
 

 

ITB J. Eng. Sci., Vol. 43, No. 2, 2011, 101-112                              101 

 

Received October 26th 2009, Revised January 31st 2011, Accepted for publication March 25th, 2011. 

Autonomous Coastal Land Cover Assessment Using 

Polarimetric Decomposition of SAR Data 

Bambang H. Trisasongko 

Department of Soil Science and Land Resources and P4W/CRESTPENT, Bogor 

Agricultural University. Jalan Meranti, Dramaga Campus. Bogor 16680. Indonesia. 

Email: bambangtr@ipb.ac.id 

 

 

Abstract. The paper reports an experiment on classification using fully 

polarimetric SAR data. Many reports have been presented mentioning test sites 

in temperate regions utilizing polarimetric SAR data from airborne and/or 

spaceborne SAR sensors. However, few studies are dedicated to tropical region 

which highly dynamic land uses are observed. Using the AirSAR Sungai Wain 

fully polarimetric data, capability to extract features in coastal region has been 

demonstrated by an unsupervised classification technique fed by the Cloude-

Pottier decomposition theorem. 
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1 Introduction 

Coastal is one of important ecosystems in the world, providing an interface 

between land and sea. Coastal mangrove area offers natural management of 

excess water and regulates flooding. The vegetation is also important to 

minimize impact of waves, including tsunami. Despite its importance, land use 

conversion in coastal areas has been witnessed around the world, including 

Indonesia. 

Remote sensing and its applications on coastal region are thoroughly discussed, 

for example a review by Melack [1]. Due to immense data availability, optical 

images have been used both in research and operational basis. In three 

subtropical areas of North Africa, Ahmed, et al. [2] successfully implemented a 

series of Landsat data for coastal site characterization. In China, also using 

Landsat data, Huang, et al. [3] studied spatio-temporal change of a coastal area. 

These examples suggest that optical dataset has been useful to assist coastal 

zone monitoring. 

However, in case of tropical region, cloud cover is one of the main challenges, 

which could lead to data gaps and improper analysis. Synthetic Aperture Radar 

(SAR) provides an alternative of data source which can be used individually or 

in conjunction with existing optical dataset through data fusion. SAR data have 
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been assessed thoroughly, mostly using single or dual polarization data. 

Nonetheless very limited information has been presented on the use of fully 

polarized SAR data, specifically on tropical areas where cloud coverage has 

been an immense problem. With the availability of fully polarimetric data from 

currently operating satellites, further exploration of the data is therefore 

important to seek an efficient way in monitoring land cover of coastal region. 

The aim of this paper is to provide an assessment of those data for coastal land 

cover monitoring and to examine applicability of unsupervised classification of 

fully polarimetric data. 

2 Polarimetry and Polarimetric Decomposition 

Synthetic Aperture Radar (SAR) becomes a powerful sensor to monitor cloud-

persistent areas in tropical region. SAR capability to capture data in virtually 

all-weather condition gains interests, including in Indonesia. However, SAR 

application is rather limited mostly due to the fact that recent systems provide 

data only in single polarization mode. For instance, ERS Advanced Microwave 

Imager has VV polarization, whereas Radarsat has HH. Hence, difficulties arise 

and most data analyses are restricted to tone (in forms of amplitude or 

backscatter) and texture basis. Advanced breakthrough in sensor technology 

allows development of multi-polarization SAR systems within these decades. 

One of the first implementations of multi-polarization SAR sensor has been 

initiated by NASA/Jet Propulsion Laboratory. AirSAR airborne system was 

designed to provide fully polarimetric SAR data. Earliest experiment from 

space was conducted by SIR-C/X-SAR mission and had provided spaceborne 

imaging for selected regions in the world. European Space Agency launched 

Envisat satellite, which also has polarimetric capability namely Advanced SAR. 

However, only 2 polarizations could be delivered to users. Fully polarimetric 

data from space are currently provided by Canada (Radarsat-2) and Japan 

(ALOS PALSAR).   

One of advantages employing fully polarimetric SAR data is the possibility to 

discriminate scattering mechanisms from earth surface. A fully polarimetric 

SAR data can be represented by scattering matrix, usually defined as 
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The scattering matrix is then analyzed with various approaches to retrieve 

information about scattering processes. Generally, the analysis is called target 

decomposition. Two groups of decompositions have been found in the 
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literatures. The first is decomposition of complex voltage reflection (Sinclair) 

matrix. Two algorithms have been widely developed from this kind of matrix, 

i.e. Pauli decomposition and sphere/diplane/helix decomposition. The second 

approach is decomposition of power reflection (Müller/Kennaugh and 

covariance type) matrices. Further, the approach could be divided into two 

general techniques. The first is decompositions based on Müller/Kennaugh 

matrix (for instance Huynen decomposition). Others propose the use of 

covariance [C] or coherence [T] matrix.  

Numerous decompositions have been proposed by means of covariance or 

coherence matrix. Pottier [4] classifies algorithms based on the covariance or 

coherence matrices for instance Cloude, Holm, Freeman, van Zyl and Cloude-

Pottier. Cloude-Pottier algorithm [5] is widely known as the Entropy-Alpha and 

has been employed on various applications (for example on agriculture [6] and 

forest monitoring [7]). 

According to the Reciprocity Theorem, it is observable that Shv = Svh = SX. 

Value of SX could be obtained by averaging from the measurement. Based on 

the assumption of three general types of scattering, the scattering matrix could 

be rewritten into 
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Sa and Sb represent odd and even bounce scatterers respectively. Whereas Sc 

contains information on scatterers located in the 45 degrees tilted plane. 

Cloude-Pottier decomposition [5] is based on the eigenvector analysis of the 

coherence matrix. The matrix may be given as  
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where [Λ] is the diagonal eigenvalue matrix of [T], λ1 >= λ2 >= λ3 >= 0 are the 

real eigenvalues and the [U] is a unitary matrix whose columns correspond to 

the orthonormal eigenvectors e1, e2, e3 of [T]. 

Coherence matrix [T] can be decomposed further into 
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Each matrix [Tn] is a unitary matrix representing a deterministic scattering. The 

amount of contribution is given by the eigenvalues while the type of scattering 

is related to the eigenvectors. 

There are two important components of Cloude-Pottier decomposition. First 

component of the decomposition is Entropy. The component is useful to 

measure component distribution of scattering process. Mathematically, the 

Entropy is defined as 
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The definition dictates the range of Entropy of 0 to 1. Low values indicate [T] 

matrix has only one non-zero eigenvalue and represents one deterministic 

scattering process (pure targets), whereas high value means no dominant 

scatterer has been found (distributed targets). 

The second component is alpha angle that represents scattering mechanism. 

With this component, separation and identification of mechanisms are being 

evaluated. Based on the Pauli decomposition, [S] matrix could be represented 

by scattering vector k 
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Since three dimensional unitary complex vector k has five degrees of freedom, 

it can be parameterized in terms of a set of five angles [8] 
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A change of angle α and β corresponds to a differential change from one 

scattering mechanism k to another (k’) 
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Cloude and Pottier [8] developed Scattering Vector Reduction Theorem: any 

polarimetric backscattering mechanism, represented by a complex unitary 

vector k and obeying reciprocity, can be reduced to the identity [1 0 0]
T
 by a 

series of 3 matrix transformations 
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Alpha angle represents target scattering type and has value ranges from 0 to 90 

degrees. Values of 0, 45 and 90 degrees indicate odd bounce, dipole and even 

bounce respectively. Orientation of the scatterers can be obtained from Beta 

angle, spans from –180 to 180 degrees. Another three angles are the target 

phase angles. 

Additional feature has been presented by Pottier [9] known as Anisotropy. The 

feature is mathematically defined as  
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Anisotropy is highly linked with Entropy. Hence, the interpretation should be 

conducted in conjunction with the Entropy.  



106 Bambang H. Trisasongko 

3 Methodology 

3.1 Site Description and Dataset 

This experiment was situated in a coastal region of East Kalimantan (Sungai 

Wain region). The main data were the AirSAR fully polarimetric data acquired 

within PACRIM mission in 16 September 2000. The center of acquisition was 

located at –1.08 latitudes and 116.85 longitudes. Cross-track swath was 8.3 km 

(ground range) along 60.8 km. Figure 1 presents the Sungai Wain test site. 

The AirSAR fully polarimetric data consist of three frequencies, i.e. C- (5.3 

GHz), L-(1.2 GHz) and P-band (0.45 GHz). However, in this experiment, only 

C-band fully polarimetric dataset was utilized to assess coastal land cover. The 

data were pre-processed in 30 April 2001 by the Jet Propulsion 

Laboratory/NASA. 

 

 

 

 

 

 

 

 

 

 

 

Figure 1 Site location. 

3.2 Data Analysis 

Data analysis was started by Pauli decomposition. The decomposition is useful 

to analyze the image visually, allowing inspection on the quality of image. The 
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decomposition provides three images, which then could be used to construct a 

composite image. Following equation was then used to produce a composite 

image. 

 vvhhvhhvvvhh SSBSSGSSR  ;;  (11) 

Another technique could be implemented to provide composite image, so called 

Sinclair composite. Sinclair decomposition uses Eq. 12 to construct a composite 

image from scattering matrix. 

 hhhvvv SBSGSR  ;;  (12) 

AirSAR flight covered a very wide area, span from coastal to hilly regions. In 

order to get focused in Sungai Wain coastal area, the image was then subsetted. 

The region has a diverse land cover, including ponds, lowland forest, clear-cut 

areas and man-made structures. Subsetting was also useful to select sub area 

which has less defects or artifacts as previously inspected from Pauli composite. 

No filtering was performed in order to assess performance of proposed 

classification algorithms. 

Classification based on the Cloude-Pottier Decomposition initially only has 9 

classes, which could be segmented from Entropy-Alpha angle feature space. In 

order to extend the capability, a Wishart Classification algorithm proposed by 

Lee, et al. [10] was implemented. Initially, fully polarimetric data were 

segmented from Entropy-Alpha feature space. Result of the segmentation was 

then employed as training sets for maximum likelihood classification based on 

the Wishart distribution of polarimetric covariance matrix. The classified results 

were then exploited as training sets in order to compute a new distance 

measures for the next iteration [11]. In this experiment, 10 iterations were 

applied to allow sufficient groupings between clusters having short distance. 

4 Results and Discussion 

Before actual classification was taken, the Pauli composite image produced 

from Eq. (11) was carefully assessed. Since examination was taken visually, 

converting the absolute product of Pauli decomposition into 8-bit image was 

performed. The decomposition produces three important information of Shh, 

Svv and Sx. The odd bounce scattering component is represented by Shh+Svv. 

Components of Shh-Svv and Sx inform even bounce and 45 degrees tilted even 

bounce scattering mechanisms respectively. 

Practical meaning of this configuration is that general flat surface such as sea or 

another water bodies are shown in blue or bluish colors. Another implication is 
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that forested area will be presented in green, since major vegetation cover 

produces even bounce scattering mechanism. Strong backscatter from man-

made features indicates dominance of even bounce scattering mechanism and 

colored as reddish. Result of Pauli decomposition arranged in color composite 

is presented in Figure 2(a). 

In order to assess the performance of Cloude-Pottier decomposition, no 

ensemble averaging has been performed. This will lead to coarser classified 

image, due to the presence of texture. Readers should note that AirSAR has 

produced pixel spacing around 3.3 and 4.6 meters in across and along-track 

respectively. Hence, the texture is significant in this case. 

The experiment involves two approaches mentioned in previous sections. The 

first is original concept of Entropy-Alpha angle presented by Cloude and Pottier 

[5]. The second is after insertion of additional component by Pottier [9], i.e. 

Anisotropy. Figure 2(b) and 2(c) present classification results after classification 

based on Entropy-Alpha angle and Entropy-Alpha angle-Anisotropy 

respectively. 

 

 

 

 

 

 

 

 

 

Figure 2 Pauli-based composite image (a), and corresponding classification 

algorithms using Entropy-Alpha (b) and Entropy-Alpha-Anisotropy (c) dataset. 

Fewer classes are found in Entropy-Alpha classification. The algorithms 

produced 8 and 16 classes for Entropy-Alpha and Entropy-Alpha-Anisotropy 

respectively. Grouping of similar clusters has been indicated; hence more 

 
(a)                         (b)                       (c) 
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contiguous feature can be presented. In general, Entropy-Alpha classification 

provided contiguous classes than the Entropy-Alpha-Anisotropy. However, 

fewer detected classes also mean less capability to sense more features which 

might be available from the dataset. Following discussions are focused into 

several identifiable objects such as water bodies; less vegetated and/or clear-cut 

areas, forest and man-made structures. 

Most estuaries in Kalimantan suffer from high depositions due to erosion in the 

uphills. In Sungai Wain site, very long and shallow deposition was identified in 

riverbanks. Pauli decomposition clearly shows this deposition. Due to grouping 

of similar clusters between water and shallow deposition in Entropy-Alpha, no 

separation is presented. On the other hand, Entropy-Alpha-Anisotropy provided 

a good discrimination between those surfaces. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3 Detailed comparison on land uses. 
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In the forest margin region, several clear-cut forests are visible in big patches. 

The regions are usually surrounded by agricultural fields. Results presented in 

Figure 3 show that classification by Entropy-Alpha provided reasonable 

groupings. Instead, Entropy-Alpha-Anisotropy produced an over-sensitive 

separation. Hence, small deviations in the clear-cut region are then separated 

into different clusters. 

Assessment in forested area was considered the most difficult task in this 

experiment. The main reason is related to higher spatial resolution of AirSAR 

system which in turn reveals textural information. This artifact is shown in 

Figure 3. Both classification algorithms were unable to aggregate scatterers into 

single class of forest. However, it seems that the Entropy-Alpha classification 

provided more realistic condition. Hellmann [11] also mentioned the difficulties 

of X and C band for distinguishing forest and low/medium vegetation. The 

problem was occurred due to the limited depth of penetration. Hence, scattering 

mechanism of forest canopy cannot be discriminated from low and medium 

vegetation. 

Man-made structures were easily found within this site. In SAR context, this 

provides major source of even bounce scattering mechanism. Pauli 

decomposition visualizes these structures as reddish due to insertion of even 

bounce scatterers into red layer. Both algorithms performed well, as the 

structures were recognized in specific clusters. Nonetheless, Entropy-Alpha 

provided more contiguous delineation than the Entropy-Alpha-Anisotropy. 

5 Conclusions 

Generally, Entropy-Alpha was found to have a higher capability to produce 

more contiguous area than the Entropy-Alpha-Anisotropy algorithm. For less 

heterogeneous areas and less number of classes being considered, preference 

should be made for Entropy-Alpha classification scheme. The conclusion was 

generally drawn at the most of sub sites. A more realistic grouping was 

presented by Entropy-Alpha. 

In case of region which has diverse land covers, application of Entropy-Alpha 

may leads to less accurate results. Addition of Anisotropy may contribute 

significantly to detection of difficult cases. This was observable in 

discrimination between water and shallow depositions. 

It is concluded that the Cloude-Pottier decomposition provided an efficient way 

to extract land cover information from surface scatterers. Within this test site, 

many objects have been successfully identified. However, problems persist in 

forested regions which may lead to further research and experiments. 
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