o o

C VH L HV 
, _C CPR , _C NDPI ) are selected for 

training the ANN. The workflow of the proposed 

methodology is given in Fig. 15. 

 

Fig.14 Measured SI of each class pair by various 

polarimetric parameters (L_HV refers to backscattering 

coefficient at HV polarization of L band 
_

o

L HH , C_VV 

refers to backscattering coefficient at VV polarization of C 

band 
_

o

C VV , C_RVI refers to RVI obtained from C band 

data and so on) 

 

Fig. 15 Proposed workflow 

4.5.3 Results and discussion  

In order to check the improvement in the classification 

accuracy of various mixed classes using multi-

frequency SAR data, separate ANNs are developed 

using  corresponding backscattering coefficients and the 

derived polarimetric parameters of only L band and 

only C band data. In addition, to see the effect of using 

optimal polarimetric parameters, the results are 

compared with an ANN developed using all the 14 

polarimetric parameters (ANNLC14) discussed in 

section 4.5.2 that are obtained from both L and C bands.  

The developed models are validated by applying them 

on extended study area and the obtained ANN 

classification results are shown in Fig. 16. ANNL, 

ANNC denote the obtained classification results of only 

L and only C band respectively. ANNLC14 and ANNLC8 

are the results obtained from all the 14 polarimetric 

parameters discussed in section 3.2 and optimal 

parameters obtained from SI analysis of both L and C 

bands respectively. The obtained overall accuracy for 

ANNL, ANNC, ANNLC14 and ANNLC8 are 57.5%, 

64.7%, 80.6%, and 87.2% respectively. It is noted that 

there is an increase in classification accuracy using 

multi-frequency SAR data, but with the use of optimal 

polarimetric parameters, there is further improvement in 

the classification accuracy. 

 
4.6 To develop an algorithm for retrieval of soil 

moisture in crop areas  

  Estimation of vegetation covered soil moisture with 

satellite images is still a challenging task. Several 

models are available for soil moisture retrieval in which 

water cloud model (WCM) is most common. But, it 

requires an estimation of accurate vegetation 

parameterization. Thus, there is a need to develop such 

an approach for soil moisture retrieval which minimize 

these limitations. Therefore, this paper deals with the 

soil moisture retrieval using fully polarimetric SAR 

data by fusing the information from different bands. 

Various polarimetric indices and observables were 

critically analyzed, and found that the index; SPAN 

(total scattered power) gives better information of 

vegetation cover as compared to other 

indices/observables. Based on this, WCM model has 

been modified using SPAN as vegetation parameter and 

soil moisture content were retrieved.  

In, this developed algorithm we focused on the 

problems of vegetation parameter minimization using 

the fusion polarimetric information with image 

information for retrieving the vegetation covered soil 

moisture and emphasizes on developing empirical 

relationship to incorporate the vegetation effect in soil 

moisture retrieval. Fig 17 can be represented by the 

water cloud model as shown in Equation (8).  

0 0 0 2 0
veg veg soil soil

      


 (8) 

                                  

 

 
(a) 

 

 
(b) 

 
(c) 

 
(d) 

 
Fig. 16. Classified images of the study area obtained 

from (a) ANNL (b) ANNC (c) ANNLC14 (d) ANNLC8  
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Fig. 17 backscattering behavior of SAR data for the 

vegetation covered area 

Now, to retrieve soil moisture values, we need to 

know 
0

σ
soil

 values using Equation (8). For this purpose, 

the effect due to vegetation parameterization should be 

minimized. This vegetation information may be 

obtained by various polarimetric indices like Horizontal 

transmit Vertical receive (HV), cross-pol ratio of 

Horizontal transmit Vertical receive/Vertical transmit 

Vertical receive (HV/VV), SPAN and RVI and this 

information may be fused with image backscattering 

coefficient to determine 
0

σ
soil

 values. In this developed 

model SPAN as computed by equation (9) is used a 

polarimetric index for vegetation effect 

minimization[18]. 
2 2 2

( 2 )HH HV VVSPAN S S S                                  (9) 

(a) Soil moisture retrieval for bare soil:  
Soil moisture can be retrieved from bare soil by using 

Dubois model and Topps model as given in equation 

(10-13)[19], [20]  .  

 

 

1.4

5

1.1

3

1.5
cos θ (0.028*ε*tanθ)0 -2.75 0.7

σ =10 10 (k*s*sinθ) λ (10)
hhSoil

sin θ

3
cos θ (0.046*ε*tanθ)0 -2.35 0.7

σ =10 10 (k*s*sinθ) λ (11)
vvSoil

sin θ

 

(12.7 ( )) (10 ( )) (100 log( )) (127 log( ))1 2

(3.04 tan( ))
ε= (12)

dB dB C Cvv hh 



      



 

       2 2 4 2 6 3
5.3*10 2.92 *10 * 5.5*10 * 4.3*10 *  (13)

v
m   

   
    

  

(b) Soil moisture retrieval for vegetation cover 

soil: The next step is to develop a model to retrieve the 

soil moisture over vegetation covered areas. Equation  

(9) represents the generalized model of soil moisture 

retrieval for vegetation covered areas which implies that 

the backscattering contribution of entire vegetation 

cover includes the backscattering contribution of 

vegetation only (i.e. volume scattering), contribution of 

interaction between vegetation and underlying soil (i.e. 

double bounce scattering), as well as the contribution 

from soil surface scattering (i.e. surface scattering) with 

attenuating factor. After the vegetation correction  

0
σ

soil
 can be retrieve by using equation (14-17)[18], 

[21], [22]. 

  0

 
  ,   

xx image
f Vegetation Soil parameters          (14) 

  0

 
      

xx Soil
f Soil parameters                         (15) 

 
 

 

0

 0

0

 

  ,   

   

xx image

xx

xx Soil

Vegetation Soil parameters

Soil parameters





            (16) 

     0 0 0

   
        

xx Soil xx image xx
dB dB dB                (17)  

 It is observed that the second order polynomial 

relation as given in Equations (18) and (19) for  

0
σ

HH
vs. SPAN and 

0
σ

VV
vs. SPAN were showing 

the highest coefficient. So replacing the 
0

σ
HH

 and 

0
σ

VV
with SPAN. 

0
σ

soil
 For vegetation area can be 

calculated using equation (12 -13) and after that using 

Dubois model soil moisture can be retrieve from

0
σ

soil .  

     

 

20 0
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2   3

  (( * )

( * )  )                                         (18) 

HH Soil HH image
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 Fig. 18 shows the developed model for soil 

moisture retrieval. Fig 19 represent the scattered plot of 

retrieved soil moisture vs observed soil moisture and 

obtained RMSE is 0.032. 

Preprocessing of fully 

polarimetric SAR data

Classification and 

masking of urban and 

water class

Preprocessing of fully 

polarimetric SAR data

Backscattering 

coefficient of bare soil  

Calculation of dielectric 

constant

Estimation soil moisture

Normalization of 

backscattering 

coefficient   

Development of 

empirical relationship 

between normalized 

scattering coefficient 

and SPAN   

Backscattering 

coefficient of vegetation 

covered soil using 

developed empirical 

relation  

Soil moisture retrieval 

of vegetation covered 

area

Soil moisture map 

generation

For Vegetation

For Bare soil

Soil moisture retrieval using 

Dubois model

 

Fig. 18 Flowchart for soil moisture retrieval 
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Fig 19 Scattered plot of retrieved soil moisture vs 

observed soil moisture 

 

5. CONCLUSIONS 

In this project work critical analyses of several model 

based decomposition methods for classification of 

various vegetation classes and other classes have been 

performed.  It has been found that even after performing 

decomposition, ambiguity still occurs in the 

classification of various classes, like urban and 

vegetation. Polarimetric decomposition techniques are 

most popular methods for PolSAR data classification in 

recent times. These techniques are non-adaptive and 

provide sub-optimal results in mixed land cover 

classification scenario. Alternatively, polarization 

signatures are good illustrations of SAR target 

responses as they depict a detailed physical information 

from target backscatter. An adaptive and optimal 

approach is developed to utilize the degree of 

correlation among standard target and land cover 

polarization signatures as features for improved land 

cover classification in mixed land cover scenario. These 

methods are not able to fully exploit the PSs as they do 

not exploit the spatial context or pattern of PSs which is 

essential. Improved utilization of PSs is still required 

for PolSAR applications such as agriculture crop 

classification and monitoring.  Therefore, convolutional 

deep neural networks (C-DNNs) are introduced and 

utilized as pattern classifiers for PS classification. C-

DNNs have the ability to consider and control the 

influence of local neighborhood pixels during 

classification. Comparison with NED and NSCM 

classifiers signify the contribution of C-DNNs by 

improved performance in PolSAR data classification.  

Classification of similar crops that are having similar 

backscatter response at different polarization 

combinations, using single frequency synthetic aperture 

radar (SAR) data is very intricate and there is always a 

high possibility of misclassification. Therefore ANN 

approach is proposed for the classification of various 

mixed vegetation classes using optimal polarimetric 

parameters generated with multi-frequency (PALSAR-2 

and Sentinel-1)   SAR data. It is found that the overall 

accuracy of the developed ANN using both L and C 

band data is better compared to the ANN using single 

band data. Although the use of multi-frequency SAR 

data improves the classification accuracy of mixed 

classes, the selection of polarimetric parameters affect 

the classification accuracy.   

 After the classification of different vegetation classes, 

an algorithm has been proposed for soil moisture 

estimation in vegetation area. Various polarimetric 

indices and observables were critically analyzed, and 

found that the index; SPAN (total scattered power) 

gives better information of vegetation as compared to 

other indices/observables. For this purpose an empirical 

relation has been developed with SPAN for vegetation 

correction, and this relationship used for the correction 

of vegetation effect from the total backscattering signal 

in order to get the backscattering coefficient of the soil 

for HH-polarization and VV-polarization. 

Consequently, the dielectric constant of the soil is 

retrieved using the values of backscattering coefficient 

of the soil and then using the values of the dielectric 

constant of the soil, the resulting volumetric soil 

moisture values are calculated. The results obtained 

from the proposed approach are quite good. The 

proposed approach is quite useful to improve the 

estimated soil moisture accuracy. Moreover, the 

elimination of the use of another sensor data has been 

achieved using the proposed soil moisture algorithm.  
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1. INTRODUCTION

Knowing crop variables such as height, biomass 
and associated soil moisture, are important to crop 
monitoring, which is of paramount importance to assure 
food security to an ever-growing human population 
affected by increasingly uncertain climatic conditions. 
Crops are dependent on their physical environment for 
growth, survival, and reproduction. They can also have 
significant effects on climate change, primarily through the 
production and release of greenhouse gases such as carbon 
dioxide, but also by altering the Earth's land cover, which 
can change its ability to absorb or reflect heat and light, and 
therefore, its effect on radiative forcing. To understand 
crop response to changing environmental conditions, we 
need tools  to quantify  the environment and to measure 
different crop variables. Earth observation technology 
offers an invaluable means  to estimate both the 
environmental conditions and crop variables in an efficient 
manner over large area. 

Remote sensing is a spatial science used to obtain 
information about an object, area, or phenomenon through 
the analysis of data acquired by a device that is not in 
contact with the object, area, or phenomena under 
investigation.Remote sensing technology has the potential 
to instantaneously provide quantitative information on 
agricultural crops over large areas in a non-destructive 
fashion. However, the usability of different optical sensors 
for determining environmental conditions and crop 
variables depends not only on daylight, but also on the 
actual weather conditions. Clouds and strong rain are 
impenetrable for the visible spectrum with the wavelength 
between 400nm and 700nm. Infrared sensors that are 
applicable during the day and night are even more sensitive 
to weather conditions. Synthetic Aperture Radar (SAR) can 
transmit longer electromagnetic wavelengths from 1mm to 
1m and receive it through interacting with the ground 
targets, having proved to be valuable because of its day-
and-night capability and the possibility to penetrate clouds 
and rain, even the vegetation cover. Therefore, SAR has the 

potential to retrieve the crop parameters such as soil 
moisture under vegetation cover. 

Of increasing importance are SAR systems that 
provide multidimensional information via multiple 
frequencies or polarizations. One such technique is 
Polarimetric SAR (PolSAR), which provides an enhanced 
capacity for investigating Earth terrain because different 
frequencies and polarizations allow for the probing of 
different scattering mechanisms and different components 
of the scattering layers. Generally, it is a physical process 
where the electromagnetic wave is forced to deviate from 
a straight trajectory by one or more paths due to localized 
non-uniformities in the medium through which they pass. 

However, within each pixel of the PolSAR image, 
these scattering mechanisms will be mixed especially when 
there are crops growing in agricultural fields. Furthermore, 
each crop variable is only associated with some of the 
scattering mechanisms as mentioned above, and it is a 
challenging to retrieve these parameters based on these 
mixed pixels. In agricultural fields, two scattering 
mechanisms are dominant: one is the ground scattering 
which is related to soil moisture and soil roughness, while 
the other is vegetation scattering, which is related to the 
crop height and biomass.  

Soil moisture has been identified as an Essential 
Climatic Variable by the Global Observing System for 
Climate given its role in energy flux and climate-land 
feedback. Within the agricultural community, the Group on 
Earth Observations (GEO) Global Agricultural Monitoring 
(GEOGLAM) initiative has further amplified soil moisture 
as a critical community priority given its role in driving 
processes such as drought, irrigation, and crop production. 
Currently, programs such as NASA’s Soil Moisture Active 
Passive (SMAP) and ESA’s Soil Moisture Ocean Salinity 
(SMOS) Missions have advanced science and uptake for 
land monitoring decision support tools. These missions 
have made tremendous advances for synoptic monitoring 
and assessment of soil moisture. 

In this report, we improved the model-based 
polarimetric decomposition and applied it to the soil 
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moisture retrieval. The model-based decomposition is 
outlined in Section 2 and Section 3 presents its application 
to the soil moisture retrieval under vegetation cover. 
 

2. MODEL-BASED DECOMPOSITION 
 

Polarimetric SAR decomposition in PolSAR is a 
very useful tool for characterizing crop scattering 
mechanisms. Particularly, the Freeman-Durden model-
based decomposition [1] which describes the scattering 
process as the linear sum of the surface, double-bounce and 
volume scattering. Due to its simplicity and intuition, many 
decomposition methods are developed [2-6] based on the 
model-based framework and are widely applied to 
vegetation information extractions，making the model-
based decomposition a very hot topic at present. Volume 
scattering model as a characterization of vegetation 
scattering is a key component in model-based 
decompositions. However, it remains a challenging task to 
construct the volume scattering for accurate information 
extractions. Although many volume scattering models 
have been developed in recent years, they are limited to 
characterize only certain types of vegetations. Freeman and 
Durden [1] first developed a volume scattering model using 
the uniform probability density function. Yamaguchi et al. 
[2] added the vertical and horizontal volume scattering 
models to extend the Freeman-Durden volume scattering 
model by making use of the first order sine probability 
density function. An et al. [3] proposed a maximum 
entropy volume scattering model, but it requires more 
experiments to validate. Antropov et al. [4] proposed a 
generalized volume scattering model which can adapt to 
the sensitivity between the HH and VV co-polarizations for 
different types of forests. Arii et al. [5] developed a general 
scattering model based on an n-power cosine square 
function. However, with the randomness and orientation 
angle both being as the unknown variables, they must be 
calculated simultaneously, which makes the computation 
very time-consuming. Overall, most of these existing 
models are vegetation type dependent and very difficult to 
fully characterize crop changes with seasons. In response, 
a simple adaptive volume scattering model proposed by us 
is employed in this paper to capture the crop phenological 
change through the growing season and accurately acquire 
crop biophysical information. 

Crops are always changing with seasons in 
agricultural fields, and it is very difficult to describe crops 
only using one volume scattering model due to their 
changing phonologies over time. Additionally, Yamaguchi 
et al. [2] figure out that there are many vertical and 
horizontal dipoles scatterings in L band besides random 
volume scattering, and then they proposed vertical and 

horizontal volume scattering models based on first order 
sine function. However, first order function is only one 
type of vertical or horizontal dipoles, which cannot 
describe the vertical or horizontal orientation completely. 
Furthermore, the shorter C-band senses a mean orientation 
closer to the vertical direction [5], that is, most of the 
orientation angles of vegetation including the crops are 
closed to 90 degree for C-band. Based on them, two new 
probability density functions developed by our group [6] 
are adopted in this study, which can be shown as, 

 

p(θ) =
sinnθ

∫ sinnθdθπ
0

 

p(θ) =
cosnθ

∫ cosnθdθ
π
2
−π2

 
(1) 

Using the same method proposed by Freeman and Durden, 
two volume scattering models of the SAVSM are shown as, 

 

TVV = 1
A
�
TV11 TV12 0
TV12 TV22 0

0 0 TV33
�  

TVH =
1
A
�
TH11 TH12 0
TH12 TH22 0

0 0 TH33
� 

(2) 

where 

TH11 = TV11 =
√πΓ �n + 1

2 �

2Γ �n
2 + 1�

, TH12 = −TV12 =
n√πΓ �n + 1

2 �

4Γ �n
2 + 2�

 

 

TH22 = TV22 =
(n2 + 2n + 4)√πΓ �n + 1

2 �

8Γ �n
2 + 3�

, TH33 = TV33

=
√πΓ �n + 3

2 �

Γ �n
2 + 3�

 

Where A = ∫ sinnθdθπ
0 = ∫ cosnθdθ

π
2
−π2

=
√πΓ�

n+1
2 �

Γ�n2+1�
 and 

Γ(a) = ∫ e−tta−1dt∞
0  

It should be noted that n  is real and not limited to the 
integer. Without the loss of generality, four components of 
horizontal volume scattering models are depicted in Figure 
1, 
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Figure 1. Vertical volume scattering components. 

 
Figure 1 depicts that T11 is keeping stable all the 

time with its value 0.5. When n is increasing T22 decreases 
first and then increases later at the point between 0.5 and 1. 
While T33 are opposite compared with T22.  T12 is always  
increasing when n increases. It should be noted that when 
n is equal to 0, it is Freeman volume scattering model. 
While n  is equal to 1, it becomes Yamaguchi volume 
scattering models, which is the dash line shown in Figure 
1. To demonstrate further, the RADAR vegetation index 
(RVI) proposed in [7] and scattering entropy introduced in 
[8] are calculated separately, which are shown as, 
 

 

RVI =
4min(λ1, λ2, λ3)
λ1 + λ2 + λ3

 

Entropy =  −� pilog3

3

i=1

(pi), pi

=
λ1

λ1 + λ2 + λ3
 

(3) 

where  λ1 , λ2  and λ3  are the eigenvalues of adaptive 
volume scattering models, their curves are shown as in 
Figure 2, 

 
Figure 2. RVI and Entropy. 

 

Figure 2 depicts that both entropy and RVI 
decrease as n increases, this is because as n is increasing, 
the adaptive volume scattering is becoming more “pure” 
vertical or horizontal scattering, especially when n is close 
to the infinite, it is becoming vertical or horizontal volume 
scattering. RVI has a steeper decrease than entropy does. 
Considering this, we can use this feature to limit the 
maximum range of n , thereby accelerating to find the 
optimum n in practice. It can be seen that the RVI is very 
low and is almost keeping unchangeable at the point where 
n = 20, Therefore, the maximum n we limit in this paper 
is 20. 

The three-component model-based 
decomposition proposed by Freeman and Durden [1] is the 
incoherent sum of three components (surface scattering, 
double-bounce scattering and volume scattering). To 
improve the model-based decomposition, we replace the 
Freeman and Durden volume scattering model by the 
SAVSM, while both surface and double-bounce scattering 
components remain the same. The model-based 
decomposition is intuitive in reflecting the scattering 
process, but a critical problem arises when it is applied to 
an area under vegetation cover, i.e., negative power 
problem in which the power of surface or double bounce 
scattering is negative after decomposition, which is 
inconsistent with reality. Up to now, several researchers 
developed different models to circumvent this problem by 
adding de-orientation or improving volume scattering 
models [2]. However, in order to avoid negative power, 
considering the physical realization, the complete model-
based decomposition method proposed in [10] is employed 
in this paper. Firstly, the volume scattering component is 
determined by a generalized decomposition developed in 
[10]. Then, the Radar Vegetation Index (RVI) and 
randomness is derived by the volume scattering. The de-
orientation process is performed to compensate the 
orientation angle induced by the azimuthal slope [9]. Based 
on the singular value decomposition (SVD), the surface 
and double-bounce scattering components are determined 
finally. The flowchart of the developed three-component 
model-based decomposition is shown in Figure 3. 
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Figure 3. Flowchart of the improved three component 

model-based decomposition. 
 

Two quad polarization ALOS-2 PALSAR-2 
images with incidence angle of around 28 degrees listed in 
Table 2 and acquired on Aug. 28 2015 in the East and South 
of Illinois State in U.S are used in this paper. Through the 
Cropland Data Layer (CDL) from the USDA NASS 
(ground truth data) as shown in Figure 4, the majority of 
the crops over this area are corn and soybean. In addition, 
this area also has some rivers and forests. Before the 
model-based decomposition is applied to the data, the two 
quad polarization PALSAR-2 data are preprocessed using 
the PolSARPro software for the radiometric and Faraday 
rotation correction. Then, the Mapready software is 
employed for the geocorrection. The Boxcar filter with a 7 
by 7 window size is used to reduce the coherent speckle 
noise, which is also performed by the PolSARPro software.  
 

 
Figure 4. Study area and ground truth. 

 
In this section, we compare the SAVSM to other 

prevalent three volume scattering models proposed by An 
et al. [3] (An-VSM), Antropov et al. [4] (Antropov-VSM) 

and Yamaguchi et al. [2] (Y-VSM), with decomposed 
surface, double, and volume scattering components from 
them shown from Figure 5 through Figure 8. Noted that the 
above three images of each Figure are three components 
from Study Area 1 and the bottom ones are from Study 
Area 2. Compared the SAVSM with An-VSM and 
Antropov-VSM, both An-VSM and Antropov-VSM have 
higher surface scattering than the SAVSM over both 
agricultural and forest areas in Study area 1 and 2, and both 
also have less volume scattering than the SAVSM. In 
particular, the Antropove-VSM as shown in Figure 6 has 
much less volume scattering over soybean fields (dashed 
rectangular box) as well as the forest areas. This might not 
be consistent with the reality because the volume scattering 
should be much higher than the surface scattering over 
forest areas due to the high penetration capacity of the L-
band. The double-bounce scattering from those three 
VSMs show much similar patterns, in which the corn areas 
present higher double-bounce due to the interaction from 
the corn stem and ground. We might infer that the corn is 
at its middle or late growth stage, which is consistent with 
its phenology over this area from USDA. Moreover, this 
distinct feature might also be used for the corn 
classification in future. When we compare the SAVSM 
with the Yamaguchi-VSM as shown in Figure 7, they 
almost have the same patterns in terms of the surface, 
double, and volume scattering components. This might be 
because on this day, the SAVSM has the same randomness 
with the Yamaguchi-VSM when n equals to 1. In this way, 
the SAVSM will be equal to the Yamaguchi-VSM, which 
will result in the same scattering patterns. Therefore, to 
fully demonstrate the capacity of the SAVSM, the time-
series PALSAR-2 data will be required. The other 
advantage of the SAVSM is that in addition to the surface, 
double and volume scattering components, the randomness 
and RVI can be estimated as shown in Figure 9. Figure 
9indicates that forest areas show much higher RVI than 
agricultural areas, but randomness over both corn and 
soybean fields are almost the same. 
 

1 

2 
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Figure 5. Decomposed components from the An-VSM. 

 
 

 
Figure 6. Decomposed components from the 

Antropov-VSM. 
 

 
Figure 7. Decomposed components from the 

Yamaguchi-VSM. 
 
 

 
Figure 8. Decomposed components from the SAVSM. 
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Figure 9.The Randomness and RVI from the SAVSM. 
 

3. SOIL MOISTURE RETRIEVAL 
 
In this section, two approaches are studied for the 

soil moisture retrieval, one is the model-based 
decomposition developed in the last section, and the other 
is the machine learning random forest approach using the 
polarimetric parameters. 

The framework of the two-component model-
based decomposition developed by Huang et al. [6] is 
written as, 

 T33 = fs ∙ Ts + fv ∙ Tv (4) 

in which T33 is the 3-by-3 coherency matrix, the fs and fv 
represent the scattering intensity of the surface and volume 
scattering components, while Ts and Tv are the coherency 
matrices of the surface, and volume scattering. The volume 
scattering model used here is developed by Huang et al. 
[11] which is written as, 
  To determine the contribution of the volume 
scattering, the Non-Negative Eigenvalue Decomposition 
(NNED) is used [12] and the randomness factor n will be 
determined by the minimizing the RVI derived from the 
PALSAR-2 data and the Radar Vegetation Index (RVI) 
[13] from the improved volume scattering model in 
equation (2). Removing the contribution of the volume 
scattering, the remaining coherency matrix dominated by 
the surface scattering will be converted to the covariance 
matrix, in which the HH and VV backscattering coefficient 
will be extracted and applied to the calibrated IEM for L-

band [14] to estimate the soil moisture under the 
minimization of the cost function ∆ in equation (3). 
 

 Δ = ��σMhh0 − σShh0 �2 + (σMvv0 − σSvv0 )2 (5) 

Where Δ  represents the least square difference between the 
measured σMpp0  from the covariance matrix and the 
simulated σSpp0  backscatter coefficients using the 
calibrated IEM [14].  

 
The second method we use is the Random Forest 

[15,16] machine learning method, which is an ensemble 
learning method for classification and regression, in which 
a number of de-correlated decision trees are constructed 
during calibration. Before each split, m  variables are 
selected randomly as candidates for splitting while  m ≤ p, 
where p is the total number of input features. Typically, 
values for m are the square root of p or even as low as 1 
depending on the value of p. It should be noted that when 
the number of variables is large, but the fraction of relevant 
variables small, RF is likely to perform poorly with a small 
m. Compared with other classifiers such as SVM and NN, 
RF uses the Out-Of-Bag (OOB) error samples, and once 
the OOB errors stabilizes, the training can be terminated 
and the number of trees are determined. RF also uses the 
OOB samples to measure the variable importance that 
represents the prediction strength of each variable, which 
might be used for the optimization of the choice of the input 
parameters. In this study, the OOB is used for the 
determination of the number of trees and set up m = �p. 
During the training processing of the RF parameters from 
derived from both SAR and optical data are used as the 
inputs for the RF calibration, consisting of the HH, HV, 
and VV from SAR and the NDVI, and reflectance of Green, 
Red, Nir, Swir1, and Swir2 channels from the optical data. 
 

The study area is located in the Northeast of the 
Arkansas state in United States, which is shown in Figure 
10 depicting that the crop and forest regions show high 
volume scattering due to their vegetation canopy. Major 
crops in this region include corn, cotton, soybean, and 
peanuts . As shown in Figure 10A, some study sties (green 
dots) that are outside of the footprint of the PALSAR-2 will 
not be used for the validation or the machine learning 
training. There are five quad pol PALSAR-2 data acquired 
on 20190718, 20190801, 20190815, 20190829, and 
20190912 used in this study. The incidence angle is around 
30 degrees. The soil moisture is measured in 12 sites over 
time spreading over diverse crop fields such as corn, cotton, 
soybean, and peanuts as shown in Figure 10B.  
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Figure 10. (A) the volume scattering component of 

the PASAR-2 data on July 18 2019 and the study sites 
(green dots). (B) the USDA crop data layer (CDL). 

 
The polarimetric PALSAR-2 SAR data is 

processed by the GITASAR software, the quad pol data are 
first converted to a 3-by-3 coherency matrix first, and a 
Boxcar filter is applied to reduce the inherent speckle noise 
with a 5-by-5 window size. The filtered coherency matrix 
is then geocoded with a resultant 30 meters resolution using 
an external 90 meters SRTM Digital Elevation Model 
(DEM). The two-component model-based decomposition 
is applied to the geocoded coherency matrix to retrieve the 
soil moisture. In addition, the HH, HV, and VV 
backscattering coefficient as the input parameters of the 
machine learning method are also extracted from the 
geocoded coherency matrix. In terms of the optical indices, 
the Normalized Difference Vegetation Index (NDVI) [17] 
and reflectance are generated using the Harmonized 
Landsat Sentinel-2 (HLS). Pre-processing followed best 
practices and applied established cloud masks [18] in an 
operational context using open source components. 
Additional Quality Assurance Quality Control routines 
were applied to treat poor quality pixels (i.e., missed 
clouds) using a multi-temporal module that allows for 
efficient custom pixel-wise time series calculations on 
image stacks. In this case, the multi-temporal module was 
implemented to remove additional observations that fall 
between a decrease and increase larger than 0.01 over an 8-
day period. However, periods of extended missed clouds 
(two or more) will remain. A weekly NDVI and reflectance 
products are then derived by linearly interpolating the 
remaining non-cloud values and applying a custom 
smoother. The smoother selected in this case was a least 
square penalized smoothing spline similar to the Whittaker 
smoother [19]. 
 
 Using the three-component model-based 
decomposition proposed in [11] to study the decomposed 
scattering components surface, double bounce, and volume 

scattering as well as the randomness factor over time in 
soybean, peanut, corn, and cotton fields are shown in 
Figure 11. It shows that the scattering components change 
over time for all crops, and generally the double-bounce 
scattering power is less than that of surface and volume 
scattering, which confirms our assumption in the last 
section. One exception is the soybean field, in which the 
double-bounce scattering and the volume scattering have 
similar scattering power over time but both are still less 
than that of the surface scattering primarily coming from 
the underlying ground. We also observe that in September 
(DoY around 255), both the double-bounce and volume 
scattering over the corn field decrease sharply which might 
be because that the SAR signal can penetrate the dry corn 
canopy easily. However, the surface scattering is still at a 
high level due to the underlying soil moisture and surface 
roughness. In terms of the randomness factor, Figure 11 
depicts that its value is ranging from 0 to 6, which 
demonstrates that both Freeman and Yamaguchi volume 
scattering models cannot fully describe the crop canopy 
since their randomness factors are constant (i.e., 0 and 1) 
as explained in Section 2.2.1. This is consistent with the 
findings in [11]. In addition, the randomness factor of the 
soybean tends to be higher than that of other crops, and for 
the corn at its growth stage, the randomness factor is 
increased due to the majority of scattering being from the 
underlying ground.  
 

 
Figure 11. Temporal scattering components and 

randomness over the agricultural fields. DoY: Day of 
Year. 

. 
 

The derived temporal soil moisture from the 
model-based decomposition is shown in Figure 12. 
Generally, it is wet on July 18th, and then becomes very 
dry in September 12th. The rice field show higher soil 
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moisture than that of other crops due to its strong double-
bounce backscattering caused by the interaction between 
the rice stem and underlying sanding water. The cotton 
(Red in CDL) shows a high soil moisture on July 18th, but 
very dry on September 12. Figure 12 shows that the RMSE 
of the retrieved soil moisture is about 9.34% and the R2 is 
around 0.37. In terms of the RF method, its temporal soil 
moisture is also shown in Figure 12, which depicts that the 
soil moisture becomes low on September 12 and is similar 
to the model-based decomposition method, Same with the 
model-based decomposition method, the soil moisture of 
the rice field is still higher than that of other crops such as 
cotton and corn due to the strong backscattering coefficient 
of HH and VV. Due to the limited number of ground 
measurement, the leave-one-out cross validation is used for 
the accuracy assessment showing that, the RMSE is around 
7.57% and R2 is around 0.62 (Figure 13). Since the RF 
method requires both the SAR and optical data, only the 
common part of those two footprints (SAR and HLS) are 
used for the soil moisture estimation which leads to 
chucked maps as shown in Figure 12. Compared with the 
soil moisture from the model-based decomposition, the ML 
method show high accuracy as more information is added 
in the RF while the model-based decomposition makes use 
of the SAR data alone. For both the model-based 
decomposition and the RF methods, the underestimation is 
observed when the soil moisture is greater than 40 [vol.%]. 
This is because the soil might be saturated by water when 
the soil moisture is higher than 40 [vol.%], which is 
difficult to be detected by the SAR signals.  
 

 
 

Figure 12. Soil moisture derived by the two-
component model-based decomposition and random 

forest methods where the chucked area from the RF  is 
due to the coverage of the HLS data. The black 

quadrilateral in the SM derived by the model-based 
decomposition is the region that RF has. 

 

 
Figure 13. Validation of the Soil moisture by the 

model-based decomposition and RF methods, in which 
the Leave-one-out validation is used by RF against the 

ground measurement. 
 
In addition, the importance of the input parameters of RF 
is also derived that is shown in Figure 14, indicating the 
green, HH, red, and VV are the major contributions of the 
soil moisture estimation, showing the importance of the 
PALSAR polarizations on the soil moisture estimation. 
Instead, the HV show less importance because it is 
primarily sensitive to the vegetation canopy other than the 
underlying surface.  
 

 
Figure 14. Importance of the input parameters of RF 

method. 
 

Finally, instead of the RMSE and R2, an example of 
the temporal soil moisture over the soybean field using 
both the model-based decomposition and RF methods are 
compared that are shown in Figure 15. It depicts that the 
estimated SM from the RF shows a high agreement with 
the ground measurement when the SM is less than 40 
[vol. %], which is consistent with Figure 13. In addition, 
the SM from the model-based decomposition has the value 
all around 30 [vol. %] over time, which is not consistent 
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with the ground measurement. This comparison shows a 
high potential of the RF method than that of the model-
based decomposition due to more involved information in 
terms of SAR and optical indices.  
 

 
Figure 15. Example of the temporal SM over soybean 

field using the model-based decomposition and RF 
methods showing a high agreement of the estimated 

SM from the RF with the ground measurement when 
the SM is less than 40%. 

 
In our study, both the model-based decomposition 

using the SAR data alone and the machine learning RF 
methods that combine the parameters from both SAR and 
optical data are investigated for the soil moisture retrieval 
using the L-band polarimetric PALSAR-2 data. Both show 
high potential on the soil moisture estimation, but the RF 
achieves higher accuracy than that of the model-based 
decomposition which might be caused by the following 
reasons:The model-based decomposition method used in 
this paper does not consider the contribution of the double-
bounce scattering since it is rather weak over the 
agricultural fields. This is confirmed in Figure 11 when the 
double-bounce scattering has the least scattering power. 
However, the double-bounce scattering might have an 
equivalent contribution to the other scattering component 
such as volume scattering over soybean fields. If so, the 
neglection of the double-bounce scattering might lead to 
decrease the SM estimation accuracy.The attenuation 
effect is neglected in the model-based decomposition, 
which can be another issue. However, for the long 
wavelength L-band, the attenuation should be rather weak 
over agricultural fields since sometimes the attenuation can 
even be neglected over the forestry regions [20] . The 
calibrated IEM for the L-band is a semi-empirical method 
that is calibrated using the ground measurement by other 
study regions that might not be applicable to our study site. 

Even through the model-based decomposition has many 
limitations, it still shows high potential on the SM 
estimation with its RMSE around 9.34 [vol.%].  Instead, 
the RF method shows higher accuracy than that of the 
model-based decomposition because the optical 
parameters are used in addition to the SAR parameters. The 
importance of the input parameters shows that the HH and 
VV shows higher importance than that of many other 
parameters demonstrating the ability of the SAR 
parameters on the soil moisture estimation especially HH 
and VV. However, RF as a machine learning method needs 
the ground measurement for the calibration, its 
transferability will be problematic when it will be applied 
to other regions. In addition, the optical data used by RF is 
always obscured by the cloud and rain, hence, the cloudy 
regions the RF method might not be applicable. Fortunately, 
there are many data fusion methods available to use 
currently, but a study of their performance might be 
required before applying them to the training process, and 
it will be our future work. 
 

4. CONCLUSION 
 

The ALOS-2 quad-pol PALSAR-2 data are useful 
in displaying plant structures over agriculture areas. Corn 
fields are shown much stronger double-bounce scattering 
than the soybean fields on this stage due to its unique 
structure. Both An and Antropov volume scattering models 
have lower volume scattering   components over corn and 
soybean areas than the Yamaguchi and SAVSM volume 
models. At this growth stage, the SAVSM has similar 
results to the Yamaguchi volume scattering model, which 
makes its verification challenging. Therefore, in future, the 
SAVSM will be further validated using the time series quad 
polarimetric PALSAR-2 images over the entire crop 
growth season. In addition, the SM retrieval using the 
polarimetric model-based decomposition method and 
machine learning RF methods show that both methods 
show high potential on the soil moisture retrieval with the 
RMSE of 9.34 [vol. %] and 7.57 [vol. %], and R2 of 0.37 
and 0.62 respectively. The RF method shows higher 
accuracy than that of the model-based decomposition due 
to the addition of the optical parameters. However, the RF 
method requires the ground measurement for the 
calibration, while the model-based decomposition does not 
need external auxiliary data. 
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1. はじめに

農業地域における作付状況に関する情報は，作

物ごとの農地面積の調査や収量の予測，災害発生

時の被害把握など，様々な用途に供せられている。

そのため，作物の作付状況をより広範囲で把握す

ることは重要である。しかし，作付作物の分類の

詳細を継続的かつ長期的，広域的に把握していく

ためには，現在人の手によって行われているよう

な現地調査では困難となる。したがって，現地調

査に代わる手法の確立は必要不可欠であり，その

中でも衛星リモートセンシング技術は，農業分野

において特に有望な情報収集手段の一つになりう

る。特に合成開口レーダ（SAR, Synthetic Aperture 
Radar）を用いた技術は，昼夜を問わず安定した観

測が可能であるだけでなく，大気や天候の影響を

受けずにデータを取得することが可能である [1]。
したがって，SAR データを用いた作物のモニタリ

ングは，非常に汎用性，堅牢性が高く，毎年安定

して確実に結果を得られる手法であるため [2]，多

時期のデータを使用した作付作物の分類に効果的

であると考えられる。

これまでの研究では，X バンドや C バンドの

SAR データを使用した分類を行った [3]。その結果，

特に C バンドは X バンドよりわずかに高い精度が

得られ，両者を併用することでさらに精度が上昇

することを示した。そこで，高い精度の得られた

C バンドの SAR データに加え，新たに L バンド

SAR によるデータを併用し，分類を行った（前回

の報告参照）。その結果，一時期のデータのみを

使用する場合，C バンドと L バンドを併用するこ

とで，いずれか一方を使用する場合より有意に高

い精度が得られた。しかし，複数時期のデータを

使用するのであれば，C バンドのみで十分高い精

度の分類がなされることが示された。また，バン

ドごとの比較を行ったところ，L バンドによる分

類は C バンドによる分類よりも低い精度となった。

しかし，前回の報告では，L バンドのデータを 8
月以降のものしか使用していなかった。そこで今

回の報告では，8 月以前に取得された単偏波の L
バンドデータも使用し，より高精度な分類を行え

るか検討した。また，C バンドは L バンドに比べ

て費用がかかるため，C バンドをできるだけ使用

せずに L バンドで代替することが可能であるかに

も注目して検討した。

2. 研究方法

2.1 対象地域および対象作物 
研究対象地域は，北海道十勝管内の西部に位置

する河西郡芽室町・上川郡清水町の畑作地帯（東

経 142° 55′ 12″ ～143° 05′ 51″, 北緯 42° 52′ 48″ ～43° 
02′ 42″）とした。 
対象作物は，当該地域における主要作物である

小麦，豆類，馬鈴薯，甜菜，牧草，トウモロコシ

の 6 種類とし，全 4,713 圃場を解析対象とした。

なお，豆類には小豆・大豆・菜豆を含み，牧草に

はチモシー・オーチャードグラスを，トウモロコ

シには食用・飼料用をそれぞれ含んでいる。

2.2 使用した衛星データ 
本研究では，C バンドのセンサを搭載した

RADARSAT-2 の衛星データおよび L バンドのセン

サを搭載した ALOS-2（PALSAR-2）の衛星データ

を使用した。C バンドはすべて 4 偏波データを使

用し，L バンドは単偏波データと 4 偏波データを

使用した。取得した時期はすべて 2017 年であり，

C バンドは 6 時期，L バンドは単偏波を 2 時期，4
偏波を 1 時期取得して使用した。表 1 に，それぞ

れの衛星データの取得時期を示す。

表 1 衛星データの取得時期（2017 年） 

時期 RADARSAT-2 ALOS-2

1期 6月 8日 6月 3日

2期 6月22日 6月22日

3期 7月 2日 8月 7日

4期 7月16日

5期 7月26日

6期 8月 9日

作付作物分類を実施するにあたり，ノイズ消去

や座標合わせのための前処理として，スペックル

フィルタやマルチルック処理，オルソ補正を行っ

た。次に，各データから変数の算出を行った。4
偏波データについては，各偏波（HH, HV, VV）の

後方散乱係数を算出した。また，後方散乱係数の

ほかに，本研究では 2 種類の散乱成分分解手法を
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使用し，散乱成分を算出した。散乱モデル分解法 
[4] により 2 回散乱（Pd），体積散乱（Pv），表面

散乱（Ps）を，固有値解析法 [5] によりエントロ

ピ（H），アニソトロピ（A），アルファ角（α）

を算出した。各衛星データより，以上の 3 手法で

の計 9 要素を算出した（データ数が 7 時期分ある

ため，総計 63 変数となる）。単偏波データについ

ては，これらの散乱成分分解手法が適用できない

ため，HH 偏波の後方散乱係数のみを算出した

（データ数が 2 時期のため，計 2 変数となる）。

以上の 9 時期，65 変数を用いて分類を行った。 
 

2.3 解析方法 
本研究では，圃場ポリゴン単位での分類を行っ

た。分類にあたり，対象地域における圃場境界

GIS データを十勝農業共済組合より提供を受けた。

まず，それぞれのポリゴンに道路や防風林などの

混入による影響が生じることを防ぐため，圃場ポ

リゴンの内側にバッファを生成し，その領域を除

いた。使用した RADARSAT-2 データのオルソ補

正後のピクセルスペーシングが 8m，ALOS-2 デー

タのオルソ補正後のピクセルスペーシングが 3m
（単偏波），5m（4 偏波）であることを考慮し，

バッファは 10m に設定した。次に，算出したそれ

ぞれの変数について，圃場ごとに平均値を抽出し

た。このようにして，衛星データ抽出領域の圃場

ポリゴンデータを作成した。最後に，分類処理の

ための教師データとして，既往研究  [6] に倣い

20%の圃場を無作為に抽出した。残りの 80%はテ

ストデータとし，教師データをもとに分類を行い，

精度評価に使用した。教師データとテストデータ

に用いた作物種別の圃場数を表 2 に示す。 
 

表 2 作物別の圃場数 

作物 教師データ テストデータ 合計

小麦 275 1,102 1,377

豆類 189 756 945

馬鈴薯 133 530 663

甜菜 112 448 560

牧草 119 475 594

トウモロコシ 115 459 574

合計 943 3,770 4,713  
 
分類には機械学習アルゴリズムである Random 

Forests [7] を使用した。Random Forests は，変数の

一部を使用した決定木を複数作成し，それらの決

定木から算出された結果の多数決により，最終的

な分類を決定する手法である。本研究では，決定

木の数は 200 本とし，1 本の決定木を作成する上

で使用する変数の数は全変数の平方根に設定して

分類を行った。 
分類の精度を評価するために使用した指標は，

全体精度（OA）及びカッパ係数（κ）の 2 種類で

ある。その他，作物ごとの分類精度の評価に，参

照データの精度を示すプロデューサーズ精度

（PA）及び分類結果の精度を示すユーザーズ精度

（UA）の 2 種類を使用した。また，2 つの手法間

における κ の差の有意性について，検定統計量 Z 
[8] を使用して評価した。Z 値が 1.96 を超えれば，

5%の有意水準において，2 つの分類結果に有意な

差があると判断することができる。 
 

3. 結果と考察 
 
3.1 バンド間での比較 
まず，各バンドの精度を比較するため，双方の

バンドで撮像時期の近いデータを 3 時期選定し，

各々の精度を算出した。C バンドの 1，2，6 期目

を使用した分類と，L バンドの 1，2，3 期目のす

べてを使用した分類の結果を比較した。結果を表

3，4 に示す。 
 

表 3 C バンドデータ 1，2，6 期目での分類結果 

豆類 甜菜 牧草 トウモロコシ 馬鈴薯 小麦 合計 UA

豆類 681 6 7 73 3 10 780 0.873

甜菜 12 401 6 10 16 4 449 0.893

牧草 2 0 412 19 21 8 462 0.892

トウモロコシ 47 5 16 321 14 9 412 0.779

馬鈴薯 9 33 6 27 473 5 553 0.855

小麦 5 3 28 9 3 1,066 1,114 0.957

合計 756 448 475 459 530 1,102 3,770

PA 0.901 0.895 0.867 0.699 0.892 0.967

全体精度 0.890

カッパ係数 0.864

参照データ

分
類
結
果

 
 

表 4 L バンドデータ 1，2，3 期目での分類結果 

豆類 甜菜 牧草 トウモロコシ 馬鈴薯 小麦 合計 UA

豆類 493 54 62 94 62 85 850 0.580

甜菜 14 143 13 11 57 46 284 0.504

牧草 26 19 210 35 10 66 366 0.574

トウモロコシ 57 14 36 215 21 38 381 0.564

馬鈴薯 48 71 16 32 290 56 513 0.565

小麦 118 147 138 72 90 811 1,376 0.589

合計 756 448 475 459 530 1,102 3,770

PA 0.652 0.319 0.442 0.468 0.547 0.736

全体精度 0.573

カッパ係数 0.464

参照データ

分
類
結
果

 
 

C バンドに関しては，0.9 に近い全体精度で分類

がなされており，X バンドを 3 時期使用した過去

の研究 [9] より高い精度が得られた。特にトウモ

ロコシ以外の作物は PA，UA ともに 0.8 を上回る

精度が達成された。トウモロコシに関しては，過

去の研究でも C バンドのみでの判別が難しいこと

が示されており [10]，今回も同様の結果となった。

一方で，L バンドの全体精度は 0.57 となり，C バ

ンドより大幅に低い精度となった。特に甜菜は PA，

UA とも極めて低い精度となった。前回の報告で

は，豆類も低い精度となっていたが，まだ作物体

の小さい 6 月のデータを使用したことにより大幅

な精度の向上が見られたと考えられる。 
今回の結果でも，バンドごとに作物体を透過す

る度合いが異なる点が影響していたと考えられる。

C バンドは L バンドと比較すると作物体を透過し

にくく，豆類や甜菜のような畝があり葉の多い作
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物を捉えられたと考えられる。いっぽうで L バン

ドは，作物体を透過しやすいため，豆類や甜菜の

ような植え方が密でない作物の形状を捉えること

が困難であったと考えられる。小麦や牧草は畝が

なく密に植えられているため，マイクロ波の散乱

によってそれ以外の作物との差異をある程度識別

できたと考えられる。また馬鈴薯は，作物体を透

過しても畝の凹凸を捉えたために，比較的高い精

度を維持できたと考えられる。 
前回の報告において，L バンドを使用した分類の

全体精度は 0.48 であった。今回の報告では，8 月

以前の時期のデータを使用したことにより，精度

の向上が示された。分類における変数の重要度

（ジニ係数減少量）を算出したところ，1 期と 2
期の HH 偏波後方散乱係数が特に重要度の高い 2
変数であった。したがって，これらの時期の情報

が作付作物の分類に大きく寄与していたことが考

えられる。しかし，HV 偏波後方散乱係数や各種

の散乱成分は作付作物分類の精度向上に寄与する 
[3] ことから，単偏波ではなく 4 偏波の衛星データ

を使用することによって，さらに精度の向上が見

込まれると考えられる。 
C バンドの 1，2，6 期目と L バンドの 1，2，3

期目を併用した分類結果を表 5 に示し，その結果

のマップを図 1 に示す。併用により，C バンドの

みでの分類結果と比較して全体精度，カッパ係数

ともに向上したが，両者間で有意な差は得られな

かった（Z=0.71）。変数の重要度を確認したとこ

ろ，1 期目の L バンド HH 偏波後方散乱係数が 21
番目に高い値であったが，上位 20 変数はすべて C
バンドの変数であったことから，6 月のデータを

加えても昨年と同様に L バンドを併用する必要性

は低いと考えられる。 
 

 
図 1 C バンドデータと L バンドデータを併用

した分類による作付マップ 

表 5 C バンドデータと L バンドデータを併用

した分類結果 

豆類 甜菜 牧草 トウモロコシ 馬鈴薯 小麦 合計 UA

豆類 686 6 6 73 4 11 786 0.873

甜菜 10 404 5 10 12 5 446 0.906

牧草 2 1 405 20 20 7 455 0.890

トウモロコシ 43 3 18 329 12 5 410 0.802

馬鈴薯 10 31 9 20 479 4 553 0.866

小麦 5 3 32 7 3 1,070 1,120 0.955

合計 756 448 475 459 530 1,102 3,770

PA 0.907 0.902 0.853 0.717 0.904 0.971

全体精度 0.895

カッパ係数 0.870

参照データ

分
類
結
果

 
 
3.2 C バンドを L バンドに代替した分類 

C バンドは L バンドに比べて費用がかかるため，

C バンドをできるだけ使用せずに L バンドで代替

することが可能であるかにも注目して検討した。

C バンド 6 時期のうちいくつかを L バンドに変更

する手法と，2～3 時期の L バンドに 1～2 時期の

C バンドを加える手法の 2 通りで実行した。 
まず，C バンド 6 時期のうちいくつかを L バンド

に変更する手法を実行した。結果を表 6 に示す。

C バンドを 6 時期すべて使用した分類と，C バン

ド 5 時期と L バンド 1 時期を併用した分類とを比

較すると，若干の精度低下は見られたものの，全

体精度はすべて 0.9 を超えており，それぞれ有意

な差はなかった。特に C バンドの 1 期を L バンド

に変更した分類は，最も高い精度となったが，そ

れぞれの結果に大きな差はなかった。次に， C バ

ンド 4 時期と L バンド 2 時期を併用した分類と比

較した。その結果，C バンドを 6 時期使用した分

類と比較すると有意な差のある精度となった。し

かし，C バンドの 1 期，6 期を L バンドに変更し

た分類と，2 期，6 期を L バンドに変更した分類は，

全体精度が 0.9 を超えた。これらは，6 月の 1 時期

と 8 月の 1 時期を L バンドに変更したものである。

C バンドの 1 期，2 期を L バンドに変更した分類

は，6 月の 2 時期を変更しているが，唯一 0.9 を超

える精度が得られなかった。このことから，6 月

は単偏波の L バンドだけでは精度が低下するため，

4 偏波の C バンドを 1 時期は確保することが必要

であるといえる。この原因として，単偏波の衛星

データでは算出できる変数が少なく，分類を行う

ために十分な数の変数を確保できなかったことが

考えられる。8 月の L バンドは 4 偏波のため，十

分な数の変数を算出でき，比較的精度を維持でき

ていたと考えられる。最後に，C バンド 3 時期と

L バンド 3 時期を併用した分類と比較したが，こ

ちらの全体精度は 0.882 とさらに低下した。 
つづいて，2～3 時期の L バンドに 1～2 時期の

C バンドを加える手法を実行した。結果を表 7 に

示す。まず，3 時期の L バンドに 1 時期の C バン

ドを加える手法を実行した。ここでは，L バンド

の取得が行われなかった 7 月に取得された 3 時期

の C バンドのうち，1 時期を加えることとした。

3.1 で示した L バンドのみを 3 時期使用した分類で
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は，0.57 と高い全体精度は得られなかったが， こ
れらに 7 月の C バンドを 1 時期加えるだけで大幅

に精度の向上がみられた。特に 3 期目にあたる 7
月上旬の C バンドデータを加えることによって，

0.8 を超える全体精度を得られた。これまでの研究

では，7 月上旬までの C バンドと，7 月中旬以降の

X バンドのデータを併用することで，最も高い精

度での分類がなされ [3]，時期が後半になると短い

波長の衛星で作物を識別しやすくなる可能性が示

唆されていた。本報告でも，C バンドや L バンド

のような長波長のデータは，より早い時期のもの

を使用することで精度の向上に寄与したと考えら

れる。次に，これらの結果を踏まえ，1 期目の L
バンドを C バンドに変更し，L バンド 2 時期と C
バンド 2 時期による分類も実行した。その結果，

大幅な精度の向上がみられた。特に C バンドの 1，
3 期目と L バンドの 2，3 期目を使用することで，

0.877 の全体精度が得られた。こちらの結果でも，

より早い時期のデータを使用することで精度が高

くなったといえる。 
 

表 6 C バンドの一部を L バンドに変更した分類 
使用したCバンド（期） 使用したLバンド（期） 全体精度 カッパ係数

1，2，3，4，5，6 なし 0.919 0.900

2，3，4，5，6 1 0.911 0.890

1，3，4，5，6 2 0.910 0.888

1，2，3，4，5 3 0.909 0.888

3，4，5，6 1，2 0.888 0.861

2，3，4，5 1，3 0.902 0.879

1，3，4，5 2，3 0.905 0.882

3，4，5 1，2，3 0.882 0.854  
 

表 7 一部の C バンドと一部の L バンドを併用し

た分類 
使用したCバンド（期） 使用したLバンド（期） 全体精度 カッパ係数

3 1，2，3 0.824 0.783

4 1，2，3 0.780 0.726

5 1，2，3 0.770 0.713

1，3 2，3 0.877 0.848

1，4 2，3 0.852 0.817

1，5 2，3 0.843 0.805  
 

4. おわりに 
 
本報告では，C バンドと L バンドの衛星データ

を使用し，作付作物の分類を行った。特に本年度

は，6 月に撮像された単偏波の L バンドデータを

加え，精度の向上や効率化を検討した。その結果，

いずれか一方のバンドを使用した分類では，C バ

ンドでは高い精度を得られたが，L バンドでは高

い精度を得られなかった。しかし L バンドについ

ては，昨年の結果より大幅な精度の向上がみられ，

これは 6 月の L バンドデータを使用したためであ

るといえる。また，C バンドをできるだけ使用せ

ずに L バンドで代替することが可能であるかにも

注目して検討した。その結果，C バンド 6 時期の

うちいくつかを L バンドに変更する手法を実行し

たところ，1 時期を L バンドに変更しても有意差

のない精度が得られた。2 時期を変更すると有意

差がみられたが，6 月の 1 時期と 8 月の 1 時期を変

更した場合では 0.9 を超える全体精度が得られた。

また，2～3 時期の L バンドに 1～2 時期の C バン

ドを加える手法の 2 通りで実行したところ，L バ

ンドのみでの分類と比較して大幅に精度の向上が

みられた。特に 7 月上旬までの C バンドを 1～2 時

期加えて分類することにより，効率的に高い精度

を得ることができた。 
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1. INTRODUCTION

On-going and near-future Synthetic Aperture Radar      
(SAR) satellite missions are expected to provide       
meaningful and timely information over vast agricultural       
lands such as that of Argentinean Pampas Plain, leading         
to actual economic benefits regarding to seeding dates,        
irrigation strategies and crop yield forecasting, thus       
contributing to food security efforts. The Argentine       
constellation mission SAOCOM (saocom.invap.com.ar)    
has been successfully launched on October 7, 2018        
(SAOCOM-1A) and August 30, 2020 (SAOCOM-1B).      
Both sensors have a lifespan of 5.5 years and were          
specifically designed to monitor croplands, exploiting its       
fully polarimetric capabilities at L-band (λ=23cm).  

The potential of SAR observation systems for       
classification of agricultural crops, monitoring of crop       
biomass, and measurement of soil moisture has been        
recognized for a long time. It is well documented that the           
development of crops over time leads to changes in         
backscatter [1-5]. Moreover, it is suggested that the        
important scattering mechanisms when dealing with      
agricultural areas are direct backscatter from bare       
soil/underlying ground, direct backscatter from the plant       
components (leaves, stems, fruit), double-bounce     
backscatter between the soil surface and crop canopy, and         
in some cases ground-vegetation-ground and multiple      
scattering mechanisms [1,6]. These scattering types can       
be heavily influenced by the incidence angle and temporal         
conditions. For many surfaces, the backscatter decreases       
with an increasing incidence angle as shallow angles        
result in specular reflection. However, when considering       
vegetation, a shallow angle may result in diffuse        
backscatter from the canopy, whereas a steep incidence        
angle would be more typical of surface scattering from the          
soil or canopy components [7]. The research suggests that         
when seeds are still below the surface, the main         
contributor to a radar response is single-bounce       
backscatter due to the rough, plowed state of the soil as           
well as moisture content of the soil [8]. As plant elements           
emerge and begin to develop, both the co-polarized and         
cross-polarized backscatter intensities tend to increase.      
The increase in co-polarized backscatter is due to a         
combination of single bounce backscatter directly off       
leaves or stems, etc. and soil-vegetation double-bounce       
backscatter, whereas the cross-polarized backscatter is      
amplified by volume scattering influenced by the crop        

canopy. One way to discriminate between the surface and         
double-bounce is to use the co-polarized phase difference.        
Further analysis of the scattering matrix can be performed         
on polarimetric data in order to extract fundamental detail         
about the scattering process across the image [9,5]. 

An important property of microwaves is their capability to         
penetrate into the media. Over natural targets, the volume         
under consideration does not present a homogeneous       
dielectric constant. The presence of inhomogeneities      
within the volume makes it possible to have backscattered         
energy from within the volume. This is the reason why          
microwaves are considered for the study of volumetric        
targets. The most apparent example of this backscattering        
mechanism appears when the radar system images       
vegetated areas. The backscattered energy is returned       
from the upper layer of the canopy, but also from the           
multiple targets (leaves, branches, trunk and even the        
ground beneath the canopy) that conform the different        
vegetation layers. On the one hand, the properties of the          
backscattered energy depend on the dielectric constants of        
the different elements that form the volume where water         
content (both in the soil and in the vegetation) plays a           
crucial role. On the other hand, the backscattered energy         
shall also depend on the dimensions of the different         
components of the volume, on their internal arrangement        
and on the roughness of soil surface beneath. 

As it has been mentioned, the wave scattering process         
from random media depends on electromagnetic factors       
related to the scatterer itself, as for instance: composition,         
conductivity, permittivity, geometrical arrangement, but     
also on factors determined by the illuminating wave        
[10,11]: frequency, polarization or incidence angle. 

The electromagnetic factors mentioned have a biophysical       
counterpart: soil and vegetation water content, structural       
and orientation properties, soil texture, among others.       
Polarimetry has the potential to serve as linkage between         
those two groups, for a certain set of illuminating         
parameters. Thus, relating electromagnetic    
parameters to biophysical ones through     
polarimetry enables the monitoring of croplands by       
microwave polarimetry remote sensing. Current     
capabilities of JAXA ALOS-2/PALSAR-2 enable     
set-up and perform dedicated field experiments for       
the development of application examples that point       
out the important role polarimetric information plays       
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in qualitative and quantitative SAR remote sensing       
applications.   
This study contributes to evaluate the performance       
of polarimetric SAR data for agricultural monitoring       
based on a time series, i.e. multitime and multiple         
incidence angle, at L-band. This is based on the         
physical interpretation of the scattering process by       
analyzing both the scattering mechanisms and the       
intensity of the backscatter response. 
 
 

2. MATERIALS AND METHODS 
 
2.1 Study area and ground data collection 
 
The original proposed area was changed by a larger,         
dedicated, better instrumented one belonging to the       
Argentinean National Commission for Space Activities      
(CONAE, conae.gov.ar). In Argentina, CONAE has the       
largest instrumented site over croplands dedicated to the        
calibration of the soil moisture retrieval algorithm for the         
SAOCOM-1A and 1B mission. 
 
In March, April and June 2017, a moving campaign near          
the town Monte Buey in central Argentina gathered basic         
in-situ information over 262 crop fields covering a 300         
km x 90 km cropland area as shown in Fig. 1. The            
topography was flat so that no DEM correction is applied.          
A detail of the crop area is shown in Fig. 2. In-situ            
information included: 0-5-cm dielectric constant, crop      
type, plant height and till status. This dataset includes         
non-vegetated (i.e. bare soil and fallow), and vegetated        
fields with crops at different growth stages, as        
summarized in Table I. 
 
2.2 Preprocessing 
 
Concurrent with the field measurements, fully      
polarimetric images were acquired by     
ALOS-2/PALSAR-2 sensor at 1.236 GHz in      
High-sensitive Full Polarimetry mode with a 50-km swath        
width at two incidence angle ranges: 25°-30° and 30°-35°.         
This sensor delivered co-polarized phase difference      
measurements with an imbalance better than 0.618° [12,        
Table 3]. For ALOS-2/PALSAR-2 the processing chain       
started with radiometric calibration from Single Look       
Complex (SLC) scenes. Subsequently, multilooking was      
applied (4 pixels in azimuth by 2 pixels in range) to get an             
approximate square pixel and to improve the radiometric        
quality of the images. Coherence matrices were computed        
and then geocoded to a 12 m × 12 m ground pixel size by              
means of bilinear resampling. As the final product, output         
bands for backscattered power SpqSpq

* (p,q=H,V),      
complex scattering products SHHSVV

*
and for local       

incidence angles were generated. 

 

 
Fig. 1: Study site in the agricultural region of central          
Argentina. The area coverage is around 300 km x 90          
km. Red cross marks are the site measurements. 
 

  
 
 

Fig. 2: In-situ data were collected in 262 fields. The          
center coordinate of the image is 32° 42′ 21″ S, 62° 6′            
30″ W. 
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TABLE I. Field number and plant height range for the          
crops analysed in this study. 

 
The statistical distribution of for a speckled image is     ϕ0       
known and the reader is referred to [12] for its          
closed-form expression. In what follows, and will      ϕ0   ρ0   
be robustly estimated from its speckled histogram by        
means Maximum Likelihood Estimation (MLE) [35], 
 
2.3 Polarimetric features 
 
The backscattered power coefficients are readily extracted       
from the SpqSpq

*-images. For the HH-VV phase difference,        
the derivation is given by 
 

,   (1)ϕ rg (S S )  ϕ0 = ϕHH −  V V = a HH
*
 V V  

 
where SHH and SVV are the HH and VV complex scattering           
coefficient and ∗ denotes complex conjugate. The       
statistical distribution of for a 1-look speckled image    ϕ       
is known and its closed-form expression is 

where 

The phase difference distribution is unimodal,        pϕ 
     

symmetric and modulus 2π about its mode, which occurs                 
at [13]. In Eqs. (2) and (3), the parameters and   ϕ0                  ϕ0   ρ0

will be estimated from the 1-look histogram from               
measured by means of a Maximum Likelihood   ϕ0              
Estimation (MLE) [14] using Eq. (2) as the likelihood                 
function to be maximized. Thus, the co-polarized phase               
difference estimator is estimated for each field on each     ϕ0              
acquisition day. 
 
2.4 Co-polarized phase difference model 
 
The model considered here for the co-polarized phase        
difference after Ulaby et al. [15], considers the ,  ϕ0         
scattering interaction between the plant stalks and an        
underlying rough, moistened surface. Crop plants were       
modeled as vertical dielectric cylinders, long enough       
relative to the wavelength to rely on the infinity cylinder          
scattering solution. The Ulaby's model assumed stalks are        
arranged with N cylinders per unit area and are far away           
enough such that multiple scattering is negligible. As a         
result, comprised the sum of three incoherent  ϕ0       
contributions: accounts for the phase difference by ϕp        
propagation through the plant stalks, by the bistatic      ϕst     
reflection among stalks and soil, and by the soil. The       ϕs      
reader is referred to [15] for a full understanding of the           
model. 
 
 

4. RESULTS 
 
In Fig. 3, HH, VV, and HV power backscattering         
coefficients, coherence (also referred to as  ρ0       
interferometric coherence) and HH-VV phase difference      

is shown for crop fallows. Thus, polarimetric data can ϕ0           
be readily looked at and scattering mechanisms inferred.        
It turns out that most fallow soils have VV>HH and in           ϕ0   
the range 0º to 30º, which is in accordance with single           
scattering from rough soil surfaces. Some soybean fallows        
lie outside the mentioned range (i.e. >30º or <0º),       ϕ0    ϕ0  
which implied some kind of dielectric plant structure. 
 

Crop type # fields Incidence 
angle [º] 

Stalk height 
[cm] 

Maize 12 35.1-39.3 80-300 

Soybeans 37 23.3-41.4 50-120 

Sorghum 3 27.6-29.5 50 

Wheat 17 25.8-29.1 1-30 

Pasture 10 33.3-38.1 8.7-65 

Bare 1 28.2 - 

Fallow 
(maize) 

9 33.8-41.5 - 

Fallow 
(soybean) 

103 23.3-41.6 - 

Fallow 
(sorghum) 

3 34.7-35.7 - 

  -π ≤  < πpϕ 
=

2π(1−β )2 3/2

(1−ρ )[ 1−β + β(π−cos (β))]0
2 ( 2)2

1
−1

ϕ    (2)   

   (3)cos  β = ρ0 ϕ(  − ϕ0 ) .  
 

819



 
Fig. 3: Polarimetric features of fallows for different        
underlying crops over the study site. Upper panel: Co-         
and cross-polarized backscattered power: HH     
(squares), VV (downward triangles), HV (circles).      
Middle panel: Coherence . Lower panel:   ρ0    
Co-polarized phase difference . ϕ0  
 
In Fig. 4, HH, VV, and HV power backscattering         
coefficients, coherence and HH-VV phase difference  ρ0      

 is shown with the different crops color-coded. ϕ0   
 
Wheat and sorghum seemed to be a low-loss media since          

is within the range of the fallow soils where single ϕ0           
scattering is dominant. However, some maize and       
soybean fields have HH>VV suggesting some attenuation       
in the vertical direction due to the stalks. Unlike the          
mentioned crops, pasture has the higher dynamic       ϕ0   
range, indicating that within its canopy coherent effects        
are non-negligible. 
 

 
Fig. 4: Polarimetric features of crops over the study         
site. Upper panel: Co- and cross-polarized      
backscattered power: HH (squares), VV (downward      
triangles), HV (circles). Middle panel: Coherence .      ρ0  
Lower panel: Co-polarized phase difference . ϕ0  
 
Overall speaking, larger co-polarized phase differences      
are found in maize and soybean. In what follows, the           ϕ0  
values <0 for those crops will be compared to Ulaby’s          
model outputs. In Fig. 5, values for soybeans are clustered          
in two groups. Along with the thick line as the modeled           
total phase difference , each of the terms (soil),    ϕ0       ϕs  ϕp  
(propagation), and (bistatic) is depicted separately.   ϕst      
For the black-colored group, the model parameters are        
35+11i for the dielectric constant of the stalks, a density          
of 40 stalks per square-meter, a 80 cm stalk height and 1.0            
cm of stalk diameter. These parameters are compatible        
with a grown crop. On the other hand, for the red-colored           
group the density of the stalks N is the same as the            
black-colored group, the height is slightly larger of 100         
cm, and 0.4 cm of stalk diameter. The dielectric constant          
of the stalks is 8+1.0i. Due to the low dielectric constant           
and large height, these parameters are compatible with a         
mature/senescent crop. Finally, in Fig. 6 the model        
evaluation is depicted for maize fields. The dielectric        
constant of stalks is 18+2i, the density is 8 stalks per           
square-meter, the stalk height and diameter are 230 cm         
and 2.3 cm respectively. 
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Fig. 5: Model evaluation for soybean fields that        
exhibited an even-bounce behaviour ( <0º). ϕ0  

 

 
Fig. 6: Model evaluation for maize fields that exhibited         
an even-bounce behaviour ( <0º). ϕ0  
 
 

5. FINAL REMARKS 
 
Research on crop scattering processes can largely benefit        
from fully polarimetric data. Besides usual power       
scattering coefficients HH, VV, and HV, a promising        
polarimetric observable for crop monitoring is the phase        
difference between the HH and VV scattering       
coefficients. Thus, L-band fully polarimetric SAR      
missions, such as JAXA ALOS-2/PALSAR-2, are      
worthwhile. Further research involving co-polarized     
phase difference and propagation effects through crop       
canopies is ongoing. Moreover, crops other than studied        
in this research (e.g. canola, alfalfa) can be linked to the           
polarimetric features described, provided their plant      
structure be ascribed to one of the crops analyzed here.  
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Abstract:

Soil moisture retrieval in the vegetated area is a 

cumbersome process due to the involved scattering 

phenomenon that inherits the volume scattering 

from the vegetation and surface scattering from the 

underlying soil. This paper deals with this problem 

by utilizing the information available from 

synthetic aperture radar data and optical data in 

order to circumvent the vegetation characterization 

that is needed to explain the scattering phenomenon 

from the vegetation. PALSAR-2, a SAR data and 

MODIS an optical data has been used to develop 

the relationship between the normalized scattering 

coefficient and Normalized Difference Vegetation 

Index (NDVI). The developed relationship provides 

the soil moisture content in vegetated area. The 

obtained results are in good agreement with ground 

truth observation. 

1. Introduction

Estimation of spatial distribution of soil

moisture is important in many applications such as 

hydrology, meteorology, agronomy, climatology 

and many other earth sciences [1]. Active 

microwave remote sensing provides us avenue to 

estimate the spatial distribution of soil moisture 

over a large area [2]-[8]. Alternatively, soil 

moisture can be measured by various methods. The 

most direct methods are in situ measurements. 

They are usually reasonably accurate and can 

provide the good estimates of soil moisture, but 

they are point measurements. Therefore, it is very 

difficult to generalize the estimate of soil moisture 

for a large area of study from such point estimates 

because of the immense spatial variability of soil 

moisture at small scales. Also, because of logistic 

constraints, the spatial coverage of in situ 

measurements is usually rather limited. 

Synthetic aperture radar (SAR) images are 

capable of providing the estimate of soil moisture 

because the measured data in SAR is scattering 

coefficient which is highly dielectric dependent 

parameter and the studies have shown that the 

dielectric constant of soil changes with soil 

moisture condition [9] [10]. SAR technique 

provides the images with high spatial resolution 

therefore, the moisture estimation with SAR 

images can be mapped with local variations which 

is not possible in case of measurement with  

scatterometer. The retrieval of soil moisture is an 

ill–posed problem because scattering coefficient 

depends on several other parameters, e.g., in case 

of vegetated area, the scattering coefficient is 

affected not only by the vegetation parameters but 

also by the underlying surface roughness. The SAR 

images available before 2002 were in single 

configuration (i.e., single frequency, polarization 

and incidence angle) but from the launch of 

ENVISAT ASAR after that PALSAR sensor multi–

configuration (i.e., multi–incidence, multi–

polarization) data in now available. Presently the 

SAR satellites are available with high spatial 

resolution with short revisit time which offers the 

estimation of soil moisture at local scale in regular 

interval, e.g., RADARSAT–2, ENVISAT, 

TerraSAR–X, PALSAR.  

The most prevalent techniques for soil 

moisture retrieval in vegetated areas are the 

techniques based on the water cloud model and 

change detection [15]-[25]. Some researchers have 

utilized the optical data to characterize the 

vegetation and subsequently applied this 

information with SAR data to retrieve soil moisture 

[20] [21]. Besides the vegetation, soil surface

roughness is another factor of concern in soil

moisture retrieval studies. The minimization of

surface roughness in most of the cases has been

dealt with the copolarization approach.

The dependency of scattering coefficient on 

soil moisture proves its usefulness in retrieval 

studies of soil moisture but, the presence of 

vegetation hampers the accuracy drastically. 

Microwave has the capability to penetrate the 

vegetation, therefore providing the estimate of soil 

moisture, but the complex behavior of scattering 

coefficient in presence of vegetation makes the task 

difficult. Figure 1.1 shows backscattering of 

microwave in vegetated area. Therefore, the 

backscattered signal is total sum of the volume 

scattering from the canopy, surface scattering by 

the underlying soil surface and multiple interaction 

involving both the canopy and the soil surface [25]. 

Still it is challenging to minimize the vegetation 

effect for retrieval of vegetation covered soil 

moisture with SAR images. In this regard, optical 

data which provides the information of vegetation 

cover may be used as complementary information 

for retrieval of vegetation covered soil moisture. 
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Therefore, the information available from SAR and 

optical data can be fused to provide the estimation 

of vegetation covered soil moisture. The objective 

of this chapter is therefore to analyze the feasibility 

of relating the information available from SAR data 

and optical data to envisage such an approach that 

mostly rely on the information content of satellite 

images and require minimum a priori information. 

The concept of such an approach arises as the 

vegetation can be modeled through the SAR data as 

well as the optical data. In case of SAR data the 

backscattering is affected by the vegetation cover 

and contains the information regarding vegetation 

whereas, the normalized difference vegetation 

index (NDVI) provides a good estimate of the crop 

cover [24]. The utilization of the information 

content from the optical data reduces the 

requirement of the a priori information which is 

required in the vegetation parameters 

characterization. Therefore, this chapter focuses 

these problems of vegetation for retrieving the 

vegetation covered soil moisture and emphasizes 

on two approaches by developing empirical 

relationship between the normalized scattering 

coefficient and NDVI to incorporate the vegetation 

effect in soil moisture retrieval. 

 
Figure 1.1 Backscattering behavior of microwave 

form vegetated area [17]. 

2. Study Area and Data Used

Two sets of satellite images comprising

Roorkee city, Manglaur town (Uttarakhand, India) 

and its surrounding areas were chosen for the 

study. The satellite images used for the 

development of algorithm and the validation are 

ALOS–PALSAR-2 (Advanced Land Observing 

Satellite – Phased Array type L–band Synthetic 

Aperture Radar), a SAR data and MODIS 

(Moderate–resolution Imaging Spectroradiometer), 

an optical data.  

Extensive ground truth survey was carried out 

to measure the soil moisture and surface roughness. 

Total 60 areas were selected to measure the 

volumetric soil moisture and rms surface height. In 

these 60 areas, 30 areas belongs to the test image 

that has been used to develop and test the algorithm 

whereas, remaining 30 area belongs to the 

validating image and has been used to validate the 

developed algorithm. The study area is mostly flat 

and consist of water, urban, vegetation and bare 

soil classes. Wheat, sugarcane and mustard are the 

crop of the April month. 

3. Classification of PALSAR Image with

Decision Tree Classifier:

In study areas, there is no clear cut 

demarcation between the various land cover 

classes, i.e., it is very difficult to find out the 

agriculture or urban area for a large stretch (tens of 

kilometers) therefore, it is always the possibility to 

find the mixed land cover classes. In general one 

may obtain the urban areas (e.g., villages) along 

with the water bodies (e.g., canals, ponds) within 

the stretch of agriculture land and such type of 

other mixed classes. Due to this the satellite image 

of any area of interest will contain all these land 

cover classes mixed. This arise the need as a 

prerequisite to classify the image in various land 

cover classes so that the region of interest in the 

image can be clearly marked. In present case, a 

knowledge based approach has been applied to 

classify the PALSAR image and find out the 

vegetated and bare land remarkably. The PALSAR 

image classification has been carried out based on 

decision tree classifier [26]. Figure 3.1 and 3.2 

show the classified images of test and validating 

area. Figure 3.3 show the MODIS band-1, band-2 

and retrieved NDVI image. 

4. Methodology

To minimize the dependency of field 

knowledge an approach based on dry soil is 

considered and tested for soil moisture retrieval in 

vegetated areas. It means that the normalization of 

scattering coefficient of vegetated area can be 

performed with the scattering coefficient of dry soil 

[16]. This normalization scheme will provide the 

normalized scattering coefficient as a function of 

soil moisture and vegetation characteristic defined 

by NDVI. This approach has been developed in the 

following sections. Figure 4.1 depict the flowchart 

of the soil moisture retrieval in vegetated areas. 

The classified masked image has been used to 

develop the model for soil moisture retrieval. 

4.1. Theoretical Background 

(a) Vegetation Modeling in SAR Image

Scattering coefficient from vegetated area

depends on the scattering from the vegetation and 

the underlying soil. The scattering from the soil is 

basically a function of the soil dielectric constant 

defined by dielectric constant of the soil and its 
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moisture content and surface roughness. Therefore, 

the scattering coefficient form a vegetated area can 

be written as a function of vegetation, dielectric 

constant of moist soil and surface roughness 

(Equation 1). 

 roughness surfacesoil,moist  ofconstant  dielectric ,Vegetation0

Image PP
f

(1) 

The scattering coefficient of bare dry soil (
0

SoilDry  PP
 ) is dependent on the dielectric constant 

of dry soil and surface roughness and can be 

written as Equation 2. 

 roughness surface soil,dry  ofconstant  dielectric0

soilDry  PP
f

(2) 

It can be inferred from Equations 1 and 2 

that the normalization of the scattering coefficient 

from the vegetation area to the scattering 

coefficient of the dry soil would let to the 

development of a function which will depend on 

soil moisture and vegetation [24. Therefore the 

normalized scattering coefficient can be written as 

Equation 3. 

Ganga 

Canal

Roorkee 

City

(a) (b)

Solani 

River

Figure 3.1 Study area for testing the algorithm (a) 

color composite image (HH = red, HV = green, VV 

= blue) (b) classified image (red = urban, blue = 

water, green = short vegetation, sea green = long 

vegetation and sienna bare soil) 

Ganga 

Canal

Solani River

Manglaur

(a) (b)

Figure 3.2 Study area for validating the algorithm 

(a) color composite image (HH = red, HV = green,

VV = blue) (b) classified image (red = urban, blue

= water, green = short vegetation, sea green = long 

vegetation and sienna bare soil) 

(a)

825



(b) 

(c) 

Figure 3.3 Test image of MODIS (MOD–1) of (a) 

band–1 image (b) band–2 image (c) NDVI image. 

 

 roughness surface soil,dry  ofconstant  dielectric

roughness surface soil,moist  ofconstant  dielectric ,Vegetation
0

Soil  PP

0

Image PP0

soilDry  - Image PP




 

therefore 

)moisture soil ,Vegetation(0

soilDry  - Image PP
f

 (3) 

where PP represents the polarization of the SAR 

image. The algorithm development in the present 

case has been dealt with the HH–polarization.  

(b) Computation of the Bare Soil Scattering

Coefficient

The development of the algorithm is based 

on the normalization of the scattering coefficient of 

the vegetated area that is available through the 

PALSAR image to the scattering coefficient of the 

dry soil which can be calculated by Dubois et al. 

model (Equation 4) directly as it is known that the 

dielectric constant of dry soil is 3.03 (Equation 5).  

  7.04.1tan028.0

5

5.1
75.20

Soil HH sin10
sin

cos
10 




  ks

(4) 
32 7.761463.903.3
vvv

mmm 

(5) 

where k is wave number, s is rms surface height, λ 

is wave length, θ is incident angle and mv is 

volumetric soil moisture. 

The sensor parameters used for the computation of 

scattering coefficient were the PALSAR-2 sensor 

parameters. The rms surface height observed was 

0.53 cm and dielectric constant of dry soil was 

considered to be 3.03. 

Region identification, i.e., water, urban, 

vegetated agriculture land and bare soil

Normalization of scattering coefficient of 

SAR image data with scattering coefficient 

of dry soil retrieved through empirical 

model

Soil moisture retrieval through developed 

empirical relationship

Masking of the water and urban area

Scattering coefficient of soil

In case of vegetated 

soil

In case of bare 

soil

Polarimetric SAR data (i.e., HH-, HV-, VV-

polarization)

Normalized data will be a function of soil 

moisture and vegetation content defined 

by NDVI

 NDVImf
v
,

soilDry 

Image










Development of empirical relationship 

normalized scattering coefficient and NDVI 

for different range of soil moisture content

Soil moisture retrieval 

through Dubois model

Generation of soil moisture map

Figure 4.1 Flow chart for the retrieval of soil 

moisture. 

(c) Vegetation Modeling with Optical Image

Normalized Difference Vegetation Index 

(NDVI) is used to describe the vegetation with 

optical image. MODIS band–1 and band–2 image 
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have been acquired for the computation of NDVI. 

NDVI is defined as the ratio of the difference and 

sum of the spectral response at the infrared 

wavelength (band 2 for MODIS) and red 

wavelength (band 1 for MODIS) which is written 

as Equation 6. 

1 Band  2 Band

1 Band2 Band
NDVI

REDNIR

REDNIR















(6) 

where ρNIR and ρRED are the reflectance at NIR band 

and RED band respectively.  

The possible ranges of the NDVI values 

are -1 to +1. In the case of vegetation the NDVI 

values typically ranges from 0.1 to 0.6, where the 

lower values indicate the lower density of 

vegetation and the higher values represent the 

higher density of vegetation i.e., more greenness of 

the vegetation. The negative values of the NDVI 

represent the water bodies whereas the values 

approximate to zero indicate the presence of the 

soil and rock [19]. 

4.2. Development of Relationship between 
0

PP
 and NDVI 

It is discussed in Section 4.1(a) by 

Equation 3 that 0

soilDry -Image PP
  is a function of soil 

moisture and vegetation and vegetation can be 

described by the NDVI as discussed in Section 

4.1(c). Therefore, the relationship between 
0

soilDry -Image PP
 and NDVI has been explored. The 

development of relationship is based on the in situ 

measurements of soil moisture made during the 

field visit in the test region. The moisture values 

obtained during the field visit were grouped in 

range, i.e., mv1  ≤ 0.10, 0.10 < mv2  ≤ 0.15, 0.15 < 

mv3  ≤ 0.20, 0.20 < mv4  ≤ 0.25 and mv5 > 0.25. 

Based on these values a set of isometric lines were 

observed between 0

soilDry -Image PP
 and NDVI as 

shown in Figure 4.2. The 0

soilDry -Image PP
 values 

changed from 4.28 dB to 1.48 dB, from 3.11 dB to 

–0.42 dB, from 3.03 dB to –0.20 dB, from 0.81 dB

to –1.07 dB and from –0.51 dB to –1.49 dB for mv1

to mv5, respectively. The NDVI values changed

from 0.29 to 0.40, from 0.29 to –0.50, from 0.24 to

0.38, from 0.27 to 0.48 and from 0.34 to 0.43 for

mv1 to mv5, respectively. It can be observed from the

Figure 4.1 that for each NDVI the variation in
0

soilDry -Image
 in vertical direction is due to soil 

moisture. The vertical variation decreases as the 

NDVI increases, signifying that the sensitivity of 
0

soilDry -Image
  decrease for soil moisture with the 

increase in NDVI [24]. The set of isometric line 

were regressed and a series of soil moisture 

equations (7A–7E) were obtained. The coefficient 

of determination (R
2
) for all regressed isometric 

lines was greater than 0.81. 

mv1  ≤ 0.10;    Δσ° ≤ –165.5 (NDVI)
3
 +

263.7 (NDVI)
2
 – 149.2 (NDVI) + 29.72  

(7A) 

0.10 < mv2  ≤ 0.15;    Δσ° ≤  60.8 (NDVI)
3
 – 14.83

(NDVI)
2
 – 34.49 (NDVI) + 12.97   

(7B) 
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Figure 4.2 Response of normalized scattering 

coefficient for NDVI at different soil moisture 

contents. 

0.15 < mv3  ≤ 0.20;    Δσ° ≤  96.22 (NDVI)
3
 – 38.16

(NDVI)
2
 – 28.7 (NDVI) + 11 

(7C) 

0.20 < mv4  ≤ 0.25;    Δσ° ≤  –28.52 (NDVI)
3
 +

73.32 (NDVI)
2
 – 52.32 (NDVI) + 10.3  

(7D) 

mv5 > 0.25;    Δσ° ≤  –107 (NDVI)
3
 + 172.4

(NDVI)
2
 – 91.4 (NDVI) + 14.46   

(7E) 

Similar result were obtained by Wang et 

al. [24]. Wang et al. [24] have carried out the study 

by normalizaing the scattering coefficient of the 

wet season image to the dry season image and they 

have developed the emprical relationship between 

the normalized scattering coefficient and the 

NDVI. Howerve, for this approach, the 

normalization of the scattering coefficent have been 

carried out by computing the scattering coefficnent 

of dry soil with Dubois et al. [20] Model by this the 

data of dry season may be not required.  

4.3 Retrieval of Soil Moisture 

Equations 7A–7E provides a set of 

equation relating normalized scattering coefficient 
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with NDVI for different range of soil moisture. The 

volumetric soil moisture can be retrieved utilizing 

these equations provided the normalized scattering 

coefficient and NDVI of the area of interest. The 

normalized scattering coefficient has been obtained 

from the PALSAR-2 image by normalizing the 

scattering coefficient of PALSAR-2 data with 

scattering coefficient of dry soil whereas, the NDVI 

values has been obtained from the MODIS band–1 

and band–2 images. Following scheme has been 

adopted in the retrieval of soil moisture. 

First of all, the NDVI value obtained from 

the MODIS has been substituted in Equation 7E 

and checked the condition of validity. If the 

condition is satisfied the moisture lie for mv5 range 

otherwise the validity condition of Equation 7D is 

checked and the procedure is followed up to the 

condition of Equation 7A. 

4.4 Implementation 

(a) Implementation on the Test Area

Classified masked image of PALSAR data 

along with NDVI values retrieved from MODIS 

image of test region has been utilized to retrieve the 

volumetric soil moisture content (Figure 3.1(b) and 

3.3(c), respectively).  

Scattering coefficient of test PALSAR image 

was normalized with scattering coefficient of 

the dry soil computed with the Dubois et al. 

[20] model (Equation 4).

NDVI values were computed with the band–1

and band–2 of the MODIS test image.

The empirical relationship developed in

Section 4.2 (Equations 7A to 7E) was utilized

to retrieve the soil moisture as described in

Section 4.3.

Figure 4.3 shows the retrieved soil moisture

map of the test region. The RMSE for the

estimation of volumetric soil moisture was

0.039. Figure 4.4 shows the observed and

retrieved values of volumetric soil moisture. 

Figure 4.3 Moisture image of test region. Pixels 

with black colour represent masked area. 

Figure 4.4 Observed and retrieved values of 

volumetric soil moisture of test area. 

(b) Validation of Algorithm

Classified masked image of PALSAR data 

along with NDVI values retrieved from the MODIS 

image of validating region has been utilized to 

retrieve the volumetric soil moisture content. 

Figure 4.5 shows the retrieved soil moisture map of 

the test region. The RMSE for the estimation of 

volumetric soil moisture was 0.052. Figure 4.6 

shows the observed and retrieved values of 

volumetric soil moisture. 

Figure 4.5 Moisture image of test region retrieved 

by Approach –2. Pixels with black colour represent 

masked area.  

RMSE = 0.039 
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Figure 4.6 Observed and retrieved values of 

volumetric soil moisture of validating area. 

5 Conclusions 

The study carried out in this paper 

acknowledges the problem of soil moisture 

retrieval in vegetated region and develop 

algorithms based on the information from 

PALSAR, and  SAR data and MODIS, an optical 

data. The emphasis on this approach is due to the 

complementary information available by the SAR 

and optical data. SAR data contains the information 

of vegetation characteristic as well as the 

underlying soil characteristic that includes the soil 

moisture. But due to the complex scattering 

behavior of microwave data it is very much 

difficult to segregate the vegetation effect from the 

scattering value when the aim is to retrieve 

vegetation covered soil moisture. Now, at this 

point, the optical data, especially NDVI values that 

are computed from optical data and explain the 

abundance of vegetation, can be efficiently utilized 

to incorporate the vegetation effect in SAR 

modeling. The algorithm provides different set of 

relationship between normalized scattering 

coefficient and NDVI. The developed algorithms 

was tested on the first set of images (test image) on 

which the algorithm was developed and thereafter 

validated on the second set of images (validating). 

The obtained results are in good agreement with the 

ground truth data and algorithm has potential to 

retrieve soil moisture under vegetation cover to 

with minimum need of a priori information. 
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1. INTRODUCTION

Rice is known as Oryza Sativa L [1] is the most 

important food crop which is the source of fiber and 

carbohydrate for theMalaysian population. In Malaysia, 

rice is mostly planted in Peninsular Malaysia and 

contributes 85.5% of Malaysia’s total paddy production 

[2]. The self-sufficiency level (SSL) of rice in Malaysia is 

at 72% [3]. According to Khazanah Research Institute [4], 

Malaysia is still a net importer of rice with the SSL 

hovering between 60 to 70%. The domestic rice production 

in Malaysia relies primarily on main granary areas for its 

supply of paddy yield, [4] which include the Integrated 

Agriculture Development Area (IADA) in Barat Laut 

Selangor (BLS), the third largest paddy producer at 8.1% 

after Muda Agricultural Development Authority (MADA) 

at 38.8%, and Kemubu Agricultural Development 

Authority (KADA) at 9.1% rice production KRI [4]. 

In 2014, Malaysia rice production was about 2.65 million 

tones with a total area of rice cultivation of 689,732 

hectares of rice field [5]. Because of the limited land, 

Malaysia does not produce maximum potential of  rice 

yield [6] but, Malaysian rice varieties contribute higher 

yields by using lesser amounts of compost and fertilizer. 

The Malaysian government has distributed a large amount 

of resources and market interventions in the form of input 

subsidies, price controls, import monopolies and 

stockpiling to increase the rice production [4]. Hence, the 

focus on increasing rice production in Malaysia. 

This has shown promising results with considerable 

increase as shown in figure 1, due to improvements in 

production quantity, farming practices and farm yield. 

Fig. 1 Total harvested (Ha) area and rice yield 

(MT/Ha), 2010-2020. 

Fig. 2 Total of Malaysia rice production, consumption 

and import (tonne), 2010-2020. 
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Source: Malaysia: Rice: Production, Consumption and 

Import, OECD-FAO Agricultural Outlook 2018-2027 

(Accessed on 29 March 2021). 

 

In order to farm sustainably while still maximizing land 

productivity and managing input costs of farmers need 

more information on the crops. Toward increasing the rice 

production in line with the rising demand for rice as shown 

in figure 2 and in terms of food security in times of climate 

change and rapid development is a big challenge. In 

Malaysia. The increase of population growth and the entry 

of foreigners, has led to an increase of rice demand in the 

market [7].  Rice productivity in the future is unsure as 

climate change affects water resources and temperature [8]. 

Due to climate change, weather conditions and 

temperatures have slightly affected the presence of various 

diseases and pest infestation of paddy rice. This has 

negatively affected the rice production in Malaysia. As 

such, there is a need for efficient monitoring techniques 

such as remote sensing approach that can help propel use 

of precision agricultural or smart farming. Satellite remote 

sensing provides a great tool for gathering rice crop 

information, tracking temporal changes in soil and crop 

conditions, mapping their characteristics and predicting the 

yields before harvesting. 

 

Optical, near-infrared, and shortwave bands have been 

widely used for decades in monitoring and mapping 

vegetation cover [9]. However, optical sensors such as 

NOAA/AVHRR, SPOT, AQUA, LANDSAT, and 

MODIS, have limited spatial resolution, which can affect 

the accuracy of retrieving crop biophysical information and 

estimating the rice yield. SAR satellite sensor with high 

spatial resolution imagery such as ALOS-2, has 

capabilities to solve the problem. Other than that, radar 

microwave sensors become a promising approach in the 

application of remote sensing due to its cloud penetration 

as well as its capability on obtaining data in all-weather 

conditions, irrespective if it's day or night. Microwave 

sensor relies on its own energy source unlike the optical 

sensors which rely on the energy source from sunlight. 

Radar imageries are useful for vegetation and crop type 

mapping and landscape ecology  

 

The proficiency in satellite based rice yield estimation 

before harvesting remains a significant factor in several 

aspects for decision making in agriculture as it enables the 

management to change the farming practices during the 

next growing season in order to exploit the yield 

productivity and increase the profit while reducing the cost. 

A precise crop yield estimation model is able to support 

farm managers or farmers to make the best decisions in 

farming practices. 

   

2. RESEARCH SUMMARY 

 

Rice growth monitoring and yield estimation based on 

traditional methods is still being used for data collection 

and rice paddy production information. However, the 

accuracy of the data is subjected to uncertainty, and limited 

in local scale, especially concerning planted or harvested 

areas. Remote sensing satellite-based earth observation 

allows timely monitoring of rice cultivation at large scale 

area, time and cost-effectiveness and provides good 

accuracy of information compared to the traditional 

method.  

 

Monitoring rice growth requires multi-temporal images 

because of the short term growth period and complex  rice 

environment. Rice growth involves 3 to 5 different growing 

phases in a season and the growth period depends on the 

rice variety and farming practices. Due to this situation, it 

is required to acquire sufficient satellite images during the 

rice growing season. In this study, we use Synthetic 

Aperture Radar (SAR) to monitor and measure the yields 

across the temporal and spatial scales. The advantage of 

satellite earth observation is being able to collect such 

information over a broad area, even if the area is difficult 

to access, periodically, with high consistency, in near real‐
time, and is cost‐effective [10]. 

 

Rice crop height is an important agronomic trait linked to 

crop monitoring and yield modelling. Rice biophysical 

characteristics are very unique and vary at every growth 

stage. Crop height is one of the biophysical characteristics 

of rice crop and common parameter in estimating yield 

using remote sensing data other than biomass, leaf area 

index, crop, moisture content, etc. Rice parameters (e.g. 

height, grains, dry biomass,) are primarily monitored 

through two approaches, including field measurements by 

farmers and remote monitoring from satellite remote 

sensing. However, field measurement is time-consuming, 

while satellite based methods are able to perform rice 

parameters measurement on a large scale without going to 

the field.  

 

Rice crop yield modelling is the best tool for rice 

productivity management and decision support system. 

Various vegetation indices and methods are being used to 

predict and estimate the yield before harvesting. The 

information of backscatter signals derived from SAR data 

such as backscatter coefficients and intensities have been 

used to monitor growth, derive crop biophysical 

information and predict the yield.  

 

The ALOS PALSAR-2 with dual-polarization mode 

HH+HV (as shown in Table 1 of Data Description), refers 

to the transmission of a horizontal polarized microwave 

energy with the reception of horizontal and vertical 

polarization microwave energy. Hence, the received wave 

in co- and cross-polarized channels (HH+HV) provides 

information about a target directly in terms of backscatter 

intensities. The backscatter intensities are often converted 

to backscatter coefficients that are defined as the 

differential scattering cross section per unit volume 

scattering (refer equation 1) and creating various index 

ratio vegetation analysis such Radar Vegetation Index 

(RVI) as expressed in equation 2.  

 

The sensitivity of backscatter intensities to crop phenology 

and morphological development led to emerging crop 

monitoring structure by means of scattering powers [11, 

12, and 13]. Some studies applied the backscatter 

coefficients in retrieving and identifying crop biophysical 

parameter estimation [14, 15]. The RVI was used to 

develop empirical model for yield estimation [16, 17]. This 

characteristic of ALOS PALSAR-2 L-band is able to 

penetrate into the vegetation canopy specifically at longer 

wavelengths (about 21 cm wavelength). Longer 
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wavelengths are possibly influenced by soil moisture and 

surface roughness contributions that presence in dense 

vegetation [18]. To reduce the effect of soil moisture and 

surface roughness, RVI was proposed to obtain normalized 

value range backscatter intensities in order to remove soil 

scattering effect of dense vegetation crops such as paddy. 

RVI is connected to vegetation at long wavelengths (e.g. L 

and P band).  

 

Single cross-polarized power may lead to issues related to 

backscatter intensity saturation. The scattering component 

should be utilized to normalize the eigenvector of the 

scattering matrix or eigenvalue from the scattering matrix. 

In some cases, HV or VH would indicate a high value of 

vegetation index even though the vegetation canopy is not 

entirely developed. A novel vegetation index of dual-

polarization of RVI (DpRVI) was derived from Sentinel-1 

dual-pol (VV-VH) with the normalization of eigenvalue 

from the 2x2 covariance matrix in order to analysis the 

temporal biophysical variables of crop [19].  

 

Statistical and machine learning based modeling give 

promising output in yield modeling. Machine Learning 

(ML), offers significant algorithms for crop yield 

prediction to help farm managers and farmers for decision 

support in farming practices of the growing season for the 

rice crops [20]. Numerous ML algorithms have been used 

in modeling crop yield prediction. Based on the previous 

and current work, the neural network and regression 

algorithm were employed mostly to predict the grain yield 

[21, 20]. This study applies both linear and non-linear 

regression methods to generate yield modeling for rice 

crops based on SAR data. The methods includes; Single 

Linear Regression (SLR), Multi Linear Regression (MLR), 

Multilayer Perceptron (MLP), Random Forest (RF), and 

Random Tree (RT). In order to implement the goals, 

several objectives have been determined in this study. The 

objectives of this study are:  

 

1. To investigate the potential of ALOS PALSAR-2 

imagery in monitoring rice at entire phenological 

stages;  

2. To analyse the relationship between L-band 

backscatter indices and with the crop parameter 

3. To retrieve rice-biophysical information 

characteristic from ALOS PALSAR-2 imagery. 

4. To demonstrate the ability of L-band in modelling 

the yield based on ML algorithm. 

 

3. MATERIALS AND METHODOLOGIES 

 

3.1 Study Area 

This study has been carried out in in Sawah Sempadan, 

Tanjong Karang rice granary area, which is approximately 

bounded by the geographical coordinates: 3°27’41.61”N, 

101°12’38.30”E, 3°30’99”N, 101°09’29.90”E, located in 

Kuala Selangor, Selangor, Malaysia. Tanjong Karang rice 

granary area is under the jurisdiction of the South-West 

Integrated Development Area (IADA BLS), under the 

Ministry of Agriculture and Agro-Based Industry Malaysia 

(MOA). It is the third major rice production in Malaysia 

after MADA in Kedah and KADA in Kelantan. In 2016, 

IADA Barat Laut Selangor (BLS) produced 222,033 MT 

of rice, with 5.8 MT/Ha, which is above the average 

national rice production of 4.0 MT/Ha [22]. Sawah 

Sempadan covers 2303km2 with a population density of 

1202 people per sq km. The specific location of the study 

area is at Block C2 of Sawah Sempadan as shown in Figure 

3.  

 

 

 

 

Fig. 3 Overview of the study area 

 
 

3.1.1 Rice cropping system 

Rice cultivation in the region is dependent on the irrigation 

system which supports the two main rice cropping seasons 

in Sawah Sempadan which begins  in July to November for 

the first season and from January to May for the second 

season. The rice planting follows the irrigation schedule to 

make sure all the rice planting areas in Tanjong Karang 

region will get sufficient water supply for paddy growth. 

 

3.2 Data Description 

Both data level 1.1 and 1.5 ALOS PALSAR-2 images 

(Table 1) were acquired from the Japan Aerospace 

Exploration Agency (JAXA) under 6th ALOS 2 Research 

Agreement. The products were provided in slant and 

ground range format. 

 

Table 1 ALOS PALSAR-2 Data Description 

Product Details      Specifications 

Satellite               ALOS 

Sensor PALSAR-2 

Polarization HH+HV 

Band Frequency L-band (1 – 2 .7 GHz / 15-30cm ) 

Resolution 16 bits 

Interval 14 days 

Pass Ascending & Descending 

Processing level 1.1 & 1.5 

Mode SM3 WD1 

Spatial resolutions 10m 100m 

Swath 70km 350km 

View angle 300-400 

Range 9.1m 44.2m (2look) 

Azimuth 5.3m 56.7m (1.5look) 

 

3.3 Field Sampling 

A systematic sampling design was applied for 40 lots from 

Sawah Sempadan C2 Block. Field data collection was 

based on the rice varieties that were relatively 

homogeneous in the parameters at all (i.e. distance from 

water source, soil types, soil moisture, soil nutrient). Field 

sampling was conducted over a duration of two years 

(2016-2017) which included two main seasons and two 

second seasons of rice cropping. The sampling data were 

collected for model development purpose and data 
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validation. The frequency and sampling interval depends 

on the satellite observation date. The size of sampling area 

is 10 km2 and the number of paddy lots observed is 40 lots 

with a total number of 80 sampling points. The overall 

sampling method and parameters are described in table 2 

below.  

Table 2: Sampling Data Description 

Sampling  Parameters Descriptions 

GCP  GPS points Measured using GPS 

Trimble with RTK 

technique for 80 

points  

Crop 

Physical 

Measurement 

Height, no. of 

stem; leaf; 

panicle, length 

and width of 

leaf 

Max and min 

measurement at each 

plant and panicles to 

obtain the crop 

density.  

Crop 

Conditions  

Crop stages, 

health level, 

pest, diseases. 

Sampling based on 

eye observation. 

Pictures and samples 

were taken for lab 

analysis.  

Ground 

Device 

Instrument 

Microwave 

Scatterometer, 

Soil Moisture 

and SPAD 

Were taken at the 

same time of satellite 

observation  

Crop Cutting 

Sampling 

Rice grains, 

leaf, biomass  

Were taken at 1 m2 at 

each point. Samples 

were weighed before 

and after the drying 

process. 

Farming 

Practices  

Age, variety, 

method of 

planting, date 

of sowing. 

Survey was 

conducted among all 

farmers at the study 

area 

 

Based on the ground data measurements, several 

parameters showed significant temporal changes as the 

crop grew. Plant water content, the height of the rice stem, 

and the leaf length, width, number of leaves and grain areas 

change from one stage to another. In this study, several 

variables were selected to be analyzed and discussed. For 

the backscatter analysis with the crop parameter, plant 

height and date after sowing (DoS) were selected since it 

demonstrated changes over a rice growth cycle, and 

provide a significant contribution to backscatter values.  

 

Fig. 4 Rice crop physical measurement 

 
 

Physical measurements of the paddy crop were taken at all 

growth stages as shown in figure 4. The height of the rice 

stem increased from 20 cm at the time of planting to about 

100 cm at the ripening stage, and reached its peak growth 

during the heading period (which is stage 2 to 4 as 

illustrated in figure 6).  

 

Fig.5 Crop cutting sampling 

  
In the case of yield modeling for the study presented in this 

paper, the total number of grains (kg) for 1m2 quadrat 

sampling (figure 5) together with the  value of the  height 

of paddy plant were used only at reproductive stage for 

both seasons in 2016 and 2017.  

 

Fig. 6 Crop growth period at Sawah Sempadan 

 

 

 
 

The growth period depends on the rice varieties. The most 

popular rice varieties used in Sawah Sempadan are MR 219 

and CL 220. These two different rice varieties consist of 

different growth rates as shown in the figure 7. This growth 

rate information is based on local farmer’s experiences in 

the granary area. 

 

Fig. 7 Different growing periods of rice varieties in 

Sawah Sempadan 

 
 

3.4 Image Processing 

The SNAP 8.0 offers advanced tools for image processing 

as shown in the overall methodology in figure 8. ALOS 

PALSAR-2 data pre-processing steps are depending on the 

data format and processing level as shown in Table 1. A 

processing graph can be run both via the graph builder and 

the batch operator. Processing was applied to all data in 

batch mode to reduce time and keep the same procedure for 

a set of data. Bulk processing requires multiple input of 

dataset and one batch processing (4-5 images for the whole 

season or rice crop).  

 

This study uses data of two different processing levels 

which is 1.1 and 1.5. Level 1.1 processed data require 

complete pre-processing steps (radiometric calibration, 

multi-looking, geometric correction ((SRTM 1sec), 

speckle reduction, and data conversion). While, level 1.5 

data is already geocoded with GRS80 (Geographic 

Reference System same as WGS84, thus requires few basic 

pre-processing steps which are radiometric calibration, 
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speckle reduction and data conversion. All images were 

subset using a lightweight Javascript library (Wicket – 

github.com) that offers a geometry framework for 

mapping. The complete processing methods employed 

during this study was as follows; 

3.4.1 Radiometric calibration 

Radiometric calibration is required to obtain sigma naught 

value which is backscattering coefficient in the unit of 

decibel (dB). Digital number of L-band ALOS PALSAR-2 

images were converted to the backscattering coefficient 

(σ0) using the following equations (1): 

 

𝜎𝑜 = 10 × 𝑙𝑜𝑔10[𝐷𝑁2] − 83 𝑑𝐵                       
 

(1) 

σ0: Backscattering coefficient (Sigma naught or Sigma 

zero) [unit: dB].  

DN: Digital number (or raw pixel value)  

83: Calibration factor [unit: dB] 

 

Fig. 8 Overall methodology 

 

 
3.4.2 Speckle Reduction  

Speckle is caused by random constructive and destructive 

interference resulting in salt and pepper noise throughout 

the image. Speckle filters can be applied to the data to 

reduce the amount of speckle at the cost of blurred features 

and to reduce high frequency noise of image. However, the 

filtering technique will degrade spatial resolution the same 

as multi-looking technique. The choice for a best filter 

often depends on the type of data, its spatial resolution, the 

degree of inherent speckle, and the application purpose. 

 

This study uses the strongest filtering techniques in SNAP 

software, which is Lee Sigma given by Lee [23]. In the 

filtering method, window or kernel size of filter plays an 

important role in smoothing the image [24]. The bigger size 

of the window is providing a smoother image. To preserve 

edges, smaller windowing sizes are good for point-like or 

linear features. But for large scale areas (e.g. agriculture 

fields) application, it requires an aggressive filter to get 

homogenous areas. Kuan filter and Lee filter are widely 

used in radar imagery for homogenous areas [29] and Lee 

filter is the best filter for the agriculture area [23].  

 

Based on the study scale, single pixel of data size, the 

analysis of the coefficient of variation, inspection of the 

edge degradation and visualization, windowing size of 5x5, 

7x7, and 9x9 windowing size is suitable for this analysis. 

Through the analysis Lee Sigma 5x5 filtering was the best 

filtering technique for 6-10m data resolution and Lee 

Sigma 7x7 for 100m data resolutions. It also gives the 

equivalent number of looks over a homogeneous 

vegetation such paddy fields. A square window reflects the 

neighborhood and by applying the filter, the homogenous 

area turns into a smooth area thus reducing the speckle but 

the bad side is the edges are blurred [29]. 
 

3.4.3 Radar Vegetation Index (RVI)  

Radar Vegetation Index (RVI) is a measure of randomness 

scattering. It is an alternative to Normalize Different 

Vegetation Index (NDVI) for temporal monitoring 

vegetation growth and yield prediction. RVI needs quad-

polarized data in the power unit [25]. The quad-pol RVI 

was proposed by Kim and van Zyl [26], then modified for 

dual-pol SAR [27] as calculated using the expression 

below (1): 

 

𝑅𝑉𝐼 =
(4𝜎0𝐻𝑉)

(𝜎⁰𝐻𝐻+𝜎⁰𝐻𝑉)
                           (2) 

 

Where σ0 HH is co-polarization and σ0 HV is cross-

polarization in unit power. The range of RVI is from 0-1 

and greater than 1 due to some cases.  

 

3.4.4 Backscatter extraction 

For extracting backscatter indices, 40 lots of Sawah 

Sempadan C2 land parcels were used. Results were 

generated from the statistic tool and were exported to .csv 

format. Backscatter indices that were extracted from the 

land parcel were used to investigate the correlation with 

growth stages to produce the height and yield model. 

 

3.5 Prediction Algorithm 

In order to demonstrate the crop yield model, the statistical 

and Machine Learning (ML) approach is useful for 

prediction. Statistical approach is based on linear methods 

while ML features are helpful to describe complex non-

linear behaviors for crop yield prediction [28]. ML is a 

significant algorithm for crop yield prediction to help farm 

managers and farmers for decision support in farming 

practices of the growing season for the rice crops [20]. 

Based on the previous and current work, the Neural 

Network and Regression algorithm were employed mostly 

to predict the grain yield [20, 21].  

 

L-band RVI were used in this study to perform 

unsupervised regression algorithm which is Single Linear 

Regression (SLR), Multi Linear Regression (MLR) model 

and Multi-Layer Perceptron (MLP) and supervised 

regression algorithm which is Random Forest (RF) 

classifier and Random Tree (RT) classifier to generate 

yield modeling. All the dataset was resampled according to 

four different testing options which are Training Set (60%), 

Cross-Validation (50%), Test Set (50%), and Percentage 

Split (60%). Resampling method of the sample size is 

aimed to separate the data into two groups which is for 

training and testing the algorithm. 
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4. RESULTS AND DISCUSSION 

 

4.1 Analysis of Backscatter Profiles based on 

Backscatter Coefficients at different seasons in 

2016. 

An Experiment of backscatter profiles for rice cropping 

was performed using a linear model as shown in Fig 9 

below. In this analysis we use two different resolution data 

to show the behavior of rice backscatter signature in Sawah 

Sempadan. We demonstrate the temporal backscatter 

profiles (figure 9 (a)), during the off season in 2016 

(January to April). This period includes the growth stage of 

early vegetative, vegetative, early reproductive, 

reproductive and early maturity). Figure 9 (b) and (c) show 

the spatial backscatter profiles for the 40 lots rice field. The 

backscatter coefficient at early stages was recorded around 

-11dB. After the 35 days, the backscatter values drop to 

around -14 dB at the mid and late vegetative stage, then 

increase after 64 days after planting and reaches the 

maximum values -8dB at the early maturity stages. The 

value increases steadily when entering the reproductive 

stage. This behaviour helps to build a yield model using 

backscatter values of reproductive stage and onwards. The 

increase of rice crop height is shown in figure 6 and 10 (a), 

(b), and (d). The backscatter values rise along with the 

growth period (late vegetative to reproductive to early 

maturity). 

 

Fig. 9 (a) Temporal Rice Backscatter Profiles at six 

different lots at Off Season 2016; Backscatter profiles 

(b) HH polarization for 10m resolution image; (c) HH 

Polarization for 100m resolution images  

 

 

 
 

 

4.2 Relationship between SAR indices with crop 

parameters and statistical reported yield 

Mean values of 𝝈𝒐 HH of each plot were correlated with the 

average height of rice crop at every stages. The results 

showed the correlation of 𝝈𝒐 HH with crop tree height at 

early maturity phase which is stage 5 with R2=0.7976 as 

shown in Figure 10 (e).  

 

Fig. 10 Correlation of plant height with σ0 HH (a) 

stage 1; (b) stage 2; (c) stage 3; (d) stage 4; and (e) 

stage 5. 

 

 

 

 

 
 

4.3 Crop Height Model  

Using MLR & SLR, all variables can be directly estimated. 

In-situ measurements of rice height (h), farmer’s 

information of Day after Sowing (DaS) plots, 

backscattering coefficients of single HH polarizations of L-

band data (as described in Table 1) were used in this study 

to retrieve and predict the rice crop height in Sawah 

Sempadan, at every growth stage. The equation used in 

retrieving the rice crop height is given in the equation 

belows: 

 

Predicted crop height =xi+xii*σo
HH+xiii*DaS  (3) 

Predicted crop height =xi+xii*σo
HH   (4) 

 

Where; xi is the dependent variables (actual plant height), 

xii is the mean of 𝝈𝒐 HH, and xiii is DaS. 

 

Table 3 Height Model  

Stage / 

Algorithm 

Model R2 RE 

MLR       1 y=1.03-σo
HH+0.99DaS 0.6

3 

0.79 

2 y=20.90-0.96σo
HH+0.25DaS 0.3

0 

0.54 

3 y=36.81-

0.09+0.96σo
HH+0.39DaS 

0.2

1 

0.43 

4 y=16.14+0.40σo
HH+0.80DaS 0.1

3 

0.37 

(a) 

(b) 

(c) 

(a) 

(b) 

(c) 

(d) 

(e) 
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5 y=13.51+1.33σo
HH+1.22DaS 0.5

1 

0.69 

SLR         
1 

y=37.9223+0.7002σo
HH 0.4

6 

0.68 

2 y = 28.974+0.3778σo
HH 0.6

0 

0.73 

3 y=87.8824+1.91σo
HH 0.3

4 

0.58 

4 y =  25.916+0.1773σo
HH 0.4

0 

0.63 

5 y = 17.818+0.0575σo
HH 0.4

2 

0.65 

 

Fig. 11 Correlation of in-situ crop height with retrieval 

crop height from L-band at early vegetative stage 1 

 
Table 3 shows the correlations (R2) obtained by using MLR 

and SLR. Results for MLR shows moderate accuracy (R2 

= 0.63) between in-situ crop height and 𝝈𝒐HH retrieval 

height at early vegetative phase which is stage 1. The 

retrieval 𝝈𝒐 HH rice crop height and the in-situ rice crop 

height (figure 11) correlate well as the result of rice growth. 

In the case of SLR, the better result is shown in stage 2 

which is the vegetative stage. The R2 = 0.60 explains 

𝝈𝒐HH still can be used to estimate the plant height without 

other variable (e.g. DaS) 

 

4.4 Crop Yield Model 

Regression was performed using statistical data of reported 

yield (actual yield) as the dependent variable. We extracted 

the RVI of the reproductive stage from 100m wide ALOS 

PALSAR-2 data for all rice cropping seasons. The 

accuracy and classification error of rice crop yield 

prediction using machine learning algorithms for both 

main and off season in 2016 and 2017 was highlighted and 

shown in tables 4 to 6 below. Based on the yield prediction 

output for regression algorithm SLR gives good accuracy 

In off season of 2016 by using percentage split option (R2 

= 0.80 with RMSE = 540.65kg). The best model for SLR 

is y = -5719.49*RVIre+10545.34. MLR also gives good 

accuracy using percentage split option in the same season 

of 2016 with the R2 of 0.82 and the RMSE of 574.22 (kg). 

The best model for MLR is y = -9732.78*RVIre+-

47.90*Heightre+17878.19. 

 

The best rice crop yield prediction achieved by Random 

Tree was in the main season 2016 with RMSE 816.63 kg. 

The complete details as shown in table 5 & 6. The 

classification was performed using the test option of 

training, 60%. The MLP and Random Forest classifiers 

both have an accuracy of R2=0.8 with RMSE of 552.75 kg 

and 917.80 kg respectively.  

 

5. CONCLUSIONS 

 

The results obtained from crop height modelling show that 

single HH polarization L-band can be used at certain 

growth stages to estimate the rice crop height with 

moderate accuracy. The single HH of L-band is not 

sufficiently sensitive with the rice crop biophysical 

structure (crop height) and the analysis fulfils the third 

objective of the research. For better results, analysis should 

be performed using other polarizations such as VV, VH, or 

HV. Through the rice crop yield modelling for all season, 

it was demonstrated that the yield modeling using RVI of 

L-band ALOS PALSAR-2 shows promising yield 

prediction with a non-linear method through unsupervised 

classification algorithm. The linear methods prediction 

results give moderate accuracy. However, it shows good 

performance with the multiple variables (rice grain and tree 

height) using MLR. This method offers the advantage of 

using RVI from 100m resolution images for yield 

modelling and fulfils the last objective of the research. 

Research finding reveals the potential of using satellite data 

in modelling the rice yield with simple methods and the 

data acquisition of 100m resolutions as the independent 

variables for model development. Ground truth data (rice 

crop height and rice grains) helps to improve the prediction 

accuracy. Upcoming work will expand into more high 

resolution satellite data and focus on more variables to gain 

the accuracy assessment for certain approaches.  
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Seasons Algorithm Test Options R2 RMSE Yield Prediction Equation (linear model) 

Main Season 

2016 

SLR 
Training Set: 60%  0.64 802.03 y = 6385.66*RVIre+5432.79 

Percentage Split: 60% 0.68 895.27 y = 6942.5*RVIre+5227.72 

MLR 
Training Set: 60%  0.79 631.48 y = 0.16+7494.70*RVIre+-59.37* Heightre+5703.78 

Percentage Split: 60% 0.68 895.27 y = 0.09+8271.71*RVIre+-33.47*Heightre+1208.44*Grainavg+4133.22 

Off Season 2016 

SLR 
Training Set: 60%  0.66 498.72 y = -7381.77*RVIre+11361.17 

Percentage Split: 60% 0.80 540.65 y = -5719.49*RVIre+10545.34 

MLR 
Training Set: 60%  0.79 406.19 y = -10669.28*RVIre+-49.56*Heightre+18503.35 

Percentage Split: 60% 0.82 402.32 y = -9732.78*RVIre+-47.90*Heightre+17878.19 

Main Season 

2017 

SLR 
Training Set: 60%  0.22 3150.81  

Percentage Split: 60% 0.01 4025.36  

MLR 
Training Set: 60%  0.00 3232.75  - 

Percentage Split: 60% 0.00 3744.01  - 

Off Season 2017 

SLR 
Training Set: 60%  0.59 2051.54 y=6551.79*Grainavg+1342.27 

Percentage Split: 60% 0.68 1879.89 y=7988.45*Grainavg+750.41 

MLR 
Training Set: 60%  0.69 1836.51 y=-9187.08*RVIre+-170.53*Heightre+5491.95*Grainavg+17518.12 

Percentage Split: 60% 0.68 1879.89 y=-3621.64* RVIre+7966.22*Grainavg+1810.84 

Table 4 Yield Model based on regression algorithm 
re:  reproductive           

avg:  average
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Seasons Algorithm Test Options R2 RMSE 

Main Season  2016 

MLP 
Training Set: 60%  0.87 552.75 

Percentage Split: 60% 0.80 820.09 

RF 
Training Set: 60%  0.97 275.76 

Percentage Split: 60% 0.80 917.80 

RT 
Training Set: 60%  1.00 6.87 

Percentage Split: 60% 0.83 816.63 

 Off Season 2016 

MLP 
Training Set: 60%  0.92 291.67 

Percentage Split: 60% 0.37 653.79 

RF 
Training Set: 60%  0.97 177.15 

Percentage Split: 60% 0.41 637.30 

RT 
Training Set: 60%  1.00 0.00 

Percentage Split: 60% 0.20 831.38 

Table 5 Yield Model based on classification algorithm for 2016 
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Seasons Algorithm Test Options R2 RMSE 

Main Season 2017 

MLP 
Training Set: 60%  0.72 2287.99 

Percentage Split: 60% -0.16 4856.91 

RF 
Training Set: 60%  0.95 1360.12 

Percentage Split: 60% -0.07 3997.96 

RT 
Training Set: 60%  1.00 14.43 

Percentage Split: 60% 0.22 4023.73 

 Off Season 2017 

MLP 
Training Set: 60%  0.80 1544.35 

Percentage Split: 60% 0.75 3187.57 

RF 
Training Set: 60%  0.96 885.98 

Percentage Split: 60% 0.74 1782.26 

RT 
Training Set: 60%  1.00 23.15 

Percentage Split: 60% 0.79 1639.32 

Table 6 Yield Model based on classification algorithm for 2017
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1. INTRODUCTION

This final report incorporates research undertaken with 
PALSAR-2 data acquired from the 6th Research 
Agreement for the Advanced Land Observation Satellite-2. 
It is part of a PhD research project, by Frances Wiig at the 
University of New South Wales, Sydney, Australia. 

Subsurface imaging in arid environments is a well-
established application of Synthetic Aperture Radar (SAR) 
data and although it has been utilised for archaeological 
prospection and investigation in the past [1], it has only 
become more popular in this field over the last 15 years [2-
7]. This is likely due to the improvements in spatial 
resolution, imagery modes and polarisation options of the 
newer SAR satellites. In addition, SAR data has become 
much more accessible with data grants and data archives, 
and more user friendly with open source processing 
software [2]. However, despite recent advances, subsurface 
imaging for archaeological prospection remains 
underutilised due to limited understanding of optimal 
acquisition parameters and processing methodologies for 
archaeological applications [8]. Furthermore, although 
many subsurface features have been identified in arid 
environments using SAR data, penetration depths have 
rarely been verified through fieldwork. Calculated imaging 
depths of 0.4 – 2m for L-band, 0.1 – 0.5m for C-band and 
0.05 – 0.3m for X-band [9] are widely accepted but have 
only been  substantiated with excavation or geophysical 
survey in a small number of cases. Instead, these accepted 
depths usually rely on estimations inferred by the presence 
or absence of subsurface features as compared across 
images acquired with different wavelengths [10-12]. 

Hence, the primary objective of this research project was 
to conduct a multi-frequency analysis of very high-
resolution SAR data to map and identify subsurface 
archaeological and paleo-environmental features across 
different sites in arid environments. This work contributes 
to both the quantitative verification of subsurface imaging 
with supporting archaeological and geophysical fieldwork 
as well as appropriate processing methodologies that 
facilitate SAR analysis as a more accessible tool for 
archaeological prospection.  

2. AREAS OF INTEREST

This project originated with five specific Areas of Interest 
situated across the Middle East. They were selected based 
on their location in arid or hyper-arid regions, with 
archaeological features of varying size and structure, 
consideration of their potential for detection of subsurface 
archaeological remains and the ability to validate the SAR 
interpretations.  

After analysis, two of the original five sites produced 
informative results and they are discussed below. 

3. ‘UQDAT AL-BAKRAH

The Iron Age archaeological site of ‘Uqdat al-Bakrah is 
located at the eastern boundary of the Rub al-Khali Desert, 
Oman, approximately 50 km west of the town of Dhank 
(Figure 1). The remoteness and continually shifting sands 
at this location allowed the site to remain hidden until its 
fortuitous discovery in 2012. Its location at the intersection 
of the periphery of the Wadi Bakrah alluvial fan and the 
fringe of the desert reveal a landscape of both fluvial and 
aeolian deposits [13]. The climate in this area is hyper-arid 
with an average rainfall of less than 100 mm / year [14].  

Figure 1. Regional map showing the town of Dhank. 
The exact location of ‘Uqdat al-Bakrah is not indicated 
given its sensitivity and need for cultural heritage 
protection.  
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This site provides a valuable opportunity for evaluating and 
clarifying multi-frequency SAR subsurface imaging. This 
type of hyper-arid landscape with its fine grained aeolian 
and fluvial deposits is known to enable the detection of 
subsurface features on SAR images. The site is accessible 
for ground truthing due to the ongoing Archaeological 
Water Histories of Oman (ArWHO) project in the region.  
 
Archaeological and geophysical fieldwork undertaken at 
‘Uqdat al-Bakrah has revealed hundreds of bronze objects, 
surface and subsurface pits that may have been used for 
producing charcoal or as furnaces for melting and 
finishing/recycling these objects, as well as a shallow 
channel-like linear hydrological feature with a 
northeast/southwest trajectory [15, 16].  
 
The subsurface pits have been verified by excavation and 
geophysical survey to be buried under an aeolian sand 
veneer at 0.3-0.8 m depth below surface. They range in size 
from 0.8-2.2 m in diameter with varying morphologies and 
states of degradation. There are also circular type surficial 
features that are larger in size, approximately 2-8 m in 
diameter that are sometimes elevated at 0.10-0.20 m above 
the ground surface. While these are thought to be the 
degraded remnants of the more substantial pits, their exact 
history and precise original form is unclear. The larger or 
clustered pits with more substantial structures provide a 
better target for subsurface imaging. 
 
A subsurface hydrological feature was first identified in a 
GPR survey at ‘Uqdat al-Bakrah in January 2017 (Figure 
2) and verified by excavation in January 2018 (Figure 3). 
Both the geophysical and excavation data revealed a 
feature interpreted as a natural paleo-channel that is 5-8 m 
wide and 0.6–0.7 m deep. 
 

 
Figure 2. Ground Penetrating Radar (GPR) time slice 
colour intensity image (with red representing high 
intensity and white representing low intensity) at 6.2-
12.1 ns/44.5-89.1 cm depth with location of excavated 
trench perpendicular to the paleo-channel (time slice 
courtesy of Katie M. Simon and Jennie O. Sturm). GPR 
data acquired with a 400 MHz antenna at an average 
spacing of 0.5 m. 

 
Figure 3. Illustrated profile and plan view photo of 
trench dug perpendicular to paleo-channel with 
adjacent pit (illustration courtesy of Joseph Lehner). 

In addition to the ALOS-2 products, RADARSAT-2, 
TanDEM-X and TerraSAR-X data were acquired for the 
multifrequency analysis. Very high-resolution (0.3 m)  
WorldView-3 (WV-3) optical imagery was also utilised to 
assess whether potential features identifiable on the SAR 
data were also visible on high resolution optical remotely 
sensed images.   
 
Although various methods of processing were evaluated in 
this analysis, the most successful technique took advantage 
of the X-band and L-band multi-temporal data which were 
processed into coregistered stacks. The enhancement of 
subtle features was achieved by summing the bands in each 
stack to reduce image speckle and improve the signal to 
noise ratio [3, 6, 17]. Filters or texture analyses could then 
be applied to both the single data products or the summed 
multi-temporal stacks to further emphasise any potential 
subsurface features. 
 
Utilising this methodology, the best results at the site of 
‘Uqdat al-Bakrah were produced from the summed stack 
of staring spotlight mode TerraSAR-X VV polarised 
images at a 39° incidence angle (Figure 4b). This image 
enabled recognition of the paleo-channel, some of the 
larger surface pits as well as some circular features that 
may have a subsurface expression.  
 

 
(a) 

 
(b) 

Figure 4. (a) WorldView 3 panchromatic image with 
arrows pointing to (potential) subsurface features and 
position of excavated trench. (b)  Grayscale intensity 848



image of summed stack of 10 TerraSAR-X VV 
polarized images at a 39° incidence angle in which black 
represents low intensity values and white represents 
high intensity values. 

The slightly coarser TanDEM-X stack of VV polarised 
images at a 39° incidence angle also enabled identification 
of the paleo-channel, but not the other pits or circular 
features (Figure 5a). The paleo-channel is also visible in 
three of the filtered RADARSAT-2 single images, 
specifically the VV polarised at a 27° incidence angle, as 
well as both the HH and VV polarised images at the 33° 
incidence angle (Figure 5b).  
 

 
(a) 

 
(b) 

Figure 5. Grayscale intensity images with black 
representing low intensity values and white 
representing high intensity values. (a) Summed stack of 
10 TanDEM-X VV images at a 39° incidence angle and 
processed with the Gray Level Co-occurrence Matrix 
(GLCM). (b) RADARSAT-2 HH image at a 33° 
incidence angle, processed with low pass 3 x 3 filter. 

Although the 12 summed bands of the ALOS-2 HH 
polarised images at 28° or 36° incidence angle could enable 
identification of several nearby subsurface channels that 
are not visible on the surface (Figure 6a and 5b), the 
particular paleo-channel within the site boundary was too 
small for it to be identified in the fine beam Stripmap mode 
data. In addition, the paleo-channel is generally more 
discernible in the VV polarisation, which is likely due to 
its vertical profile, and in the C-Band and X-band data 
where the look direction is more perpendicular to the 
northeast/southwest trajectory of the paleo-channel, hence 
providing better target visibility. 
 

 
(a) 

 
(b) 

Figure 6. (a) WorldView-3 multispectral image 
displaying bands 4,3,2 with arrows pointing to 
subsurface channels. (b) Grayscale intensity image of 
summed stack of 12 HH ALOS-2 images at a 28° 
incidence angle with black representing low intensity 
values and white representing high intensity values. 

Spatial resolution was the key to successful subsurface 
imaging of the ‘Uqdat al-Bakrah site because the 
subsurface features were small in relation to the processed 
spatial resolution of these specific products (Figure 7).  
Other contributing factors were look direction being 
perpendicular to the subsurface paleo-channel, VV 
polarisation that was better at emphasizing a feature with a 
vertical profile, an incidence angle of between 30° and 40° 
and the improved signal to noise ratio achieved by stacking 
and summing multi-temporal images. 
 

Sensor and mode Spatial Resolution 
PALSAR-2 Fine beam dual 
polarised stripmap 

6.1 m 

RADARSAT-2 Ultra-fine single 
polarised 

2.41 m 

TanDEM-X Spotlight single 
polarisation 

0.87 m 

TerraSAR-X Staring Spotlight 
single polarisation 

0.71 m 

Figure 7. SAR spatial resolution in Figures 3-5. 

 
3. ‘SAQQARA 

 
The Saqqara necropolis is one of the most well-known and 
visited sites in the world but is only one component of the 
extensive complex of archaeological remains situated on 
the west bank of the Nile River (Figure 12). It was in use 
for approximately 3500 years through the Early Dynastic 
Period (2950 BCE) to roughly the fourth century CE. The 
most prominent monument at the complex is the 60 m high 
step pyramid built for the 3rd Dynasty Pharoah Djoser (ca. 
2670 BCE), but other structures include additional smaller 
pyramids as well as funerary enclosures and mastaba 
tombs [18, 19].  Despite many earlier monuments having 
been destroyed or disassembled and reused for later 
constructions, much of the mudbrick materials have 
survived intact through the millennia [20].  
 
The complex is positioned on a limestone plateau covered 
with aeolian sands that have accumulated over the last 6000 
years. In addition to increasing aridity there is evidence that 
the course of the Nile River has shifted to the east over time 
[18, 19]. These factors therefore have created a modern 
landscape that is very different than the ancient one. While 
many of the structures are visible on the landscape 
including those that are only partially excavated or exposed, 
the environmental changes have likely obscured many of 
the remaining structures within this complex that lie 
undiscovered beneath the sand.  
 
The necropolis at Saqqara is a suitable site for subsurface 
SAR imaging. Like ‘Uqdat al-Bakrah it has a similar 
hyper-arid landscape with its aeolian and fluvial deposits. 
There are known monumental structures at the site [20] 
which are more likely to be identifiable in the SAR imagery 
due to their larger size. Although the site is not currently 
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accessible to us for verification through excavation or 
geophysical fieldwork some validation of the SAR data 
interpretation is achieved through prior magnetometry 
survey results [20], very high resolution optical imagery as 
well as a surface field inspection undertaken in 2018 [21]. 
 
The primary techniques applied at this site were full 
polarisation decompositions, multitemporal image 
stacking, image filtering and image fusion.  However, the 
singular obvious potential subsurface feature identified 
consists of a north-south oriented series of wavy lines that 
fade to the north and are only visible in the HH band of the 
fully polarised PALSAR-2 product (Figure 8). As indicated 
by the red arrows, these lines do not appear in the 
PALSAR-2 summed stack of 18 dual polarised images 
(Figure 9), in any of the RADARSAT-2 data (Figure 10), 
in the summed stack of the 10 TerraSAR-X images (Figure 
11) or in the multispectral optical image of the site (Figure 
12). This area was ground-truthed during a 2018 site visit 
and there are no surficial features resembling the wavy 
lines. Their strange shape and visibility only in a single 
band make this potential feature difficult to interpret, if in 
fact it is a feature at all. There is a possibility it is an image 
artefact. 
 

 
Figure 8. HH band of fully polarised PALSAR-2 
grayscale intensity image with red arrows pointing to 
potential subsurface feature. Black represents low 
intensity values and white represents high intensity 
values. 

The varying frequencies have produced vastly different 
visualisations of the Saqqara necropolis as compared to the 
multispectral image of the site (Figure 12). It seems that the 
L-band microwaves have primarily attenuated in the thick 
sand cover only displaying the most prominent of the 
visible structures (Figure 8 and Figure 9). In contrast, the 
C-band and X-band (Figure 10 and Figure 11) SAR have 
generally not penetrated or attenuated in the sand but 
instead have interacted with the surface of the site so that 
the microtopography is clearly presented and even 
exaggerated in the images. 
 

 
Figure 9. Summed stack of 18 HH images at a 33° 
incidence angle. PALSAR-2 grayscale intensity image 
with black representing low intensity values and white 
representing high intensity values.  

 
Figure 10. RADARSAT-2 HH grayscale intensity image 
at a 38° incidence angle processed with the Kuan filter 
with black representing low intensity values and white 
representing high intensity values. 

 
Figure 11. Summed of 10 stacked TerraSAR-X 
grayscale intensity images at 20° incidence angle with 
black representing low intensity values and white 
representing high intensity values. 
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Figure 12. WorldView-2 multispectral image displaying 
bands 4,3,2 and red arrows pointing to area of wavy 
lines displayed in Figure 7. 

Subsurface imaging at the site of Saqqara was surprisingly 
unsuccessful for all applied frequencies within the scope of 
this research project. With the abundance of large 
structures, some of which are partially buried, and high 
chance of undiscovered subsurface features it was 
unexpected to not be able to positively identify any of these 
features. 
In reference to the PALSAR-2 data, the lack of subsurface 
imaging may be due to the incidence angle and look 
direction. It is possible that much steeper or much 
shallower incidence angles may reveal subsurface features 
before the microwave attenuates into the aeolian sand [10, 
22]. While the RADARSAT-2, and TerraSAR-X sensors 
provide a very different response, it is likely a result of the 
irregular morphological features of the landscape 
interacting with the shorter wavelengths. The C-band and 
X-band sensors do not seem to be suitable for subsurface 
imaging in terrain with such a rough microtopography. 
 

4. CONCLUSION 
 
A multifrequency analysis of the ‘Uqdat al-Bakrah and 
Saqqara archaeological sites was carried out with the very 
high resolution PALSAR-2 L-band, RADARSAT-2 C-
band, TanDEM-X and TerraSAR-X X-band data. At the 
site of ‘Uqdat al-Bakrah, a subsurface paleo-environmental 
feature was successfully identified with X-band and C-
band data and quantitatively verified with geophysical 
survey and archaeological investigation. At the site of 
Saqqara, no subsurface features were positively identified 
with any of the SAR data. 
 
The results discovered through this research contribute to a 
shared methodology for wider archaeological prospection 
in arid environments with SAR data:  

• prior knowledge of the site is likely to contribute 
to a more successful outcome as the imaging 
parameters can be more specifically targeted; 

• incidence angle and look angle are integral to 
successful subsurface imaging, but the 
requirements are specific to each site; 

• required spatial resolution, polarisation and 
frequency are dependent on the site type and 
desired subsurface imaging; 

• local microtopography can greatly influence the 
visibility of features; if the surface is rough, 

longer wavelength SAR data are likely to provide 
better detection of features; 

• stacked summing of images can enhance the 
signal to noise ratio significantly enough to 
accentuate or enable recognition of subsurface 
features; and 

• field verification of image interpretation is 
invaluable and contributes greatly to the 
understanding of microwave penetration in arid 
environments. 

 
The analysis carried out with the data from RA-6 and 
described in this report will be further detailed in Frances 
Wiig’s PhD thesis (forthcoming 2022). 
 
 

 5. FURTHER WORK 
 
Ongoing work at the site of ‘Uqdat al-Bakrah includes the 
collection/creation of a very fine resolution DEM to verify 
if the circular features in the TerraSAR-X stacked image 
have a surficial profile. Continuing excavation will also 
provide information on whether the potential features have 
a subsurface expression. And the use of a subsurface 
moisture meter would provide a dielectric constant for 
penetration depth calculations, thus contributing to a better 
understanding of the shorter wavelength microwave 
penetration depths. 
 
Despite the lack of success at Saqqara to positively identify 
any subsurface features, this site remains a suitable Area of 
Interest. Further investigation with long wavelength SAR 
data at much steeper or much shallower incidence angles 
may support more conclusive subsurface imaging, or at 
least help understand the lack of results. 
 

6. ACKNOWLEDGEMENTS 
 

We would like to thank JAXA for providing the ALOS-2 
data within the framework of the 6th Research 
Announcement for the Advanced Land Observation 
Satellite-2 (PI No: 3090). Additional data was provided by  
the German Aerospace Center (DLR) Science Program, 
(Proposal ID: Other7038) and the SOAR-E (Science and 
Operational Applications Research—Education Initiative) 
of the Canada Space Agency (Project #5410). 
RADARSAT-2 Data and Products © MacDonald 
Dettwiler and Associates Ltd. (2017)—All Rights 
Reserved. RADARSAT is an official trademark of the 
Canadian Space Agency. These space agencies are 
gratefully acknowledged. 
 
Funding for fieldwork and analysis included a NASA 
ROSES (Research Opportunities in Space and Earth 
Sciences) Grant (#NNX13AO48G), a Johns Hopkins 
University Catalyst Grant, a Space@Hopkins Grant, an 
Australian Research Council Discovery Early Career 
Researcher Award (Project ID: DE180101288), and a grant 
from the University of Arkansas, Centre for Advanced 
Spatial Technologies, Spatial Archaeometry Research 
Collaborations (CAST/SPARC) Program.  
 
We are very grateful to the Sultanate of Oman, Ministry of 
Heritage and Culture for permission and collaborate 
support for our research, in particular His Excellency Salim 

851



M. Almahruqi, Sultan Al-Bakri, Khamis Al-Asmi, 
Mohammed Al-Waili, and Suleiman Al-Jabri deserve 
special thanks for their professionalism, support and 
collegiality. Our investigations also rely on the gracious 
hospitality of the general public in Oman, including Shafi 
and Mutaab Al-Shukri who have long contributed crucial 
logistical assistance to our team.  
 

 
6. REFERENCES 

 
[1]  J. F. McCauley et al., "Subsurface Valleys and 
Geoarchaeology of the Eastern Sahara Revealed by Shuttle 
Radar," Science, vol. 218, no. 4576, pp. 1004-1020, 1982. 
[2]  F. Wiig et al., "Mapping a Subsurface Water Channel 
with X-Band and C-Band Synthetic Aperture Radar at the 
Iron Age Archaeological Site of ‘Uqdat al-Bakrah (Safah), 
Oman," Geosciences, vol. 8, no. 9, p. 15, 2018, doi: 
10.3390/geosciences8090334. 
[3]  F. Chen, N. Masini, J. Liu, J. You, and R. Lasaponara, 
"Multi-frequency satellite radar imaging of cultural 
heritage: the case studies of the Yumen Frontier Pass and 
Niya ruins in the Western Regions of the Silk Road 
Corridor," International Journal of Digital Earth, vol. 9, 
no. 12, p. 19, 2016, doi: 10.1080/17538947.2016.1181213. 
[4]  N. Dore, J. Patruno, E. Pottier, and M. Crespi, "New 
Research in Polarimetric SAR Technique for 
Archaeological Purposes using ALOS PALSAR Data," 
Archaeological Prospection, vol. 20, pp. 79-87, 2013. 
[5]  A. Gaber, M. Koch, M. H. Griesh, M. Sato, and F. El-
Baz, "Near-Surface Imaging of a buried foundation in the 
Western Desert, Egypt, using space-borne and ground 
penetrating radar," Journal of Archaeological Science, vol. 
40, pp. 1946-1955, 2013. 
[6  C. Stewart, R. Lasaponara, and G. Schiavon, "ALOS 
PALSAR Analysis of the Archaeological Site of 
Pelusium," Archaeological Prospection, vol. 20, pp. 109-
116, 2013 2013. 
[7]  C. Stewart, R. Montanaro, M. Sala, and P. Riccardi, 
"Feature Extraction in the North Sinai Desert Using 
Spaceborne Synthetic Aperture Radar: Potential 
Archaeological Applications," Remote Sensing, vol. 8, no. 
825, p. 27, 2016. 
[8  D. Tapete, "Remote Sensing and Geosciences for 
Archaeology," Geosciences, vol. 8, no. 41, p. 10, 2018. 
[9]  G. G. Schaber, J. F. McCauley, and C. S. Breed, "The 
Use of Multifrequency and Polarimetric SIR-C/X-SAR 
Data in Geologic Studies of Bir Safsaf, Egypt," Remote 
Sensing of Environment, vol. 59, pp. 337-363, 1997. 
[10  R. G. Blom, R. E. Cripper, and C. Elachi, "Detection 
of subsurface features in SEASAT radar images of Means 
Valley, Mojave Desert, California," Geology, vol. 12, pp. 
346-349, 1984. 
[11  P. Paillou, G. Grandjean, N. Baghdadi, E. Heggy, T. 
August-Bernex, and J. Achache, "Subsurface Imaging in 
South-Central Egypt Using Low-Frequency Radar: Bir 
Safsaf Revisited," IEEE Transactions on Geoscience and 
Remote Sensing, vol. 41, no. 7, pp. 1672-1684, 2003. 
[12]  G. G. Schaber, J. F. McCauley, C. S. Breed, and G. R. 
Olhoeft, "Shuttle Imaging Radar: Physical Controls on 
Signal Penetration and Subsurface Scattering in the Eastern 
Sahara," IEEE Transactions on Geoscience and Remote 
Sensing, vol. 24, no. 4, pp. 603-623, 1986. 
[13]  G. Hoffman, "Geology of the ‘Uqdat al-Bakrah 
Archaeological Site," in Early Iron Age Metal-Working 

Workshop in the Empty Quarter, al-Zahira Province, 
Sultanate of Oman, vol. 316, P. A. Yule and G. Gernez Eds., 
(Universitätsforschungen zure prähistorischen 
Archäologie. Bonn: Dr. Rudolf Habelt GmbH, 2018, pp. 1 
- 4. 
[14]  A. Y. Kwarteng, A. S. Dorvlo, and G. T. V. Kumar, 
"Analysis of a 27-year rainfall data (1977-2003) in the 
Sultanate of Oman," International Journal of Climatology, 
vol. 29, p. 13, 2009. 
[15]  F. Genchi, C. Giardino, and P. A. Yule, "'Uqdat al-
Bakrah. An Early Iron Age Metal-working Atelier just 
inside the Empty Quarter in Oman," in Shadow of the 
Ancestors, 2018, ch. 42, p. 8. 
[16]  M. J. Harrower et al., "Archaeological Water 
Histories of Oman (ArWHO) Project: Field Report for the 
Ministry of Heritage and Culture, Sultanate of Oman," 
2017, 2017. 
[17]  R. Linck, T. Busche, S. Buckreuss, J. W. E. 
Fassbinder, and S. Seren, "Possibilities of Archaeological 
Prospection by High-resolution X-band Satellite Radar - a 
Case Study from Syria," Archaeological Prospection, vol. 
20, pp. 97-108, 2013 2013. 
[18]  E. Sullivan, "Seeking a Better View: Using 3D to 
Investigate Visibility in Historic Landscapes," Journal of 
Archaeological Method and Theory, vol. 24, p. 29, 2017. 
[19]  E. Sullivan, "Potential pasts: taking a humanistic 
approach to computer visualization of ancient landscapes," 
in Bulletin of the Institute of Classical Studies vol. 59-2, G. 
Bodard, Y. Broux, and T. Ségolène, Eds. Oxford: Bulletin 
of the Institute of Classical Studies, 2016, pp. 71-88. 
[20]  I. Matheison and J. Dittmer, "The Geophysical Survey 
of North Saqqara, 2001- 7," The Journal of Egyptian 
Archaeology, vol. 93, p. 16, 2007. 
[21]  E. Sullivan, "Egypt Fieldwork ", F. Wiig, Ed., Email 
detailing fieldwork trip to the Saqqara region. ed, 2018. 
[22]  A. Gaber, B. A. Amarah, M. Abdelfattah, and S. Ali, 
"Investigating the use of the dual-polarized and large 
incident angle of SAR data for mapping the fluvial and 
aeolian deposits," NRAIG Journal of Astronomy and 
Geophysics, vol. 6, p. 12, 2017. 
 

APPENDIX 
 
List of published papers related to ALOS RA-6. 
 
[1]  F. Wiig, Mapping Subsurface Archaeological and 
Paleo-environmental Features in Arid Environments. PhD 
Thesis, University of New South Wales, expected in 
(2022).  
 

852



GENERATION OF HIGH QUALITY DIGITAL ELEVATION MODELS 

THROUGH MATCHING OF PALSAR-2 IMAGES AND COMPARISON WITH 

DIGITAL ELEVATION MODELS FROM OPTICAL IMAGES (PHASE II) 

PI-3138 

Seung Hee Kim, Taejung Kim 

Dept. of Geoinformatic Engineering, Inha University 

1. INTRODUCTION

This is the final report for ALOS-2 RA6. It has been 

advised to maintain the original title of the RA as the title 

of this report. However, the research contents were 

changed from digital elevation model generation to 

change detection, as reported in the Interim Research 

Report. 

Under the new research theme, we have conducted a 

research on pre-processing techniques for change 

detection. While there are many pro-processing steps 

required for change detection, we focused on geometric 

correction and registration among dataset used for change 

detection. In particular, we checked the possibility of 

automated registration and geometric correction of SAR 

images against optical images. There are many precisely 

geo-rectified optimal image database. We aimed to check 

the possibility of utilizing such database for geometric 

preprocessing of SAR images. 

2. TESTS ON MULTI-MODAL FEATURE

MATCHER 

As mentioned above, geometric correction is pre-requisite 

for change detection, in-particular pixel-based change 

detection [1, 2]. Images under analysis should be precisely 

aligned so that the same pixel positions in all images 

represent the same geographic locations. However, 

achieving this in an automated manner is not trivial. In 

particular, SAR images have severe textural distortions due 

to their speckles. It is difficult to apply image matching 

techniques working well for optimal images to SAR 

images.  

On the other hands, there are abundant optimal images 

whose geometric distortions have been precisely corrected. 

For example, there are nation-wide orthometric image 

database at 25cm and 1m grid spacing in Korea. In this 

report, we aim to utilize optional orthoimage database for 

geometric correction of SAR images so that precise change 

detection can be performed. 

We checked two representative feature matchers, ORB[3] 

and RIFT[4], for handing multi-modal images of optimal 

and SAR images. In this report, we skip the descriptions on 

their theoretical features. 

We applied the two feature matchers to a Kompsat-3A 

image (red band) taken on Feb. 15, 2017 and a ALOS2 

image taken on Jan. 22, 2017. Figure 1 shows the images 

used for tests. 

Fig 1. Kompsat-3A (top) and ALOS-2 (bottom) image 

used for tests 

Final Report on the 6th ALOS-2 Research Announcement
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The GSD (Ground Sampling Distance) of the Komsat-3A 

image was 2.2m and that of the ALOS2 image was 3m. No 

correction was applied to adjust geometric and radiometric 

properties of the two data. Figure 2 shows the matching 

results from ORB before outlier filtering (top) and after 

outlier filtering (bottom). Lines between the left and right 

images indicate the location of matched pixels. As 

expected ORB matcher, developed for optical image 

matching, could not handle multi-modal images. Final 

match results after outlier-filtering were not correct, as 

shown in figure 3. 

 

 
 

 
Fig. 2. Results from ORB before (top) and after 

(bottom) outlier filtering 

 

 
Fig 3. Enlarged images on final ORB match results. In 

each cell, the left is optimal and the right SAR image. 

 

RIFT was applied to the optical and SAR dataset and 

features were matched automatically. As before, figure 4 

shows the matching results from RIFT before and after 

outlier filtering. A few enlarged images on the final match 

results in figure 5 confirms that RIFT could handle match 

between optimal and SAT images and find correct tiepoints. 

RIFT is designed to handle textural difference between 

multi-modal images through transforming pixel intensity 

into phase congruency and perform feature matching in 

phase congruency domain. In this report, we confirmed that 

RIFT could handle SAR-optimal image matching better 

than ORB. 

 

 

 
 

 
Fig. 4. Results from RIFT before (top) and after 

(bottom) outlier filtering 

 

 
Fig 5. Enlarged images on RIFT final match results. In 

each cell, the left is optimal and the right SAR image. 

 

3. OPTIONS FOR ENHANCING FEATURE 

MATCHER 

 

3.1. Performance between processing level 1.5 and 3.1 

 

We checked the performance of the RIFT using other 

dataset and with varying processing options and processing 

levels. Figure 6 shows the location of test areas, Seoul, 

Wonju and Manpo (counter-clockwise from left-bottom). 

In each test area, two ALOS-2 images and two Kompsat-

3A images were prepared. For each ALOS-2 image, the 

dataset was processed at 1.5 and 3.1 processing level.  

 

Test datasets used for experiments are summarized in table 

1. Due to data availability, some dataset have significant 

time gap. 

 

Table 1. Acquisition time (year and month) of image data 

used for experiments 

Area Seoul Wonju Manpo 

DataID S-1 S-2 W-1 W-2 M-1 M-2 

ALOS 15.Nov 17.Jan 16.Aug 17.Feb 15.Apr 15.Nov 

K3A 15.Dec 17.Feb 15.Oct 18.Nov 16. Apr 
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Fig. 6. Location of test areas 

 

 
 

 
Fig. 7. Kompsat-3A image (top) and ALOS2 images at 

1.5 (bottom left) and 3.1 (bottom right) level for W-1 

dataset over Wonju area  

 

 
 

 
Fig 8. Results of RIFT match for W-1 dataset using 

ALOS2 image at 1.5 level 

 

 
 

 
Fig 9. Results of RIFT match for W-1 dataset using 

ALOS2 image at 3.1 level 

 

Figures 7 – 9 show the results of RIFT feature matching for 

W-1 dataset over Wonju area. We can check visually that 

matching performance was improved by using ALOS2 3.1 

level image.  

 

Figure 10-11 show the results of RIFT feature matching for 

W-2 dataset. Note that this dataset has larger time gap of 

20 months between Komsat-3A (Nov. 2018) and ALOS2 

(Feb. 2017) images. Due to the time gap, RIFT matching 

between Kompdat-3A and ALOS2 mage at 1.5 level was 

not successfully performed. Figure 11 shows that the final 

match results were not correct. 

 

 
 

 
Fig 10. Results of RIFT match for W-2 dataset using 

ALOS2 image at 1.5 level 

 

 
Fig 11. Enlarged images on RIFT final match results 

for W-2 dataset using ALOS2 image at 1.5 level 855



 
 

 
Fig 12. Results of RIFT match for W-2 dataset using 

ALOS2 image at 3.1 level 
 

 
Fig 13. Enlarged images on RIFT final match results 

for W-2 dataset using ALOS2 image at 3.1 level 
 

Fortunately, the time gap was overcome by using ALOS2 

image processed at 3.1 level. The enlarged images in figure 

13 show that correct tiepoints between two dataset were 

extracted.  

 

Other datasets were also tested. ALOS2 images processed 

at 3.1 level showed better performance of feature matching 

than those at 1.5 level for most of datasets tested. 

Quantitative results for all dataset were summarized in 

table 2. 

 

3.2. Performance improvement by speckle filtering 

 

We checked whether applying speckle removal filtering 

can improve feature matching performance. To all dataset, 

an Enhanced Lee filter[5] with the size of 5x5 pixels was 

applied and RIFT feature matching was performed.  

 

Figure 14 and 15 shows the results of RIFT matching for 

W-2 dataset, which has a severe time gap, processed at 1.5 

level after applying speckle filtering. It is remarkable to 

observe that the original dataset, where RIFT matcher 

failed due to the time gap, was processed successfully after 

the filtering. It is strongly advised to apply speckle filtering 

before processing SAR images for feature matching. 

 

 

 
Fig 14. Results of RIFT match for W-2 dataset using 

ALOS2 image at 1.5 level after Enhanced Lee filter 

 

 
Fig 15. Enlarged images on RIFT final match results 

for W-2 dataset using ALOS2 image at 1.5 level after 

Enhanced Lee filter 
 

The following table summarized RIFT matching results for 

all dataset and all processing level with an option to apply 

Enhanced Lee filtering or not. For completeness, results 

from ORB matcher are also included. The results in red 

numbers were un-successful match results. As mentioned 

earlier, ORB matcher could not handle SAR-optimal image 

matching in all cases tested. RIFT matcher also failed on 

the dataset, W-2, with severe time gap. 

 

Table 2. The number of final inlier matches from RIFT 

feature matcher 

ID 

S-1 S-2 W-1 W-2 M-1 M-2 
Level 

Matcher 

Filter 

1.5 ORB, X 17 11 16 8 11 5 

3.1 ORB, X 19 7 7 7 10 7 

1.5 RIFT, X 136 28 26 17 25 23 

3.1 RIFT, X 189 51 70 21 23 36 

1.5 RIFT, O 253 38 125 33 29 35 

3.1 RIFT, O 270 76 124 38 38 49 

 

The results showed that applying speckle removal filter 

improved the performance of RIFT feature matching for all 

dataset and that using images at 3.1 level improved the 856



performance mostly. The slight quality degradation on M-

1 dataset may need further analysis to check the cause of 

the degradation. 

 

It was checked that the severe time gap between the dataset 

may cause RIFT failure. It was observed that RIFT 

performed better over urban region with many strong 

features, although this feature was not shown in detail in 

this report.  

 

 

4. CONCLUSIONS AND FUTURE WORKS 

 

In this report, a geometric pre-processing technique for 

change detection using SAR images was described. RIFT 

matcher was tested and proved useful for matching ALOS-

2 SAR images against optimal images. The importance of 

speckle removal and the use of images at 3.1 level were 

also highlighted. Time gap between images was also very 

important in multi-modal matching,  

 

This finding can be used for automated geometric 

correction and orthoimage generation. In future, we are 

planning to check the RIFT matching results can improve 

actually geometric accuracy of SAR images and enable 

automated generation of precision orthoimages. 

Automated change detection among ortho-rectified SAR 

images will also be carried out later. 
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Overview 

The East African Rift is commonly cited as 
the type example for continental breakup.  At 
the northern end of the East African Rift, the 
Afar rift displays subaerial volcanic and 
extensional tectonic activity at the confluence 
of the Red Sea, Gulf of Aden and Main 
Ethiopian Rifts. The Afar rift, being the only 
terrestrial occurrence of an active, onland,rift-
rift-rift junction, provides an opportunity to 
investigate geological processes acting on 
environments ranging from the undisturbed 
continental crust through extended continental 
crust beneath passive margin to hyper 
extended spreading ridge segments. It affords 
a rare opportunity to study extensional 
tectonism from early breakup of continents to 
seafloor spreading. This research is aimed at 
distinguishing magmatically driven 
deformation associated with the propagating 
Red Sea and Gulf of Aden rifts in the central 
Afar from processes of amagmatic extension 
occurring in between those rift propagators. 
Central to this research work is the 5-meter 
digital elevation model (DEM) that was 
photogrammetrically derived from ALOS 
PRISM stereo pairs. The Afar rift, in general, 
lacked a uniform, high resolution DEM that 
can meaningfully be used to quantify 
extensional displacements at a higher level of 
accuracy.  

Using the generated 5-meter DEM as a basis, 
we conducted a multifaceted approach to 
shed light on the kinematic evolution of the 
Afar triple junction. These studies included: 

a. Performed quantitative analysis of the
final stages of continental breakup at a
divergent triple junction. Here,
Quaternary faulting dissects Plio-
Pleistocene flood basalts, providing a
regionally pervasive datum to quantify
the regional finite strain and fault
scaling laws. To this end, we mapped
and measured more than 8500 normal
faults using remote sensing products.
Fault length generally follows a power
law distribution, but exponential
distributions are found in areas of
magmatic extension. Fault throw and
fault length scale following a power
law relationship where 𝑇𝑇 = 0.031(0.96),
similar to previous studies in Afar and
elsewhere in the world. Combining the
power law distribution with this throw
scaling enables a comprehensive
assessment of Quaternary finite strain
throughout the region. Strain is
greatest near Manda Inakir, Lake Asal,
and the Dobe-Hanle accommodation
zone. The Makarassou fault zone
shows low strain, suggesting it does
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not kinematically link the Manda 
Inakir and Asal rift segments. The 
presence of moderate to high strain in 
the amagmatic portions of the central 
Afar rift suggests that those areas 
accommodate a significant proportion 
of plate motion. This may provide a 
future path for propagation between 
the Gulf of Aden Rift and the Red Sea 
Rift. 

 
b. In order to assess the long-term 

evolution of the Afar triple junction, 
we examined the retreat of 47 stream 
knickpoints that formed following the 
initiation of faulting. The streams re-
entrench low-relief paleodrainages in 
the pre-faulting surface created by 
eruption of the Afar Stratoid Series 
flood basalts. The sites studied are 
from Tendaho graben and the Wonji 
fault belt to Manda Inakir and the 
Makrossou fault zone, covering 
the entirety of the Afar triple junction. 
Our results show a range in faulting 
initiation age from 1.4 – 0.3 Ma across 
the region, with the oldest ages in 
Immino graben, and the youngest ages 
in the Wonji fault belt. Individual 
grabens display lateral propagation, 
but there is no pervasive propagation 
trend. Tendaho graben appears to have 
initiated simultaneously along its 
length at ~ 1 Ma, possibly providing 
timing for the initiation of the Red Sea 
Rift at its present location as part of 
the Manda Harraro – Dabbahu 
magmatic segment. Timing of the 
northernmost Wonji fault belt at 300 
ka constrains the age of the current 
configuration of the triple junction. 
 

c. Developed and applied a landscape 
evolution model to estimate relative 
maturity of drainage basins by 
measuring the long profile response to 

tectonic forcings over intermediate 
timescales in the Afar region. The 
model is calibrated by analysis of 
stream longitudinal profiles and 
terrestrial cosmogenic nuclide (TCN) 
analysis of samples collected in the 
field. Stream profiles are mapped 
through remote sensing and 
photogrammetry, and TCN 
concentrations are assessed to 
calculate the uplift rate along the 
graben-bounding faults. Results show 
that faulting of Dobe and Habsou 
Grabens in the central Afar initiated in 
the southeast and propagated to the 
northwest. 
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1. Introduction

The European Space Agency selected BIOMASS as its 7th Earth Explorer Mission [Le Toan et al., 2011; Queguan et
al., 2019]. This will be the first P-band (435 MHz) polarimetric and interferometric SAR in space, dedicated to the
mapping of continental biomass. Besides this primary objective, several exploratory ones will also be addressed, in
particular the imaging of subsurface geology in desert regions: we expect P-band to penetrate surface sediments down
to at least five metres. The BIOMASS mission is due for launch in 2022 and preparatory work is on-going, in particular
cal/val activities. We propose to take benefits of L-band PALSAR archives and ALOS-2 acquisitions to conduct site
selections in arid regions, which will be used for both calibration and validation of the BIOMASS P-band sensor. In
particular, we defined several calibration areas in Sahara, presenting a very stable radar return at both low level (dune
fields) and medium level (shallow flat subsurface bedrock), which will be used to evaluate the quality and stability of
the BIOMASS radar signal. We defined one super sites in eastern Sahara, that will be intensively imaged by BIOMASS
using polarimetric, interferometric and tomographic modes. ALOS-2 polarimetric acquisitions over this super site are
crucial to start the study of the statistical and polarimetric properties of both amplitude and phase of the radar signal.
Such data will also greatly contribute to the development of electromagnetic models to describe and understand the
surface–volume–subsurface scattering processes. We also used ALOS-2 data to select a test site that will be studied
during the ESA DesertSAR preparatory airborne campaign, that will take place in Namibia during spring 2020.

For an imaging radar, sensitive to surface changes in terms of roughness and dielectric constant, hyperarid deserts are
very  stable  regions:  no  vegetation  will  affect  surface  roughness  conditions  and  no  soil  moisture  will  impact  the
dielectric constant. Aeolian activity could impact surface roughness through sediment deposits, but over periods of time
larger than ten years. For a long wavelength radar such as the P-band sensor of BIOMASS, one should also consider
imaging sub-surface structures covered by a couple of meters of sediments, which are likely to be even more stable in
time than open surfaces. Some of the most hyperarid regions on Earth can be found in central Sahara (less than 1 mm
rainfall every 50 years). We investigated the radiometric and polarimetric radar properties of selected sites in the deep
desert of north-eastern Africa, in order to answer some key questions:

1) What is the radiometric stability (for both co- and cross-pol) of hyperarid areas over a typical time scale of 5 years ?
Is it suitable with calibration needs of BIOMASS ?

2) Can  we  define  large  and  homogeneous  enough  (in  terms  of  radiometry)  regions  that  could  be  used  for  the
characterization of BIOMASS's antenna pattern ?

3) Can we propose shallow and stable subsurface scattering regions, that can be reached by a P-band SAR and further
used for calibration purposes ?

2. Eastern Sahara

Very few have been done in the past regarding the use of hyperarid regions to calibrate microwave sensors. Eastern
Sahara was considered as a calibration area for the Ku-band (13.6 GHz) scatterometer of QuikSCAT: a low and stable
scattering around -28.0 dB was observed over one year and a radiometric calibration accuracy of 0.15 dB could be
achieved [Kunz and Long, 2005]. Extensive work has been done regarding the study of desert areas using L-band radars
[Paillou, 2017], but not in a calibration perspective. Regarding P-band SAR and desert regions, everything has still to be
done. In the framework of the Kyoto K&C Protocol led by JAXA, we have built an L-band mosaic of the entire Sahara
using PALSAR data, which revealed many unknown geological features [Paillou et al., 2010]. We used this mosaic in
order to select candidate calibration sites for BIOMASS. Figure 1 shows the locations of five pre-selected study sites.
Sites #1 and #2 correspond to large sandy regions, which present a very low radar return at L-band due to the radar
wave attenuation in a thick layer of sand. Sites #3 and #4 correspond to flat sandstone plateaus, covered by a meter-
thick sand layer, with a medium radar return. Site #5 is a young and flat lava flow covered by a thin layer of sand,
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showing a high radar return. For each of the five sites, we analysed time series of PALSAR dual-pol images acquired
between 2006 and 2011, in order to study the stability of both HH and HV radiometry over time, for three different
levels of backscattered power.  After a preliminary analysis of PALSAR scenes, we dropped site #2 which presents
strong RFI pollution due to a nearby military camp, and site #4 which appears quite inhomogeneous in terms of the
spatial distribution of radar scattering.

Fig. 1: Location of the five pre-selected test sites in Eastern Sahara, together with extracts of the PALSAR L-band mosaic for site #1
(dune fields) and site #3 (sandstone plateau covered by sand).

Site #1

It is a sand dune area, part of the Great Sand Sea, located in southwestern Libya, at coordinates 24.15oN / 21.70oE. Due
to the radar wave absorption in sand dunes, the backscattered power at both HH and HV polarizations is very low,
likely bellow the noise equivalent  sigma naught of PALSAR (-25 dB). Due to hyperarid conditions, the scattering is
however very stable with time. Site #1 could be considered to measure the noise level of the BIOMASS sensor, and
monitor its stability with time.

Date 2007 08 01 2008 08 20 2008 10 05 2010 08 26

s0HH -30.3 dB -30.6 dB -30.0 dB -30.0 dB

s0HV -32.5 dB -32.4 dB -32.3 dB -32.6 dB

Site #3

It is a flat area, presenting a shallow sandstone bedrock covered by less than one meter of dry aeolian sand deposits. It is
located is northwestern Sudan, at coordinates 20.43oN / 26.97oE. The sandstone bedrock is clearly seen by L-band radar
under the aeolian cover, and except for some well-defined darker spots, it is quite spatially homogeneous. We spotted a
3 km x 2.5 km homogeneous area with s0HH = -20.6 dB: its standard deviation of 5.8 dB for a single look image (9 m in
range x 3 m in azimuth) can be reduced to 1.3 dB by 6 x 18 multi-looking (54 m in range x 54 m in azimuth). Site #3 is
also very stable with time, since the co-polar average backscattering over a 30 x 20 km region remains within 0.5 dB. It
should  be  noted  here  that  the  average  scattering  level  for  this  site  might  be  too  low for  BIOMASS radiometric
calibration (we estimate a need for targets with scattering level 10 dB higher than the noise equivalent  s0 of P-band
sensor, that is -17 dB). However, thanks to a subsurface scattering effect, backscattering at P-band is likely to be higher
than at L-band.

Date 2007 08 20 2008 07 07 2008 08 22 2008 10 07 2009 08 25 2009 10 10 2010 08 28

s0HH -22.8 dB -22.8 dB -22.7 dB -23.2 dB -22.5 dB -22.7 dB -23.0 dB
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s0HV -31.7 dB -31.6 dB -31.3 dB -31.9 dB -31.1 dB -31.3 dB -31.5 dB

Site #5

It is a flat and fresh volcanic area (southern part of Al Haruj massif), covered by a thin layer (cm-thick) of aeolian sand.
It is located in central Libya, at coordinates 26.23oN / 17.60oE. Due to the rough surface of lava flows, the scattering at
L-band is locally high compared to surrounding areas: it can reach -7 dB for HH and -15 dB for HV over areas covering
several square kilometers. As for previous sites, the temporal stability of radar scattering is very good (less than 0.2 dB
for the co-polar and cross-polar backscattered power over a 30 x 20 km area). The cross-polar component is a little
higher than for previous site, possibly due to a multiple scattering component on rough surfaces. Even if this site is less
spatially homogeneous than the previous one, it looks very stable in time and proposes a large range of scattering levels,
covering several square kilometers. It might then be of interest for the radiometric calibration of the BIOMASS sensor.

Date 2007 07 30 2008 09 16 2009 08 04 2010 08 07

s0HH -18.1 dB -18.2 dB -18.2 dB -18.4 dB

s0HV -27.5 dB -27.7 dB -27.7 dB -27.7 dB

3. Southern Tunisia

The only P-band data available over the Sahara desert were acquired by ONERA using the SETHI airbirne sensor,
during the TUNISAR campaign conducted in Tunisia in 2010 [Paillou et al., 2011]. We dispose of full polarimetric P-
band  images  of  the  Ksar  Ghilane  oasis,  located  in  the  southern  Tunisian  desert.  We  used  full  polarimetric  high
resolution ALOS-2 data over Ksar Ghilane (32.98oN / 9.64oE), to allow a quantitative comparison between L- and P-
bands. We performed a comparative polarimetric analysis of SETHI and ALOS-2 data and using a two-layers surface
and subsurface scattering model [Paillou et al., 2006], in order to model the scattering processes at both L- and P-bands.
As a result, we hope to predict some “P-band properties” of the selected test sites, such as scattering level at co- and
cross-pol  (with  some  impact  on  the  needs  regarding  noise  equivalent  sigma  naught  of  BIOMASS),  penetration
capabilities into dry sediments, and stability and regularity of the scattering processes. Figure 2 shows the Ksar Ghilane
oasis, imaged at L-band by ALOS-2 and P-band by SETHI. The oasis appears bright in radar images due to double
bounce effects on palm trees. The oasis lies on a south-north dark structure, which corresponds to an old river channel
filled with thick sand dunes. The western side of the oasis is occupied by a vast radar-bright flat plateau, while the
eastern part corresponds to an alluvial plain, where secondary river tributes are visible in the radar images.

Fig. 2: Ksar Ghilane oasis in southern Tunisia (left), seen by the L-band spaceborn SAR of ALOS-2 (middle) and by the P-band
airborne SAR of SETHI (right). 

We selected three different regions for which we compared the ALOS-2 and SETHI radiometry at both HH and HV
polarizations.  Region #1 is located on the western plateau,  it  is  a sandy and rocky surface with scarce vegetation.
Region #2 is part of the dune field bordering the Ksar Ghilane oasis. Region #3 is located in the eastern alluvial plain, it
presents a flat consolidated sandy soil, covered with small rocks and scarce vegetation. At both frequencies, region #3
(alluvial plain) presents the brightest radar signature, then comes region #1 (plateau) and finally region #2 (sand dunes).
We processed SETHI P-band full polarimetric acquisitions with a 40 MHz bandwidth (pixel size around 3 m in range
and azimuth). The incidence angle varies from 32o in the near range to 61o in the far range, each scene contains 2170 x
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8905 pixels. We considered the ALOS-2 scene acquired in April 2015, in SM2 full polarimetric mode. The incidence
angle is  36.5o and the scene contains 8500 x12500 pixels with 2.9 m resolution in range and 2.8 m resolution in
azimuth. Both SETHI and ALOS2 data were processed using PolSARpro software version 5. 

Region #1
139376 pix (L)
116915 pix (P)

L-band q=36.5o HH = -21.3 dB VV = -20.3 dB HV = -34.9 dB

P-band q=33-36o HH = -21.0 dB VV = -21.2 dB HV = -39.5 dB

Region #2
115343 pix (L)
134568 pix (P)

L-band q=36.5o HH = -22.9 dB VV = -21.9 dB HV = -37.1 dB

P-band q=40-43o HH = -26.7 dB VV = -25.6 dB HV = -38.8 dB

Region #3
219584 pix (L)
224239 pix (P)

L-band q=36.5o HH = -19.1 dB VV = -17.9 dB HV = -32.4 dB

P-band q=53-57o HH = -19.0 dB VV = -18.3 dB HV = -27.6 dB

While one could expect a lower scattering level at P-band than at L-band, due to a smoother surface roughness at longer
wavelengths, we observe that the co-polar scattering levels at L- and P-bands are comparable for regions #1 and #3. For
region #2, we observed a lower scattering level at P-band, likely due to a higher penetration in the sand dunes.

Using a two-layers scattering model including the surface and sub-surface layers, we were able to reproduce both the L-
and  P-band  observed  scattering  levels  for  regions  #1  and  #3.  The  two-layers  geometry  is  shown in  Figure  3:  a
superficial  smooth  and  dry  layer  of  sediments,  of  thickness  d,  covers  a  rougher  bedrock.  The  surface  layer  is
characterized by its dielectric constant (real part  1’ and imaginary part  1”), its surface roughness (height standard
deviation  1,  correlation  length  L1,  auto-correlation  function  W1),  its  albedo  a (the  ratio  between  the  extinction
coefficient e and the diffusion coefficient s) and its optical depth t =ed. The bedrock layer is also characterized by its
roughness (height standard deviation 2, correlation length L2, auto-correlation function W2) and dielectric constant (real
part 2’ and imaginary part 2”), the latter one varying in considerable ways depending on the moisture content of the
layer. The two-layers model is illuminated by a radar wave of frequency  arriving with an incidence angle q. Such a
simple model does not describe the actual complexity of the geology of the first meters of the subsurface, nevertheless it
is a first quantitative step to evaluate performances of subsurface imaging radars. 

Fig. 3: Geometry of the two-layers scattering model considered, with model parameters. 

In order to compute the backscattered power from our two-layers system, we used the Integral Equation Model (IEM)
proposed by Fung [Fung and Chen, 2010], based on a simplified expression of tangential fields. It allows to take into
account both single and multiple scattering components of the radar wave, and is valid for a wide range of roughness
parameters. If we consider now the two-layers case as described in Figure 3, the total radar backscattered power is
expressed as:

σ qp
0 (θ )=σ S1qp

0 (θ )+σV 1qp
0 (θ)+σ SS 2qp

0 (θ )
with 0

S1qp being the surface scattering of the surface layer, 0
V1qp being the volume scattering of the surface layer, and

0
SS2qp being the sub-surface scattering of the bedrock layer, attenuated by the first layer. A simple expression of the

three previous scattering components is given by:
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We actually used more complete expressions, in order to include multiple scattering terms and cross-polarized factors,
(see [Fung and Chen, 2010]). The model parameters were set as follows: q=35o, 1=2.3-0.1j (actual measurement of the
dielectric constant of soil samples of regions #1 and #3), 2=7.0-0.1j, 1=0.5 cm, L1= 3.0 cm, 2=5.0 cm, L2= 7.0 cm,
auto-correlation functions W1 and W2 taken exponential, albedo of the covering layer a=0.01. For L-band (1.25 GHz),
we considered an extinction coefficient of the covering layer  e=0.6 (optical depth  t=1.8 m), while at P-band (0.435
GHz) it was taken two times lower, i.e. e=0.3 (optical depth t=0.9 m), in order to match the higher penetration capacity
of a lower frequency radar. We considered a covering sediment layer of thickness  d=3 m, which is representative of
regions #1 and #3. We compute the following scattering levels, comparable to the observed ones:

L-band
1.25 GHz e=0.6

0
S1HH = -25.7 dB 0

V1HH = -22.5 dB 0
SS2HH = -40.0 dB 0

HH = -20.7 dB

0
S1VV = -23.8 dB 0

V1VV = -25.2 dB 0
SS2VV = -39.2 dB 0

VV = -21.4 dB

P-band
0.435 GHz e=0.3

0
S1HH = -38.2 dB 0

V1HH = -23.1 dB 0
SS2HH = -23.7 dB 0

HH = -20.3 dB

0
S1VV = -36.3 dB 0

V1VV = -25.8 dB 0
SS2VV = -22.6 dB 0

VV = -20.8 dB

At L-band, the sub-surface layer produces a backscattering component about 30 times lower than the one produced by
the surface layer, while at P-band, the subsurface layer contribution is about 30 times higher than the surface layer
component. The lower surface scattering term at P-band, due to a smoother surface roughness at a longer wavelength, is
then balanced by a higher sub-surface scattering term, due to a higher penetration depth. As a final result, the total
scattering level at P-band is comparable to the one at L-band, as observed by ALOS-2 and SETHI sensors, but the P-
band return is dominated by the sub-surface layer [Paillou et al., 2017].

In order to check the usefulness of the tunisian site for calibration purposes, we also studied its temporal stability using
PALSAR data acquired between 2008 and 2010. All PALSAR scenes are dual pol (HH/HV, 20 MHz bandwidth), in
CEOS 1.5 multi-look format (12.5 m resolution), at an incidence angle of 34 o. We extracted and registered (with one
pixel accuracy) areas corresponding to our regions of interest #1, #2 and #3.

Acquisition Date 2008-07-06 2009-07-09 2009-08-24 2010-05-27

Region #1
(8147 pix)

HH = -17.4 dB HH = -17.0 dB HH = -17.2 dB HH = -16.6 dB

HV = -26.8 dB HV = -26.8 dB HV = -27.0 dB HV = -26.6 dB

Region #2
(8365 pix)

HH = -21.4 dB HH = -19.4 dB HH = -21.0 dB HH = -21.0 dB

HV = -29.4 dB HV = -29.2 dB HV = -29.8 dB HV = -29.4 dB

Region #3
(12629 pix)

HH = -15.8 dB HH = -15.6 dB HH = -15.6 dB HH = -15.4 dB

HV = -25.8 dB HV = -25.8 dB HV = -26.0 dB HV = -25.6 dB

As shown by PALSAR data, the standard deviation of scattering levels for all three regions is less than 1 dB, so they
can be considered very stable in time. Region #3 looks in particular quite stable, since both HH and HV scattering
levels vary within 0.2 dB. It should be even more stable in time at P-band, because of the dominating sub-surface
component.

4. Flying an Airborne SAR in Namibia

ESA will conduct a L-/P-band airborne SAR campaign in 2020, in order to assess potentials of P-band SAR to map sub-
surface features in desert regions. It will also address the usefulness of deserts for BIOMASS calibration purposes.
Being  in  charge  of  the  definition  of  the  test  site,  we  selected  the  Namib Desert  because  of  its  geologically  and
hydrological rich context. Test sites are close to the Gobabeb Research and Training Centre (23.56oS / 15.04oE), which
is a recognized and dynamic research centre dedicated to desert studies, located on the border of the great sand dunes of
the Namib Desert, close to the ephemeral Kuised River. Such ephemeral rivers are of highest importance in Nambia,
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and the Kuiseb River has been monitored for many years [Morin et al., 2009]. Using SAR images acquired by ALOS-2,
we detected numerous paleo-channels hidden under surface aeolian sediments (see Figure 4): while old tributes of the
Kuiseb River appear in the north of its present bed, a possible ancient river system can be detected in the interdune
valleys in the south. The sandstone bedrock under the linear dunes of the Nambib Desert is then likely to keep tracks of
an ancient hydrological history. In particular, a possible fossil aquifer might exist in the south, possibly still connected
to  the  present  one  of  the Kuiseb  River.  Our  research  activity  will  focus  on:  1) Validate  the  sub-surface  imaging
capacities of low frequency radar in the context of the BIOMASS mission, using the Kuiseb paleo-channels as test
targets;  2) Map  paleo-channels  in  the  vicinity  of  the  Kuiseb  River  bed  using  orbital,  airborne,  drone  and  field
measurements;  3) Study the past hydrological history of the Kuiseb River in particular, and Namib Desert in general,
with a focus on the potential associated fossil water resources.

Fig. 4: Top: radar detected paleo-channels (in blue) on top of the Google Earth image of the Gobabeb region. A possible ancient
course of the Kuiseb River can be seen from one interdune valley to the other in the south. Bottom: ALOS-2 radar image revealing

rich sub-surface paleo-hydrological features under aeolian sediments.

867



5. Conclusion

We presented research activities which were conducted in preparation of the ESA P-band SAR BIOMASS mission.
Thanks to ALOS-2 L-band data, we were able to study the radiometric response of numerous desert sites, which are
considered for calibration of the BIOMASS instrument: eastern Sahara, southern Tunisia and Namib desert. We have
defined several places in Eastern Sahara, which are stable enough in time at L-band, to be considered as calibration sites
for  the  BIOMASS mission.  We  also  have  shown,  by  comparing  ALOS-2  L-band  data  to  P-band  airborne  SAR
acquisitions, that we can expect the same scattering level at L- and P-band over desert surfaces. Further investigations,
using ALOS-2 data and future airborne acquisitions in Namibia, will be conducted in order to better understand the
benefits of low frequency radar for the imaging of sub-surface structures. We would like to greatly thank the JAXA, the
ALOS-2 and EORC teams, for their trust and great support during RA-6 activities. 
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1 INTRODUCTION 

This document constitutes the final report for the Sixth 

Research Agreement For the Advanced Land Observing 

Satellite-2 (RA6). 

The research topic involved studies on land degradation 

effects induced by hazards such as landslides, floods, etc. 

Improvements in monitoring capabilities of L-band sensors 

within DInSAR frameworks were assessed in the previous 

research agreement [1] and its extension [2], and will be 

published in a forthcoming paper. In this report, we con-

centrate on ALOS-2 PALSAR-2 products received under 

the RA6 agreement, acquired over a test site in Southern 

Africa, at convergence of the Shire and Zambezi rivers, in 

Mozambique.  

We report the main processing performed on the 

PALSAR 2 data, which cover a flood event occurred in 

early 2015, also in synergy with Sentinel-1 C-band data. 

We first describe the test site, then the methodology used 

to process the data, with reference to published and forth-

coming papers. We finally present some conclusions on the 

prospects for future work on the subject. We also describe 

technical issues encountered in the processing in the Ap-

pendix. 

2 TEST SITE 

The Zambezi river basin, one of the largest basins in Af-

rica, has a complex morphology and a multivariate surface 

cover. These characteristics and the occurrence of flood 

events in the catchment make it particularly suitable to the 

monitoring of flooded areas through multi-temporal, 

and/or multi-sensor analysis. Several studies investigated 

the interrelation between the hydro-morphologic features 

of the Zambezi River, their evolution over time and the pe-

riodic inundations, by exploiting Earth observation (EO) 

data [1] [2] [3] [4] . 

Between the towns of Mutarara and Chimuara, the 

Lower Zambezi is characterized by the confluence with the 

main tributary, the Shire River, whose headwaters are in 

Lake Malawi. From the lake, the Shire River flows south-

wards, traversing gauges, rapids and waterfalls until it 

forms a broad floodplain extending from Chikwawa to the 

confluence with the Zambezi, and crossing the Elephant 

and Ndindi marshes and the Ilha de Inhangoma region. The 

latter, created by splitting the Zui Zui channel into the Shire 

River after a harmful flood in 1840, represents a region of 

interest, because recurrently subject to floods. In fact, when 

the Zambezi is in flood, the (channeled) overflow pours 

into the Shire increasing its streamflow, until it exceeds and 

floods the valley. This condition occurs with the reaching 

of peak flow (January – March) in the Zambezi and Shire 

rivers, during the wet season (November – April). The hy-

drology of the fluvial system, in fact, is determined by the 

seasonality of rainfall and water levels patterns, which, 

however, are conditioned by climate change and anthropic 

impact (flow regulation, e.g. dams). 

As an example, a flood event occurred in late January – 

early February 2015 in an area located between the Zam-

bezia and Tete provinces.  

The present study investigates the application of multi-

frequency, polarimetric and interferometric synthetic aper-

ture radar (SAR) data for improving flood mapping in veg-

etated areas. The Zambezi-Shire area features a variegated 

surface cover: wetlands, (open and closed) forests, 

croplands, grasslands (herbaceous and shrubs), and a few 

urban areas. The presence of low and high vegetation (typ-

ical of the tropical landscape), and the alternated proximity 

of bare soil or scarcely vegetated areas requires interpreting 

the behavior of different land cover classes in different con-

ditions (flooded/not flooded). The combination of various 

analytical techniques and data overlay can help to recog-

nize the response of flooded areas with distinct vegetation 

cover to the microwave signal. This integrated approach is 

finalized to explore and refine information increase and 

data synergy for flood mapping. 

3 DATA AND METHODS 

We select SAR images acquired in L and C band (ALOS 

2 and Sentinel-1, respectively), in a time interval covering 

the event (see Table 1). Processing of a time series of Sen-

tinel-1 images allowed to follow the flood event for what 

concerns open water extent variations over time [7] . Here, 

we consider only a pair of these Sentinel-1 time series, 

namely those acquired on 3 and 15 February 2015, respec-

tively. Comparison with the dual-polarized ALOS 2 im-

ages (co- and cross-polarization) helps highlighting differ-

ent responses to the radar signal caused by diversified land 

cover. L-band images have a higher penetration within the 

forest canopy than C-band images, and, mostly, cross-po-

larized (HV or VH) signals have a lower double-bounce 
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effect than co-polarized ones (HH, VV) on vegetated areas 

Errore. L'origine riferimento non è stata trovata.. This 

diversity (in wavelength and polarization) gives more in-

formation about the scattering mechanism of the surface 

and, therefore, if combined, it contributes to isolate differ-

ent scattering classes thus better recognizing land cover 

types. These considerations are being published in [7] and 

[8] .  

Although with a reduced performance when applied to 

dual-polarized data with respect to quad-pol, polarimetric 

decomposition gives a fair discrimination capability for 

vegetated areas. Here we use the so-called Cloude-Pottier 

decomposition Errore. L'origine riferimento non è stata 

trovata., and create a IHS combinations with the channels 

assigned respectively to I, α, H, with I the span, i.e. 𝐼 =

(𝜎𝐻𝐻
0 + 𝜎𝐻𝑉

0 )/√2, α the polarimetric anisotropy and H the 

polarimetric entropy. In this kind of color combination, the 

saturation is governed by the entropy, so surface cover 

types with more entropy, e.g. vegetation with random 

branch directions, will appear more saturated, while more 

“ordered” surfaces, such as bare soils or low vegetation 

with mostly vertical stems, will appear less saturated. The 

color hue will in this case be assigned to the anisotropy an-

gle, which is expected around 45° for any high-entropy 

scattering target, corresponding to green for the chosen 

color wheel.  

In the case at hand, i.e. for SAR images acquired during 

floods, unflooded forest appears dark green (double bounce 

scattering mechanism, associated with medium-high en-

tropy H but medium-low backscattering intensity I), while 

lower vegetation, or possibly flooded forest, appears in 

brighter green (higher intensity, medium-high entropy with 

α around 45°). Lower entropy areas, corresponding to bare 

soils or other terrains, appear grey. 

We also attempted interferometric processing on tem-

porally consecutive acquisition pairs. On the Mutarara 

area, forested cover is widespread, causing very low coher-

ence levels on most of the image frame. The Quelimane 

area shows somewhat higher coherence, and lends itself to 

some deeper investigations, which will be performed in the 

near future. 

4 RESULTS 

4.1 Overview of processed maps 

In general, data show a considerable information con-

tent. In Figure 3 and Figure 4 in the Appendix we show the 

IHS combinations of polarimetric decompositions applied 

to all the dual-polarization PALSAR 2 FBD data. 

These land cover types can be compared to global data-

bases such as the CORINE land cover map, shown in the 

left panel of Figure 1. It can be discerned how the low veg-

etation areas, such as those corresponding to the “cropland” 

and “herbaceous wetland” classes in the CORINE map, ex-

hibit the most variable characteristics in the time series, 

while forest areas stay mostly constant in time. It has been 

reported for C-band data that dual-pol combinations con-

sisting of one co- and one cross-polarized channel do not 

allow effective separation of land cover classes [12] How-

ever, the longer wavelength of L-band ALOS 2 data seems 

somehow to lead to slightly better discrimination capabili-

ties, so that the encouraging qualitative results coming 

from this test case seem to be worth some further investi-

gation, which will be performed in the future. 

4.2 Flood Event on January-February 2015 

For the event of early 2015, a multi-temporal analysis 

was performed using C-band data from Sentinel-1, as 

shown in [7] We also combined Sentinel-1 with ALOS 2 

data, which allows to perform interesting inference on the 

event. The integration is based on the assumption that the 

situation on the ground for a certain interval of time does 

not exhibit significant changes. This assumption is con-

firmed by a comparison of the two consecutive Sentinel-1 

images acquired on 3 and 15 February 2015, respectively, 

which show very little differences in SAR intensity values 

[8] . Therefore, we use one of the two Sentinel-1 images, 

as well as one ALOS 2 image acquired within the afore-

mentioned time interval, as a multi-frequency dataset, 

which we assume to correspond to a stationary situation on 

the ground.  

Each of the two co-event images (ALOS 2 acquired on 

9 February, Sentinel-1 on 15 February) can be then com-

pared to a pre-flood image, which are acquired, respec-

tively, on 29/12/2014 (Sentinel-1) and 1/12/2014 (ALOS 

2). An RGB combination of the intensity ratios (in dB) 

computed on the three channels consisting of the Sentinel-

1 pair in VV polarization, and the two ALOS 2 pairs in HH 

and HV polarizations, respectively, show interesting fea-

tures. In such an image, dark tones in one or more channels 

represent backscatter decrease from pre-flood to flood con-

ditions for the image associated to that channel. So, black 

areas underwent strong backscatter decrease (colors are 

saturated at ±10 dB, as shown in the figure legend) in all 

three channels, likely corresponding to open water; dark 

Table 1. ALOS2 data acquired over the Zambesi test site. 

Mutarara Quelimane 

01/12/2014 17/09/2014 

09/02/2015 26/11/2014 

13/07/2015 04/02/2015 

21/09/2015 08/07/2015 

30/11/2015 03/02/2016 

08/02/2016 06/07/2016 

11/07/2016 05/07/2017 

28/11/2016 08/11/2017 

09/01/2017 17/01/2018 

06/02/2017  

10/07/2017  

13/11/2017  

22/01/2018  
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red or green tones correspond to decreasing backscatter in 

L-HH / HV imagery or C-VV, respectively, while main-

taining roughly constant levels in the complementary chan-

nel(s). The former would likely correspond to vegetation 

with a structure which allows penetration of longer wave-

lengths (L band), which therefore undergo specular reflec-

tion on water, while C-band waves are backscattered by the 

canopy, and therefore do not exhibit significant changes 

when flooded. The latter could be due to different wind 

conditions on the two acquisition dates (3 and 9 February 

2015 for ALOS 2 and Sentinel 1, respectively), with more 

surface waves which in turn cause the water surface to 

backscatter more power in the second date (in L-band) than 

in the first one (in C-band). 

In contrast, bright colors denote increase in backscatter 

levels, hinting to the possible presence of flooded vegeta-

tion with double bounce behavior: bright red areas have C-

VV backscatter increase, while both L-HH and L-HV lev-

els decrease. They likely correspond to short vegetation, 

such as shrubs, herbaceous vegetation, or cropland, where 

shorter wavelengths are backscattered with stronger inten-

sity than longer ones. Vice versa, bright green and cyan ar-

eas denote increase in both L-HH and L-HV channels, re-

spectively, with decrease in C-VV. These may indicate the 

presence of flooded forest or wetlands, where tree trunks 

or other thick structures contribute to backscattering of 

longer wavelengths, while the phenomenon is weaker in C 

band.  

These considerations seem confirmed by comparing the 

RGB-backscatter ratio map with the indicative CORINE 

land cover map. 

5 CONCLUSIONS  

The potential of an integrated analysis of multi-tem-

poral L-band dual-pol SAR data from ALOS 2 PALSAR 

2, together with multi-temporal C-band Sentinel-1 data, 

has been illustrated through a showcase application to a test 

site in Mozambique, at the confluence between the Zam-

bezi and Shire river, characterized by variegated tropical 

vegetation and recurrent flooding episodes. Both polari-

metric decomposition and interferometric processing have 

been performed on the data. Results can be visualized 

through RGB or IHS image combinations, and exhibit sev-

eral interesting characteristics indicating good discrimina-

tion potential for different land cover, in conjunction with 

the possible presence of open water or floodwaters under-

neath the vegetation canopy, both of which can be dis-

cerned by careful analysis of the developed multi-temporal, 

multi-frequency dataset. These results are being analyzed 

in detail, especially in relation to a particularly strong flood 

event occurred on early February 2015, which involved 

large wetland and forested areas in the region. The results 

have been presented at the last IGARSS conference, and 

are being published on peer-reviewed journals. 

APPENDIX – PROCESSING DETAILS 

To process PALSAR 2 images, we used the software 

suite SNAP, distributed by the European Space Agency un-

der an open-source license. The software allows to apply 

advanced processing chains to both SAR and optical data 

acquired by several sensors. Recently, the software has 

been upgraded to support processing of ALOS 2 imagery. 

 

Figure 1. Location maps for the test site scenes. On the left, a CORINE land cover map on the area of the Mutarara dataset. 

On the map at the right, the frames on Mutarara (left) and Quelimane (right) are shown as cyan rectangles. Green rectangles 

indicate the corresponding Sentinel-1 frames, as reported in [7] [8] . 

 

Corine Land Cover
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This includes an “import” command for ALOS 2 data in 

both  CEOS and GeoTIFF formats. Most processing steps 

typically applied to SAR imagery can then be applied to the 

imported data, including intensity calibration and filtering, 

polarimetric decomposition, geocoding, etc. Output data in 

SNAP can be written in a variety of common formats, such 

as the simple “ENVI” format, consisting of a pure binary 

raster file plus a header text file, which can be easily im-

ported into GIS environments such as QGIS. 

In Figure 3 and Figure 4 we show intensity-hue-satura-

tions (IHS) color composites of intensity I (span), anisot-

ropy angle α, and entropy H for the two areas of Mutarara 

and Quelimane, respectively.  

For what concerns interferometric processing, the ESA 

SNAP suite nominally supports processing of interferomet-

ric pairs from several SAR satellites such as ERS-1/2, 

ENVISAT, Sentinel-1 and COSMO-SkyMed, as well as 

PALSAR and PALSAR 2. However, results obtained for 

PALSAR 2 data processing often seem not very robust and 

reliable. In particular, the quality of coregistration and im-

age warp results seem to be considerably data-dependent. 

We show in Figure 5 IHS color composites obtained by us-

ing interferogram intensity, equal to the backscatter mean 

between master and slave image, as I-channel, the InSAR 

phase as hue channel, and the InSAR coherence as satura-

tion. Interferograms are computed on all consecutive ac-

quisitions, which have the shortest temporal baselines. It 

can be noticed that coherence spatial patterns are strongly 

variable along the time sequence of interferograms. Higher 

coherence is associated to higher color saturation in the 

IHS images, so colored patches indicate high-coherence ar-

eas. As can be seen, in several interferograms, high coher-

ence is present only on the coastal strip of the area, while 

the inland, top-left portion of the frame is often in gray 

color, denoting low coherence. Also note that, in interfero-

grams with this behavior, intensity on the top-left portion 

is more homogeneous and shows less contrast features than 

in the other parts of the scene. Finally, the phase color pat-

terns on the high-coherence areas seems to vary in a cyclic 

way, possibly denoting a poor performance of the pro-

cessing step which performs removal of residual orbital 

phase ramps. All these effects may be due to a low perfor-

mance of the interferometric, sub-pixel coregistration algo-

rithm in these areas.  

We tried several combinations of parameters to process 

interferometrically the image pairs, changing e.g. the num-

bers of patches over which correlation is computed, the 

polynomial degree of the warp function, as well as the or-

bital interpolation algorithm, but we were not able to obtain 

better results than those shown in the figure. This seems to 

be also a common experience with other users, as reported 

in specialized ESA support groups [9] so it may deserve 

some further consideration. 

 

 

Figure 2. RGB combination of backscattering coefficient ratios (co-event / pre-event) for Sentinel-1 VV data (red), 

PALSAR 2 HH (green) PALSAR 2 HV (blue). 
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Figure 3. HIS polarimetric combinations of intensity, entropy and anisotropy, for the Mutarara test site. 

 

Figure 4. HIS polarimetric combinations of intensity, entropy and anisotropy, for the Quelimane test site. 
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Figure 5. HIS interferometric combinations of intensity, phase and coherence, for the Quelimane test site. Top two rows: HH 

channel interferometric combinations; bottom two rows: HV channel combinations. Intensities are in logarithmic scale, rescaled 

from 30 to 0 dB; coherence is assigned to saturation, with values in the interval [0,1]; phase is assigned to hue, with the color 

wheel mapped on the [π, π] interval. 
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03/02/2016 – 06/07/2016 06/07/2016 – 05/07/2017 05/07/2017 – 08/11/2017 08/11/2017 – 17/01/2018

17/09/2014 – 26/11/2014 26/11/2014 – 04/02/2015 04/02/2015 – 08/07/2015 08/07/2015 – 03/02/2016

03/02/2016 – 06/07/2016 06/07/2016 – 05/07/2017 05/07/2017 – 08/11/2017 08/11/2017 – 17/01/2018
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INTRODUCTION 

Land subsidence is gentle downwarping or 

sudden sinking of land surface. Principal 

causes of subsidence are groundwater 

aquifer compaction, draining of organic 

soils, natural compaction, hydro-

compaction, underground mining, sink 

holes and thawing of permafrost areas. 

Cases of land subsidence have been 

reported from various cities of world 

([1],[2],[3],[4],[5]).  

While ground displacement is nearly 

vertical, horizontal displacements at 

periphery of subsiding zones also cause 

major damages. In the case of groundwater, 

land subsidence is an effect of the 

reduction of pore spaces within the aquifer 

system and overlying confining units, 

which is caused by excessive withdrawal 

over long time periods. High subsidence 

rates may pose serious threat to urban 

structures and rail networks causing 

adverse impact on the economy of 

developing/developed nations. The present 

study is an attempt to carrying out land 

subsidence studies in parts of Indo-

Gangetic plain due to increasing stress on 

groundwater resources. 

STUDY AREA 

Indo-Gangetic Basin (IGB) is a foreland 

basin developed fifteen million years ago 

due to collision of Indian and Eurasian 

plates. The basin is an asymmetric trough 

with a vast thickness of sediments [6] and 

also exhibits extensive modern alluvial 

deposition [7]. Well-developed alluvial 

aquifer systems got deposited during 

Pleistocene and Holocene. The basin is the 

lifeline to more than 400 million people and 

is known for high agricultural productivity. 

It is also one of the most extensively 

irrigated basins of the world. Water demand 

for irrigation is met from groundwater and 

existing canal networks. High population 

density and rapid urbanization has further 

accelerated the demand of groundwater 

leading to the depletion of groundwater 

resources [8]. Installation and maintenance 

of a dense network of groundwater 

observation wells in the region are limited 

by non-availability of manpower and more 

importantly funds. In recent years satellite-
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based techniques, primarily Gravity 

Recovery and Climate Experiment 

(GRACE) and Interferometric Synthetic 

Aperture Radar (InSAR) have shown 

tremendous potential for groundwater 

monitoring.  

In the present study we use InSAR to assess 

the impact on groundwater aquifer systems 

in IGB using precise measurements of land 

subsidence. InSAR based studies have been 

conducted over selected parts of IGB 

(mentioned below) to identify groundwater 

depletion hotspots using ALOS PALSAR 

datasets: 

• Hamirpur, Uttar Pradesh 

• Lucknow, Uttar Pradesh  

• National Capital Region, India 

 

DATA USED 

 

Datasets from ALOS-PALSAR-1 and 

PALSAR-2 has been used to study the land 

subsidence over Indo-Gangetic basin. 

Following are the details of datasets used: 

Sl. 

No

. 

Study 

Sites 

Senso

r 

Time 

perio

d 

No. 

of 

scene

s 

1. Hamirp

ur 

ALO

S-1 

2007-

08 

03 

2. Hamirp

ur 

ALO

S-2 

2015-

16 

01 

3. Luckno

w 

ALO

S-1 

2007-

11 

16 

4. Delhi ALO

S-1 

2007-

10 

15 

 

METHODOLOGY 

 

In the present study, we have used 

Differential Interferometric Synthetic 

Aperture Radar (DInSAR) technique along 

with various advanced InSAR techniques 

such as Persistent Scatterer Interferometry 

(PSInSAR), Small Baseline Subset 

(SBAS) analysis for mapping surface 

deformation. Brief description of these 

techniques is given below: 

 

DIFFERENTIAL 

INTERFEROMETRIC SYNTHETIC 

APERTURE RADAR 

 

DInSAR technique uses two Synthetic 

Radar images (SAR) images acquired at 

different time period from similar vantage 

points to generate phase difference map 

known as interferogram. The interferogram 

contains information about displacement 

of coherent radar scatterers, surface 

topography, atmospheric variability and 

random instrument/phase noise. 

Topographic phase was simulated from 

existing SRTM Digital Elevation Model 

(DEM) [9] and is subtracted from the 
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interferograms. Phase noise is reduced by 

adaptive phase filtering [10]. 

Interferograms are phase unwrapped using 

Statistical-cost, Network-flow Algorithm 

for PHase Unwrapping (SNAPHU) 

approach [11]. 

The unwrapped phases are then converted 

to ground displacement along LOS of the 

satellite and subsequently geocoded using 

cartographic projections of SRTM DEM. 

Accuracy of InSAR derived subsidence 

estimate is in the order of 2-4 mm [12]. 

 

4.2 SMALL BASELINE SUBSET 

(SBAS) TECHNIQUE 

 

DInSAR has been used successfully to 

generate maps of ground displacement on a 

dense grid with SAR having temporal gap 

of more than one year with millimeter level 

precision. However, in tropical regions 

where vegetation growth is major cause for 

loss of temporal coherence, applications of 

DInSAR technique for deformation studies 

is hindered. In order to overcome the 

limitations of DInSAR, Small Baseline 

Subset (SBAS) algorithm was proposed by 

[13]. This technique uses several InSAR 

pairs separated by short temporal duration 

to produce interferograms. Adaptive 

filtering is applied followed by phase 

unwrapping of interferograms.  Unwrapped 

phase data is then inverted using Singular 

Value Decomposition (SVD) algorithm to 

calculate deformation history of each pixel. 

 

In the present study we generated 

coregistered stack ~72 unwrapped 

interferograms over Lucknow region using 

ISCE software. SBAS analysis is carried 

out using the GIANT software. For SBAS 

analysis, we have used spatial coherence 

threshold of 0.2 in at least thirty-three 

percent of the interferograms. SVD 

decomposition is used to calculate time 

series of deformation at each pixel. 

 

PERSISTENT SCATTERER 

INTERFEROMETRY 

 

PSInSAR is a technique that was developed 

to mitigate the temporal decorrelation effect 

[14,15]. The technique identifies the 

dominant scatterer in each resolution cell to 

minimize the effect of decorrelation, which 

primarily arises due to summing of 

contributions from all the scatterers present 

in resolution cell. Persistent Scatterer (PS) 

pixels are the permanent scatterer which 

dominate the contribution from the 

resolution cell. Buildings, bridges, 

appropriately oriented rocks are considered 

as permanent scatterer as they return 

maximum energy towards the sensor. 

PSInSAR algorithms are implemented on 

time series of interferograms formed from a 

single master SAR image. The selection of 
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master SAR image is done to minimize the 

temporal and baseline decorrelation with 

other images. PS pixels are selected based 

on amplitude scintillation [14] or phase 

analysis  in a series of interferograms [15].  

 

RESULTS 

 

Using the above-mentioned techniques, the 

studies were carried out over parts of 

Hamirpur and Lucknow, Uttar Pradesh and 

National Capital Region, India. Results are 

presented in following sections. 

 

 MAPPING SURFACE 

DEFORMATION IN PARTS OF 

HAMIRPUR, UTTAR PRADESH 

 

Hamirpur and several other districts of 

Uttar Pradesh, India experienced drought 

during 2005-08. After the first monsoonal 

rainfall in July-2008, which also marked the 

end of drought period, development of 

ground fissures was reported from various 

villages in and around Hamirpur. The 

occurrence of fissures in many villages of 

Uttar Pradesh created panic among the 

villagers and provided a challenging task to 

scientific community to understand the 

processes governing its formation. In the 

view of above, this study was undertaken to 

map surface deformation using available 

ALOS-1 datasets and to understand the 

drought driven compaction and factors 

controlling the subsidence. 

Figure-1 shows LOS displacement for time 

period November, 2007 – March, 2008 

derived using DInSAR technique. This pair 

was chosen as it is the only available image 

pair that is almost contemporaneous with 

the time of occurrence of the fissures 

around July 2008. The pre and post fissure 

formation image pairs did not retain the 

coherence required for mapping surface 

displacement, which is possibly due to 

changes in ground surface because of heavy 

rainfall. Therefore, we rely upon the surface 

deformation map generated using 

November, 2007 – March, 2008 image pair 

to study the surface deformation and its 

relationship with fissure formation 

assuming linear trend of surface 

deformation post March, 2008 and up to 

time period corresponding to fissure 

initiation. Two major subsidence zone, 

showing LOS displacement ~6-7 cm, are 

located on right bank of Yamuna river 

(marked in rectangle #1 and #2) are shown 

in Fig. 1. Analysis of groundwater level 

datasets for the time period 1996-2008 

shows depletion of groundwater level ~ 0.3 

m/year in majority of the observation wells 

located in vicinity of subsidence zones (Fig. 

2) The spatial correspondence of 

groundwater depletion zones and 

subsidence basins indicate compression of 
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aquifer system as major cause of 

subsidence. 

 

 

 

Figure 1: LOS displacement map for 
time period November-2007-March-
2008. Locations of ground fissures (solid 
triangles) and ground water observation 
wells (solid circle) are overlaid. Detected 
subsidence zones are marked in 
rectangles. 
 

 
Figure 2: Time series of pre-monsoon 
(May) groundwater levels for time frame 
1996-2008. Water observation wells 
located in Khutahaund-1, Kuara, Terha 

and Pachkura show high declining trend 
of groundwater level during 2005-08-
time frame. These wells located in 
peripheral parts in subsidence zones, 
which have experienced subsidence of 6-
7cm during November-2007 to March-
2008 (Figure 1). 

 

Further, it is noted that the subsidence 

zones are mostly located in the older 

alluvium, which are supposed to have 

relatively well developed aquifer systems, 

compared to the younger alluviums. In 

order to assess the role of aquifer thickness 

on LOS displacement, we analyzed the 

available lithologs. Regression plot 

between aquifer thickness and LOS 

displacement is shown in Fig.3. It is evident 

form regression plot that the magnitude of 

LOS displacement and aquifer thickness is 

correlated.  

 
Figure 3: Regression plot between LOS 
displacement and aquifer thickness. 
Outliers are marked in red color. 
 
Hence, it may be concluded that the 

thickness of aquifers and possibly their 

depositional environment are the major 

controlling factors of the observed 

subsidence.  
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Although, subsidence shows good 

correlation with groundwater level decline 

and geomorphology, the zones of high 

subsidence were not found to be linked with 

zones of fissure occurrence. In fact, the 

fissures are located within zones showing 

subtle subsidence or uplift. Further, the 

fissures are mostly located in younger 

alluvium. Based on these observations, we 

infer that sudden compaction of younger 

alluvium post rainfall may be major cause 

of fissure formation.  

  

MAPPING LAND SUBSIDENCE IN 

PARTS OF LUCKNOW CITY, UTTAR 

PRADESH 

 

Figure 4 shows mean surface velocity 

(subsidence rate) over the city of Lucknow 

derived by PS-InSAR method (StaMPS 

software) for the time period spanning 

2007-10 using ALOS-PALSAR-1 datasets. 

A total of sixteen interferograms are 

generated with master image acquired on 

17th February 2008. Out of these sixteen 

interferograms, two interferograms (i.e. of 

17th Feb-2008-30th Dec-2006 and 17th Feb-

2008-7th July-2009) are excluded from 

analysis as they had very large baselines of 

-3411m and -3182m respectively, which 

may have caused spatial baseline 

decorrelation. In the analysis, 

interferograms with spatial baseline less 

than 2500m is used. Therefore, fourteen 

interferograms are used to compute Mean 

Line of Sight deformation rate (velocity). In 

order to reduce the number of noisy pixels, 

we set weed standard deviation of 0.80 

(default value is 1.0). Further, to increase 

the phase unwrapping accuracy, we have 

selected unwrap_grid_size=400m (default 

=200m). It is observed that reducing the 

weed standard deviation from 1.0 to 0.80 

significantly reduced the noisy Persistent 

Scatterer (PS) pixels and improved the 

results significantly. Linear ramp from each 

interferogram was calculated and 

subtracted to get the final velocity 

estimates.  

A circular subsidence bowl, located on right 

bank of Gomti river showing velocity of ~8 

mm/year has been detected on Mean Line 

of Sight deformation rate map. This 

subsidence zone lies in one of most heavily 

populated parts of old Lucknow city. It is 

inferred that over exploitation of 

groundwater is the probable cause of the 

observed subsidence. Analysis of 

groundwater level and lithology datasets 

have been initiated to understand the further 

ascertain the possible causes of subsidence. 
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Figure 4: PSInSAR derived Mean Line 
of Sight displacement rate over parts of 
Lucknow.  

  

Figure 5: Accumulated displacement 
map generated using SBAS technique for 
time period 2007-11. 

Figure 5 shows accumulated line of sight 

displacement over parts of Lucknow region 

for time period of 2007-11 derived using 

SBAS technique. Here, accumulated 

displacement means cumulative sum of 

displacement which has occurred at each 

pixel during 2007-11. Magnitude of 

accumulated displacement in the 

subsidence zone is ~ 4cm. It should be 

noted here that this estimate represents the 

total subsidence that has accumulated over 

time period 2007-11. The annual 

deformation rate (mm/year) can be 

computed dividing the total time period 

(2007-11) which is ~ 4 years in this case.. 

With this consideration the annual rate of 

subsidence in this zone is calculated to be ~ 

4 mm/year.  The results obtained from 

PSInSAR technique and SBAS technique 

shows similar subsidence values are results 

derived from both these techniques are in 

good agreement 

 

MAPPING LAND SUBSIDENCE IN 

PARTS OF NATIONAL CAPITAL 

REGION, INDIA 

 

Shown in Fig. 6 is LOS velocity derived 

from more than eighty interferograms 

generated from fifteen ALOS-1 datasets for 

time period 2007-10 over National Capital 

Region, India located in Indo-  

 
Figure 6: Line of Sight (LOS) velocity 
map (cm/year) derived from ALOS-
PALSAR datasets of 2007-10 using SBAS 
technique. Two subsidence zones 
marked as S1 and S2 located in vicinity 
of Dwarka and Gurgaon are clearly seen. 

Gangetic plain using SBAS technique. The 

atmospheric contributions were removed 

using ERA-5 atmospheric model. Linear 

ramps were removed from datasets to 

reduce topographic and atmospheric 

residuals and long wavelength ionospheric 
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effects. Two distinct subsidence zone 

located near Dwarka (S1) and Gurgaon (S2) 

showing LOS velocity ranging between -

1.5 to -5.0 cm are seen (Fig. 6). The 

subsidence zone located near Dwarka has 

area of 12 km2. The subsidence zone near 

Gurgaon is relatively smaller and has 

spatial extent of ~1.5 km2.  

 
Figure 7: Groundwater observation well 
located near subsidence zones shown in 
rectangle in Fig.6 (a). Time series of LOS 
deformation and groundwater levels of 
observation wells DW (b), MP (c), VP (d) 
and JP (e) located at peripheral part of 

subsidence zone S1.  No observation well 
located near subsidence zone S2. 

Analysis of groundwater level datasets of 

available nearby observation wells DW (b), 

MP (c), VP (d) and JP (e) shows LOS 

deformation is in good agreement with 

groundwater level fluctuations especially in 

MP and DW (Fig.7 b-e). The subsidence 

observed in NCR may not be attributed to 

natural compaction of sediments as 

compaction is a very slow process, which is 

generally in the order of few mm/year [16]. 

Further, the shape of the subsidence zones 

is nearly circular to elliptical. Such shapes 

are often associated with diffusive 

processes such as groundwater extraction 

[17].    

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

883



 9 

References:  

 [1] E. Chaussard, F. Amelung, H. Abidin, 
S.H. Hong, S.H., “Sinking cities in 
Indonesia: ALOS PALSAR detects rapid 
subsidence due to groundwater and gas 
extraction,” Remote Sens. Environ. 128, pp. 
150–161, 2013. 
[2] E. Chaussard, S. Wdowinski, E. Cabral-
Cano, and F. Amelung, “Land subsidence 
in central Mexico detected by ALOS 
InSAR time-series,” Remote Sens. 
Environ., 140, pp. 94–106, 2014. 
[3] N. Phien-Wej, P.H. Giao, and P. 
Nutalaya, “Land subsidence in Bangkok, 
Thailand” Engineering Geology, 82(4), pp. 
187–201, 2006. 
[4] D.L Galloway, K.W. Hudnut, S.E. 
Ingebritsen, S.P. Phillips, G. Peltzer, F. 
Rogez, and P.A. Rosen, “Detection of 
aquifer system compaction and land 
subsidence using interferometric synthetic 
aperture radar, Antelope Valley, Mojave 
Desert, California,” Water Resources 
Research, 34(10), pp. 2573-258, 1998. 
[5] R.S. Chatterjee, B. Fruneau, J.P. 
Rudant, P.S. Roy, P.L. Frison, R.C. 
Lakhera, V.K. Dadhwal, and R. Saha, 
“Subsidence of Kolkata (Calcutta) city, 
India during the 1990s as observed from 
space by differential synthetic aperture 
radar interferometry (D-insar) technique,” 
Remote Sensing of Environment, 102(1), 
pp.176–185, 2006. 
[6] I.B. Singh, “Geological evolution of 
Ganga Plain—an overview” Journal of the 
Palaeontological Society of India, 41, pp. 
99-137, 1996. 
[7] C. France-Lanord, L. Derry, and A. 
Michard, “Evolution of the Himalaya since 
Miocene time: isotopic and 
sedimentological evidence from the Bengal 
Fan,” Geological Society, London, Special 
Publications, 74(1), pp. 603-621, 1993. 
[8] M. Rodell, I. Velicogna, and J.S. 
Famiglietti, “Satellite-based estimates of 
groundwater depletion in India”, Nature, 
460(7258), pp. 999–1002, 2009. 
[9] T.G. Farr, P.A. Rosen, E. Caro, R. 

Crippen, R. Duren, S. Hensle, ...  and D. 
Seal, D., “The shuttle radar topography 
mission”, Reviews of geophysics, 45(2), 
2007. 
[10] R.M. Goldstein, and C.L. Werner, 
“Radar interferogram filtering for 
geophysical applications,” Geophysical 
research letters, 25(21), pp.4035-4038, 
1998. 
[11] C.W. Chen, and H.A. Zebker, 
“Network approaches to two-dimensional 
phase unwrapping: intractability and two 
new algorithms,” JOSA A, 17(3), pp.401-
414, 2000. 
[12] F. Amelung, D.L Galloway, J. Bell, 
H.A. Zebker, and R. Laczniak, “Sensing the 
ups and downs of Las Vegas: InSAR 
reveals structural control of land subsidence 
and aquifer-system deformation,” Geology, 
27(6), pp. 483–486, 1999. 
[13] P. Berardino, G. Fornaro, R. Lanari, E. 
Sansosti, “A new algorithm for surface 
deformation monitoring based on small 
baseline differential SAR interferograms,” 
IEEE Transactions on geoscience and 
remote sensing, 40(11), pp.2375-2383, 
2002. 
[14] A. Ferretti, C. Prati, and F. Rocca, 
“Permanent scatterers in SAR 
interferometry,” IEEE Transactions on 
Geoscience and Remote Sensing, 39(1), pp. 
8–20, 2001. 
[15] A. Hooper, H. Zebker, P. Segall, B. 
Kampes, “A new method for measuring 
deformation on volcanoes and other natural 
terrains using InSAR persistent scatterers,” 
Geophys. Res. Lett.,31, L23611, 2004. 
[16] P. Teatini, L. Tosi,and T. Strozzi, 
“Quantitative evidence that compaction of 
Holocene sediments drives the present land 
subsidence of the Po Delta, Italy,” Journal 
of Geophysical Research: Solid Earth, 
116(B8), 2011. 
[17] Z. Lu, and W.R. Danskin, W.R., 
“InSAR analysis of natural recharge to 
define structure of a ground‐water basin, 
San Bernardino, California”, Geophysical 
Research Letters, 28(13), pp.2661-2664, 
2001. 

884



FINAL REPORT OF ALOS RA-6 PROJECT: 

DETECTION OF THE INTERMITTENT FLOW BARRIERS IN PETROLEUM 

FIELDS BY USING ALOS-2 DINSAR DATA 
PI No 3216 

Alexander Zakharov 

Kotelnikov Institute of Radioengineering and Electronics, Russian Academy of Sciences 

1. INTRODUCTION

The faults are universal in the petroleum reservoirs. Some 

of them are Intermittent Flow Barriers (IFB) such that 

IFBs can change their permeability performance during 

production from “permeable” to “sealing,” or vice versa. 

This may adversely effect on production. The objective of 

the study proposed is to correlate / calibrate the DInSAR 

images to / with data of surface atmogeochemical and 

geoelectric surveys in the oil and gas fields. The study is 

in the context of developing the technology for the early 

detection of the IFBs in petroleum fields. The main 

purpose of the technology is to decipher the flow structure 

of a petroleum reservoir and thereby contribute largely to 

its recovery factor increase. 

2. OBJECTIVE OF THE STUDY

The objective of the study proposed is to correlate / 

calibrate the DInSAR images to / with data of surface 

atmo-geochemical and geo-electric surveys in the oil and 

gas fields.  

The study proposed is in the context of developing the 

technology for the early detection of the Intermittent Flow 

Barriers (IFB) in petroleum reservoirs. At present time, 

there exist the first version of the technology, which uses 

the ALOS-1 historical data.  

This version was presented at IGARSS-2014 (Karger et 

al., 2014) and implemented in a few case studies (Karger 

et al., 2015a, 2015b). The case studies demonstrate its 

effectiveness in IFB detection in the ‘brown field’ 

situations. 

In the ‘green field’ situations, we deal with the surface 

vertical movements of sufficiently lesser amplitudes, 

which ask for higher resolution to be measured, than 

ALOS-1. We believe the ALOS-2 instrument to provide 

such a better resolution.  

The IFBs are small-scale, often subseismic discontinuities 

of geologic formations such that a IFB can change its 

permeability performance during production from 

‘permeable’ to ‘sealed’, or vice-versa.  

The IFBs are basically neotectonic phenomena. Hence, 

the IFBs can manifest themselves at the surface by 

differential mobility of adjacent tectonic blocks. The IFBs 

conduct geo-gas up-flow to the surface. Hence, the IFBs 

have to leave geochemical and electro-chemical tracks at 

the surface. 

Our ability to discover and to characterize a fault depends 

on resolution capacity of subsurface surveying methods 

(first of all – upon seismic survey), and upon geometry of 

faults (fault extent, displacement amplitude, fault and 

faulted zone thickness, etc). Relatively large faults can be 

identified and characterized using high resolution seismic 

records. It is well-detected in the course of exploration 

and pre-production periods, if the faults are fluid-

permeable or they are the FBs. 

Relatively small faults including so-called sub-seismic 

ones are something else entirely. One can state with 

certainty that small faults remain mostly either undetected 

or identified but not characterized within the course of 

both exploration period and pre-production period.  

The production process represents a “final examination” 

for sealing properties of faults. It happens fairly often that 

during production, the small and hidden faults surprisingly 

manifest themselves as the FBs. 

Our interest for this phenomenon is induced by the fact 

that IFBs routinely occur at mature petroleum pools, with 

completed development systems. The IFBs suddenly 

change the reservoir anatomy. This can decrease the 

efficiency of the development sys-tem, and finally 

negatively affect the ultimate recovery factors.  

Thus, the DInSAR technology is a major tool for detection 

of the IFBs. Surface atmo-geochemical and geo-electric 

surveys can be considered as ancillary tools.  

3. METHODOLOGY

The methodology uses various methods of mapping the 

surface land-deformational and geochemical signals from 

the deep geodynamic and fluid-dynamic events. The 

techniques may be grouped as follows: 

(1) Mapping of land-deformational and geochemical

anomalies as surface responses to deep geodynamic and

fluid-dynamic events using synthetic aperture radar (SAR)

interferometry technique, surface geochemistry and

geophysics, and some morpho-tectonic methods.

(2) 3D-mapping of both seismically-mapped and sub-

seismic faults in the reservoir and adjacent formations.

This geologic modeling uses a wide range of geology,

geophysics and field-test data, including seismic survey

data, well-logging, well tests (if available).

(3) Identification of IFBs among other dislocations by

using reservoir pressure analysis, fluid geochemistry,

cross-hole exploration (if available).
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If speaking about execution of RA-6 report oriented to the 

use of SAR data, the dominating techniques here are 

synthetic aperture radar (SAR) interferometry, surface 

geochemistry and geophysics. The proposed joint analysis 

of DInSAR data together with outcomes of geochemical-

geophysical surveys is anticipated, firstly, to be effective 

in IFB detection at both early and mature stages of 

petroleum reservoir development, and secondly, to give 

birth to some recognition rules capable of detecting IFBs 

in the ‘green fields’. 

 

4. TEST SITES AND STUDY STAGES 

 

It was planned that the study will include three stages: (i) 

Choice of the study region from four Russian and 

Azerbaijan ones. (ii) Choice of a few ‘brown fields’ and 

elaboration of some IFB recognition rules with the use of 

ALOS-1 and ALOS-2 data integrated with field 

geochemical-geophysical data.(iii) Detecting IFBs in the 

‘green fields’ with implementation of the recognition rules 

elaborated at the Stage (ii).  

By now the only test site located near Elabuga city in 

Tatarstan, Russian Federation was considered to be as first 

order area because of better availability of ground truth 

data of geochemical nature. 

 

5. ALOS-1 PRELIMINARY RESULTS 

 

For the study area we have selected PALSAR data 

acquired in the repeated orbits interferometry scheme in 

October 2007 and September 2010 (interval between 

observations is 3 years. The specificity of the datatakes 

was that the data were acquired in warm dates and dry 

weather, what excluded unwanted surface deformations in 

the case of freeze-thaw processes. Low interferometric 

baseline length was preferable as it minimizes 

manifestation of DEM errors on differential interferogram. 

Geochemical survey including gas probes and 

lithological-geochemical survey including 93 samples in 

total was conducted on the irregular grid. 

Electrical survey (electrical tomography and natural field 

techniques) was conducted with a band of about 1000 

electrodes. 

15 soil samples were selected for molecular-biological 

analysis. 

The location of the field truth data collection is marked in 

Fig. 1. 

 
Fig. 1 Structural map of the test area 

 

Isolines here constitute structural map on the roof of the 

Pashi-Kynov horizon. Numbers 1 and 2 here are initial 

internal and external contours of oil-water contact 

boarder. 3 - production and injection wells, 4 –places of 

geochemical testing, 6 – places of geochemical testing. 

PALSAR related product, differential interferogram, 

containing the test area, is presented in Fig. 2. 

 

 
Fig. 2 PALSAR differential interferogram 

 

The rectangle delineates Elabuga oil field. The next 

Figure contains interpretation of the differential 

interferogram. 
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Fig. 3. Interpretation of PALSAR differential 

interferogram 

Numbers in Fig. 3 are as follows: 1- roof iso-gypsums, 2 

and 3 - production and injection wells, 4 - lineaments 

(supposedly disruptive violations), 5 - swelling of the 

Earth' surface, 6 - soil subsidence. It is possible to see 

here subsidence and swelling events. 

Next Figure shows also location of lineaments and 

subsidence areas on DINSAR interferogram. 

 

Fig. 4. Location of lineaments and subsidence areas on 

DINSAR interferogram 

 

Numbers 1 and 2 here are initial internal and external 

contours of oil-water contact boarder. 3 and 4 - production 

and injection wells, 5 – lineaments (supposedly disruptive 

violations), 6 – subsidence area contours, 7 – isogipses of 

the surface.  

 

 

Fig. 5 Map of extraction of reservoir fluid and 

injection of water in the well during 2008-2009. 

 

Color-coded scale on the map in Fig. 5 is volume in cubic 

meters of discharge (negative) and ingestion (positive 

values). The map is generated using triangulation and 

interpolation techniques. 

One can see that subsidence funnels according to Figs 4 

and 5 are linked mostly to production wells. An exception 

are subsidence zones on the north-west of the structure. 

Of course, the care has to be taken when interpreting the 

results as the surface displacements were derived from 

DINSAR measurements over 3 years’ time interval, and 

the production/ingestion map characterizes 2 years’ time 

interval. Also The map in Fig. 5 is not hydro-dynamical 

one, it does not contain information about direction of 

reservoir fluid flow and the area of the fluid occupied. 

Lineaments in Figures above may be interpreted as surface 

manifestation of the network of faults crossing the 

reservoir at Pashi-Kynov horizon. These faults are active 

nowadays according to the fact the vertical displacements 

of the surface reach first centimeters at 3 years interval. 

Summing up the results obtained with PALSAR-1 

DINSAR data we may state that we could map areas of oil 

extraction; we could map small-scale disruptive faults and 

interpret them as filtration barriers. 

Two techniques confirm the results obtained 

independently – gas-geochemical measurements and 

DINSAR. On the second stage of significance is electrical 

survey, which provides invaluable information about 

“roughness” of electrical field. Of special value is geo-

micro-biological probes, which help in classification of 

biogenic and endogenic anomalies. 
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6. ALOS-2 PRELIMINARY RESULTS AND 

CONCLUSION 

 

Availability of high-resolution ALOS-2 PALSAR data 

with small and stable interferometric baseline allowed the 

investigation of the problem at new level. 

But at the same time the data introduced new questions, 

which through credit upon the results gained with the only 

PALSAR-1 dataset analyzed by now. 

One of color-coded interferograms derived from 

PALSAR-2 pair acquired on 20140902 and 20160930 is 

presented in Fig. 6 below. 

 

 
 

Fig. 6 PALSAR-2 differential interferogram on 

20140902 - 20160930 

 

The main and unpleasant fact is that there is no 

repeatability of the dynamics effects on PALSAR-1 and 

PALSAR-2 interferograms acquired with 8 years’ time 

interval. There is no any link between the location of 

ingestion and production wells on new PALSAR-1 

interferograms and also PALSAR-2 interferograms. 

Another unpleasant fact is unavailability of modern 

ground-truth data about Elabuga oil reservoir, which 

cannot confirm or refute the results gained from 

PALSAR-1 data. 

The facts mentioned here lead us to necessity of 

terminating the research now, in the year 2018. 
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1. INTRODUCTION

My name is Hongdong Fan and from China University of 

Mining and Technology. The PI number is 3217, and the 

research title is “Monitoring the Large Deformation of the 

Mining Subsidence by ALOS-2”. We have 150 images 

quota of ALOS-1 and ALOS-2 respectively. According to 

the research plan, our main tasks are as follows: (1) using 

DInSAR method to obtain the surface deformation of 

Yushenfu, Xuzhou, Fengfeng and other mining areas, 

analyzing the monitoring effect of alos-1 and alos-2 data, 

and giving the existing problems of this technical method; 

(2) using the time series InSAR methods, including the

small baseline set (SBAS) and distributed target method

(DS-InSAR) to extract the Zsl coal seam in Xuzhou The

monitoring results of ALOS-1 and ALOS-2 data are

compared and analyzed, and the deformation mechanism is

analyzed combined with the underground mining

information; (3) the large gradient surface deformation of

Yulin mining area in Shaanxi Province is obtained by the

offset tracking method, the maximum surface deformation

is more than 2m, and then the extraction effect of ALOS-2

is analyzed, finally, the offset tracking method combined

with DEM is studied; (4) In the mining area with high

vegetation coverage and water, combined with the surface

measurement and mining subsidence model, the whole

mining subsidence basin information can be obtained, and

the monitoring effect of ALOS-1 and ALOS-2 data is

compared and analyzed; (5) the surface 3D deformation

calculation method of mining area is studied by multi orbit

data, due to the lack of other orbit images, only ALOS-1

data is used for verification and analysis.

2. MINING SUBSIDENCE MONITORING WITH

DINSAR TECHNIQUE 

2.1 Acquisition of mining surface subsidence in the 

Northwest of China  

Yushenfu Mining Area is located at the junction of Inner 

Mongolia Autonomous Region, Shaanxi Province and 

Ningxia Hui Autonomous Region. It has become one of the 

seven largest coal mines in the world because of its 

advantageous geographical position, large coal reserves, 

excellent coal quality and easy mining. Ten L-band ALOS-

2 images (Frame: 780, Path: 144) covering the Yushenfu 

coal mining area since July of 2015 were selected, in view 

of their superior performance to the SAR data acquired 

with longer wavelengths in measuring mining induced 

deformation. In order to test the effect of monitoring 

mining subsidence by ALOS-2 images, only two 

interferograms generated from 2 December 2015, 10 

February 2016 and 8 February 2017, are chosen in this 

study. 

From Fig.1, it is can be seen that there are many obvious 

subsidence basins during the period of 2 December 2015 to 

10 February 2016. According to the interferometry circles, 

there are about 60 large and small coal working faces in 

Yushenfu coal mine area. We also processed an 

interferogram (Fig.2) with a long time baseline, which was 

nearly 363 days. From Fig.2, we can see that the mining 

subsidence area was larger than that of Fig.1 and the 

coherence was lower. In addition, the experimental results 

show that the differential interferometry can only detect the 

maximum settlement of 0.2 m. Whatever the 

interferograms with long or short time baseline, it is 

difficult for DInSAR technique to obtain the mining 

subsidence with large deformation gradient. However, due 

to large-scale subsidence, differential interference can not 

get the values of large deformation areas, so we try to use 

Offset Tracking technology to monitor large deformation 

area of coal mine. 

Fig.1 Subsidence map of mining area generated by 

DInSAR (20151202 to 20160210) 
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Fig.2 Subsidence map of mining area generated by 

DInSAR (20160210 to 20170208) 

2.2 Acquisition of mining surface subsidence in the East 

of China  

Six L-band ALOS PALSAR images (Frame: 700, Path: 

449) covering the Tianzhuang coal mining area since 

August of 2009 were selected, in view of their superior 

performance to the SAR data acquired with longer 

wavelengths in measuring mining induced deformation. 

Due to the long spatial-temporal baselines, large 

deformation gradients and significant changes of the land 

coverage, severe decorrelation dominates the 

interferograms generated by the SAR images acquired on 

28 August 2009, 31 May and 16 October 2010. As a 

consequence, only two interferograms generated from 13 

October 2009, 13 January and 28 February 2010, are 

chosen in this study. 

The two-pass differential InSAR (DInSAR) technique was 

used to process these two interferometric pairs. In the 

processing, a multi-looking operation of 1:3 in the range 

and azimuth directions was first performed for suppressing 

interferometric noises. Then, the 1-arc second Shuttle 

Radar Topography Mission (SRTM) Digital Elevation 

Model (DEM) was applied to remove the topographic 

phases. Fourth, a polynomial model was used to mitigate 

the phase ramps due to possible orbit inaccuracies and the 

long-wavelength components of atmospheric artefacts. 

Afterwards, the Goodstein filtering was applied to further 

suppressing interferometric noise. Finally, the minimum 

cost flow method was utilized to unwrap the differential 

interferometric phases with a coherence threshold of 0.3. 

Transferring the remaining phase to the LOS change, we 

obtained the InSAR derived LOS deformation map as 

shown in Fig. 3. 

It is can be seen from Fig. 3 that there are many obvious 

subsidence basins during the period of 13 October 2009 to 

28 February 2010, as denoted by the black solid rectangles. 

The long-term and large-scale extraction at this coalfield 

generated a large number of abandoned goafs, which can 

lead to a range of severe problems at this coalfield, such as 

damage to ground surface buildings.  

Therefore, there are two important topics that need to be 

studied in the further work. One topic is that it is highly 

imperative to predict accurately these displacements, 

which serves to assess the potential damage and improve 

the design of coal mining. Another topic is that it is of great 

importance to locate and define the underground goafs in 

this coalfield to minimize and control the adverse influence 

of underground goafs as soon as possible. 

 

 
Fig.3 InSAR-derived LOS deformation in the time period 

of 20091013 to 20100228. 

2.3 Acquisition of mining surface subsidence in the 

Fengfeng coalfield of China  

The Fengfeng coalfield is the main supply region for coal 

resources and is located in the eastern part of southern 

Taihang mountain in Handan, Hebei Province; it is 45 km 

long from north to south and 28 km from east to west with 

a total area of 1250 km2 and 562 km2 of coal-bearing 

stratum area. In the central Fengfeng coalfield, the 

mountain trends north-south, and the eastern part of the 

Fengfeng coalfield is North China Plain, with a maximum 

altitude of 891 meters. Furthermore, the Fengfeng coalfield, 

spanning Fengfeng, Wuan, Cixian and other counties, has 

advantages of convenient transportation. As one of the 

earliest mining areas in China, with a history of more than 

130 years, there are 27 coal mines and 19 state-level coal 

mines. The main mines are WN (Wan-nian), SK (Si-kuang), 

TE (Tong-er), YJ (Yi-jing), WF (Wang-feng), SZ (Sun-

zhuang), HS (Huang-sha), DD (Du-dang), SZ (Shen-

zhuang), XA (Xin-an), SK (San-kuang), WTZ (Wu-tong-

zhuang), BDY (Bei-da-yu), XS (Xin-san), JL (Jiu-long), 

QT (Quan-tou), YK (Yi-kuang), EK (Er-kuang), WK (Wu-

kuang), YD (Yang-dong), NEZ (Niu-er-zhuang), XC 

(Xue-cun), XT (Xiao-tun), DSC (Da-shu-cun), HJ (Heng-

jian), TY (Tao-yi) and TR (Tao-er). The Fengfeng coalfield 

is rich in coal resources with proven reserves of 3.5 billion 

tons. Due to the long-time period and intensive coal mining, 

mining occupation, land damage, mining subsidence and 

other phenomena is present. The ecological system in the 

Fengfeng coalfield is extremely fragile and has been 

seriously damaged. According to statistics from May 2012, 

ground collapse and ground fissures in the Fengfeng 

coalfield were serious and the collapse area had reached 

101.41km2. The locations of all coal mines in the Fengfeng 

coalfield are shown in Fig. 4. 

For monitoring historical subsidence of the Fengfeng 

coalfield, 12 ALOS-1 image scenes were selected as 

research data after taking wavelength and costs into 

consideration. To obtain the time series surface subsidence, 

11 interference pairs are formed by combining the two 

adjacent images. The longest temporal and spatial 

baselines are 312 days and 4342 m, respectively. The 

surface subsidence of the Fengfeng coalfield from 2007 to 

2010 is shown in Fig. 5. 
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Fig.4. Locations of all coal mines in Fengfeng coalfield and 

building cracks in Wannian coal mine. 

 

 

 

 
Fig.5. Accumulative surface subsidence of the Fengfeng 

coalfield. 

As shown in Fig. 5, in the spring, autumn and winter 

months when vegetation cover is low, ALOS-1 SAR 

images can be used to monitor the surface subsidence of 

the whole Fengfeng coalfield. When the vegetation cover 

increases in summer, the points with high coherence on the 

surface are clearly sparse. Some areas with large 

subsidence and high vegetation are difficult to monitor 

using this technology. To obtain the range and quantity of 

surface subsidence, the subsidence of the whole time range 

is accumulated and shown in Fig. 4. When all subsidence 

maps are added, the same points that are found on all 

subsidence maps are selected for accumulation to ensure 

the accuracy of the final subsidence results. When the time 

span is too long, the number of identical points on all 

subsidence maps will decrease. Therefore, the surface 

subsidence results are obtained using subsidence maps 

with half-year interval accumulation times. The spatial 

baseline for the 20080501-20081227 image pair is too long 

and the coherence is poor, so the subsidence in this time 

span is abandoned. There is only one SAR image from 

December 2008 to December 2009, which provides surface 

subsidence for a year.  

Using the surface subsidence in Fig. 5, areas where 

subsidence is > 50 mm in each coal mine of the Fengfeng 

coalfield is tallied. The monitoring results indicate that 

surface subsidence caused by coal mining encompasses 11 

coal mines and about 37 villages and towns. The four 

statistical time periods used for analyses are 6 months, 4.5 

months, 12 months and 4.5 months. Although the total 

surface subsidence area of the first three time periods is 

quite different, the monthly average surface subsidence 

area is not significantly different. The surface subsidence 

area increased significantly in the last statistical time 

period, which indicates that mining activities intensified 

compared to the other three time periods. Compared with 

the average surface subsidence area, that of the Fengfeng 

coalfield has an increasing trend from 2007 to 2010, which 

indirectly indicates that mining and production has been 

increasing annually, which is consistent with the better coal 

economic situation in China for the same time period. It 

should be noted that the first and third time periods all 

contain summers with high vegetation coverage, which is 

the main factor in the smaller surface subsidence range in 

these two time periods. 

2.4 Summary of D-InSAR technique for monitoring 

mining subsidence  

(1) Using D-InSAR method can effectively obtain surface 

deformation caused by coal mining in a large area. 

However, when the time and space baselines are long, it is 891



difficult to get the correct surface deformation in the area 

with serious decoherence and large deformation. 

(2) ALOS-1 and ALOS-2 data can get good monitoring 

results. Compared with ALOS-1, ALOS-2 has the 

advantages of short revisit period, high resolution and more 

detail information; but it has the disadvantages of too little 

data in the mining area, which may only have 2-3 images a 

year, and it does not show the advantage of short revisit 

period. Therefore, the coherence of image pairs is poor, 

which is not conducive to interference processing. 

(3) Mining subsidence can reach more than 2m in a short 

time, which is easy to cause image incoherence. Therefore, 

it is not suitable to obtain large-scale surface deformation 

by interference information. The offset tracking algorithm 

and sub-band interference method should be tried.  

 

3. MINING SUBSIDENCE MONITORING WITH 

TIME SERIERS INSAR TECHNIQUE 

Synthetic aperture radar differential interferometry (D-

InSAR) has been widely used in mining subsidence 

monitoring. However, due to the constraints of temporal 

and spatial decoherence and atmospheric delay, its 

monitoring accuracy is greatly limited. Therefore, many 

time seriers InSAR technologies are developed, such as PS 

InSAR[1], SBAS[2], coherent target analysis[3], StamPS[4] 

and TCP-InSAR[5]. It overcomes the shortcomings of 

traditional single point deformation measurement 

technology and D-InSAR technology, and can realize low-

cost, high-precision and large-scale surface monitoring, 

which has great advantages. 

However, the time series InSAR method is better applied 

in urban areas with more strong scattering targets, but it is 

difficult to achieve effective monitoring point density 

requirements in non-urban areas, bare land and vegetation 

covered areas. Therefore, on the basis of conventional time 

series InSAR technology, a time series surface deformation 

monitoring method integrating distributed targets is 

developed, such as SqueeSAR [6], PD-PSInSAR [7], 

CAEInSAR [8], etc., which improves the signal-to-noise 

ratio of DS targets and significantly improves the density 

of measurement points while considering the highly 

coherent surface targets of distributed scatterers, and has 

become a new research hotspot. 

3.1 The mining subsidence generation of DSInSAR in 

Zsl coal mine with ALOS-2  

The surface of Zsl coal mine in Xuzhou mining area 

belongs to the Yellow River alluvial plain, the ground 

elevation is + 37 - + 39m, the terrain is high in the West 

and low in the East, and the surface water system is dense. 

With the appearance of coal mining subsidence, the 

ponding pit often forms, which affects the ecological 

environment of the area. There are three coal bearing strata 

in the mine field, which are Taiyuan Formation of Upper 

Carboniferous, Shanxi formation of Lower Permian and 

Shihezi Formation of Lower Permian. At present, the coal 

seams are Shanxi Formation 7 and 9. The Shanxi 

Formation coal seam is a stable medium thick coal seam 

with an average total thickness of 5.82m. The inner surface 

of the mine field is mostly covered by vegetation, which 

has been exploited for more than 30 years. The long-term 

and high-intensity underground coal mining results in large 

area surface subsidence and even collapse, which 

endangers the safety of residents' lives and property. 

 

 
Fig6. Sequential cumulative settlement of LOS direction 

form ALOS-2 data: (a)SBAS;(b)DS-InSAR 

Based on 8 ALOS-2 data, SBAS and DS-InSAR methods 

are used to extract the time series subsidence of the study 

area. Fig. 6 shows the accumulated settlement values along 

the radar line of sight in Zsl coal mine during the 

monitoring period from March 2015 to November 2018 

obtained by the two methods. A total of 121184 coherent 

points were selected by SBAS method, and the cumulative 

maximum settlement value was - 574mm; 180327 coherent 

points were selected by DS-InSAR method, and the 

cumulative maximum settlement value was - 704mm. Fig. 

6 shows that the monitoring results obtained by the two 

methods can accurately detect the subsidence position of 

coal mining, reflect the influence range of surface 

subsidence, and DS-InSAR is obviously better than SBAS 

in monitoring magnitude and accuracy, which can better 

reflect the surface subsidence caused by coal mining in Zsl 

during this period. 

Due to the fact that most of the ground cover types in Zsl 

coal mine are bare land and vegetation, and the 

backscattering of ground objects is weak, the distribution 

of coherent points selected by traditional SBAS method is 

not enough to reflect the specific settlement of the mining 

area. Compared with SBAS, the DS-InSAR method with 

distributed targets can select more measuring point targets 

in non-urban areas and detect the deformation information 

of subsidence area. It can be seen from Fig. 6 that with the 

advance of the working face, there are three obvious 

subsidence basin in Zsl coal mine during the study period, 

which are the subsidence area I near the boundary in the 

east of the mining area, the subsidence area II and III in the 

middle of the mining area, and each subsidence area has an 

obvious trend of spreading. The analysis shows that the 

settlement rate of settlement center I is -193mm/yr, that of 

settlement center II and III is -174mm/yr and -148mm/yr 

respectively, and the maximum settlement is located in 

subsidence area I. 
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Fig.7 The cumulative settlement value obtained by DS(a) 

2015-03-24~2015-11-03；(b) 2015-03-24~2016-12-13 

During the study period, due to the mining of underground 

coal seam, there are three subsidence basins in Zsl coal 

mine, as shown in Fig. 7. As the ALOS-2 data used in the 

experiment are mostly from 2015 to 2016, this paper 

mainly analyzes the surface deformation characteristics 

caused by mining working face in area III. 

The mining time of working face A is from March 2015 to 

November 2015, as shown in Fig. 7 (a). With the advancing 

of the working face, the surface subsidence increases 

obviously along the advancing direction, and the maximum 

subsidence area gradually shifts to the downhill direction, 

and the maximum subsidence value is -288mm. The 

mining time of working face B is from July 2016 to 

December 2016, as shown in Fig. 7 (b). With the passage 

of time, the influence of mining in working face B is 

gradually transferred to the surface, and the influence of 

residual settlement in working face a increases the area and 

magnitude of surface settlement. At the same time, the 

maximum subsidence point is gradually transferred to 

working face B in the downhill direction, and the 

maximum subsidence value is 404mm, which is about 

116mm higher than that in 2015. On the whole, the surface 

subsidence distribution obtained by DS-InSAR technology 

is more consistent with the working face mining during the 

study period. 

 

3.2 The mining subsidence generation of DSInSAR in 

Zsl coal mine with ALOS-1  

13 images of ascending orbit were acquired from February 

20, 2007 to March 3 2011, including 10 FBS HH 

polarization images and 3 FBD HH / HV polarization 

images. The longest baseline was 4307.24m, and the 

longest baseline was 1472 days. The SRTM (Space Shuttle 

Radar terrain mission) digital elevation model (DEM) with 

90m resolution was used to remove the influence of terrain 

from interferogram. 

SBAS and DS-InSAR methods are used to extract the 

temporal subsidence of the study area. Fig.8 shows the 

accumulated settlement values along the radar line of sight 

in Zsl coal mine during the monitoring period from 

February 2007 to March 2011. A total of 88728 coherent 

points were selected by SBAS method, and the cumulative 

maximum settlement value was - 451mm; a total of 307747 

coherent points were selected by DS-InSAR method, and 

the cumulative maximum settlement value was - 700mm. 

Fig.8 shows that: the monitoring results obtained by the 

two methods can accurately detect the subsidence position 

of coal mining, reflect the influence range of surface 

subsidence, and have good consistency. The monitoring 

results of small deformation area are close in the 

subsidence magnitude, and the difference is small. 

 

 
Fig8. Sequential cumulative settlement of LOS direction 

form ALOS-1 data: (a)SBAS;(b)DS-InSAR 

 

With the development of working face, there are three 

obvious subsidence basins in Zsl Coal Mine during the 

study period, which are the settlement area I near the 

boundary in the east side of the mining area, the settlement 

area Ⅱ in the middle and the settlement area III at the west 

edge. The settlement areas have obvious spreading trend. 

The results show that the settlement rate of the first 

settlement center is -147mm/yr, the settlement rate of the 

second and the third settlement centers is -174mm/yr and -

51 mm/yr respectively, and the maximum subsidence is 

located in the subsidence area II.  

In the area II, the time series land subsidence and the 

working faces underground are shown in Fig9. Take the 

Fig.9 (b) as an example, from 2008 to 2009, there are two 

working faces B and C in exploitation, and the mining time 

was from January 2008 to December 2008 and from June 

2008 to December 2008 respectively. With the passage of 

time, the influence of mining in B and C faces is gradually 

transferred to the surface, which aggravates the surface 

subsidence. Among them, because the coal seam dip angle 

of working face B is 29 degrees, the south is shallow and 

the north is deep, the maximum subsidence point is not 

directly above the working face, but in the north of the 

middle of working face B, and its subsidence value has 

increased by about 288mm compared with that in 2008. At 

this time, after the mining of A and B working faces, the 

scope of underground goaf increases, and the influence 

area and magnitude of surface subsidence also increases. 

Working face C was along the strike direction, the surface 

subsidence gradually increases, and the relative subsidence 

value reached 116mm during this period, but at this time, 

there was no other mining face around the working face, 

and the surrounding coal pillars have a supporting effect, 

resulting in a small amount of surface deformation. 

Therefore, in general, the surface subsidence distribution 

obtained in this paper is more consistent with the working 

face mining. 
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Fig.9  The cumulative settlement value obtained by DS: (a) 

2007-02-20~2008-01-08；(b) 2007-02-20~2009-01-10；

(c) 2007-02-20~2010-01-13；(d) 2007-02-20~2011-03-03 

3.3 Summary of D-InSAR technique for monitoring 

mining subsidence  

(1) Compared with traditional D-InSAR and time series 

InSAR methods, DS-InSAR technology extracts and 

optimizes distributed targets, makes full use of highly 

coherent planar targets to calculate time series deformation, 

increases observation density, improves estimation 

accuracy, and has high reliability of monitoring results.  

(2) Aiming at Zsl coal mine, this paper analyzes the surface 

deformation monitoring results and the correlation with 

underground mining. The results show that DS-InSAR can 

effectively capture the surface subsidence caused by coal 

mining, which provides a good reference and value for the 

study of long-term surface deformation law in mining area. 

However, in the large deformation area, due to the 

incoherent influence of vegetation and surface water on the 

working face, it is difficult to accurately extract the 

deformation, which limits the detailed analysis and 

exploration of the surface settlement law of the mining area 

to a certain extent. Therefore, combined with underground 

mining data and a variety of mapping methods, mining 

subsidence model is integrated to improve the monitoring 

accuracy and ability of large gradient deformation area, 

which is worthy of further study. 

(3) Considering that the data acquisition time is earlier and 

the amount of data is less, and the DS-InSAR method is 

lack of timeliness, the next step should be combined with 

multi-source data to verify and improve the monitoring 

ability and applicability of the method. Aiming at the 

problem of long time series monitoring in mining area, PS 

target can be included in this method, and the time series 

deformation can be solved by combining PS target and DS 

target, which can effectively reduce the unwrapping error 

and provide more accurate time series settlement results 

above the working face.  

(4) The monitoring ability of ALOS-1 and ALOS -2 data is 

similar, but the monitoring effect of the latter is not as good 

as the former due to the lack of data. 

 

4. LARGE SURFACE SUBSIDENCE MONITORING 

WITH OFFSET-TRACKING TECHNIQUE 

4.1 Offset tracking technique 

The sub-pixel offset-tracking method[9] can be used to 

measure the two-dimensional deformations in both the 

slant range (the line-of-sight of the satellite) and the 

azimuth (along the orbit of the satellite) directions. 

Although the accuracy of this method is lower than that of 

the D-InSAR technique, it does not require phase 

unwrapping and high coherence. Therefore, this method 

can be used to overcome the limitations of D-InSAR in 

monitoring subsidence with a large deformation gradient 

and it has been successfully used to monitor the 

deformation due to earthquakes [10], landslides[11] , the 

movement of glaciers [12]and mining subsidence[13]. 

There are two sub-pixel offset-tracking methods. The 

intensity offset-tracking method is based on the cross-

correlation of the image intensity, and the coherence offset-

tracking method is based on fringe visibility. The former 

was used in this work because it can adapt to the low 

coherence level between two SAR images.  

The key to the intensity offset-tracking method is to find 

the location of the peak for the two-dimensional cross-

correlation function of two SAR image patches. The 

difference in the coordinates of the location in the range 

and azimuth directions are the offsets. To increase the 

accuracy of the estimation, the pixels in the patches should 

be oversampled at the sub-pixel level, and the correlation 

function around the peak is then modeled by a two-

dimensional interpolation regression fit. The confidence 

level of each offset is estimated by the signal-to-noise ratio. 

A threshold should be set for the signal-to-noise ratio when 

the SAR image pairs are registered, and only the values for 

the signal-to-noise ratio of the patches above the threshold 

should be used to calculate the offsets. Some factors 

influence the accuracy of these offsets, including the orbit 

separation, the topography, the displacement and 

ionospheric effects. To estimate the surface movement, 

these effects need to be separated. In the region studied in 

this work, there was little subsidence over most of the area 

and the offsets were nearly the same as those caused by the 

orbit. We used these offsets to calculate the orbital offsets 

by fitting a bilinear polynomial function. We did not 

consider the topography and ionospheric effects in this 

work. The offsets estimated in the range and azimuth 

directions were then transformed into a value for the 

subsidence. 

 
 Fig.10 Flow chart for the monitoring method 

 

4.2 Large surface subsidence monitoring in Yulin 

mining area with ALOS-2 

Fig. 11 and 12 are the result of Offset Tracking technology. 

From the figures, it can be seen that the in the large scale 

area, the coherence was low, so it is difficult to generate 

the land subsidence by DInSAR. However, the results of 

offset tracking method can resolve this problem, and this 894



method can obtain the whole mining subsidence basin. 

Experiments show that the Offset Tracking technique can 

improve the settlement magnitude of the monitoring, up to 

0.5 meters. It is very important for monitoring some large 

deformation areas. 

 
Fig. 11 Comparison results of differential interference and 

offset tracking (20151202 to 20160210). 

(a):Differential interferogram; (b)Offset tracking results; 

(c)Differential interferogram; (d)Offset tracking results. 

From Fig.12, it can be seen that the large scale deformation 

area can not be obtained by DInSAR. In the subsidence 

basin, the coherence was low and lots of noise there. When 

we use offset tracking method, this problem can be resoved, 

and the maximum of land subsidence was about 1 m. There 

are some black area in Fig.12 (b), the reason was that the 

SNR of these area were smaller than the threshold, which 

was set 4.0 here. As we know, the accuracy of D-InSAR is 

higher than the results of offset tracking in slight 

deformation area. Therefore, in the future, the combination 

of these two methods should be researched to resolve the 

mining subsidence monitoring problems. 

 
Fig.12 Comparison results of differential interference and 

offset tracking (20160210 to 20170208). 

(a):Differential interferogram;(b)Offset tracking results. 

 

It can be seen from the above figures that the surface 

topography of Yulin mining area fluctuates greatly. 

Therefore, we propose to use DEM aided offset tracking 

algorithm to complete the acquisition of mining subsidence 

with large gradient. This method is divided into three steps: 

firstly, the external DEM data is used to assist the 

registration of master and slave images, and the 

equiangular projection DEM is geocoded into the DEM 

data in the radar coordinate system, at the same time, the 

track data is combined to generate the initial registration 

query table. Then, the polynomial model is used to fit the 

coordinate transformation model between the main image 

should to be accurately registered and the slave image. 

Further refinement of the registration query table, 

resampling slave images to generate image pairs without 

registration bias. Finally, the normalized cross-correlation 

algorithm is used to obtain the overall deviation value of 

the primary and secondary images, and then the traditional 

migration tracking method is used to extract the azimuth 

and range shape variables after terrain effect correction. 

The results are shown in Fig. 13 (a) and (b). Compared with 

D-InSAR, the monitoring results of migration tracking 

method are more complete, and the maximum deformation 

is 1.5m. Compared with D-InSAR, the actual deformation 

information of the study area is recovered. 

 
Fig.13 ALOS image deformation comparison (20151202-

20160210): (a) traditional method, (b) DEM auxiliary 

method 

Through the comparison of settlement results in Fig.13 (a) 

and Fig.13 (b), and the non-settlement areas marked in the 

boxes of C and D. We can see it intuitively in the figure 

that compared with traditional methods, the settlement 

results of DEM aided migration tracking method are closer 

to blue (settlement value is 0) and the hue is more 

consistent. In order to quantitatively explain that the DEM 

aided method eliminates a lot of terrain errors, the mean 

square deviation of C and D non settlement areas is 

calculated. The DEM aided method is 0.037m and 0.045m 

in C and D, and the traditional method is 0.235m and 

0.283m in C and D, respectively. The RMSE value of EM 

auxiliary method in non-subsidence area is closer to zero, 

which indicates that the error is smaller. In conclusion, 

through the qualitative and quantitative analysis of DEM 

auxiliary method in four non settlement areas, it is verified 

that the DEM auxiliary migration tracking method has 

obvious effect on eliminating the error caused by 

topographic relief, and the monitoring accuracy is higher. 

4.3 Large surface subsidence monitoring in Yulin 

mining area with ALOS-1 

The study area is located in Yulin city in Shanxi Province, 

northwest China, which is one of the largest areas for coal 

production in China. The area is located in the transition 

zone between the Mu Us Desert and the Loess Plateau, and 

has an arid climate and few water resources. With the 

development of coal mining, ground cracking and collapse 

pits have occurred, and there have also been earthquakes 

and landslides, all of which have been damaged the already 

fragile ecological environment. 

 
Fig.14 Registration Std under different research 

window, the size of windows in azimuth and range 

direction were 16 by 32, 32 by 64 and 64 by 128 895
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Fig.15 Range deformation of ALOS-1 image obtained 

by offset tracking 

The deformation in range direction calculated by offset 

tracking method was shown in Fig.15, and the 

deformations were among -0.578 m to 1.938 m. Here the 

positive value represents surface subsidence. From the 

figure we can see that there are some surface uplift around 

the mining subsidence basin. Actually, the subsidence at 

the edge of mining subsidence basin should be small, so 

there are some errors to monitor the small deformation area. 

4.4 Summary of offset tracking technique for 

monitoring mining subsidence  

(1) Using offset tracking technique can effectively obtain 

surface deformation with a large gradient caused by coal 

mining. The main factors that affect the monitoring 

accuracy of offset tracking (OT) method are the pixel size 

of SAR image, the size of cross-correlation window and 

interpolation factor. The pixel size is directly related to the 

SAR image. Therefore, the higher resolution ALOS-2 

image is better than that of ALOS-1 for large deformation 

generation.  

 (2) DEM aided offset tracking method can effectively 

improve the accuracy of surface deformation calculation in 

undulating mining area, and has good application value 

(3) In essence, offset tracking algorithm can be regarded as 

image registration. Because of the low pixel size of SAR 

image, the overall accuracy of offset tracking algorithm is 

relatively low, and it is not suitable for the extraction of 

small deformation information. However, it is still a good 

method to monitor the large gradient deformation of 

mining area. 

 

5. PREDICTING THE LARGE DEFORMATION OF 

MINING SUBSIDENCE IN WITH PROBABILITY 

INTEGRAL METHOD AND INSAR 

5.1 Method 

Probability integral method (PIM) [14] is a prediction 

theory of mining subsidence, which is most widely used 

and most perfect now. This method regards the rock mass 

studied in mining subsidence as a non-continuum model, 

which is similar to granulosis medium, so the movement 

laws of rock mass and surface caused by the two models 

are nearly the same in macroscopic view. According to the 

principle of probability integral method, the subsidence of 

any surface point (x,y) caused by mining can be expressed 

as[15]:  
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Where, q is the subsidence coefficient; r is the main 

influence radius, r =H0/tgβ; H0 is average mining depth; θ 

is mining influence angle; tgβ is the tangent of main 

influence angle; (xi,yi) is the plane coordinate of mining 

unit i; (x,y)  is the coordinate of any surface point. 

Probability integral method can predict the mining 

subsidence correctly, but the key predicting parameters 

need to be inversed by subsidence of many control points. 

However, the damage or loss of the control points always 

takes place, which results in the increase of the cost and can 

not ensure the predicting accuracy.  Therefore, D-InSAR 

technique can reduce the surface control points, and 

increase the points of basin edge to inverse the parameters. 

So the problem of the rapid convergence in the edge of 

subsidence basin can be solved when the probability 

integral method is used in the prediction. 

Genetic algorithm was proposed by J.HOLLAND in 1975, 

which simulated the natural selection and genetic 

mechanism of organisms in nature[15]. The basic idea of 

GA is as follows: a group of chromosome population is 

generated at first; according to survival of the fittest 

principle, some chromosome is selected to generate new 

chromosome population by copying, intercross and 

aberrance; finally, the chromosome population which most 

adapts the environment is sought by evolution. GA can 

provide the most optimized solution for the problem[16]. 

Thanks to the advantages of GA in parameter deducing, it 

had been widely applied to parameters analysis in rock and 

soil mechanics. Several experimental results showed that 

parameters of probability integral method could be 

deduced precisely by GA. To resolve the problems of 

InSAR used in mining subsidence, a new algorithm that 

combines InSAR and probability integral method to obtain 

large deformation subsidence is proposed. The processing 

steps involved in the proposed method are shown in Fig. 

16. 

 
Fig.16 Flowchart of deducing probability integral method 

parameters by InSAR and GA[17] 

5.2 Monitoring results and analysis of ALOS-2 

The average mining thickness of the coal seam in the 

experimental area is 2.6m. Two ALOS-2 high-resolution 

images taken in 20190723 and 20200526 are selected as 

SAR research data. The "two-pass" differential 

interferometry technology is used to obtain the surface 

subsidence, and the external DEM is SRTM3 DEM. The 896



average mining depth of the working face is about 300m. 

By June 2020, the working face advanced about 540m. 

Although it is not a stable subsidence basin at this time, the 

actual production application results show that the 

probability integral method model can still reasonably 

solve the subsidence basin problem in the mining process. 

The maximum subsidence value calculated by traditional 

D-InSAR technology is 150 mm. Using the fusion method, 

some points of pixels with coherence coefficient greater 

than 0.4 at the edge of the basin are selected, and then the 

data of four measured points are added. Genetic algorithm 

is used to inverse the parameters predicted by probability 

integral method. The calculated parameters are: subsidence 

coefficient q = 0.56, main influence angle tangent tan β = 

2.24, influence propagation angle θ = 83.964 °. 

From Fig.17, it can be seen that the subsidence basin is 

obviously inclined to the pushing direction of the working 

face, and the main section is inclined to the downhill 

direction, which is in line with the mining subsidence law. 

It can be seen from the SAR intensity image that both sides 

of the working face contain water and the coherence is low, 

which makes it difficult to obtain the whole basin 

deformation by D-InSAR method. 

It must be pointed out that the long time interval between 

two ALOS-2 images leads to poor monitoring results of D-

InSAR technology, which also shows that there are too few 

repeat orbit data of ALOS-2 in the mining area at present, 

which brings difficulties to the research. 

 
Fig.17 Monitoring rusults. (a) D-InSAR results; (b) SAR 

image with the field observation points; (c) the results of 

the report. 

 

5.3 Monitoring results and analysis of ALOS-1 

Seven advanced land observing satellite (ALOS) phased 

array type L-band synthetic aperture radar (PALSAR) 

images with high resolution, captured from 8 January 2008 

to 28 February 2010, and shuttle radar topography mission 

3 (SRTM3) DEM were selected as the study data. The 

“two-pass” D-InSAR method was used to obtain the 

surface subsidence. In this experiment, atmospheric 

influences were assumed to be negligible. In order to 

analyse the relationship between mining conditions and 

subsidence, short and long time baselines between a pair of 

SAR images were tested. 

According to the flow chart, at first, the range of each 

prediction parameter should be confirmed by experience. 

Then, a group of parameters (q, tanβ, θ, b) and the 

information of the working face, such as coordinates and 

mining depth, were used in the probability integral model 

to predict the subsidence of 166 points, and the results were 

compared with the D-InSAR-derived subsidence values to 

calculate the variances. Finally, after the variances of all 

the groups of parameters were calculated, the group with 

the smallest variances was chosen as the final results. 

Fig.18 demonstrates the fitting results of the subsidence 

values generated by the final prediction model and using 

the D-InSAR technique. The parameters used were as 

follows: q=0.67, tanβ=1.8 and θ=87.5°. Using these 

parameters and the conditions of the working faces, the 

land subsidence during the period 8 January 2008 to 10 

January 2009 can be generated as shown in Fig.18. It can 

be seen that the whole subsidence basin was easily obtained, 

and the maximum of the subsidence can also be confirmed. 

There were three subsidence basins in this mining area, and 

the two in the north were larger than the one in the south. 

 
Fig.18 Land subsidence generated by the inversed 

parameters 

Compared with the observations, the land subsidence trend 

is very close between the prediction results and the 

levelling measurements in the two directions. This proves 

that the approach proposed in this paper to monitor the land 

deformation in deep mining areas is effective and reliable. 

For the east–west line, the observations are larger than the 

prediction results, but the maximum of absolute errors is 

only 42 mm. For the north–south line, the difference 

between the two results is greater, and the maximum of 

absolute errors is 54 mm. Although these errors are larger 

than expected, these results may be acceptable in real 

applications. The main reason for the errors is the complex 

mining conditions, especially the several abandoned 

working faces that are repeatedly destroyed when adjacent 

coal is exploited. Therefore, repeat mining influence will 

be a major research topic in the future, using the integration 

of D-InSAR results and mining subsidence theory. 

5.4 Summary of the method combined InSAR and PIM  

(1) D-InSAR technique can only monitor petty surface 

subsidence without considering the noise. It is hard to get 

ground subsidence caused by coal mining, so this problem 

can be solved by the relevant theoretical knowledge of 

mining subsidence. 897



(2) The experiment indicates that it is feasible to inverse 

the mining subsidence basin by using the parameters of the 

probability integral method, which can be obtained by GA 

and the combination of edge points in the subsidence basin 

generated by D-InSAR with a few control points (near the 

maximum subsidence and inflection points). This approach 

can solve the problems of large varying field in the mining 

areas which D-InSAR technique cannot monitor. This 

method can satisfy the monitoring requirements of mining 

subsidence, which has nice practicability. 

 (3) After introducing D-InSAR technique, the number of 

control points in the surface can be decreased. Meanwhile, 

the amount of points involved in the prediction of 

subsidence basin is increased. Therefore, the problem of 

the rapid convergence of subsidence basin can be solved 

when the probability integral method is used in the 

prediction. 

6. 3D SURFACE DEFORMATION MONITORING 

OF OLD GOAF BASED ON MULTI ORBIT SAR 

IMAGE 

6.1 Method 

The relationship between Los displacement 𝐷𝑙𝑜𝑠 of an 

observation target on the ground and real 3D ground 

displacement 𝐷𝑣，𝐷𝑒  and 𝐷𝑛 can be expressed as[18]： 

𝐷𝑙𝑜𝑠 = 𝑐𝑜𝑠𝜃𝐷𝑣 − 𝑠𝑖𝑛𝜃𝑐𝑜𝑠𝛼𝐷𝑒 + 𝑠𝑖𝑛𝜃𝑠𝑖𝑛𝛼𝐷𝑛         (2) 
When three or more distance displacements of the 

observed target are obtained, the direct solution algorithm 

can be used to solve the three-dimensional deformation. 

Due to the small angle between the satellite flight direction 

and the north direction, the interferometry is not sensitive 

to the North-South deformation, so it is difficult to 

calculate the accurate north-south deformation according 

to the above formula. Therefore, another method is adopted 

in this paper. Firstly, the North-South deformation is 

assumed to be negligible, and then the vertical deformation 

and the East-West deformation are estimated by the least 

square method. In this way, the accuracy of obtaining the 

deformation variable will be improved. Among them, the 

vertical deformation and the East-West deformation can be 

calculated by the following formula[19,20]: 

𝐷𝑣,e = (𝐴𝑣，𝑒
𝑇 𝑃𝐴𝑣，𝑒)

−1
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   According to the above formula, the distance 

displacement can be decomposed into vertical and east-

west components, and then the residual vector of the 

distance displacement can be obtained: 𝑟res （ 𝐷𝑙𝑜𝑠 −

𝐴𝑣,e𝐷𝑣,e）, Finally, according to the residual vector, the 

North-South deformation can be solved:  𝐷𝑛 =
(𝐴𝑛

𝑇𝑃𝐴𝑛)−1𝐴𝑛
𝑇𝑃𝑟𝑟𝑒𝑠 

6.2 Results 

ASAR data of European Space Agency (EAS) ENVISAT 

satellite and PALSAR data of Japan Aerospace Research 

and Development Agency (JAXA) ALOS satellite were 

used in the experiment. Among them, the 361 and 354 

orbits of ASAR data are the descending orbit mode and up 

orbit mode respectively, and the 448 orbits of PALSAR 

data are the ascending orbit mode. 

 
Fig.19 Retrieved 3-D displacement of the old goaf: (a) Up-

Down, (b) West-East, (c) North-South 

Fig.19 (a) is the vertical displacement field. It can be seen 

that from December 22, 2007 to February 1, 2008, the 

settlement value of the old goaf was 0-22mm, and the 

settlement center was located in the south side of the 

building, and the subsidence was smaller while it was 

farther away from the working face. 

From the East-West displacement field in Fig. 19 (b), it can 

be seen that the horizontal movement range of the old goaf 

after stoppage is -10 mm-10 mm, and the horizontal 

movement of observation line from west to East is shown 

as moving first to the East and then to the West. 

From the North-South displacement field in Fig. 3 (c), it 

can be seen that there was about 0-15mm displacement in 

the east side of the old goaf area, and the other most of the 

North-South displacement is not obvious, because the 

satellite flight direction is close to the north direction, so 

the acquired north-south displacement is not very acute. 

In the study area, 14 benchmark points of the East-West 

observation line are selected to verify and analyze the 

vertical displacement obtained by the three-dimensional 

algorithm. The subsidence trend reflected by the two is 

basically the same, with a maximum difference of 2mm; 

based on the statistics of 14 benchmark points, the root 

mean square error RMSE between the two is ± 0.9mm. It 

can be concluded that the algorithm of 3D deformation is 

reliable. 

 

7. CONCLUSIONS 

(1) Compared with the X and C band, the L band SAR data 

has a higher penetration coefficient on the ground, and the 

consequent lower volumetric and temporal decorrelation. 

Therefore, it is much more suitable for monitoring the 

mining subsidence, and the ALOS-2 data which has a 

higher spatial and temporal resolutions than ALOS-1 will 

be used to calculate the land movement caused by coal 

exploitation. 

(2) Compared with traditional D-InSAR and time series 

InSAR methods, DS-InSAR technology extracts and 

optimizes distributed targets, makes full use of highly 

coherent planar targets to calculate time series deformation, 

increases observation density, improves estimation 

accuracy, and has high reliability of monitoring results. 

The results show that DS InSAR can effectively detect the 

location, influence range and development trend of coal 

mine subsidence under natural surface environment, and 

can provide a theoretical reference for the determination of 

coal mining collapse boundary, prevention and control of 

geological disasters in subsidence area and stability 

assessment. 

(3) This report has presented an approach that has 

combined D-InSAR results and a probability integral 

model to generate the whole mining subsidence basin. The 

subsidence calculated by D-InSAR was used to inverse the 

prediction parameters, and then the parameters and mining 

conditions of the working faces were used in the 

probability integral model to obtain the whole subsidence 
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basin. The final result is the prediction of the mining 

subsidence. This method can improve the D-InSAR results, 

and can also resolve the problems using control points to 

inverse the prediction parameters, such as limitation and 

loss of numbers of control points, the repeat mining 

influence of adjacent working faces, the observation lines 

being only in two directions and so on. 

(4) Due to the large deformation gradient, it is difficult for 

D-InSAR technique to generate the whole mining 

subsidence basin in this mine, but a good accuracy of 

mining subsidence at the basin edge could be generated by 

D-InSAR. The sub-pixel offset-tracking can calculate the 

large land movement and it does not require phase 

unwrapping and high coherence, but the monitoring 

accuracy of this method is low. Although in this report we 

show some results of ALOS-1 and ALOS-2 images, in the 

future, we will estimate the effect of obtaining mining 

subsidence by ALOS-2 image deeply. 

(5) Compared with ALOS-1, ALOS-2 has the advantages 

of short revisit period, high resolution and more detail 

information; but it has the disadvantages of too little data 

in the mining area of China, which may only have 2-3 

images a year, and it does not show the advantage of short 

revisit period. Therefore, the coherence of image pairs is 

poor, which is not conducive to interference processing. 

We want more repeat obit SAR images in the mining area 

for a deep study in the future. 
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