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Abstract 
 
In recent years, Polarimetric Synthetic Aperture Radar (PolSAR) has 
been one of the most important instruments for earth observation, and 
is increasingly used in various remote sensing applications. Statistical 
modelling and scattering analysis are two main ways for PolSAR data 
interpretation, and have been intensively investigated in the past two 
decades. Moreover, spatial analysis was applied in the analysis of PolSAR 
data and found to be beneficial to achieve more accurate interpretation 
results. This thesis focuses on extracting typical spatial information, i.e., 
edges and regions by exploring the statistical characteristics of PolSAR 
data. The existing spatial analysing methods are mainly based on the 
complex Wishart distribution, which well characterizes the inherent 
statistical features in homogeneous areas. However, the non-Gaussian 
models can give better representation of the PolSAR statistics, and 
therefore have the potential to improve the performance of spatial 
analysis, especially in heterogeneous areas. In addition, the traditional 
fixed-shape windows cannot accurately estimate the distribution 
parameter in some complicated areas, leading to the loss of the refined 
spatial details. Furthermore, many of the existing methods are not 
spatially adaptive so that the obtained results are promising in some areas 
whereas unsatisfactory in other areas. Therefore, this thesis is dedicated 
to extracting spatial information by applying the non-Gaussian statistical 
models and spatially adaptive strategies. The specific objectives of the 
thesis include: (1) to develop reliable edge detection method, (2) to 
develop spatially adaptive superpixel generation method, and (3) to 
investigate a new framework of region-based segmentation. 
 
Automatic edge detection plays a fundamental role in spatial analysis, 
whereas the performance of classical PolSAR edge detection methods is 
limited by the fixed-shape windows. Paper 1 investigates an enhanced 
edge detection method using the proposed directional span-driven 
adaptive (DSDA) window. The DSDA window has variable sizes and 
flexible shapes, and can overcome the limitation of fixed-shape windows 
by adaptively selecting homogeneous samples. The spherically invariant 
random vector (SIRV) product model is adopted to characterize the 
PolSAR data, and a span ratio is combined with the SIRV distance to 
highlight the dissimilarity measure. The experimental results 
demonstrated that the proposed method can detect not only the obvious 
edges, but also the tiny and inconspicuous edges in heterogeneous areas. 
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Edge detection and region segmentation are two important aspects of 
spatial analysis. As to the region segmentation, paper 2 presents an 
adaptive PolSAR superpixel generation method based on the simple 
linear iterative clustering (SLIC) framework. In the k-means clustering 
procedure, multiple cues including polarimetric, spatial, and texture 
information are considered to measure the distance. Since the constant 
weighting factor which balances the spectral similarity and spatial 
proximity may cause over- or under-superpixel segmentation in different 
areas, the proposed method sets the factor adaptively based on the 
homogeneity analysis. Then, in heterogeneous areas, the spectral 
similarity is more significant than the spatial constraint, generating 
superpixels which better preserved local details and refined structures. 
 
In paper 2, the sizes of the superpixels in each area are uniformly 
defined, without considering the complexity and homogeneity of the 
other areas in the whole image. Therefore a more flexible framework is 
needed to generate size-adaptive superpixels. To this end, paper 3 
investigates another PolSAR superpixel generation method, which is 
achieved from the global optimization aspect, using the entropy rate 
method. The distance between neighbouring pixels is calculated based 
on their corresponding DSDA regions. In addition, the SIRV distance 
and the Wishart distance are combined together. Therefore, the 
proposed method makes good use of the entropy rate framework, and 
also incorporates the merits of the SIRV distance and the Wishart 
distance. The superpixels are generated in a homogeneity-adaptive 
manner, resulting in smooth representation of the land covers in 
homogeneous areas, and well preserved details in heterogeneous areas. 
 
Based on the generated superpixels, paper 4 investigates a region-based 
segmentation method using the proposed two-stage merging strategy. 
First, the Wishart-merging stage simultaneously merges the initial 
superpixels in homogeneous areas. Then, in the second merging stage, 
the doubly flexible KummerU distribution is applied to characterize the 
resultant regions, which are usually located in heterogeneous areas. 
Besides the energy loss from the statistical aspect, the edge penalty and 
the homogeneity penalty are also adopted to guide the merging 
procedure. The proposed method can effectively improve the efficiency 
and accuracy compared with the classical iterative merging methods. 
 
Overall, it can be concluded that the spatial details are better preserved 
and accurately extracted by applying more sophisticated statistical 
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models. The flexible and spatially adaptive frameworks are also helpful 
with accurate extraction of spatial information in different areas. 
 
Keywords: Polarimetric SAR, Spatially adaptive, Edge detection, 
Spherically invariant random vector (SIRV), Superpixel, Simple linear 
iterative clustering (SLIC), Entropy rate, Segmentation  
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Sammanfattning 
 
Under senare år har Polarimetric Synthetic Aperture Radar (PolSAR) 
varit ett av de viktigaste verktygen för jordobservation och används 
alltmer i olika fjärranalysapplikationer. Statistisk modellerings- och 
spridningsanalys är två huvudsakliga sätt för tolkning av PolSAR-data, 
som har undersökts intensivt under de senaste två decennierna. 
Dessutom kan den rumsliga analysen tillämpas och på det sättet uppnå 
mer exakta tolkningsresultat. Denna avhandling fokuserar på att 
extrahera typisk rumslig information, dvs kanter och regioner genom att 
undersöka de statistiska egenskaperna hos PolSAR-data. De befintliga 
rumsliga analysmetoderna är huvudsakligen baserade på den komplexa 
Wishart-distributionen, vilken väl karaktäriserar de inneboende statistiska 
egenskaperna i homogena områden. Icke-gaussiska modeller kan 
emellertid representera PolSAR-statistiken bättre och har därmed 
potential att förbättra prestanda för den rumsliga analysen, särskilt i 
heterogena områden. De traditionella fönstren med fast form kan inte ge 
exakta uppskattningar av fördelningens parametrar i komplicerade 
områden, vilket leder till förlusten av små rumsliga detaljer. Många 
befintliga metoder är inte spatialt adaptiva så att de erhållna resultaten är 
lovande i vissa områden och är inte tillfredsställande i andra områden. 
Av denna anledning är denna avhandling fokusserad på att extrahera den 
rumsliga informationen genom tillämpning av icke-gaussiska statistiska 
modeller och rumsligt adaptiva strategier. De specifika målen i 
avhandlingen inkluderar: (1) Att utveckla en tillförlitlig 
kantdetekteringsmetod, (2) Att utveckla en rumsligt adaptiv metod för 
generering av superpixlar och (3) Att undersöka ett nytt ramverk för 
regionbaserad segmentering. 
 
Automatisk kantdetektering spelar en grundläggande roll i rumslig analys, 
medan prestanda för klassiska PolSAR-kantdetekteringsmetoder 
begränsas av fönstren med fast form. I papper 1 undersöks en förbättrad 
kantdetekterings-metod med det föreslagna riktningsspännviddsdrivna 
adaptiva (DSDA) -fönstret. DSDA-fönstret har varierande storlek och 
flexibla former och kan övervinna begränsningen av fönster med fast 
form genom att adaptivt välja homogena prover. SIRV-produktmodellen 
används för att karakterisera PolSAR-data, och spännviddsförhållandet 
kombineras med SIRV-avståndet för att markera 
differentieringsåtgärden. De experimentella resultaten visar att den 
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föreslagna metoden kan upptäcka inte bara de tydliga kanterna utan 
också de små och otydliga kanter i heterogena områden. 
 
I fråga om segmentering av regioner med rumslig analys papper 2 
presenterar en adaptiv PolSAR superpixel genereringsmetod baserad på 
det enkla linjära iterativa klustringsramverket (SLIC). I k-means 
klustrings- proceduren används olika signaler inklusive polarimetrisk, 
rumslig och texturinformation att mäta avstånd. Eftersom den konstanta 
viktningsfaktorn som balanserar spektrala likheten och den rumsliga 
närheten kan orsaka över- eller under-superpixelsegmentering i olika 
områden. Den föreslagna metoden bestämmer viktningsfaktorn adaptivt 
baserat på homogenitetsanalysen. Därefter är spektrallikheten i 
heterogena områden av större betydelse än den rumsliga begränsningen, 
vilket genererar superpixlar som bättre bevarar de lokala detaljerna och 
subtila strukturerna. 
 
I papper 2 storleken av de genererade superpixlarna är nästan 
fördefinierad, utan hänsyn taget till komplexiteten och homogeniteten av 
hela bilden. För att ta hänsyn till detta, papper 3 undersöker en annan 
PolSAR superpixel genereringsmetod, som uppnås från den globala 
optimeringsaspekten, med hjälp av entropy rate-metoden. Avståndet 
mellan närliggande pixlar beräknas baserat på deras motsvarande DSDA-
regioner. Dessutom kombineras SIRV-avståndet och Wishart-avståndet. 
Den föreslagna metoden utnyttjar entropiändrings ramen, och inkluderar 
också fördelarna med SIRV-avståndet och Wishart-avståndet. 
Superpixlarna alstras på ett homogenitets-adaptivt sätt, vilket resulterar i 
en jämn representation av marktäcken i homogena områden och väl 
bevarade detaljer i heterogena områden. 
 
Papper 4 undersöker en regionbaserad segmenteringsmetod med 
användning av den föreslagna tvåstegssammanslagningsstrategin baserat 
på de genererade superpixlarna. Först blandar Wishart-fusionsfasen de 
ursprungliga superpixlarna i homogena områden. Därefter appliceras den 
dubbelt flexibla KummerU-fördelningen för att karakterisera de 
resulterande regionerna, som vanligtvis ligger i heterogena områden i det 
andra sammanslagningssteget. Förutom energiförlusten från den 
statistiska aspekten utnyttjas kantstraff och homogenitetsstraff för att 
styra sammanslagningsförfarandet. Den föreslagna metoden kan effektivt 
förbättra effektiviteten och noggrannheten jämfört med de klassiska 
iterativa sammanslagningsmetoderna. 
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Sammantaget kan man dra slutsatsen att de rumsliga detaljerna är bättre 
bevarade och mer exakt definierade genom att tillämpa mer sofistikerade 
statistiska modeller. De flexibla, spatiala adaptiva ramarna är också till 
hjälp vid exakt utvinning av spatial information i olika områden. 
 
Nyckelord: Polarimetrisk SAR, Spatial adaptiv, Kantdetektering, Sfärisk 
invariant slumpmässig vektor (SIRV), Superpixel, Enkla linjära iterativa 
klustrings (SLIC), Entropy rate, Segmentering 
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1 Introduction 
 
Synthetic aperture radar (SAR) has long been recognized as an effective 
and reliable tool for earth observation since it can operate equally well in 
day and night, and for almost all weather conditions (Cumming and 
Wong 2005; Lee and Pottier 2009). As an advanced form of SAR, 
polarimetric SAR (PolSAR) is capable of obtaining the fully polarimetric 
information contained in the backscattered electromagnetic waves of the 
land covers and targets. And its effectiveness and superiority have been 
explored in various remote sensing applications including target 
detection (Marino 2012; Zhang et al. 2012b; Patruno et al. 2013), land 
use/land cover (LULC) classification (Ferro-Famil et al. 2001; Gao et al. 
2014; Masjedi et al. 2016; Kersten et al. 2005; Niu and Ban 2014; Chen et 
al. 2013), change detection (Li et al. 2012; Liu et al. 2014), agriculture 
monitoring and mapping (Jiao et al. 2014; Liu. et al. 2013), urban 
information extraction (Niu and Ban 2012; Voisin et al. 2013; Xiang et 
al. 2016), biomass estimation (Neumann et al. 2012), topography 
extraction (Schuler et al. 1996), etc. 
 
Nowadays, many advanced airborne PolSAR systems (AIRSAR, ESAR, 
EMISAR, PiSAR, FSAR, UAVSAR, etc.) and spaceborne PolSAR 
systems (ALOS-PALSAR, RADARSAT-2, TerraSAR-X, TanDEM-X, 
etc.) are providing large amounts of data. However, due to the speckle 
noise caused by the coherent imaging system and the complicated 
underlying scattering mechanisms, it is quite difficult to interpret PolSAR 
data. To extract useful information from these highly complex data, 
many analysis methods have been developed, especially from the aspects 
of statistical modelling (Goodman 1963; Bombrun and Beaulieu 2008; 
Deng et al. 2017) and scattering decomposition (Freeman and Durden 
1998; Yamaguchi et al. 2005; Xiang et al. 2015). Another way is to extract 
the spatial information which is reflected by the patterns or connections 
of the pixels in the spatial domain, such as edges, regions, and textures 
(Liu et al. 2015). The spatial information is complementary to the 
statistical characteristics and decomposition features, and also beneficial 
to PolSAR interpretation and subsequent applications. For example, the 
edge information can be used for coastline detection (Niedermeier et al. 
2000), speckle filtering (Lang et al. 2015), etc. And region-based 
processing for PolSAR images is an increasingly popular topic since it is 
computational efficient and can also alleviate the effect of inherent 
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speckle noise (Benz and Pottier 2001; Wu et al. 2008; Yu et al. 2012; Niu 
and Ban 2013). In addition, superpixel-based processing is currently 
drawing more and more attention (Xu et al. 2016; Wang and Liu 2015; 
Song et al. 2015; Yu et al. 2016; Hou et al. 2016). Therefore, these 
processings rely on the edge detection and region/superpixel generation 
results to a great extent, especially with high resolution PolSAR data 
where the refined spatial details can be observed. 
 
Nevertheless, there exist a lot of challenges and problems within the 
current edge detection and region generation methods. The core of 
spatial analysis is to measure the similarity of neighbouring pixels based 
on the polarimetric information, especially the statistical analysis (Liu et 
al. 2015). Gaussian statistics have been frequently assumed when the 
resolution is low or moderate according to the central limit theorem, and 
the Wishart distribution of PolSAR data has been widely used in 
statistical modelling and various applications (Lee. et al. 1994; Lee. et al. 
1999; Wu et al. 2008). However, the Wishart distribution is more 
effective for distributed targets and homogeneous scenes (Soergel 2010; 
Doulgeris et al. 2011). The increase of image resolution and the presence 
of texture give rise to non-Gaussianity of PolSAR data (Doulgeris et al. 
2011; Akbari et al. 2013; Khan and Guida 2014; Deng et al. 2017). Based 
on the product model and specific texture models, many compound 
distributions have been proposed for PolSAR data. Moreover, in some 
heterogeneous urban areas, the backscatters are quite complicated, and a 
more effective and flexible model should be resorted to and applied. 
Another challenge lies on the estimation of the distribution parameter, 
i.e., the average covariance matrix of the local region. The fixed-shape 
regions/windows have been widely used (Schou et al. 2003; Liu et al. 
2013), whereas the assumption of independent and identically distributed 
(i.i.d.) samples in the window is often not met, particularly in 
heterogeneous areas. Inaccurate estimation of the distribution parameter 
can result in unreliable spatial information, and loss of the spatial details. 
Regarding the region generation methods for PolSAR data, both the 
detail preservation in heterogeneous areas and the smooth representation 
of the land covers in homogeneous areas should be considered, requiring 
a flexible method that can adaptively deal with different areas. 
 
Although many valuable techniques and promising results have been 
reported in recent studies (Liu et al. 2015; Xiang. et al. 2016; Jin et al. 
2016; Qin et al. 2015; Ersahin et al. 2010; Zou et al. 2015), accurate and 
detailed spatial information extraction from high resolution PolSAR 
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images is still a challenging task and need to be further investigated. 
Therefore this thesis concentrates on the extraction of typical spatial 
information, i.e., edges and regions from PolSAR data. Methods for 
superpixel generation using PolSAR data are intensively studied, based 
on different superpixel frameworks. Comparisons and analyses with 
other methods will be presented and discussed. 

1.1 Research Objectives 
This thesis investigates the extraction of edges and regions from PolSAR 
data, and the specific research objectives are as following: 
 
(1) Investigate the PolSAR edge detection by utilizing the directional 

span-driven adaptive (DSDA) window and spherically invariant 
random vector (SIRV) model. 

(2) Improve the performance of superpixel generation for PolSAR 
images, especially in heterogeneous urban areas. The method is 
based on the simple linear iterative clustering (SLIC) framework. 

(3) Investigate homogeneity-adaptive superpixel generation by 
integrating the SIRV distance and the Wishart distance. The method 
is based on the entropy rate global clustering framework. 

(4) Develop a flexible method for region-based PolSAR segmentation 
that uses a two-stage merging strategy. 

1.2 Thesis Structure 
This thesis is organized as follows. Chapter 1 gives a short introduction 
to the thesis, along with the research objectives. Chapter 2 reviews the 
SAR polarimetry and the techniques of spatial information extraction. 
Chapter 3 provides the study areas and the description of PolSAR 
datasets. In Chapter 4, the descriptions of the proposed methods are 
presented. Chapter 5 analyses and discusses the experimental results. 
Conclusions and suggestions for future research are presented in 
Chapter 6. The thesis is based on the papers listed as below, and the 
relationship between these papers is graphically illustrated in Figure 1.1. 
 
[1] W. Wang, D. Xiang, Y. Ban, J. Zhang and J. Wan. “Enhanced Edge 

Detection for Polarimetric SAR Images Using Directional Span-
Driven Adaptive Window,” 2017. Submitted to International Journal of 
Remote Sensing (Major Revision). 

[2] D. Xiang, Y. Ban, W. Wang and Y. Su. “Adaptive Superpixel 
Generation for Polarimetric SAR Images with Local Iterative 
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Clustering and SIRV Model,” IEEE Transactions on Geoscience and 
Remote Sensing, vol. 55, no. 6, pp. 3115-3131, Jun. 2017. 

[3] W. Wang, D. Xiang, Y. Ban, J. Zhang and J. Wan. “Superpixel 
Segmentation of Polarimetric SAR Data Based on Integrated 
Distance Measure and Entropy Rate Method,” IEEE Journal of 
Selected Topics in Applied Earth Observations and Remote Sensing, vol. 10, 
no. 9, pp. 4045-4058, Sep., 2017. 

[4] W. Wang, D. Xiang, Y. Ban, J. Zhang and J. Wan. “Superpixel-
Based Segmentation of Polarimetric SAR Images through Two-
Stage Merging,” 2017. Submitted to IEEE Journal of Selected Topics in 
Applied Earth Observations and Remote Sensing (Major Revision). 

 

Spatially Adaptive Analysis and 
Segmentation of PolSAR data

Adaptive SLIC Method
Paper 2Edge Information 

Extraction

Superpixel Generation

Segmentation

Edge Detection Using 
DSDA Window

Paper 1

Superpixel-Based Segmentation 
Through Two-Stage Merging

Paper 4

Entropy Rate Method Based 
on Integrated Distance

Paper 3

 
Figure 1.1 Relationship of the selected papers. 

1.3 Statement of Contribution 
Paper 1 

Wei Wang conceived and developed the ideas, performed the 
experiments, and wrote part of the paper. Deliang Xiang helped to 
implement part of the algorithm. Professor Ban helped to improve the 
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conception and analysis, and edited the paper. Professor Zhang and 
Professor Wan edited the paper. 

Paper 2 

Professor Ban initiated the ideas for the paper. Deliang Xiang developed 
the ideas and performed the experiments. Wei Wang implemented part 
of the algorithm, and wrote part of the paper. Professor Ban and 
Professor Su helped to improve the conception and analysis, and edited 
the paper. 

Paper 3 

Wei Wang developed the ideas, performed the experiments and the 
analysis. Deliang Xiang helped to implement part of the algorithm. 
Professor Ban, Professor Zhang and Professor Wan helped to improve 
the conception and analysis, and edited the paper. 

Paper 4 

Wei Wang developed the ideas, performed the experiments and the 
analysis, and wrote the major part of the paper. Deliang Xiang helped to 
implement part of the algorithm. Professor Ban initiated the idea on 
superpixel-based segmentation for PolSAR images, and helped to 
improve the conception and analysis, and edited the paper. Professor 
Zhang and Professor Wan helped to improve the conception and 
analysis, and edited the paper. 
  



 6 

2 Theoretical Background and Literature 
Review 

 
This chapter first presents the necessary theoretical background of 
PolSAR data, including a brief introduction to SAR remote sensing, the 
principles of PolSAR imagery, the existing polarimetric decomposition 
methods, and the statistical properties of PolSAR data. Then, the edge 
detection and segmentation methodologies for PolSAR images are 
reviewed in detail. 

2.1 SAR Polarimetry 

 2.1.1 Radar Remote Sensing 
Radar is an active microwave remote sensing system, and it has 
experienced a rapid growth, with the proliferation of numerous 
applications/techniques exploiting different features of the coherent 
acquisition of microwaves (Woodhouse 2006). Compared with optical 
sensors, radar remote sensing is independent of solar illumination and 
thus allows day and night imaging (Lee and Pottier 2009). And the 
attenuation of the electromagnetic (EM) wave by clouds and water 
vapour is negligible in most bands (Anfinsen 2010), therefore radar 
remote sensing has the ability to operate in all-weather conditions. These 
advantages are especially attractive for monitoring of high latitude areas 
and tropical rain forests, where the frequent even persistent cloud cover 
severely restrict the capacity of optical sensors (Anfinsen 2010). In 
addition, the obtained radar imagery is the coherent acquisition of the 
EM wave, and it contains both amplitude and phase. The information 
associated with the phase can be exploited with techniques like 
interferometry and polarimetry which cannot be easily obtained by 
optical systems (Papathanassiou and Cloude 2001; Cloude 2009). 
 
For real aperture radar system, high azimuth (along-track) resolution 
requires large antennas, whereas it is not practical for an airborne or 
space-borne platform. To overcome this physical limitation, radar 
systems utilize the flight path of the platform to electronically simulate 
an extremely large antenna or aperture, i.e., synthetic aperture (Uhlmann 
2014; Brown 1967). The maximum length for the synthetic aperture is 
the length of the flight path from which a scatterer is illuminated and is 
equal to the size of the antenna footprint on the ground. The azimuth 
resolution is then equal to the half of the antenna length, and is 
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independent of range and EM band (Lee and Pottier 2009; Cumming 
and Wong 2005).  
 

 
Figure 2.1 SAR imaging geometry for a monostatic system. 

Figure 2.1 illustrates the imaging geometry for an airborne monostatic 
SAR system, which is composed of a pulsed microwave transmitter, an 
antenna used for both transmission and reception, and a receiver 
(Franceschetti and Lanari 1999; Lee and Pottier 2009; Massonnet and 
Souyris 2008). The platform moves along the azimuth direction, i.e., y 
direction, with the antenna beam perpendicular to the azimuth direction. 
The antenna transmits the EM pulses and receives the scattered EM 
pulses from the scene. During the period when a target can be 
illuminated by the antenna beam, the platform continuously receives 
multiple EM pulses scattered by the target. The information contained in 
the multiple acquisitions is used to simulate a single acquisition that 
would have been generated by a quite large antenna or aperture. In 
Figure 2.1, the length of the synthetic aperture is the distance from point 
A to point C, thus the azimuth resolution can be drastically improved 
compared with that of the real aperture radars. Based on the raw data 
collected along the flight path, the SAR image can be constructed using 
the advanced signal processing algorithms, like Range-Doppler, Back-
Projection, Chirp Scaling, Omega-k, etc. (Raney et al. 1994; Soumekh 
1999; Ulander et al. 2003; Cumming and Wong 2005; Zhu et al. 2014). 
Nowadays, many space-borne and airborne SAR systems are available, 
providing enormous amount SAR data for earth observation. In 
addition, several new SAR systems have been proposed and utilized for 
refined characterization or particular applications. The new systems 
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include but are not limited to PolSAR, differential interferometry SAR 
(DInSAR), polarimetric interferometry SAR (PolInSAR), circular SAR 
(CSAR), bistatic and multistatic SAR systems (An et al. 2012; Cumming 
and Wong 2005; Sansosti et al. 2015). This thesis focuses on the 
polarimetric properties of the SAR data, and the polarimetry 
fundamentals will be provided in the next subsection. 

 2.1.2 SAR Polarimetry Fundamentals 
Polarization is a fundamental property of electromagnetic waves, which 
is defined by orientations of the electric and magnetic field vectors 
(Antropov 2014; Xiang 2016). The fully polarimetric SAR system 
separately transmits orthogonally polarized EM waves, and receives 
orthogonal components of the scattered EM wave. It is shown that the 
polarization of a plane, monochromatic, electric field can be represented 
by the so-called Jones vector (Lee and Pottier 2009). Therefore, the 
scattering process can be viewed as the transformation from the incident 
Jones vector to the backscattered Jones vector, and it is expressed as 
(Lee and Pottier 2009; Zyl et al. 1987) 
 

s i ijkr jkr
xx xyx x x

s i i
yx yyy y y

S SE E Ee e
S SE E Er r

      
= =      

           
S                  (2.1) 

 
where ( , )s s

x yE E  and ( , )i i
x yE E  denote the backscattered Jones vector and 

the incident Jones vector, respectively. { , }x y  represent the two 
orthogonal polarizations. 2 /k π λ=  is the wave number and r  is the 
distance between radar and target. The matrix S  is called the scattering 
(or Sinclair) matrix, and the elements of the matrix are the complex 
scattering coefficients describing the scattering response between 
different polarization combinations. Under the linear horizontal and 
vertical polarization basis, the scattering matrix is given as follows: 
 

.hh hv

vh vv

S S
S S
 

=  
 

S                                     (2.2) 

 
The scattering matrix can be transformed into the target scattering 
vector based on a complete set of 2×2 complex basis matrices under a 
Hermitian inner product (Lee and Pottier 2009). With vectors, it is often 
easier to handle algebraic manipulations and extract physical information 
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(Cloude 1986; Marino 2012). Under the Lexicographic basis, the 
obtained vector is named Lexicographic scattering vector, as 
 

[ ]T4L hh hv vh vvS S S S=k                       (2.3) 
 
and the Pauli basis results the Pauli scattering vector as 
 

( ) T
4P

1
2 hh vv vv hh hv vh hv vhS S S S S S j S S= + − + −  k  (2.4) 

 
where the superscript T  denotes the transpose. In the case of 
monostatic system and reciprocal medium, the scattering matrix S  is 
symmetric, that is, hv vhS S=  (Cloude and Pottier 1996; Henderson and 
Lewis 1998). Then the dimension of the scattering vectors can be 
reduced from 4 to 3, and the corresponding Lexicographic scattering 
vector and Pauli scattering vector are presented as 
 

T

3L 2hh hv vvS S S =  k                      (2.5) 

 

[ ]T3P
1 2 .
2 hh vv vv hh hvS S S S S= + −k           (2.6) 

 
The scattering matrix and the scattering vectors are suitable to describe 
the stationary or fixed targets, whose scattering behaviour does not 
change with time and space. However, for distributed targets, they are 
generally situated in a dynamically changing environment and are subject 
to spatial and temporal variations (Lee and Pottier 2009). Their scattering 
responses can be modelled by the stochastic processes., and the 
statistical description of the fluctuations can be used to describe the 
scattering properties. The second order moment of the Lexicographic 
scattering vector is obtained as 
 

2 * *

2† * *
3L 3L

2* *

2

2 2 2

2

hh hh hv hh vv

hv hh hv hv vv

vv hh vv hv vv

S S S S S

S S S S S

S S S S S

 
 
 = =  
 
  

C k k  (2.7) 
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The resulting matrix C  is called polarimetric covariance matrix, in which the 
superscript *  and †  denote the complex conjugation and Hermitan 
transposition operators, respectively, and ⋅  denotes spatial ensemble 
averaging. Based on the Pauli scattering vector, the polarimetric coherency 
matrix is generated as 
 

†
3P 3P

2 * *

2* *

2* *

1 1 ( )( ) ( )
2 2

1 1( )( ) ( )
2 2

( ) ( ) 2

hh vv hh vv hh vv hh vv hv

hh vv hh vv hh vv hh vv hv

hv hh vv hv hh vv hv

S S S S S S S S S

S S S S S S S S S

S S S S S S S

=

 + + − + 
 
 = − + − − 
 

+ − 
  

T k k

(2.8) 

 
The covariance matrix and coherency matrix are both 3×3 Hermitian 
positive semi-definite matrices. The elements on the diagonal are real 
positive, and the traces of these two matrices are equal, which actually 
are the span (i.e. total power) acquired by the system. The covariance 
matrix and coherency matrix can be transformed to each other (Hajnsek 
et al. 2003), and contain the same polarimetric information of the 
observed targets or scenes. The averaging operation in Eq. (2.7) and (2.8) 
is also known as multilooking (Anfinsen 2010), and the obtained 
polarimetric covariance matrix and coherency matrix are also called 
multilook complex (MLC) data. 

 2.1.3 Polarimetric Target Decompositions 
Polarimetric target decomposition is the most commonly used technique 
of extracting information from PolSAR data (Zou et al. 2017). Through 
decomposition, an observed polarimetric matrix can be expressed as the 
summation of several individual elements which are associated with 
specific scattering mechanisms and physical phenomenon. Thereby, the 
dominant scattering mechanism can be determined and physical 
parameters can be retrieved (Chen. et al. 2014), followed by many 
remote sensing applications, such as LULC classification (Xiang et al. 
2016), target detection (Zhang et al. 2012a), natural disaster study (Chen 
and Sato 2013), forest maping (Antropov et al. 2011), etc. The 
polarimetric target decomposition techniques can be grouped into two 
categories: coherent target decomposition and incoherent target 
decomposition. 
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Coherent Target Decomposition 
 
Coherent target decomposition treats the scattering matrix S  as a 
weighted combination of basis matrices corresponding to canonical 
scattering mechanisms (Lee and Pottier 2009), which can be expressed as: 
 

1

N

k k
k
α

=

=∑S S                                         (2.9) 

 
where each basis matrix kS  represent the scattering from a simple object 
and kα  is the complex weighting coefficient. Therefore, the coherent 
decomposition interprets the physical properties through analysing the 
scattering from simple objects (planes, dihedral, and helices). The main 
coherent decomposition approaches include Pauli (Cloude and Pottier 
1996), Krogager (Krogager 1990) and Cameron (Cameron and Leung 
1990) decompositions. The Pauli decomposition is generally used to test 
the validity of the PolSAR data and display the data with a false colour 
image. The coherent decomposition algorithms are based on scattering 
matrix, and they extract target features and characteristics on a pixel by 
pixel basis, thus maintaining the full resolution of PolSAR data. However, 
they are more suitable for pure targets, and cannot well characterize the 
distributed targets. Therefore the coherent decomposition has 
experienced little development in recent years. 
 
Incoherent Target Decomposition 
 
To overcome the limitations of coherent decomposition, the incoherent 
decomposition techniques have been developed and widely used in 
PolSAR image applications. The decompositions are executed on the 
second order statistics (such as covariance matrix C  and coherency 
matrix T ), and can provide a better interpretation of the underlying 
scattering of distributed targets. They can be divided into two categories: 
eigenvalue-eigenvector-based decompositions (Cloude and Pottier 1996) 
and model-based decompositions (Xiang et al. 2015). 
 
Based on the positive semidefinite and Hermitian coherency matrix T , 
the eigenvalue-eigenvector analysis can be applied to decompose the 
matrix into three deterministic scattering mechanisms and to extract the 
polarimetric features. The decomposition formation is given by 
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3
†

01 02 03
1

i i i
i
λ

=

= = + +∑T μ μ T T T                      (2.10) 

 
where 1 2 3λ λ λ≥ ≥  are the nonnegative real eigenvalues, which 
determine the contribution from the respective scattering type 
characterized by the ith eigenvector iμ . In addition, the eigenvalues 
correspond to the scattered power of the associated scattering 
mechanism and satisfy 1 2 3 spanλ λ λ+ + = . Based on the obtained 
eigenvalues and eigenvectors, several features were proposed to analyse 
the physical information behind the scattering process (Cloude and 
Pottier 1997). The main features include the mean alpha angle α , 
entropy H , and anisotropy A . In addition, other eigenvalue-
eigenvector-based decomposition methods have also been proposed, 
such as the Holm decomposition (Holm and Barnes 1988) and the van 
Zyl decomposition (van Zyl 1993). 
 
Model-based decompositions suppose that the observed scattering can 
be modelled as the linear summation of a set of basic scattering models. 
The Freeman-Durden three-component decomposition considers the 
polarimetric matrix ( C  or T ) as a combination of volume, double-
bounce and surface scattering (Freeman and Durden 1998): 
 

[ ] [ ] [ ]v d sv d s
f f f= + +C C C C                      (2.9) 

 
where [ ] ( , , )

i
i v d s=C  denotes the covariance matrix of volume 

scattering, double-bounce scattering, and surface scattering. if  means 
the contribution of the corresponding scattering model. Since the 
reflection symmetry assumption is not always valid for various land 
covers, the Yamaguchi decomposition (Yamaguchi et al. 2005) includes 
the helix scattering model to address terrain reflection asymmetry that 
can be introduced by terrain slopes or urban feature orientation (Touzi 
2016). On this basis, a multiple-component scattering model was 
proposed by adding the wire scattering (Zhang et al. 2008), and it is 
more effective in detecting the man-made targets. 
 
Moreover, to enhance the scattering mechanism interpretation 
performance, and to address the existing deficiencies (such as negative 
powers, overestimation or underestimation of volume scattering power, 
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scattering mechanism ambiguities, etc.), many notable advances have 
been achieved (Chen. et al. 2014). These advanced techniques include 
orientation compensation (An et al. 2010; Lee and Ainsworth 2011), 
nonnegative eigenvalue constraint (Kusano et al. 2014; Zyl et al. 2011), 
complete information utilization (Cui et al. 2014; Lee et al. 2014; Chen et 
al. 2014), etc. 

 2.1.4 Polarimetric SAR Statistics 
Due to the coherent addition of the backscattered EM wave, SAR and 
PolSAR observations are with noise-like appearance know as speckle, 
which complicates the image interpretation and analyses, and also 
reduces the effectiveness of feature extraction, image segmentation and 
classification, etc. Therefore, understanding the statistics of speckle and 
SAR/PolSAR data is very important for information extraction and 
subsequent applications (Deng et al. 2017; Lee and Pottier 2009). A 
random walk model (Goodman 2007) was used to describe the scattering 
process, by which the measured EM wave can be regarded as a vector 
sum of the wave components of the scatters in the same resolution cell. 
On this basis, the PolSAR statistics can be derived by further 
assumptions. In the following, the statistics based on the Gaussian 
model and the product model will be discussed, followed by the matrix 
variate log-cumulants analysis of PolSAR data. 
 
Gaussian Model 
 
When the spatial resolution of the SAR system is low or moderate, the 
surface roughness is relatively low, and a large number of scatterers exist 
in a resolution cell, then the complex scattering vector k  follows the 
complex Gaussian distribution according to the central limit theorem, 
and the speckle is fully developed. The probability density function 
(PDF) of k  is given by (Goodman 1963): 
 

† 11( | )= exp( )df
π

−∑ − ∑
∑

k k k                     (2.10) 

 
where †( )∑ = Ε kk  is the covariance matrix if the lexicographic basis is 
adopted, | |⋅  denotes the determinant operation, d  is the dimension of 
k  and it equals to 3 in monostatic situation. Under the Gaussian 
assumption, the MLC covariance matrix C  follows the complex Wishart 
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distribution (Goodman 1963; Lee and Pottier 2009), and its PDF is 
derived as 
 

1exp( Tr( ))
( | , )

( )

L dLd

L
d

L L
f L

L

− −− ∑
∑ =

Γ ∑

C C
C              (2.11) 

 
( 1)/2

1

( ) ( 1)
d

d d
d

i

L L iπ −

=

Γ = Γ − +∏                     (2.12) 

 
where Tr( )⋅  indicates the trace a matrix, ( )d LΓ  is the normalization 
factor, and ( )Γ ⋅  denotes the gamma function. L  is the nominal number 
of looks, and the Wishart distribution is valid only if L d≥ . It has been 
experimentally demonstrated that the complex Wishart distribution 
generally provides a good fit to PolSAR data, especially in homogeneous 
natural areas and for low resolution data (Lee. et al. 1994; Ulaby et al. 
1992). However, as the image resolution increases, recent studies reveal 
that non-Gaussian models give a more accurate representation of the 
PolSAR data, and achieve better performance in various applications 
(Deng et al. 2017; Doulgeris et al. 2008). 
 
Product Model 
 
The doubly stochastic product model has been widely used in non-
Gaussian modelling, processing, and analysis of SAR and PolSAR data 
(Akbari et al. 2013; Oliver and Quegan 2004). The product model states 
that, under certain conditions, the scattering vector results from the 
product between two unrelated components, texture and speckle 
(Anfinsen 2010; Deng et al. 2017; Doulgeris et al. 2011). Then the 
scattering vector k  can be expressed as 
 

τ=k z                                       (2.13) 
 
where τ  is the texture parameter, normalized such that its mean value 
equals to 1, and it is common for all polarimetric channels. z  is the 
speckle vector, which follows a zero mean multivariate Gaussian 
distribution. The texture describes the natural spatial variation of the 
reflectivity, whereas the speckle conveys the polarimetric information. 
Based on the product model, the MLC covariance matrix is obtained as 
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† †

1 1

1 1L L

n n n n
n nL L

τ τ
= =

= = =∑ ∑C k k z z W                  (2.14) 

 
where W  is the covariance matrix of z , and follows the complex 
Wishart distribution. Eq. (2.14) is valid under the assumption that the 
texture has a higher spatial correlation than the speckle and is constant 
over the multilook processing window (Lee et al. 1994a). For a known 
and constant texture τ , the scattering vector k  follows the complex 
Gaussian distribution and the covariance matrix C  can be modelled by 
the complex Wishart distribution, as discussed before. However, for 
general cases, τ  can be viewed as a random variable which varies from 
pixel to pixel, and it determines the distribution of C . If the texture is 
specified by a distribution, then the PDF of C  can be derived: 
 

|0
( | , , ) ( | ; , ) ( | )f L f L f dτ ττ τ τ

∞
∑ = ∑∫C CC θ C θ            (2.15) 

 
where | ( )f τ ⋅C  is recognised as the complex Wishart distribution, ( )fτ ⋅  is 
the distribution of the texture, and θ  denotes the parameter vector of τ . 
Table 2.1 lists the classical texture distributions, including the gamma (γ ), 
inverse gamma ( 1γ − ), and Fisher distribution ( F ). Table 2.2 presents the 
corresponding distribution of covariance matrix C , i.e., K distribution, 
G0 distribution, and the KummerU distribution (Anfinsen and Eltoft 
2011; Bombrun et al. 2011; Niu and Ban 2012). 
 
Table 2.1: Texture distributions and the corresponding PDF 

Texture distributions Probability Density Function (PDF) 
Gamma 

( )γ α  
1( | ) exp( )

( )
f

α
αατ α τ ατ

α
−= −

Γ
 

Inverse Gamma 
1( )γ λ−  1

( 1) 1 1( | ) exp( )
( )

f
λ

λ

λ λτ λ
λ ττ +

− −
= −

Γ
 

Fisher 
F( , )ξ ζ  

1

1( )( | , )
( ) ( ) 1

1
1

f

ξ

ξ ζ

ξ τ
ζξ ζ ξτ ξ ζ

ξ ζ ζ ξ τ
ζ

−

+

 
 −Γ +  =

Γ Γ −  
+ − 
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Table 2.2. Distributions of PolSAR data and the corresponding PDF 

PolSAR 
(Texture) 

distributions 
Probability Density Function (PDF) of the covariance matrix 

K 
(Gamma) 

12 2
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L d
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α α
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(Inverse 
Gamma) 1
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L dLd

L
d

Ld

L Ld
f L

L

L

λ

λ

λ λ
λ

λ

λ

−

− − −

Γ + −
∑ =

Γ ∑ Γ

⋅ ∑ + −

C
C

C

 

KummerU 
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( , 1, Tr( ) / ( 1))

L dLd
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−

−
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where α , λ , and ( , )ξ ζ  are the shape parameters of these three texture 
distributions, respectively. ( )vK ⋅  is the second kind modified Bessel 
function of order v  (Lee et al. 1994b), ( , , )U ⋅ ⋅ ⋅  denotes the second kind 
confluent hypergeometric Kummer function (Bombrun and Beaulieu 
2008). 
 
Moreover, a statistical model named spherically invariant random vector 
(SIRV) model has been applied for PolSAR segmentation and 
classification in recent studies. The SIRV is a class of nonhomogeneous 
Gaussian processes with random variance, and the scattering vector k  
can be regarded as SIRV (Vasile et al. 2010). Under the SIRV product 
model, k  follows Eq. (2.13), whereas the texture variable τ  is not 
normalized and the distribution of τ  is not explicitly specified. 
Therefore, the SIRV model can describe a whole class of stochastic 
processes including the conventional clutter models like Gaussian, K-
distributed, Rayleigh, Weibull or Rician PDFs (Vasile et al. 2010). The 
SIRV model has the potential to accurately describe heterogeneous 
clutter over scenes which exhibit complex polarimetric characteristics. 
Using the SIRV model, Formont et al. (2011) proposed a general 
approach for high-resolution PolSAR data classification in 
heterogeneous clutter. Wu et al. (2015) detected the man-made targets 
from high-resolution PolSAR images by combining the SIRV model 
with time-frequency analysis. 
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Matrix Variate Log-Cumulants Analysis 
 
From Table 2.2, we can see that the product model produces complex 
mathematical expressions for the PDF, which complicates its application 
to PolSAR data analysis. By introducing a matrix variate Mellin 
transform of the distributions, the matrix log-moments and matrix log-
cumulants can be obtained, which are of great value for the analysis of 
MLC PolSAR data and can be used to examine the suitability of texture 
models (Anfinsen and Eltoft 2011; Deng et al. 2017). The 2nd order and 
3rd order matrix log-cumulants are used to visualize the statistical 
distribution and the PolSAR data. Figure 2.2 shows the matrix log-
cumulant diagram, which is an extension of the univariate log-cumulant 
diagram (Nicolas 2006). The diagram contains the manifolds spanned by 
the theoretical 2nd order and 3rd order matrix log-cumulants of different 
distributions. 
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Figure 2.2 Theoretical matrix log-cumulants of the complex Wishart, K, G0, and 
KummerU distribution. 
 
Under the product model, it is demonstrated that the matrix log-
cumulants of order 2v ≥  only depend on the texture parameters and the 
equivalent number of looks (ENL), which is considered a global 
constant for a data set (Anfinsen 2010). So the diagram shows the 
solitary impact of the texture parameters upon the statistical models. The 
complex Wishart distribution is represented by a point (black circle) in 
the image. The K and G0 distributions are with one texture parameter, 
and they are represented by red curve and blue curve (one-dimensional 
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manifolds), respectively. The KummerU distribution has two texture 
parameters, and its matrix log-cumulants are two-dimensional, occupying 
the whole yellow space. 
 
The sample log-cumulants can be estimated from the PolSAR data set, 
and then plotted in the diagram. By comparing the sample log-cumulants 
with the manifolds of theoretical log-cumulants, the diagram promotes 
insight about how to select between the different compound 
distributions. In addition, the sample log-cumulants can be used to 
estimate the texture parameters with low bias and variance (Anfinsen and 
Eltoft 2011). 

2.2 PolSAR for Edge Detection 
Edge detection with PolSAR is to identify boundaries between regions 
with different polarimetric information, as well as structural 
characteristics (Nascimento et al. 2014), such as the coastlines, and the 
boundaries of buildings. Automatic edge detection for PolSAR images 
plays a fundamental role in spatial analysis, and is beneficial to improve 
segmentation and classification performance by employing the spatial 
constraint (Ersahin et al. 2010; Yu et al. 2012). For optical images, the 
edge information can be easily extracted based on gradient-like 
calculations (Chen et al. 2012). However, the speckle noise inherent in 
SAR/PolSAR images hinders the accurate detection of the edge pixels, 
and brings high false alarm probability. 
 
In the field of SAR edge detection, Walessa and Datcu (2000) segmented 
a local area into several regions using a stochastic region growing 
technique, and the edges between different regions can be obtained 
accordingly. Based on the mean-shift segmentation method for optical 
images (Song et al. 2006), Jarabo-Amores et al. (2011) applied mean-shift 
algorithm to detect the coastal line in SAR images. Schmitt et al. (2015) 
proposed a fully automatic framework for coastline extraction from non-
locally filtered TanDEM-X data based on unsupervised active contours. 
Traditional SAR edge detectors calculate the ratio of the intensity 
averages obtained by a sliding rectangle window, followed by the 
statistical hypothesis test (Touzi et al. 1988). On this basis, several edge 
detection methods have been developed for PolSAR images by taking 
into account the image statistics. Schou et al. (2003) proposed a PolSAR 
edge detector using a statistical test for equality of complex covariance 
matrices which obey the Wishart distribution. This method is easy to 
implement, however its performance is highly dependent on the size of 
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the window. Lang et al. (2015) developed a line-and-edge detector on the 
basis of the traditional edge detector. Nascimento et al. (2014) compared 
the edge detection performance using four stochastic distances, two 
differences of entropies, and the maximum likelihood criterion, under 
the scaled complex Wishart distribution. Liu. et al. (2014) presented a 
degenerate filter integrated with the weighted maximum likelihood 
estimation procedure, and calculated the Wishart distance as an indicator 
of edge information. With the improvement of PolSAR image resolution, 
the data is not accurately represented using the complex Wishart 
distribution, particularly in heterogeneous urban areas. Xiang. et al. (2016) 
proposed an edge detector by utilizing the SIRV model to improve the 
edge detection performance, especially in urban areas. Moreover, a 
Gauss-shaped filter is incorporated into the edge detector to obtain more 
accurate edge locations. In addition to the methods stated above which 
apply the statistical characteristics, another kind of approaches is based 
on the transforms and geometric analyses. Niedermeier et al. (2000) 
extracted the coastlines in SAR images using a wavelet-based edge 
detection method and active contour algorithm. Zhou et al. (2011) 
presented a two-scale line detector for PolSAR data by applying the 
curvelet transform. Jin et al. (2016) proposed a multiscale edge detection 
method using the nonsubsampled contourlet transform (NSCT), which 
can provide flexible multiscale property of the image and the multi-
direction property as well. 
 
The performance of classical ratio-test methods heavily rely on the 
windows, making it difficult to balance between speckle suppression and 
edge locating accuracy. This is because the assumption of independent 
and identically distributed (i.i.d) samples in the window is often not met, 
particularly in heterogeneous areas (Liu. et al. 2014). To select 
homogeneous pixels and obtain accurate feature estimation results, 
adaptive neighbourhood (Vasile et al. 2006) and nonlocal filtering (Chen 
et al. 2011; Deledalle et al. 2015) techniques have been proposed, and 
can be explored and applied to further improve the edge detection 
performance for PolSAR images. 

2.3 PolSAR for Superpixel Generation 
Superpixel generation is to divide an image into many disjoint and 
homogeneous regions, which preserve the local characteristics and image 
boundaries well. It can provide a meaningful representation from which 
to capture region-based features, and greatly reduce the complexity of 
subsequent image processing tasks, such as classification, segmentation, 
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and stereo matching or tracking (Achanta et al. 2012). Many superpixel 
generation algorithms have been proposed for optical images. Mean shift 
(Comaniciu and Meer 2002), graph based (Felzenszwalb and 
Huttenlocher 2004), and watershed (Vincent and Soille 1991) are the 
most popular superpixel generation methods at the early stage. However, 
these three methods produce superpixels with very irregular sizes and 
shapes, and they cannot offer an explicit control over the amount, size, 
or compactness of superpixels. The normalized cuts (Ncuts) method 
(Jianbo and Malik 2000) can generate very regular, visually pleasing 
superpixels, whereas the boundary adherence is sacrificed and the 
method is very time consuming in calculation. Levinshtein et al. (2009) 
proposed the Turbopixel method as an efficient alternative to achieve a 
similar regularity. The simple linear iterative clustering (SLIC) method 
(Achanta et al. 2012) uses k-means clustering to generate superpixels. It 
is efficient, easy to use, and generates superpixels adhering to image 
boundaries well. In addition, Liu et al. (2011) proposed an entropy rate 
segmentation method to generate the superpixels by maximizing a 
clustering objective function, and it achieves promising results on the 
segmentation benchmark. Actually, each superpixel method has its own 
advantage and drawback that may be better suited to a particular 
application. Nowadays, with the popularity of superpixel-based 
processing in various applications, superpixel generation with high 
quality performance is still being investigated in the field of computer 
vision, and several new methods have also been proposed (Shen et al. 
2014; Zhou et al. 2015). 
 
These superpixel generation methods were originally proposed for 
optical images, for which the pixel-to-pixel or pixel-to-cluster distances 
can be easily obtained using Euclidean norm. However, they cannot be 
directly applied on PolSAR data due to the speckle noise and data 
representations. Su et al. (2011) generated superpixels based on the Puali 
colour image using the Mean Shift method. However, this kind of 
processing will incur information loss since the inherent polarimetric 
information cannot be fully explored, and the obtained superpixels may 
be not acceptable in some areas. To make the superpixel segmentation 
methods applicable for PolSAR image processing, some specific distance 
measures have been utilized, that take the statistical characteristics of the 
PolSAR data into account. For example, Liu et al. (2013) obtained the 
dissimilarity information between pairwise pixels through the edge map 
and the revised Wishart distance, and then applied the Ncuts method for 
PolSAR superpixel generation. Xiang et al. (2013) used pixel intensity 
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ratio as the distance measure and applied SLIC to generate superpixels 
for SAR images. Feng et al. (2014) replaced the Wishart distance with the 
original Euclidean distance in the SLIC framework, and generated 
superpixels for PolSAR data. Moreover, Qin et al. (2015) improved the 
cluster centre initialization, and applied the revised Wishart distance for 
local iterative clustering. In summary, the distance measure is crucial in 
PolSAR superpixel segmentation, the edge map and the distance 
measures in the existing methods are all based on the complex Wishart 
distribution of MLC PolSAR data, which can well characterize the 
inherent statistical features, particularly for homogeneous and smooth 
scenes. However, in heterogeneous urban areas, the assumption of 
complex Wishart distribution is usually violated (Wu et al. 2015). As 
discussed in Section 2.1.4, the statistics of PolSAR data deviate from the 
Gaussian assumption when the image resolution improves. Moreover, in 
some extremely heterogeneous areas where the mixture of coherent and 
incoherent scattering exist, the backscatters are quite difficult to model, 
and the previous superpixel segmentation methods based on the Wishart 
distribution may have limited performance. In addition, of the PolSAR 
superpixel generation methods those apply the SLIC framework, another 
drawback lines on the non-adaptive tradeoff factor, which balances the 
polarimetric similarity and spatial proximity. This factor is usually set 
manually to a constant value by trial and error; however it might not be 
suitable in some spatially complicated areas. Therefore, superpixel 
segmentation of PolSAR images, especially in heterogeneous areas, needs 
to be further investigated. 

2.4 General Segmentation Methods for PolSAR 
Many methods have been proposed for PolSAR image segmentation, in 
both pixel-based and region-based manners. Markov Random Field 
(MRF) model (Geman and Geman 1984) has been widely applied to 
impose a spatial regularity constraint on the segmentation. For example, 
Wang et al. (2010) coupled the cluster analysis in the tensor space with 
the MRF framework, and achieved the final segmentation result using a 
graph-cut-based method. Wu et al. (2008) proposed a region-based 
segmentation method based on the Wishart MRF (WMRF) model. 
Besides, region merging is another commonly used technique. Cao et al. 
(2007) applied an agglomerative clustering method to over-segment the 
image using H A α  and the span information, and then iteratively 
merges the two clusters with the minimum Wishart distance. Yu et al. 
(2012) proposed a region-based unsupervised segmentation and 
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classification algorithm for PolSAR imagery that incorporates region 
growing and a MRF edge strength model. The statistical region merging 
(SRM) algorithm has been generalized for PolSAR image segmentation 
by taking the multiplicative property of speckle noise into account (Lang 
et al. 2014). Binary partition tree (BPT) is constructed by iteratively 
merging the most similar neighbouring regions (Alonso-González et al. 
2012). Salembier and Foucher (2016) investigated several optimum 
graph-cut techniques to prune the BPT of PolSAR images, resulting in 
the partitioned BPT which represents the final segmentation result. In 
addition, the segmentation approaches that apply other promising tools 
can also be found in the literature. For example, Liu et al. (2015) 
proposed a spatially adaptive segmentation framework using a wedgelet 
representation, and obtained the final result based on the WMRF 
refinement. The spectral graph partitioning technique segments the 
image into regions with the aid of contour and spatial proximity 
information (Ersahin et al. 2010). 
 
The segmentation methods stated above explore the statistical 
characteristics of PolSAR data based on the complex Wishart 
distribution. However, non-Gaussian models can better characterize the 
statistics, and they have been applied for PolSAR image segmentation in 
several recent studies. Akbari et al. (2013) proposed an unsupervised 
contextual segmentation method, in which the K distribution is used to 
represent the individual pixelwise statistical properties, and the MRF 
framework is utilized for contextual smoothing. Similarly, Doulgeris 
(2015) applied the doubly flexible KummerU distribution for the 
PolSAR statistics, and executed the automatic clustering with the 
expectation maximization method. These two methods achieve the 
segmentation and clustering of the pixels at the same time, whereas it is 
difficult to determine the number of classes. In addition, they are 
implemented at the pixel level, resulting in some misclassifications in the 
final result due to the inherent speckle noise. Bombrun et al. (2011) 
adapted the hierarchical segmentation algorithm proposed by Beaulieu 
and Touzi (2004) to the PolSAR data modelled by the KummerU 
distribution. However, the algorithm of Bombrun et al. (2011) is 
executed on the vector data, and it involves the maximum likelihood 
(ML) estimation of the normalized covariance matrix which is 
complicated to implement. Since superpixel-based processing can greatly 
alleviate the effect of speckle noise, integrating superpixel with non-
Gaussian models for PolSAR segmentation is a promising strategy. In 
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addition, the method to improve the segmentation accuracy and 
efficiency should also be investigated. 

2.5 Summary 
PolSAR plays a key role in remote sensing, not only because of its 
imaging ability in almost all-weather and solar illumination conditions, 
but also that it characterises the land covers and targets using different 
polarisations, providing the specific information related to the scattering 
mechanisms. Many efforts have been made to effectively extract the 
information inherent in PolSAR data, especially from the aspects of 
statistical modelling and scattering decomposition. Moreover, the spatial 
information can also be extracted and applied to improve the 
performance of PolSAR interpretation, such as edge-aided processing 
(Niedermeier et al. 2000; Yu and Acton 2004; Lang et al. 2015; Liu et al. 
2017) and region-based processing (Benz and Pottier 2001; Qi et al. 2012; 
Ersahin et al. 2010; Ma et al. 2014; Hu and Ban 2012; Xu et al. 2016; 
Yang. et al. 2016; Niu et al. 2016). 
 
Spatial information is beneficial to PolSAR analysis since it can 
contribute to better statistical and scattering analysis by introducing 
spatial constraints (Liu et al. 2015). In the meantime, the spatial 
information is extracted by exploiting the inherent information of 
PolSAR data, on which the pixel-to-pixel and pixel-to-cluster distances 
play a fundamental role. The Wishart distance derived from the Gaussian 
assumption has been widely used in PolSAR applications (Lee. et al. 
1999; Qin et al. 2015; Liu. et al. 2014). However, as the image resolution 
increases, the non-Gaussian models can give a more accurate 
representation of the PolSAR data, especially in heterogeneous areas 
(Greco and Gini 2007; Deng et al. 2017). Based on the product model, 
several statistical models have been proposed, including K distribution, 
G0 distribution, KummerU distribution, etc. Moreover, the SIRV model 
doesn’t specify the distribution of the texture, and can be used to 
describe the clutter in heterogeneous areas (Vasile et al. 2010; Bombrun 
et al. 2011). 
 
Edges and regions are the typical spatial information that can be 
reflected by some specific patterns in the image. Both the sliding-
window-based methods and geometric-analysis-based methods have 
been investigated for PolSAR edge detection. Of the different categories 
of region generation/segmentation, superpixel generation is drawing 
more and more attention (Xu et al. 2016; Wang and Liu 2015; Song et al. 
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2015; Feng et al. 2014; Yu et al. 2016). And different strategies have been 
proposed to make the original superpixel generation methods applicable 
for PolSAR data by taking the inherent statistical characteristics into 
account (Liu et al. 2013; Qin et al. 2015; Zhang et al. 2016). In addition 
to the superpixel segmentation, the general segmentation has also been 
extensively investigated, in both pixel-based and region-based manners. 
 
It can be seen that many advanced approaches have been proposed to 
extract the spatial information from PolSAR data. However, due to the 
conventional statistical models or fixed-shape windows, they were found 
to have limited performance, especially in heterogeneous areas. In 
addition, the adaptivity of the approach in different areas should also be 
considered. This thesis will focus on addressing these issues. 
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3 Study Areas and Data Description 

3.1 Study Areas 
To evaluate the PolSAR edge detection and segmentation methods 
presented in this thesis, three study sites were selected. These study areas 
include Oberpfaffenhofen in Germany, Foulum in Denmark, and 
Tsukuba in Japan. Oberpfaffenhofen is a village, 20 kilometres from the 
city centre of Munich, Germany. This village is home to a major test site 
of the German Aerospace Centre (DLR). It contains both heterogeneous 
urban areas and homogeneous areas, e.g., pasture, bare soil, forest, and 
farm land. Tsukuba is in the northern part of Japan while Foulum is in 
the central Denmark. These two sites are mainly covered by the farm 
lands, as well as forests and man-made buildings. Therefore, the 
proposed methods can be tested on different kinds of areas, especially 
heterogeneous areas. 

3.2 Data Description 
This section introduces the PolSAR data used in the experiments and 
evaluations throughout the studies. The PolSAR data of different test 
sites were acquired with different SAR systems. Table 3.1 summarizes 
the used data sets and Figure 3.1 provides the corresponding Pauli 
decomposition images. 
 
Table 3.1 Descriptions of the PolSAR data sets used in the thesis 

Paper SAR System Resolutions(Range×Azimuth) Acquisition date 
1, 2, 3, 4 ESAR 3 m 1999/07/20 

1, 4 EMISAR 2m 1998/04/17 
2, 3 PiSAR 3 m 1997/09/30 

 
ESAR 
ESAR stands for experimental synthetic aperture radar system, which is 
operated by the Microwaves and Radar Institute of DLR using a Dornier 
aircraft. Since 1988, the system has been continuously upgraded to a 
versatile and reliable workhorse in airborne earth observation. ESAR 
operates in 4 frequency bands, X-, C-, L- and P-band, hence it covers a 
wide range of wavelengths from 3 to 85 cm. And it offers high 
operational flexibility. An L-band data with the size 1700×1540 pixel is 
selected, and the corresponding Pauli image is shown in Figure 3.1(a). 
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                          (a) ESAR                                                 (b) EMISAR 

 
(c) PiSAR 

Figure 3.1 Pauli images of the PolSAR datasets used in the thesis. 

EMISAR 
The Danish airborne EMISAR system is a fully polarimetric SAR 
operating at L- and C-band (1.25 and 5.3 GHz) (Christensen et al. 1998). 
EMISAR is developed and operated at the Section of Electromagnetic 
Systems, Technical University of Denmark. The chirp bandwidth for 
both C- and L-bands is the same, and the nominal resolution is 2m. In 
addition, EMISAR supports single-pass interferometry as well as multi-
pass interferometry. The PolSAR data used in the thesis is L-band, and 
the image size is 915×874 pixel, as shown in Figure 3.1(b). 
 
PiSAR 
The Pi-SAR is a dual-frequency (X-band and L-band) airborne 
polarimetric and interferometric SAR system. The X-band SAR was 
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developed by the National Institute of Information and Communication 
Technology (NICT), and the L-band SAR by Japan Aerospace 
Exploration Agency (JAXA). Both X-band and L-band systems have 
polarimetry function and the resolution is 1.5m for X-band and 3m for 
L-band. In the thesis, an L-band data of the size 507×535 pixel is used, 
and the Pauli image is shown in Figure 3.1(c). 
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4 Methodology 
 
This chapter describes spatially adaptive analysis and segmentation 
methodologies using PolSAR data. The chapter consists of four sections. 
The first section focuses on automatic edge detection, which is the basic 
problem of spatial analysis for PolSAR images. The second section and 
the third section concentrate on generating superpixels from PolSAR 
data, which is fundamental to region-based analysis and applications. 
The second section is based on the SLIC superpixel framework while the 
third section utilizes the entropy rate framework. The SIRV model was 
adopted to improve the detection/segmentation results in heterogeneous 
areas. Using the obtained superpixels, the fourth section investigates 
region-based segmentation. The hierarchical merging approach was 
applied to merge the adjacent regions by exploring the PolSAR statistics. 
In addition, a two-stage merging strategy was proposed to improve the 
segmentation accuracy and efficiency. 

4.1 Edge Detection 
This section presents a PolSAR edge detection method, in which the 
SIRV model is applied to better characterize the PolSAR data. Moreover, 
to overcome the limitation of fixed-shape windows in classical methods, 
a directional span-driven adaptive (DSDA) window is proposed. 

 4.1.1 SIRV Model and SIRV Distance 
The SIRV model defines the single look PolSAR data, i.e., the scattering 
vector k  as the product between the independent complex circular 
Gaussian vector z  (speckle) and the square root of the positive random 
variable τ  (texture). And it is expressed as 
 

τ=k z                                            (4.1) 
 
The scattering vector k  is usually formed using the Pauli basis, as 
presented in Eq. (2.6). The vector z  has a mean value of zero and the 
covariance matrix †E{ }=Μ zz . It should be noted that Μ  is 
normalized such that Tr( ) d=Μ , where d  is the dimension of k . Then 
Μ  concerns the polarimetric diversity only and no scattering power 
information, thus it can be called normalized covariance matrix (NCM). 
For N  independent and identically distributed (i.i.d) sample scattering 
vectors, their conditional PDF is denoted as (Vasile et al. 2010) 
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For a given Μ , the ML estimator of texture is derived as 
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Substituting Eq. (4.3) into Eq. (4.2), we can obtain the ML estimator of 
NCM as the solution of the following recursive equation 
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The procedure of Eq. (4.4) is implemented in a fixed point recursive way 
and shows good convergence whatever the initialization of Μ . In order 
to test the equality of NCMs, a binary hypothesis test is generated 
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where M̂  denotes the estimated NCM without the interference of noise, 
and 0M̂  is a known NCM without noise. Then the likelihood ratio test 
based on the PDF in Eq. (4.2) can be applied to derive the SIRV 
distance between two NCMs, which is given by 
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The original scattering vectors nk  are also involved in computing the 
SIRV distance. More details about the ML estimator of NCM and the 
derivation of the SIRV distance can be found in (Vasile et al. 2010). 
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 4.1.2 Direction Span-Driven Adaptive Window 
The originally proposed PolSAR edge detector (Schou et al. 2003) visits 
each pixel in sequence, and extracts the edge information using the 
classic rectangle window with different orientations, as shown in Figure 
4.1(a). The length fl  and the width fw  define the size of the window. 

fd  denotes the spacing between two corresponding regions, and fθ  
determines the angular increment between neighbouring orientations. 
Based on the rectangle window, the average covariance matrices on 
opposite sides of the central pixel can be estimated, and the 
corresponding dissimilarity can be calculated as a measure of the 
probability of edge. 
 
In homogeneous areas, the samples within a rectangle window are likely 
to follow the same distribution. Nevertheless, the i.i.d. assumption of the 
samples is often not met, particularly in heterogeneous areas. For 
example, in the upper rectangle of Figure 4.1(a), the samples marked in 
green stand for forest, however the mean estimation is biased due to 
other types of land covers in the rectangle. Some newly developed 
windows, e.g., Gaussian-shaped window (Xiang. et al. 2016), can 
improve the mean estimation using effective smoothing functions. 
However, the inhomogeneity of the samples enclosed in the windows 
can reduce the estimation accuracy. Moreover, the size of the classic 
rectangle window determines the estimation result to a great extent. As 
shown in the lower part of Figure 4.1(a), the samples within the red 
small rectangle denote a building. The estimated result is not accurate 
when the size of the window deviates from the size of the building. 

(a)

fθ

(b)

fθ

fl fw

fd

fd

 
Figure 4.1 Window configuration. (a) Classic rectangle window. (b) Directional span-
driven adaptive window. 



 31 

Inspired by the work in (Vasile et al. 2008), we propose a directional 
span-driven adaptive window, which has feasible shape and variable size. 
As shown in Figure 4.1(b), the pixels coloured in green (or red) are 
involved in the statistical estimation of the region centres. Under the 
stationarity hypothesis, the DSDA window is constructed by a region 
growing method, containing only connected pixels that obey the same 
statistical distribution. The detailed procedure is presented in Algorithm 
1. ˆ Sp  is an unbiased estimate of the seed span value, which is obtained 
within the local seed area by using the minimum mean square error 
(MMSE) criterion (Lee et al. 1999). The seed area is composed of 6 
pixels, whose positions vary with the orientation angle. Based on the 
estimated ˆ Sp , an adaptive neighbourhood is formed after a two-step 
region growing procedure. 
 

Algorithm 1: Directional span-driven adaptive window

Begin

End

1. Span estimation within the seed area
Estimate  within the seed area using MMSE criterion, and put the seed

2. Region growing in the directional area

if

elseif

3. Reinspection of the background pixels

if 

For pixel                          ,  

d denotes the coefficient of variation, are two thresholds.low high,T T

ˆ Sp
AN

For direct neighbor            of the seed pixel( ', ')i j

low high
( '', '')1 1

ˆ S

p i jT T
p

d d− ≤ ≤ +

( ', ')1 1
ˆ S

p i j
p

d d− ≤ ≤ +

( '', '') in AN_Bi j

 pixel into the adaptive neighborhood       ,

Put           into      , and ( ', ')i j AN Count + +

1Count =

Put           into the background set  ( ', ')i j AN_B

The growing procedure is iteratively applied for all the neighbors of the newly
included pixels in       , until                        (the predefined upper limit) or AN Count nThre>

none of the new neighbors fulfills the condition.

Put           into      AN( '', '')i j

 

 4.1.3 Edge Detector with DSDA Window 
The complete description of PolSAR data is comprised of the NCM 
which characterizes the polarimetric diversity, and the span indicating 
the total received power. As reported in (Vasile et al. 2008) and (Vasile et 



 32 

al. 2010), the span information also contributes to PolSAR classification 
to a great extent, showing its efficacy in distinguishing the different land 
covers. Therefore, we also make the use of the span in the proposed 
edge detection method. Due to the multiplicative speckle noise, the 
span-ratio (Touzi et al. 1988) is more suitable to measure the dissimilarity 
of two regions than the Euclidean distance. Then the SIRV distance and 
span ratio can be combined together to further improve the edge 
detection results. Based on the constructed DSDA window, the region 
centres can be estimated as 
 

( , ) AN ( , ) AN
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where N  is the cardinality of the DSDA window, M̂  and P̂  denote the 
NCM average and the span average, respectively. Using the SIRV 
distance in Eq. (4.6), the dissimilarity between the corresponding region 
centres ( 1M̂ , 2M̂ ) can be calculated as 
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And the span ratio between two regions is given by 
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The span ratio presents another indicator of the difference between 
opposite sides of the central pixel. The value is always larger than one, 
and becomes greater when the difference is more significant. By 
combining the span ratio with the SIRV distance, the enhanced 
dissimilarity between two regions can be obtained as 
 

1 2 SIRV 1 2
ˆ ˆ ˆ ˆ( , ) ( , )En SpanD R P P SD= ⋅ M M                  (4.10) 

 
The enhanced dissimilarity takes advantage of the SIRV model which 
can better characterize heterogeneous areas, and also utilizes the span 
ratio which captures the difference in terms of the reflectivity. Moreover, 



 33 

the DSDA window is applied to accurately estimate the region centres by 
selecting the samples respecting the i.i.d. assumption, and the limitation 
of classic fixed-shape windows can be overcome. Inherited from the 
framework of the edge detection methods that use sliding windows 
(Touzi et al. 1988; Schou et al. 2003; Liu. et al. 2014; Xiang. et al. 2016), 
the procedure of the proposed edge detector is presented in Algorithm 
2. Based on the obtained edge map maxD , an edge-thinning algorithm of 
non-maximum suppression and a binarization step are performed to get 
the final edge pixels. 
 
Algorithm 2: Edge detection method

Begin

End

1. Set the parameters      and     .

2. For               orientations with different angles     , construct span-driven adaptive window in  
the directional area using Algorithm 1.

4. Calculate SIRV distance and span ratio between both sides of the central pixel using Eq. (4.8)

5. Find the maximum value        of the enhanced dissimilarity in different orientations.maxD

6. Save the distance        and the corresponding angle       , move to the next pixel, and continue
from Step 2.

maxD maxθ

3. Estimate the NCM average and the span average based on the SDA window.

and (4.9), respectively. Then obtain the enhanced dissimilarity according to Eq. (4.10).

fd fθ

fθf
f

N π
θ

=

 

4.2 Superpixel Generation Using SLIC Method 
Edge detection and region segmentation are two important aspects of 
spatial analysis. This section focuses on PolSAR superpixel generation 
using the SLIC method. The SLIC framework is easy to implement and 
efficient in calculation, and is widely used in computer vision and remote 
sensing applications. On this basis, several approaches have been 
proposed for PolSAR data (Feng et al. 2014; Qin et al. 2015; Xing et al. 
2016). In this thesis, we apply the SIRV model and an adaptive tradeoff 
factor to further improve the superpixel generation performance, 
especially in heterogeneous areas. 

 4.2.1 General SLIC Framework 
The basic idea of SLIC is to iteratively assign the pixels to the nearest 
superpixel according to the spatial distance and spectral similarity. It 
consists of three main steps: 1) initialization of the cluster centres; 2) 
local k-means clustering; and 3) post-processing. Let PN  denote the 
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number of the total pixels, and SN  the determined number of the 

superpixels, then the desired superpixel size should be P SS N N= . 
The SLIC method begins with an initialization step where the cluster 
centres are sampled on a regular grid with uniform step size S . Then the 
centres are moved to the locations corresponding to the lowest position 
in a 3×3 neighbourhood, to avoid that the seeds are placed on an edge 
or a noisy pixel. Then the next step is assigning each pixel to the nearest 
cluster centre whose search area overlaps its location, followed by the 
updating of the cluster centres. The distance of each pixel to the 
candidate cluster centre is calculated based on both the spectral 
information and the spatial location information. For a pixel i  and a 
superpixel centre j , the distance is defined as 
 

( )
2

2
SLIC

S
P

dD d
S

β  = + ⋅ 
 

                         (4.11) 

 
where Sd  is the spatial distance between the two corresponding 
locations ( , )i ix y  and ( , )j jx y , and it is calculated as 
 

2 2( ) ( )S i j i jd x x y y= − + −                       (4.12) 
 

Pd  denotes the spectral distance, which is usually defined as the 
Euclidean distance in the 3-D colour space for optical images. Whereas 
for PolSAR images, the distance measure based on the statistical 
modelling is more suitable than the Euclidean distance. The Wishart 
distance and the revised Wishart distance have been adopted in recent 
studies (Feng et al. 2014; Qin et al. 2015). β  in Eq. (4.11) is a weighting 
factor to be set manually that controls the shape and compactness of the 
superpixels. When β  is larger, the spatial proximity is more important, 
resulting compact and regular superpixels. To the contrary, when β  is 
smaller, the generated superpixels adhere more tightly to image 
boundaries, whereas with irregular shape and size. The local clustering 
procedure is iteratively implemented until the cluster centres converge or 
the maximum iteration number is reached. Then a post-processing step 
is finally conducted to enforce connectivity by reassigning the disjoint 
pixels to nearby superpixels. 
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 4.2.2 Adaptive Superpixel Generation Using SLIC Method 
Since the SIRV model can better characterize the PolSAR data, especially 
in heterogeneous areas, we adopt the SIRV distance in place of the 
Wishart type. In addition, the weighting factor β  in the existing 
methods is set as a constant value to balance the spectral similarity and 
spatial proximity. However, it might cause over- or under- superpixel 
segmentation in some spatially complicated areas. In order to improve 
the detail preservation in heterogeneous areas, and obtain superpixels 
that can tightly adhere to the image boundaries, we set the weighting 
factor according to the local spatial complexity of the local scene, which 
can be represented by the homogeneity measurement. Several 
homogeneity measurements have been proposed and applied, such as 
the coefficient of variation (CoV) (Lopes et al. 1990) and the local 
standard deviation. Shamsoddini and Trinder (2012) used the standard 
deviation of the edge map and the CoV to detect edges and texture areas, 
and homogeneous areas. Similar to the method in (Lang et al. 2015), we 
obtain the homogeneity measurement by combining the equivalent 
number of looks (ENL) and the edge map. The homogeneity 
measurement is defined as 
 

( , )( , )
( , )

ENL x yHom x y
Emap x y

=                             (4.13) 

 
where Emap represents the detected edge map, and ( , )x y  denotes the 
position in the homogeneity and edge maps. The approach proposed by 
Anfinsen et al. (2009) is applied to estimate the ENL of PolSAR data. It 
is worth pointing out that this ENL estimator is less affected by texture 
and can provide more accurate results than other estimators. Since the 
variation trends of Emap and ENL are opposite in homogeneous and 
heterogeneous regions, the measurement Hom  is more capable of 
distinguishing these two types of scenes by combining Emap and ENL 
together. Based on the homogeneity analysis, the weighting factor can be 
set adaptively, as adp HoM( , )i ix yβ = . Then in heterogeneous areas, the 

factor adpβ  is small, making the spectral distance overweigh the spatial 
proximity, therefore the generated superpixels can well adhere to image 
boundaries. However in homogeneous areas, the large adpβ  puts more 
emphasis on the spatial distance, and the superpixels will be more 
compact and regular. 
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In addition to the SIRV distance based on the polarimetric information 
and the spatial distance, the texture information is also incorporated into 
the overall distance measure. We define a texture distance TD  based on 
the span P  like 
 

( , ) ( , )
max( )

i i j j
T

P x y P x y
D

P
−

=                              (4.14) 

 
Based on the adaptive weighting factor and three distance measures, the 
complete distance for superpixel generation is given by 
 

( ) ( )
2

2 2 s
Pol-ASLIC SIRV T adp

dD D D
S

β  = + + ⋅ 
 

           (4.15) 

 
It should be noted that TD  is already normalized and there is no need to 
set another tradeoff factor. And adpβ  can adaptively balance the weight 
of spatial proximity over the other two distance measures. In addition, 
the texture distance TD  is helpful to discriminate different objects with 
quite similar polarimetric information. For example, similar to the forest, 
some buildings that not face the radar also generate cross-polarized 
scattering, resulting in scattering mechanism ambiguity (Xiang et al. 
2015). Then the polarimetric similarity cannot work very well in such a 
case, however the texture distance can play an important role in 
discriminating these two land covers since they usually have different 
span intensities. Based on the conventional SLIC superpixel generation 
algorithm, the procedure of the adaptive SLIC method for PolSAR data 
is presented in Algorithm 3. 
 

Algorithm 3: Adaptive SLIC superpixel generation for PolSAR data

Begin

End

1. Set the number of superpixels      , and initialize the cluster centres.

2. Estimate the ENL and generate the edge map, then obtain the homogeneity measurement
according to Eq. (4.13).

distance, the spatial distance, and the texture distance.

4. Post-processing to eliminate the disjoint pixels.

3. Local iterative k-means clustering using the distance in Eq. (4.15) based on the SIRV 

SN
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4.3 Superpixel Generation Using Entropy Rate Method 
Compared with SLIC method, the entropy rate method (Liu et al. 2011) 
has the potential to obtain size-adaptive superpixels from a global 
perspective, resulting in good preservation of the local information in 
both homogeneous areas and heterogeneous areas. Therefore, in this 
section, the entropy rate method is introduced to PolSAR superpixel 
generation. Two different distances, i.e., the Wishart distance and SIRV 
distance are combined to measure the dissimilarity between 
neighbouring pixels. 

 4.3.1 Calculating the Distance between Neighbouring Pixels 
The previous literatures (Liu et al. 2013; Qin et al. 2015) indicate that the 
distance measure plays a crucial role in superpixel segmentation. For 
optical images, the Euclidean distance between pairwise neighbouring 
pixels is reliable and easy to calculate. However, the speckle noise in 
PolSAR image will severely affect the distance if we directly calculate the 
distance between individual pixels. To make the entropy rate superpixel 
method applicable for PolSAR images, accurate and robust distance 
measure between neighbouring pixels should be derived. It is known that 
the multi-looking procedure and the filtering approaches are usually 
applied to alleviate the effect of the speckle noise. The distribution 
parameters are usually estimated by averaging the samples in the 
respective regions. In (Deledalle et al. 2015), the dissimilarities between 
pixels are evaluated over whole patches instead of single pixels. Similarly, 
we measure the dissimilarity between neighbouring pixels by calculating 
the distance between corresponding regions. 

(a) (b)

fl fw

Seed
 Area

iR

jR

iP
jP

iP
jP

Seed
 Area

iR

jR

 
Figure 4.2 Region configuration. (a) Rectangle-shaped region. (b) Directional span-
driven adaptive region. 
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Figure 4.2(a) illustrates the region configuration of two neighbouring 
pixels using the rectangle-shaped filter, where iP  and jP  are the pairwise 

neighbouring pixels marked with grey squares. And iR  and jR  are the 

respective regions of iP  and jP . The distance between the region 

centres of iR  and jR  can be regarded as the dissimilarity between iP
and jP . As explained in Section 4.1.2, the region centre cannot be 
accurately estimated due to the limitation of fixed-shape region, 
especially in heterogeneous areas. Therefore the DSDA region is also 
applied to select the homogeneous samples, as shown in Figure 4.2(b). 
The configuration of the DSDA region is a little different from that of 
Figure 4.1(b), whereas the implementation procedures remain the same, 
which are presented in Algorithm 1. Based on the constructed DSDA 
region, the centre covariance matrix and centre NCM can be estimated 
through spatial averaging. Let iN  denote the number of samples in iR , 

iC  and iM  mean the estimated centre covariance matrix and centre 
NCM of region iR , respectively, and the notations in region jR  are 
defined in the same way. Then the symmetric revised Wishart (SRW) 
distance (Anfinsen et al. 2007) and symmetric SIRV distance between iP  
and jP  can be calculated as 

( ) ( )( )1 1
SRW

1( , ) Tr Tr
2i j j i i jD P P d− −= + −C C C C    (4.16) 

SIRV ( , )i jSD P P     (4.17) 

 4.3.2 Combining the Wishart Distance with SIRV Distance 
The NCM and the SIRV distance can catch the local difference in 
heterogeneous scenes; nevertheless, its effectiveness is not satisfactory in 
homogeneous regions. So the Wishart distance is utilized to measure the 
dissimilarity in homogeneous regions. In order to obtain an integrated 
distance for general areas, we combine the Wishart distance and SIRV 
distance together based on the homogeneity analysis. Based on the 
obtained homogeneity map, the thresholding method (Kapur et al. 1985) 
is utilized to automatically determine the homogeneity threshold. Then 

2 n 2 jN †k M −1k=n 1

ji NN
n j n

n i

d d

i =
†k MN n 1 k1− + ∑= ∑
†k M −1k n i n
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we construct an index function In( )⋅  which labels the type of the 
analysed area with 1 denoting homogeneous areas and 0 for 
heterogeneous areas. Then the Wishart distance SRWD  and the SIRV 
distance SIRVSD  can be combined together, as 
 

( )SRW SIRV( , ) In ( , ) 1 In ( , )Com i j i j i jD P P D P P SD P P= + −          (4.18) 
 
Since the SIRV distance and the Wishart distance have different 
dynamics, they have been normalized to the same level before 
combination. Finally, we obtain the pairwise affinity using a Gaussian 
kernel as follows, with Dσ  denoting the scaling parameter of the 
Gaussian kernel. 
 

, 2

( , )
exp

2
Com i j

i j
D

D P P
ω

σ
 

= − 
 

                           (4.19) 

 4.3.3 Entropy Rate Superpixel Generation 
The graph of an image can be denoted as ( , )G V E= , in which V  
represents the set of vertices iv  (i.e., pixels) and E  is the edge set 
containing the pairwise edges ,i je . The entropy rate method generates 
the superpixels by selecting a subset of edges A E⊆  such that the 
resulted graph ( , )V A  consists of many connected components. The 
selection is achieved through optimizing a clustering objective function, 
which contains the entropy rate term favouring formation of compact 
and homogeneous regions and the balancing term that advocates regions 
with similar size (Liu et al. 2011). For the sake of understanding the 
entropy rate method, some definitions are first provided. Given two 
discrete random variables X  and Y , the conditional entropy ( )H X Y  

measures the remaining uncertainty of X  when Y  is known. Let Yp  
denote the probability function and X Yp  be the conditional probability 

function, then ( )H X Y  is given by 
 

( ) ( ) ( ) log ( )Y X Y X Y
y x

H X Y p y p x y p x y= −∑ ∑           (4.20) 
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Consider a stochastic process { },t tX t T X V= ∈ ∈X  where T  denotes 

an index set, then X  stands for a random walk on the graph ( , )G V E= . 
The entropy rate of X , denoted by ( )HR X , describes the remaining 
uncertainty of X  if we know its past positions 1 2 1, , ,t tx x x− −  . 
Therefore it can be quantified by the asymptotic conditional entropy as 
 

1 2 1( ) lim ( , , , )H t t tt
R H X X X X− −→∞

=X                (4.21) 

 
For a stationary 1st-order Markov process, the entropy rate can be 
simplified as 1 2 1( ) lim ( ) ( )H t tt

R H X X H X X−→∞
= =X . In order to 

calculate the entropy rate, the conditional probability function in Eq. 
(4.20) is represented in the form of the transition probability ,i jp , which 

measures the probability from iv  to jv . Based on the symmetric affinity 

,i jω  in Eq. (4.19), the transition probability ,i jp  is defined as 
 

,

, ,

, ,

,:

if and

( ) 0 if and

1 if
i j
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      (4.22) 

 
where 

,
,: i k

i i kk e E
ω ω

∈
=∑  is the sum of incident weights of iv , then the 

stationary probability of iv  is calculated as 
1

V
i i kk

µ ω ω
=

= ∑ . Based on 

,i jp  and iµ , the entropy rate of the random walk on graph ( , )V A  is 
 

( ), ,( ) ( ) log ( )H i i j i j
i j

R A p A p Aµ= −∑ ∑              (4.23) 

 
The entropy rate is monotonically increasing when any edge is 
introduced to the set A , and the increase is larger if the selected edges 
form compact and homogeneous clusters (Liu et al. 2011). As shown in 
Figure 4.3, the number along the edges means the distance between 
neighbouring vertices, and each rectangle denotes the segmentation 
result which contains a connected component and five individual 



 41 

clusters. The entropy rate of Figure 4.3(a) is higher than that of Figure 
4.3(b), showing that the entropy rate rule favours generating compact 
clusters. Similarly, the entropy rate of Figure 4.3(c) is higher than that of 
Figure 4.3(d), and it shows the homogeneous clusters are preferred. 
Therefore the entropy rate of the random walk can be used to obtain the 
segmented graph ( , )V A  containing compact and homogeneous clusters. 
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Figure 4.3 Segmentation results and the corresponding entropy rate value. (adapted 
from Liu et al. (2011)) 
 
In addition, a balancing function is also applied to obtain segmented 
clusters with similar sizes. Let 1 2{ , , , }AN

s s sV V V  be the partitioned 
subsets of V  where AN  is the number of connected subgraphs. Let AZ  
be the distribution of the cluster membership, which can be obtained by 
calculating the proportion of each subgraph in the entire graph, i.e., 

( ) , 1, ,
A

i
Z s Ap i V V i N= =  . Then the balancing function is defined as 

 

( )( ) ( ) log ( )
A AZ Z A

i
B A p i p i N= − −∑                 (4.24) 

 
After combining the entropy rate term in Eq. (4.23) with the balancing 
term, the clustering objective function is represented as 
 

( ) ( ) ( )HF A R A B Aλ= +                      (4.25) 
 
where 0λ ≥  is a weighting factor. By optimizing the objective function, 
the appropriate edge set A E⊆  can be selected when the function 
achieves the highest value, and the segments are generated accordingly. 
A greedy algorithm is utilized to solve the optimization problem, and the 
procedures are described in Algorithm 4. 
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Algorithm 4: Entropy rate superpixel generation

Begin

End

  generated from    and that the number of the partitioned 

1. Calculate the similarities       between neighbouring vertices, set the number of  clusters      , and the,i jω
weight factor    .

2. Set the original subset           , and the set of remaining edges U=E.
3. For each edge          , calculate the gain of the objective function                             .
4. Find the edge    which yields the largest gain. If      is not within the connected  subgraphs which are

5. Exclude     from U , and continue from Step 3 until            .
6. Generate the final superpixel segmentation result from the edges in     .

λ

A = ∅

a U∈ ( { }) ( )F A a F A∪ −

â

â U = ∅

A

A

â
  clusters is no less than      , then add     to    .â A

AN

AN

 
 
The flowchart of the integral proposed superpixel generation method is 
illustrated in Figure 4.4. Firstly, the normalized covariance matrices and 
the span image are estimated using the SIRV model. Then, we measure 
the distance between neighbouring pixels through the steps coloured in 
blue, which play a vital role in the proposed method. Based on the 
integrated distance, the entropy rate method is utilized to achieve the 
final superpixel segmentation result. 
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Figure 4.4 Flowchart of the proposed superpixel generation method. 
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4.4 Region-Based Hierarchical Segmentation 
Superpixel generation is one kind of segmentation, which divides the 
image into many small regions. In addition, the generated superpixels can 
be further utilized for region segmentation, in which the size of the 
region is not constrained, and the adjacent regions contain different kind 
of objects or land covers. In this section, a superpixel-based framework 
is investigated for hierarchical PolSAR segmentation. The initial 
superpixels are denoted by 1 2{ , , , }nR R R , in which n  means the 
number of the superpixels. Then the PolSAR image can be represented 
by a region adjacency graph (RAG) ( , )G V A= , and V  in this section 
means the set of superpixels as vertices. A  is the sect of arcs, an arc 

i ja A∈  means the shared boundary between two adjacent superpixels 

iR  and jR . 
 
The hierarchical segmentation (Beaulieu and Touzi 2004; Qin et al. 2014) 
is a classical iterative merging algorithm, in which the two regions 
meeting a certain criterion are iteratively merged. From the statistical 
view, merging two regions yields a decrease of the energy function (or 
log-likelihood function), therefore the two adjacent regions that 
minimize the energy loss should be merged in each iteration step 
(Bombrun et al. 2011). Let i j i jR R R= ∪  be the resulted region after 

merging iR  and jR , then the energy loss caused by this merging is 

derived as ( ) ( ) ( )i j i jE E R E R E R∆ = + − . The energy ( )E ⋅  is calculated 
based on the PDF of the covariance matrix, namely 
 

( )( ) ln ( | )s R
s R

E R f
∈

=∑ C Θ                          (4.26) 

 
where s  represents a pixel, and RΘ  denotes the parameters of region R . 
As discussed in Section 2.1.4, the MLC covariance matrix follows the 
complex Wishart distribution in homogeneous areas, whereas the 
KummerU distribution can better characterize the clutter in 
heterogeneous areas with rich texture information. In addition, the PDF 
calculation based on the KummerU distribution is very time-consuming 
since it involves the KummerU function and the estimation of the 
texture parameters. In order to segment the PolSAR image with good 
accuracy and high efficiency, we propose a novel framework consisting 
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of two merging stages, i.e., the Wishart-merging stage (WMS) and the 
KummerU-merging stage (KUMS). 

 4.4.1 Wishart-Merging Stage 
Under the assumption of the Wishart distribution, we can derive the 
energy function using the PDF of MLC covariance matrix in Eq. (2.11). 
The simplified form is given by 
 

( ) ( ) ln lnw
s

s R
E R L d dL R L R

∈

= − − − ∑∑ C           (4.27) 

 
For the two adjacent superpixels iR  and jR , the energy loss can be 

obtained accordingly. Noting that the first two terms in ( )w
iE R , 

( )w
jE R  and ( )w

i jE R  will be offset, then removing the constant factor 
L  yields the final energy loss function as 
 

ln ln lnw
i j i j i j i i j jE R R R∆ = ∑ − ∑ − ∑              (4.28) 

 
When i j∑ = ∑ , the energy loss w

i jE∆  has a minimum value, zero, and it 
becomes larger if they are from different land covers. In addition, the 
edge penalty (Yu and Clausi 2008) is incorporated with the energy 
function to strengthen the merging criterion. The edge penalty function 
between iR  and jR , and the obtained merging criterion are expressed as 
 

( ){ }2

1 s

i j
i j

V K
P

s a
E e−

∈

= −∑                           (4.29) 

 
SC =

i j

w
i j i j PE Eβ∆ + ⋅                           (4.30) 

 
where β  controls the relative weight of 

i jPE  over w
i jE∆ , K  is a 

parameter determining the penalty strength, and sV  denotes the edge 
strength value of pixel s , which has been normalized. In the case of 
strong and obvious edges, the edge penalty is quite significant, thus 
preventing these two regions from being merged. Based on the merging 
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criterion in Eq. (4.30), the superpixel candidates to be merged and the 
merging condition are expressed as follows 
 

{ }( , ) SCi j i jD R R σ= ≤                            (4.31) 

 
where σ  is the threshold that determines the pairs of adjacent 
superpixels to be merged in the WMS. The WMS is the first merging 
stage, and it merges the superpixels without ambiguity, which not only 
have no obvious edge but also generate small energy loss. The merging 
criterion SC  is computationally efficient. In addition, the set D  is 
determined based on the initial superpixel partition, and the merging 
criterion SC  need not to be updated in the procedure. So the WMS can 
simultaneously merge the superpixels with high efficiency. 

 4.4.2 KummerU-Merging Stage 
The KUMS is dedicated to merging the resultant regions from the WMS, 
and the KummerU distribution is applied to calculate the energy loss 
from the statistical aspect. The KummerU energy ( )uE R  is given by 
 

{ }1

( ) ( ) ln ln

( ) ( )ln ln
( ) ( ) 1

ln ( , 1, Tr( ) / ( 1))

u
s

s R

s
s R

E R L d L R
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ξ ζ ζ ξ
ξ ζ ζ

ζ ξ ξ ζ

∈

−

∈
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   Γ + Γ +
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∑

∑

C

C

   (4.32) 

 
The last three terms can be denoted as ( | )RE R′ Θ  where RΘ  contains 
∑  and the shape parameters ( , )ξ ζ  estimated by the MoMLC method 
(Anfinsen and Eltoft 2011). Then the energy loss is derived as 
 

ln ln ln

1 ( | ) ( | ) ( | )
i j i j

u
i j i j i j i i j j

i R j R i j R

E R R R

E R E R E R
L

∆ = ∑ − ∑ − ∑

 ′ ′ ′+ + − Θ Θ Θ
      (4.33) 

 
The first three terms in Eq. (4.33) are exactly the Wishart energy loss in 
Eq. (4.28). So the rest can be viewed as the correction term introduced 
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by the texture modelling of the PolSAR data (Bombrun et al. 2011). As is 
known, the merging procedure reduces the number of the segments, 
meanwhile, the homogeneity of the retained regions should be kept. So 
the merging criterion essentially enforces the homogeneity of the newly 
merged region. In the paper, the homogeneity measurement is also 
applied in the KUMS. The coefficient of variation (CoV) (Touzi 2002; 
Yang et al. 2016) can be used as an index of homogeneity. When the two 
adjacent regions are distinct from each other, the homogeneity of the 
merged region will be significantly changed compared to that of the 
individual regions. Therefore, a factor named homogeneity penalty is 
proposed as 
 

min( , )

min( , )
i j i j

h
i j i j

H H H
F

H H H

−
=

+
                            (4.34) 

 
where H  denotes the homogeneity of a region, i.e., the CoV. Based on 
the KummerU energy loss u

i jE∆ , the edge penalty function 
i jPE  and the 

homogeneity penalty hF , the merging criterion in the KUMS is 
 

( )SC =
i j

u
i j h i j PF E Eβ⋅ ∆ + ⋅                          (4.35) 

 
The homogeneity penalty hF  is quite small when the two regions iR  and 

jR  are from the same land cover, making these two regions be merged 
first. To the contrary, when they are more distinct, the merged region is 
heterogeneous, and i jH  will be obviously different from iH  and jH . 

There, hF  penalizes more, and the merging will be constrained. 
 
The KUMS follows the iterative merging procedure using the merging 
criterion in Eq. (4.35). In each iteration step, the two regions minimizing 
the criterion SC  are merged, and the criterion SC  related to the newly 
merged region should be updated. If no halt condition is applied, the 
merging procedure may continue until the image is converged to a single 
segment, i.e., the number of regions is one. However, it is difficult to 
determine the most appropriate partition among the intermediate steps. 
As a commonly used method, the L-method (Salvador and Chan 2004) is 
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applied to set the number of regions. The merging steps of the KUMS 
are listed in Algorithm 5. 
 

Algorithm 5: KUMS iterative merging

Begin

End

1. For each pair of adjacent regions, calculate the KummerU energy loss         , the edge penalty 

function       , and the homogeneity penalty      , then obtain the merging criterion       .

3. Update the region adjacency graph RAG, and re-calculate the merging criterion         which    

4. Determine the appropriate number of the regions based on the L-method, and the final 

2. Find the minimum         , and merge the corresponding adjacent regions.

is related to the newly merged region, and continue from Step 2.

u
i jE∆

i jPE hF SCi j

SCi j

SCi j

segmentation result is obtained accordingly.

 
 
In the proposed region-based segmentation method, the two-stage 
merging procedure is applied. The WMS makes use of the Wishart 
energy and the edge penalty to merge the superpixels without ambiguity. 
It can efficiently merge the superpixels based on the determined merging 
sequence. The KUMS iteratively merges the remaining regions (i.e., the 
regions with ambiguity) by applying the doubly flexible KummerU 
distribution. The WMS accelerates the merging process, and the KUMS 
is used to improve the accuracy of the final segmentation result. 
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5 Results and Discussion 

5.1 Edge Detection 
In this section, the edge detection performance on both simulated and 
real PolSAR data sets is presented. Three existing methods, i.e., the 
traditional CFAR edge detector (denoted by ED_C) (Schou et al. 2003), 
the edge detection method applying the degenerate filter (denoted by 
ED_D) (Liu. et al. 2014), and the edge detector utilizing the SIRV model 
(denoted by ED_S) (Xiang. et al. 2016) are also implemented for 
comparison. In addition, to further evaluate the performance of the 
proposed enhanced edge detector, we also implement two composite 
methods, i.e., the method integrating DSDA window with the SIRV 
distance (DSDA_SIRV), and the method integrating DSDA window 
with the span ratio (DSDA_Span). Using the Monte Carlo method in 
(Lee and Pottier 2009), we generate two simulated PolSAR data sets with 
the size 300×300 pixel, and the corresponding Pauli images are shown in 
Figure 5.1. The first simulated image is filled with squares, whereas the 
second image contains many irregular shapes. Based on the ground truth, 
we can obtain the actual edges and evaluate the performance of different 
methods in a numerical way. Two real PolSAR data sets are selected for 
visual evaluation and comparison, including the ESAR data in 
Oberpfaffenhofen, Germany, and the EMISAR data in Foulum, 
Denmark. 
 

(b)(a)  
Figure 5.1 Simulated PolSAR data sets. The Pauli RGB images of (a) the first and (b) 
second data set. 
 
In the experiments, the common parameters fd  and fθ  are set to 1 and 

4π , respectively, and all the other parameter settings are given in Table 
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5.1. The window size configurations fl , fw  in ED_C, ED_D and xσ , 

yσ  in ED_S are set according to the original references. The coefficient 

of variation d  and the thresholds lowT  and highT  are set according to 
(Vasile et al. 2008). As to the upper limit of pixels nThre  which 
determines the size of the DSDA window, it is set as 30 according to the 
experiments on simulated PolSAR data.  
 
Table 5.1 Parameters of the edge detection methods. 

ED_C fl  9 fw  3 

ED_D fl  11 fw  5 

ED_S xσ  6.4 yσ  3.1 

Proposed 
Method 

lowT  1.66 highT  5 
d  3 nThre  30 

 5.1.1 Numerical Evaluations on Simulated PolSAR Data 
Using the simulated PolSAR data sets, we evaluate the edge detection 
performance by the means of precision-recall curve (Martin et al. 2004). 
Precision is the fraction of edge detections that are true positives rather 
than false positives, whereas recall is the fraction of true positives that 
are detected rather than missed. 
 

(b)(a)
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Figure 5.2 Numerical evaluation of different edge detection methods implemented on 
simulated PolSAR data sets. (a) The first and (b) second data set. 
 
By varying the threshold of edges, different pairs of precision-recall value 
can be obtained. Figure 5.2 shows the precision-recall curves of these 
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methods. From Figure 5.2(a) we can observe that the performance 
curves of different methods are comparable, showing that the obvious 
edges in the first dataset can be well detected based on both the fixed-
shape windows and the DSDA window. In addition, the performance of 
the DSDA_Span method is also acceptable. By incorporating the span 
information with the SIRV distance, the enhanced edge detector 
performs better than the ED_S method. For the second simulated 
dataset, the proposed method has evident superiority in terms of the 
recall, meaning that more edge pixels can be detected by the proposed 
detector. And the composite methods, i.e., the DSDA_SIRV method 
and DSDA_Span method outperform some of the reference methods. 
This superiority mainly benefits from the DSDA window, which 
adaptively selects the homogeneous pixels to estimate the region centres. 
Then in the heterogeneous areas, the local difference between two 
different land covers can also be captured by applying the DSDA 
window, whereas the response of the fixed-shape windows is restrained 
by the inhomogeneous samples. 

 5.1.2 Visual Evaluations and Comparisons on Real Datasets 
Figure 5.3(a) and (b) show the Pauli image and the span image of ESAR 
data, Figure 5.3(c) to (g) show the edge maps obtained using different 
methods. From Figure 5.3(c) and (d), we can observe that the obvious 
edges can be extracted by the ED_C and ED_D method, whereas the 
results in urban areas are not satisfactory. Figure 5.3(e) shows that the 
ED_S method can detect more edges in urban areas, and it validates the 
efficacy of the SIRV model in characterizing the data in heterogeneous 
areas. However, the edges of the buildings are incomplete and weak as 
well. From Figure 5.3(f) to (h) we can observe more spatial details in the 
edge maps, demonstrating the effectiveness of the DSDA window. By 
careful comparison, it can be found that most of the edges can also be 
detected by the composite methods (DSDA_SIRV and DSDA_Span). 
However, the edge lines in Figure 5.3(f) and (g) are not as clear as those 
in the final result, which is shown in Figure 5.3(h). By taking the 
advantages of both polarimetric information and span information, the 
proposed method achieves more satisfying detection of the edges. We 
can see that most of the edges have been detected. Moreover the edge 
strength and the contrast of the edge map are enhanced to a large extent. 
In the following experiments, the final result of the proposed method 
and the results of the reference methods (ED_C, ED_D, ED_S) will be 
presented for comparison and analysis. 
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(b)(a)

(c) (e)(d)

B

A

B

A

(f) (h)(g)  
Figure 5.3 ESAR data set and the edge detection results. (a) and (b) are the Pauli image 
and span image of ESAR data. (c) to (e) are the edge maps obtained using ED_C, 
ED_D, and ED_S, respectively. (f) to (h) are the edge maps obtained using 
DSDA_SIRV, DSDA_Span, and the proposed method, respectively. 
 
After thresholding and morphological operations, we obtain the final 
edge pixels and overlay them on the span image. The enlarged images of 
two urban areas, i.e., region A and B of Figure 5.3(a) and (b), are shown 
in Figure 5.4. From the first two columns, it can be seen that almost all 
the inner edges of the buildings are missed. In addition, the locations of 
the outline edges are inaccurate. Using the ED_S method, some of the 
inner edges are detected, whereas the performance is still limited by the 
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(b)(a) (d)(c)

(f)(e) (h)(g)  
Figure 5.4 Enlarged edge detection results with the final edge pixels overlaid on the 
span image. (a) to (d) are the results of region A obtained using ED_C, ED_D, ED_S, 
and the proposed method. (e) to (h) are the results of region B obtained using ED_C, 
ED_D, ED_S, and the proposed method. 
 
fixed-shape window. By applying the DSDA window, the proposed 
method extracts the edges very well, as shown in Figure 5.4(d) and (h). 
This is because the DSDA window can estimate the region centres 
accurately, especially in heterogeneous areas. In addition, the span ratio 
is incorporated with the SIRV distance, enhancing the dissimilarity 
between corresponding regions. Therefore the edges of tiny objects and 
those between compact buildings can also be detected. Moreover, we 
can observe that the locations of the edges are more accurate, indicating 
the efficacy of the proposed method. 
 
Figure 5.5 presents the edge detection results of EMISAR image, from 
which we can find that all the methods are able to detect the obvious 
edges between adjacent land covers, especially in natural areas. In the 
farm lands and forests, the homogeneous samples follow the complex 
Wishart distribution. Therefore, the ED_C and ED_D methods which 
apply the fixed-shape windows and the Wishart distance are effective in 
detecting the edges in natural areas. However, only a part of the edges in 
urban areas can be detected, as shown in Figure 5.5(c) and (d). From 
Figure 5.5(e) we can see that the ED_S method performs better, and 
more edges of the buildings are detected. In contrast, the edge map of 
the proposed method is further improved. 
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(b)(a)

(d)(c)

(f)(e)  
Figure 5.5 EMISAR data set and the edge detection results. (a) and (b) are the Pauli 
image and span image of EMISAR data. (c) to (f) are the edge maps obtained using 
ED_C, ED_D, ED_S, and the proposed method, respectively. 
 
In order to have a better visual effect, an area within the yellow rectangle 
of Figure 5.5(a) and (b) is selected and enlarged for comparison. And the 
corresponding results of different methods are shown in Figure 5.6, with 
the final edge pixels overlaid on the span image. The selected area is 
mainly a heterogeneous urban area, where many compactly arranged 
buildings exist. We can see that the ED_C and ED_D methods can only 
detect the outline edges of the main buildings, as shown in Figure 5.6(a) 
and (b). The ED_S method performs better, and some of the inner 
edges can also be detected. This is because the SIRV model can better 
characterise the target back-scattering in heterogeneous areas. On this 
basis, the proposed method utilizes the DSDA window and incorporates 
the span ratio with the SIRV distance, resulting in significant 
improvement of the edge detection result. As shown in Figure 5.6(d), 
most of the edges can be effectively detected, even though the edges of 
small buildings. 
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(b)(a)

(d)(c)  
Figure 5.6 Enlarged edge detection results with the final edge pixels overlaid on the 
span image. (a) to (d) are the results obtained using ED_C, ED_D, ED_S, and the 
proposed method. 

5.2 Superpixel Generation 
Figure 5.7 shows the Pauli images of the selected data sets that will be 
used for superpixel generation in this section. The yellow lines overlaid 
onto the sub-images depict the ground truth, which is obtained through 
segmenting the images by manual. 
 

(a) (b)

(c) (d)  
Figure 5.7 Experimental data sets and the ground truth. (a) ESAR data from 
Oberpfaffenhofen, Germany. (b) The enlarged area of ESAR data. (c) PiSAR data from 
Tsukuba, Japan. (d) The enlarged area of PiSAR data. 
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Figure 5.8(a) and (b) show the homogeneity map of ESAR data and the 
corresponding histogram, respectively. From the homogeneity map, we 
can see that the heterogeneous areas, including the urban areas and the 
edges, appear quite dark, whereas the homogeneous areas are with high 
value. The homogeneity value is used to set the adaptive tradeoff factor 
in the Pol-ASLIC method, and it is also used to combine the SIRV 
distance and the Wishart distance in the ER_Pol method. 
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Figure 5.8 Homogeneity map of ESAR data and corresponding histogram. (a) 
Homogeneity map. (b) Histogram of homogeneity value. 

 5.2.1 Experimental Results Using Pol-ASLIC Method 
The performance of the Pol-ASLIC method is tested on the ESAR data, 
and the method in (Liu et al. 2013) (denoted as Pol-Ncuts method) and 
the method in (Qin et al. 2015) (denoted as PolSLIC method) are also 
implemented for comparison. The number of superpixels is set as 2500, 
and the generated superpixel segments using different methods are 
shown in Figure 5.9. The red lines in Figure 5.9(a), (c) and (e) denote the 
sueprpixel boundaries. Figure 5.9(b), (d) and (f) show the representation 
maps, in which the covariance matrices in each superpixel have been 
averaged. 
 
We can see that the superpixel boundaries of Figure 5.9(a) are very 
smooth, and the shapes of the superpixels in Figure 5.9(b) are quite 
regular. In the homogeneous natural areas, the results are acceptable. 
However, the details in urban areas cannot be preserved and most of the 
urban information is lost. There are two reasons for this result. On one 
hand, the Ncuts superpixel generation method can generate very regular 
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(a) (b)

(c) (d)

(e) (f)

A

A

B

B

 
Figure 5.9 Superpixel generation results of ESAR data using different methods. (a), (c) 
and (e) are the final superpixel generation results obtained using Pol-Ncuts, PolSLIC 
and Pol-ASLIC method, respectively. (b), (d) and (f) are their respective representation 
maps. 
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superpixels whereas with low boundary adherence. On the other hand, 
the edge map obtained by the traditional CFAR edge detector does not 
work well in heterogeneous urban areas. By comparison, the results 
obtained by the PolSLIC method seem much better. On the whole, the 
superpixels in Figure 5.9(c) and (d) can represent the local characteristics, 
and most of the edges are preserved. However, there exist many noise-
like discontinuous parts in the representation map, showing that the 
superpixel boundaries are not smooth and the shapes are quite irregular. 
In this method, to well preserve the edges and points, the tradeoff factor 
which balances the polarimetric similarity and spatial proximity is set to 1. 
Therefore, the polarimetric similarity overweighs spatial proximity, 
leading to irregular superpixels. 
 
From Figure 5.9(e) and (f), we can see that the results of the Pol-ASLIC 
method are very promising. The targets and edges are well preserved, 
and the shape and regularity of the superpixels are adaptive. In 
homogeneous areas, the superpixel boundaries are very smooth and the 
shapes are quite regular. This is because in such areas, the adaptive 
tradeoff factor is high, making the spatial proximity overweigh other two 
similarities. In contrast, within heterogeneous areas, the adaptive tradeoff 
factor is low according to the homogeneity analysis. To preserve the 
detailed information, the spatial proximity is not as important as 
polarimetric and texture similarities any more. Therefore, the generated 
superpixels have irregular shapes and can well preserve the image details. 
 

(a) (b) (c) (d)

(e) (f) (g) (h)  
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Figure 5.10 Enlarged superpixel generation results of the selected areas. The first row 
presents the final superpixel generation results. (a) and (b) are the results of area A, 
obtained using PolSLIC and Pol-ASLIC method, respectively. (c) and (d) are the results 
of area B, obtained using PolSLIC and Pol-ASLIC method, respectively. The second 
row gives the corresponding representation maps. 
 
Two areas marked with yellow rectangles in Figure 5.9 are used to 
compare the results in detail, and the enlarged superpixel generation 
results are shown in Figure 5.10. We can also see that in heterogeneous 
areas, the Pol-ASLIC method can achieve better results than the 
PolSLIC method, where the building edges are clearer and the man-
made targets are better extracted. This is because the adaptive tradeoff 
factor put less emphasis on the spatial distance, and the superpixels are 
generated mainly based on the spectral similarity. In addition, the 
proposed distance measure considers more local information, such as the 
texture information. 
 

 
Figure 5.11 Boundary recall of different superpixel generation methods. 
 
The most important property of superpixel generation is the ability to 
adhere to image boundaries(Felzenszwalb and Huttenlocher 2004). To 
perform a quantitative comparison of different methods, we evaluate the 
superpixel generation performance using the boundary recall which 
measures the percentage of the real edges that fall within two pixels of a 
superpixel boundary. Therefore, high boundary recall means that few 
real edges are missed. Figure 5.11 depicts the boundary recall curves of 
three methods with the increase of the superpixel number, from which 
we can see that the Pol-Ncuts method performs the worst. The PolSLIC 
method and the Pol-ASLIC method have similar boundary recall value 
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when the superpixel number is less than 500. However, the Pol-ASLIC 
method achieves a better performance than the PolSLIC method when 
the superpixel number increases. 

 5.2.2 Experimental Results Using ER_Pol Method 
In the ER_Pol method, the parameters in Algorithm 4, i.e., the weight 
factor λ  and the kernel bandwidth Dσ  are set to 0.4 and 4, respectively. 
They are the values that optimize the segmentation quality, which is 
quantified in terms of boundary recall. Using the ESAR data, the 
generated superpixel segments of the PolSLIC and ER_Pol method are  
 

B

A

(b)(a)

(d)(c)

A

B

 
Figure 5.12 Superpixel generation results of ESAR data using PolSLIC and the 
proposed method. (a) and (b) are the final superpixel generation results obtained using 
PolSLIC and the proposed method, respectively. (c) and (d) are the respective 
representation maps of (a) and (b). 
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shown in Figure 5.12(a) and (b), with the red lines denoting the 
superpixel boundaries. Figure 5.12(c) and (d) show their respective 
representation maps. From Figure 5.12(a) and (c), we can see that the 
superpixel generation results obtained using PolSLIC are basically 
satisfactory. In contrast, the superpixel generation results of the ER_Pol 
method are better, providing smoother approximations of the image and 
more local details as well, as shown in Figure 5.12(d). 
 

 
Figure 5.13 Enlarged superpixel generation results of the selected areas. The first row 
presents (a) the Pauli image of area A, and the corresponding segmentation results 
obtained using (b) ER_SIRV, (c) PolSLIC and (d) the ER_Pol method. The second 
row presents (e) the Pauli image of area B, and the corresponding segmentation results 
obtained using (f) ER_Wishart, (g) PolSLIC and (h) the ER_Pol method. 
 
Two areas within the yellow rectangles are enlarged for comparison. 
Figure 5.13(a) shows the Pauli image of area A, which is mainly a 
homogeneous area. The corresponding superpixel results obtained using 
PolSLIC and the ER_Pol method are shown in Figure 5.13(c) and (d), 
respectively. We can see that the segments in Figure 5.13(d) are more 
regular than that in Figure 5.13(c). Moreover, the shapes of the man-
made objects in the top-right corner are better preserved, and more 
compliant with reality. Figure 5.13(e) shows the Pauli image of area B, 
which is a heterogeneous urban area, and the detailed superpixel results 
of PolSLIC and the ER_Pol method are shown in Figure 5.13(g) and (h), 
respectively. By comparison, the ER_Pol method is more capable of 
detecting and preserving the local details, such as the isolated man-made 
objects in the red ellipse. It is because the SIRV distance is used to 
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measure the local difference in heterogeneous areas, and it can better 
distinguish different land covers in urban scenes than the Wishart 
distance. However the PolSLIC method is carried out based on the 
Wishart assumption, which is usually violated in heterogeneous urban 
areas. From Figure 5.13(g), we can see that a part of the isolated objects 
are merged into neighbouring superpixels. 
 
The ER_Pol superpixel generation method is based on the entropy rate 
framework and the integration of the Wishart distance and the SIRV 
distance. In order to validate the advantage of the integrated distance 
over the onefold distances, we also implement the entropy rate 
framework with the SIRV distance (denoted as ER_SIRV method) and 
the Wishart distance (denoted as ER_Wishart method) respectively. 
Using the ER_SIRV method, the segmentation result of area A is shown 
in Figure 5.13(b), from which we find that the man-made objects in the 
top are well preserved. However, some segments in the homogeneous 
vegetation areas are inconsistent with the actual situation. As shown in 
the red rectangle of Figure 5.13(b), the horizontal edge is distorted and 
unclear. However, the ER_Pol method can preserve the edges well by 
utilizing the Wishart distance in homogeneous areas, as shown in Figure 
5.13(d). Figure 5.13(f) gives the result of area B using the ER_Wishart 
method. It can be seen that some local details are lost, as shown in the 
urban areas marked with red ellipse. However the ER_Pol method 
solves this problem by applying the SIRV distance in heterogeneous 
areas. The experimental results and analyses demonstrate that the 
ER_Pol method can overcome the shortages of the Wishart distance and 
the SIRV distance by combining them together, and therefore achieve 
promising results in both homogeneous areas and heterogeneous areas. 
 
Based on the ground truth data in Figure 5.7(b), we obtain the boundary 
recall curves of different methods with increasing number of superpixels, 
as shown in Figure 5.14. PolSLIC and the ER_Wishart method achieve 
comparative performance when the number of superpixels is over 2000. 
However, the ER_Wishart method performs better with small number 
of superpixels, and this phenomenon can also be observed in regard to 
the ER_SIRV method and the ER_Pol method. This is because the 
entropy rate method generates superpixels in a globally optimized way, 
and it can obtain superpixels whose size is consistent with the local detail 
level and its scale. This advantage becomes more prominent when the 
number of superpixels is small. Based on the entropy rate framework, 
the proposed method can better preserve the edges by utilizing the 
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integrated distance, therefore its performance is further improved. The 
main contribution of superpixel segmentation lies in that it can 
significantly accelerate subsequent processing tasks. It therefore 
strengthens the applicative value of the proposed method that it 
performs well with a limited number of superpixels. 
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Figure 5.14 Numerical evaluation of superpixel generation performance. 
 

(a) (b)

(c) (d)  
Figure 5.15 Superpixel generation results of PiSAR data using PolSLIC and the 
ER_Pol method. (a) and (b) are the final superpixel results of PolSLIC and the 
proposed method, respectively. (c) and (d) show the enlarged representation maps of 
the selected area in (a) and (b). 
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Figure 5.15 provides the superpixel generation results of PiSAR data, 
with the number of superpixels being 2000. From Figure 5.15(a) and (b), 
we find that most of the real edges are overlaid with the superpixel 
boundaries, meaning that both PolSLIC and the ER_Pol method can 
preserve the local details and obtain good superpixel segmentation 
results. The area in the yellow square is selected for detail comparison, 
and the corresponding representation maps are shown in Figure 5.15(c) 
and (d). We can see that the superpixels in homogeneous areas of Figure 
5.15(d) are more regular than that in Figure 5.15(c), as marked in the red 
ellipse. In addition, the proposed method utilizes the SIRV distance in 
heterogeneous areas and therefore is able to capture more details. 
Compared with Figure 5.15(c), we can find more objects with small sizes 
in the red square of Figure 5.15(d). Based on the ground truth, the 
boundary recall values of PolSLIC and the ER_Pol method are obtained 
as 0.83 and 0.87, respectively. 

 5.2.3 Comparison of the Two Superpixel Generation 
Methods 

Two areas of ESAR dada are selected for detailed comparison of the 
proposed superpixel generation methods, i.e., Pol-ASLIC and ER_Pol 
method. Figure 5.16 shows the superpixel generation results of area A, 
which is a heterogeneous urban area containing many man-made 
buildings. From Figure 5.16(a) and (b) we can see that the superpixels 
adhere to image boundaries well and most of the local details can be 
preserved by these two methods. However, by careful comparison, more 
superpixel boundaries can be found in Figure 5.16(a), indicating that 
more refined structures can be maintained by the Pol-ASLIC method. 
And this phenomenon can be directly observed in the representation 
maps, i.e., Figure 5.16(c) and (d). For example, except for the isolated 
objects in the red ellipse of Figure 5.16(d), the Pol-ASLIC method can 
also detect and preserve some more small objects, as shown in Figure 
5.16(c). This is because that the Pol-ASLIC method utilizes the k-means 
clustering framework which considers the pixel local information. 
 
Figure 5.17 presents the superpixel results of area B, which is mainly a 
natural area. We can see that the Pol-ASLIC method generates very 
regular superpixels in the natural areas, and the obtained square 
segments are satisfying under many circumstances, especially within one 
kind of vegetation or natural land cover. However, in the adjacent area 
between two kinds of natural land covers, the superpixel boundaries 
cannot adhere well to the true edges. As marked with the red ellipse in 
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(b)(a)

(d)(c)  
Figure 5.16 Enlarged superpixel generation results of area A. (a) and (b) are the 
superpixel results obtained by Pol-ASLIC and ER_Pol method, respectively. (c) and (d) 
present the corresponding representation maps. 
 
Figure 5.17(c), there’s an obvious zigzag effect caused by the very regular 
superpixels, and two reasons account for this effect. On one hand, the 
SIRV model is more suitable for non-Gaussian areas, whereas less 
effective in homogeneous natural areas. On the other hand, the tradeoff 
factor which balances the spatial proximity and spectral similarity is high 
in homogeneous areas, reducing the significance of the polarimetric 
information. Then the obtained superpixels are very regular based on the 
spatial constraint. As to the ER_Pol method, it utilizes the Wishart 
distance in homogeneous areas, and the obtained superpixels are more 
consistent with reality, as shown in Figure 5.17(d). 
 
Figure 5.18(a) and (b) show the size map of the superpixels generated by 
Pol-ASLIC and ER_Pol method, respectively. In Figure 5.18(a), the 
superpixels with medium size are mostly distributed in homogeneous 
areas, and the superpixels with large size and small size are mainly 
located in heterogeneous areas. However, with the ER_Pol method, the 
small superpixels are mainly located in heterogeneous areas, which can 
be seen in Figure 5.18(b). Therefore, in the complex heterogeneous areas, 
the local details can be characterized by many disjoint small superpixels. 
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(a) (b)

(c) (d)  
Figure 5.17 Enlarged superpixel generation results of area B. (a) and (b) are the 
superpixel results obtained by Pol-ASLIC and ER_Pol method, respectively. (c) and (d) 
present the corresponding representation maps. 
 

Large

Small
(a) (b)  

Figure 5.18 Size map of the superpixels obtained by (a) Pol-ASLIC and (b) ER_Pol 
method. 
 
To the contrary, the generated superpixels in homogeneous areas are 
with large size, providing smooth representation of the land covers. The 
homogeneity-adaptivity in different areas arises from the segmentation 
procedure of the entropy rate method, which generates superpixels in a 
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globally optimized way. When the number of superpixels is small, the 
advantage of homogeneity-adaptivity becomes more prominent, and the 
generated superpixels can better preserve the boundaries and details in 
such case. 
 
Table 5.2 provides the execution time of the Pol-ASLIC and ER_Pol 
method. All the experiments are executed on a desktop with an Intel 
Core i7-4790 CPU of 3.6 GHz and 32 GB memory. Overall, the Pol-
ASLIC method takes much less time than the ER_Pol method. For the 
ER_Pol method, the time costs of the distance calculation procedure 
and the entropy rate segmentation procedure are also listed. We can see 
that the entropy rate segmentation procedure is computationally efficient, 
whereas the distance calculation procedure takes much time, which 
occupies most of the execution time of the ER_Pol method. It should be 
noted that when implementing segmentation with different superpixel 
numbers, e.g., multi-scale segmentation, the Pol-ASLIC method should 
execute the entire procedure which involves k-means clustering and 
repetitive calculation of SIRV distance. However, for the ER_Pol 
method, it just needs to execute the entropy rate segmentation procedure 
based on the calculated distance, and it is more efficient than the Pol-
ASLIC method. 
 
Table 5.2 Execution time comparison of Pol-ASLIC and ER_Pol method (in seconds) 

 Pol-
ASLIC 

ER_Pol 
Distance 

Calculation 
Enropy Rate 
Segmentation Total 

ESAR 40 93 11 104 
PiSAR 15 27 4 31 

 
Based on the comparisons and analyses presented above, we can draw 
the conclusions as following: 
 
(1) The Pol-ASLIC method can better preserve the local details and 

refined structures in heterogeneous areas than the ER_Pol method. 
And it can also generate regular superpixels in homogeneous natural 
areas. However, this regular partition is not satisfactory in some cases. 

(2) The ER_Pol method can obtain homogeneity-adaptive segmentations, 
i.e., small superpixels in heterogeneous areas and large superpixels in 
homogeneous areas. This advantage is more prominent when the 
number of superpixels is smaller. 
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(3) Generally, the Pol-ASLIC method is more computationally efficient 
than the ER_Pol method. However, the ER_Pol method can achieve 
faster execution in case of multi-scale segmentation. 

5.3 Region-Based Hierarchical Segmentation 
In this section, the experimental results of the proposed region-based 
segmentation method are presented. The selected PolSAR data set is a 
subset of the ESAR data, and the region size is 510×530. Figure 5.19(a) 
shows the Pauli image, and Figure 5.19(b) presents the initial superpixel 
segmentation result of the ESAR data. It can be seen that there are many 
different kinds of land covers in this area, including man-made buildings, 
forests, farm lands, and so on. So this area contains the information of 
varied textures. For the purpose of numerical evaluation and comparison, 
the ground truth map is obtained by manual segmentation. 
 

(a) (b)  
Figure 5.19 ESAR PolSAR image from Oberpfaffenhofen in Germany. (a) Pauli 
decomposition image with the yellow lines depicting the ground truth. (b) The 
superpixel segmentation result of ESAR data. 
 
The parameters of the proposed segmentation method are set as follows. 
The weighting factor β  of the edge penalty function is set to 5 
according to (Yu et al. 2012). The threshold σ  in Eq. (4.31) is adaptively 
determined so that a certain proportion of the superpixels can be merged 
in the WMS. In the experiments, 50% of the initial superpixels are 
efficiently merged in the first stage, eliminating approximately 50% pairs 
of adjacent superpixels. In the KUMS, the only parameter is the region 
number of the final segmentation result, and it is set using the L-method. 
The classical hierarchical segmentation schemes, i.e., iterative merging 
based on the Wishart criterion (hereafter refer to as IM-Wishart) and 
iterative merging based on the KummerU criterion (IM-KummerU) are 
also implemented for comparison. 
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The proposed region-based segmentation method first merges the 
adjacent superpixels without ambiguity based on the Wishart energy loss 
and the edge penalty. Figure 5.20(a) shows the segmentation result after 
the WMS. It can be clearly seen that a majority of superpixels within the 
homogeneous areas have been merged in this stage. And the remaining 
superpixels are located in the residential areas or along the edges shown 
in Figure 5.20(b). In addition, Figure 5.20(c) illustrates the edge penalty 
map in which the value of the superpixel boundaries is set as the edge 
penalty strength between the corresponding superpixels. We can see that 
edge penalty in heterogeneous areas is prominent due to the obvious 
edges. To the contrary, the edge penalty in homogeneous areas is quite 
weak. Therefore, the edge penalty term will refrain merging the 
superpixels that are from different land covers, and it exerts little effect 
in homogeneous areas. Based on the Wishart energy loss and the edge 
penalty, the WMS can effectively merge the neighbouring superpixels 
without ambiguity, and leave the regions in the heterogeneous areas to 
the KUMS. 

(a) (b) (c)
Figure 5.20 Representation of the intermediate results of ESAR data. (a) Segmentation 
result after the WMS. (b) Edge detection result. (c) The edge penalty map with the 
boundary value set as the edge penalty between neighbouring superpixels. 

 5.3.1 Visual Evaluations and Comparisons 
Before presenting the final segmentation results, the optimal region 
number is obtained at first. In the iterative merging procedure, the total 
energy of each intermediate partition can be easily calculated. Figure 
5.21(a) and (b) illustrate the energy function of the last 350 merging steps, 
using IM-Wishart method and IM-KummerU method, respectively. With 
the decrease of the region number, the energy function changes slightly, 
and then drops drastically in the end. The knee of the curve corresponds 
to the optimal number of the regions. The small area around the knee is 
selected and enlarged for careful inspection. Using the L-method, the 
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optimal region number based on the Wishart criterion is obtained as 22, 
and it is consistent with the knee position, as marked with the red circle 
in Figure 5.21(a). Similarly, the estimated region number based on the 
KummerU criterion is 37. The optimal region number denotes the point 
after which the adjacent regions are obviously different that they should 
not be merged any longer. Considering the estimated region number of 
the KummerU criterion is larger than that of the Wishart criterion, it can 
be inferred that the KummerU criterion can better distinguish the 
difference between the adjacent regions. For the sake of fairness, the 
region numbers of all the three methods are set as 37. 
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(a) (b)  
Figure 5.21 The energy function of the intermediate partitions based on the (a) 
Wishart criterion and (b) KummerU criterion. 
 
Given the optimal region number, the proposed method iteratively 
merges the adjacent similar regions based on the intermediate partition 
from the WMS. Whereas IM-Wishart and IM-KummerU execute the 
iterative merging based on the initial superpixel partition. Figure 5.22(a) 
to (c) show the final segmentation maps of IM-Wishart, IM-KummerU, 
and the proposed method, respectively. Overall, the results of these 
three methods are satisfactory, since most of the superpixels in 
homogeneous areas are merged and the obviously different land covers 
are retained. Figure 5.22(d) to (f) give the representation maps of the 
segmented results. The segments in all the three maps are similar in 
shape, however, we can also observe some discrepancies that arise from 
the different merging strategies of the methods. By comparison, the 
methods using the KummerU criterion (IM-KummerU and the 
proposed method) can better discriminate the different land covers and 
prevent them from being merged. As marked with a red square in the 
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top right corner, area A1 of Figure 5.22(e) and (f) is more Consistent 
with the reality than that of Figure 5.22(d). Area A2 also contains several 
land cover types, in which a region coloured dark blue is located in the 
right side, as shown in Figure 5.22(e) and (f). However, this region is 
merged together with its neighbouring segment in Figure 5.22(d). For the 
IM-Wishart method, only the determinant of the centre covariance 
matrix is used. And both the structure of the covariance matrix and the 
texture of the clutter are ignored (Bombrun et al. 2011). By contrast, the 
 

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)
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A1

B1
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A1 A1

B1 B1

B2 B2

 
Figure 5.22 Comparison of the segmentation results of ESAR data. The first, second, 
and the third column show the results of IM-Wishart, IM-KummerU, and the 
proposed method, respectively. (a) to (c) are the final segmentation results, and the red 
lines depict the boundaries of the segmented regions. (d) to (f) give the corresponding 
representation maps. (g) to (i) show the enlarged images of area B1 and B2. 
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KummerU criterion takes the texture information into account, and 
employs the full information of the covariance matrices. Therefore it can 
better distinguish between regions that generate little Wishart energy loss 
whereas have different textural properties. 
 
In addition to the KummerU criterion, the KUMS of the proposed 
method also applies the edge penalty function and the homogeneity 
penalty to guide the merging process. Since the homogeneity penalty 
term advocates merging the homogeneous regions and it penalizes more 
when the two adjacent regions are more distinct, then the different land 
covers can be better preserved. As shown in Figure 5.22(f), the object in 
the middle of area A2 is preserved, whereas it is merged into the forest 
in Figure 5.22(d) and (e). Area B1 and B2 are two complex residential 
areas where several kinds of land covers exist. Figure 5.22(g) to (i) are the 
enlarged representation maps of B1 (left side) and B2 (right side). 
Compared with Figure 5.19(g) and (h), we can see that Figure 5.22(i) 
contains more details of the land covers, especially the man-made 
buildings which are coloured pink. These experimental results visually 
demonstrate the effectiveness of the proposed method. 

 5.3.2 Numerical Evaluations 
The precision-recall framework is adopted to numerically evaluate the 
segmentation performance. As explained in Section 5.1.1, the idea is to 
compare the boundary pixels of the obtained partitions with that of the 
ground-truth maps. Figure 5.23 presents the precision-recall curves of 
different methods, and the grey lines represent the Iso-F curves. The F 
value is defined as 2 Precision Recall (Precision Recall)F = ⋅ ⋅ + . In the 
procedure of iterative merging, the precision and recall values can be 
obtained based on the intermediate partitions. For most of the early 
merging steps, the merged regions are within homogeneous areas, then 
the overall detected boundaries decrease whereas the detected true 
boundaries remain the same, therefore the recall changes slightly and the 
precision increases gradually. When the merged regions are from 
different land covers, the true boundaries between them cannot be 
detected, and the recall is reduced. This phenomenon is more obvious 
with regard to the last merging steps, which cause serious under-
segmentations. It can be seen that the proposed method achieves higher 
precision and recall values than the other two methods. And the 
maximum F-measure of the proposed method is higher than that of IM-
Wishart by 0.35 and IM- KummerU by 0.09. 
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Figure 5.23 Precision-recall curves of different methods. 
 
Table 5.3 lists the time costs of different methods. The efficiency of the 
segmentation methods depends not only on the statistical model that 
adopted, but also on the segmentation strategy. Since IM-Wishart and 
IM-KummerU implement the iterative merging from the initial 
superpixel partition, these two methods take quite long time. In addition, 
IM-KummerU involves estimating the texture parameters and the 
calculation of the complex KummerU function, therefore it takes more 
time than IM-Wishart. As to the proposed method, the WMS is first 
carried out to simultaneously merge the superpixels without ambiguity. 
And the WMS is highly efficient in processing that it takes only several 
seconds. The iterative merging of the KUMS is operated on the resultant 
regions from the WMS, then the time cost can be significantly reduced 
compared to iterative merging from the initial partition. Using the two-
stage merging scheme, the total time cost of the proposed method is 
shorter than that of IM-Wishart and IM-KummerU. 
 
Table 5.3 Time consumption comparison of different PolSAR segmentation methods 
(in seconds) 

 IM-
Wishart 

IM-
KummerU 

The proposed method 
WMS KUMS Total 

ESAR 583.62 857.83 5.87 347.36 353.23 
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6 Conclusions and Future Research 

6.1 Conclusions 
This thesis investigated the extraction of typical spatial information from 
PolSAR data, with the research topics consisting of edge detection, 
superpixel generation, and region-based segmentation. Although the 
complex Wishart distribution has been widely applied, its applicability 
should be reconsidered for high resolution PolSAR data, especially for 
heterogeneous areas. The research found that the spatial details can be 
better preserved and accurately extracted by applying more sophisticated 
statistical models, i.e. SIRV model and KummerU distribution in the 
thesis. In addition, the flexible and spatially adaptive frameworks are also 
helpful to extract the spatial information in different areas. Considering 
the objectives of the research, specific conclusions can be drawn. 
 
To overcome the limitation of the fixed-shape windows in 
heterogeneous areas, the DSDA window was proposed which can 
adaptively select the i.i.d. samples. Then a new PolSAR edge detector 
was developed by applying the SIRV model and the DSDA window. In 
addition, the span ratio was combined with the SIRV distance to 
improve the reliability and robustness of the proposed method. The 
experimental results on simulated data, ESAR data and EMISAR data 
demonstrated the superiority of the proposed method over the classical 
methods. In addition to the obvious edges, the tiny and inconspicuous 
edges in heterogeneous areas can also be extracted (Paper 1). 
 
Based on the local iterative clustering framework, an adaptive PolSAR 
superpixel generation method was proposed. Multiple clues including 
polarimetric information, texture information, and spatial information 
were combined in the distance measure, making it more effective to 
cluster pixels since more local information is considered. Moreover, the 
tradeoff factor was adaptively set according to the homogeneity 
measurement. The performance of the Pol-ASLIC method was 
demonstrated with both visual presentation and quantitative evaluation. 
The superpixel generation results showed that the Pol-ASLIC method 
can effectively balance over segmentation and under segmentation, and 
better preserve the local details in heterogeneous areas (Paper 2). 
 
Based on the entropy rate global optimization framework and the 
integrated distance measure, a new superpixel generation method was 
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proposed for PolSAR data. The method can effectively measure the 
distance between neighbouring pixels by exploiting the statistical 
information. The SIRV distance was combined with the Wishart distance 
through a homogeneity measurement. Then the combined distance takes 
advantage of the SIRV model, and also makes good use of the Gaussian 
model, which suits homogeneous regions well. Compared with the Pol-
ASLIC method, the proposed ER_Pol method can generate superpixels 
in a homogeneity-adaptive manner, which contributes to smooth 
representation of the land covers in homogeneous areas, and good 
preservation of the local details in heterogeneous areas. In addition, this 
advantage is more prominent when the number of superpixels is smaller 
(Paper 3). 
 
Using the generated superpixels, a region-based segmentation method 
was proposed which follows a flexible two-stage merging strategy. The 
WMS applied the Wishart energy loss and the edge penalty to 
simultaneously merge the regions without ambiguity. After that, more 
efforts were made in the KUMS to accurately merge the regions with 
ambiguity. The KummerU distribution was adopted to characterize these 
regions which are mostly located in heterogeneous areas. The KummerU 
energy loss, together with the edge penalty and the proposed 
homogeneity penalty were applied to guide the merging procedure. The 
efficiency and effectiveness of the proposed method were demonstrated 
in the experiments, with both visual presentation and numerical 
evaluation (Paper 4). 

6.2 Future Research 
This thesis focuses on spatial information extraction from PolSAR data, 
especially with edge detection and region generation. To further improve 
the extraction accuracy and employ the spatial information in specific 
PolSAR applications, the following topics will be investigated in the 
future. 
 
(1) Besides the edges and regions, texture measures that describe the 

pattern in the spatial domain should also be investigated, especially 
for high resolution PolSAR data. Texture analysis is complementary 
to the statistical modelling and scattering decompositions, and is 
helpful to the LULC classification since texture differences exist 
among various land covers. 
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(2) Object-based PolSAR classification needs to be investigated. Object-
based processing can reduce the effect of speckle noise by applying 
the contextual information inherent in the segmented regions, and it 
is also efficient in calculation. Feature extraction and dimension 
reduction techniques also should be studied to reduce information 
redundancy. 

 
(3) Future research will also investigate the use of multi-temporal 

PolSAR data for spatial information extraction. The stable 
information can be better extracted by exploring the abundant 
information of long-term observations. In addition, the changes can 
also be extracted by comparing the dual or multiple data sets. 



 76 

  



 77 

References 
Achanta, Radhakrishna, Appu Shaji, Kevin Smith, Aurelien Lucchi, 

Pascal Fua, and Sabine Susstrunk. 2012. "SLIC superpixels 
compared to state-of-the-art superpixel methods." IEEE 
Transactions on Pattern Analysis and Machine Intelligence 34 
(11):2274-82. 

Akbari, V., A. P. Doulgeris, G. Moser, T. Eltoft, S. N. Anfinsen, and 
S. B. Serpico. 2013. "A Textural-Contextual Model for 
Unsupervised Segmentation of Multipolarization Synthetic 
Aperture Radar Images."  IEEE Transactions on Geoscience 
and Remote Sensing 51 (4):2442-53. doi: 
10.1109/TGRS.2012.2211367. 

Alonso-González, A., C. López-Martínez, and P Salembier. 2012. 
"Filtering and segmentation of polarimetric SAR data based on 
binary partition trees."  IEEE Transactions on Geoscience and 
Remote Sensing 50 (2):593-605. 

An, D., X. Huang, T. Jin, and Z. Zhou. 2012. "Extended Two-Step 
Focusing Approach for Squinted Spotlight SAR Imaging."  
IEEE Transactions on Geoscience and Remote Sensing 50 
(7):2889-900. doi: 10.1109/TGRS.2011.2174460. 

An, W., Y. Cui, and J. Yang. 2010. "Three-component model-based 
decomposition for polarimetric SAR data."  IEEE 
Transactions on Geoscience and Remote Sensing 48 (6):2732-
9. 

Anfinsen, S. N., and T. Eltoft. 2011. "Application of the Matrix-
Variate Mellin Transform to Analysis of Polarimetric Radar 
Images."  IEEE Transactions on Geoscience and Remote 
Sensing 49 (6):2281-95. doi: 10.1109/TGRS.2010.2103945. 

Anfinsen, Stian Normann. 2010. "Statistical Analysis of Multilook 
Polarimetric Radar Images with the Mellin Transform." 
University of Tromsø. 

Anfinsen, Stian Normann, Anthony P Doulgeris, and Torbjørn Eltoft. 
2009. "Estimation of the equivalent number of looks in 
polarimetric synthetic aperture radar imagery."  IEEE 
Transactions on Geoscience and Remote Sensing 47 
(11):3795-809. 

Anfinsen, Stian Normann, Robert Jenssen, and Torbjørn Eltoft. 2007. 
Spectral clustering of polarimetric SAR data with Wishart-



 78 

derived distance measures. Paper presented at the Proc. 
POLinSAR. 

Antropov, O. 2014. "Land cover and forest mapping in boreal zone 
using polarimetric and interferometric SAR data." Aalto 
University. 

Antropov, O., Y. Rauste, and T Hame. 2011. "Volume scattering 
modeling in PolSAR decompositions: Study of ALOS 
PALSAR data over boreal forest."  IEEE Transactions on 
Geoscience and Remote Sensing 49 (10):3838-48. 

Beaulieu, J. M., and R. Touzi. 2004. "Segmentation of textured 
polarimetric SAR scenes by likelihood approximation."  IEEE 
Transactions on Geoscience and Remote Sensing 42 
(10):2063-72. doi: 10.1109/TGRS.2004.835302. 

Benz, U., and E. Pottier. 2001. Object based analysis of polarimetric 
SAR data in alpha-entropy-anisotropy decomposition using 
fuzzy classification by eCognition. Paper presented at the 
IEEE 2001 International Geoscience and Remote Sensing 
Symposium, 2001. 

Bombrun, L., and J. M. Beaulieu. 2008. "Fisher distribution for 
texture modeling of Polarimetric SAR data."  IEEE 
Geoscience and Remote Sensing Letters 5 (3):512-6. doi: 
10.1109/LGRS.2008.923262. 

Bombrun, L., G. Vasile, M. Gay, and F Totir. 2011. "Hierarchical 
segmentation of polarimetric SAR images using heterogeneous 
clutter models."  IEEE Transactions on Geoscience and 
Remote Sensing 49 (2):726-37. 

Brown, W.M. 1967. "Synthetic aperture radar."  IEEE Transactions 
on Aerospace and Electronic Systems 3 (2):217-29. 

Cameron, W., and L. Leung. 1990. Feature motivated polarization 
scattering matrix decomposition. Paper presented at the IEEE 
International Radar Conference 1990. 

Cao, F., W. Hong, Y. Wu, and E. Pottier. 2007. "An unsupervised 
segmentation with an adaptive number of clusters using the 
SPAN/H/α/A space and the complex Wishart clustering for 
fully polarimetric SAR data analysis."  IEEE Transactions on 
Geoscience and Remote Sensing 45 (11):3454–67. 

Chen, J., Y. Chen, W. An, Y. Cui, and J. Yang. 2011. "Nonlocal 
Filtering for Polarimetric SAR Data: A Pretest Approach."  
IEEE Transactions on Geoscience and Remote Sensing 49 
(5):1744-54. doi: 10.1109/TGRS.2010.2087763. 



 79 

Chen, J., J. Li, D. Pan, Q. Zhu, and Z. Mao. 2012. "Edge-Guided 
Multiscale Segmentation of Satellite Multispectral Imagery."  
IEEE Transactions on Geoscience and Remote Sensing 50 
(11):4513-20. doi: 10.1109/TGRS.2012.2194502. 

Chen, Q., G. Kuang, J. Li, L. Sui, and D. Li. 2013. "Unsupervised 
Land Cover/Land Use Classification Using PolSAR Imagery 
Based on Scattering Similarity."  IEEE Transactions on 
Geoscience and Remote Sensing 51 (3):1817-25. doi: 
10.1109/TGRS.2012.2205389. 

Chen, S. W., and M. Sato. 2013. "Tsunami damage investigation of 
built-up areas using multi-temporal spaceborne full 
polarimetric SAR images."  IEEE Transactions on Geoscience 
and Remote Sensing 51 (4):1985-97. 

Chen, S. W., X. S. Wang, S. P. Xiao, and M. Sato. 2014. "General 
Polarimetric Model-Based Decomposition for Coherency 
Matrix."  IEEE Transactions on Geoscience and Remote 
Sensing 52 (3):1843-55. doi: 10.1109/TGRS.2013.2255615. 

Chen., S. W., Y. Z. Li, X. S. Wang, S. P. Xiao, and M. Sato. 2014. 
"Modeling and Interpretation of Scattering Mechanisms in 
Polarimetric Synthetic Aperture Radar: Advances and 
perspectives."  IEEE Signal Processing Magazine 31 (4):79-
89. doi: 10.1109/MSP.2014.2312099. 

Christensen, E. L., N. Skou, J. Dall, K. W. Woelders, J. H. Jorgensen, 
J. Granholm, and S. N. Madsen. 1998. "EMISAR: an 
absolutely calibrated polarimetric L- and C-band SAR."  IEEE 
Transactions on Geoscience and Remote Sensing 36 (6):1852-
65. doi: 10.1109/36.729356. 

Cloude, S. R. 1986. "Group-Theory and Polarization Algebra."  Optik 
75 (1):26-36. 

Cloude, S. R., and E. Pottier. 1997. "An entropy based classification 
scheme for land applications of polarimetric SAR."  IEEE 
Transactions on Geoscience and Remote Sensing 35 (1):68-78. 

Cloude, SR. 2009. Polarisation: applications in remote sensing. 
Oxford: Oxford University Press. 

Cloude, SR, and E Pottier. 1996. "A review of target decomposition 
theorems in radar polarimetry."  IEEE Transactions on 
Geoscience and Remote Sensing 34 (2):498-518. 

Comaniciu, D., and P. Meer. 2002. "Mean shift: a robust approach 
toward feature space analysis."  IEEE Transactions on Pattern 



 80 

Analysis and Machine Intelligence 24 (5):603-19. doi: 
10.1109/34.1000236. 

Cui, Y., Y. Yamaguchi, and J. Yang. 2014. "On complete model-
based decomposition of polarimetric SAR coherency matrix 
data."  IEEE Transactions on Geoscience and Remote Sensing 
52 (4):1991-2001. 

Cumming, Ian G., and Frank Hay-chee Wong. 2005. Digital 
processing of synthetic aperture radar data : algorithms and 
implementation, Artech House remote sensing library. Boston: 
Artech House. 

Deledalle, C. A., L. Denis, F. Tupin, A. Reigber, and M. Jäger. 2015. 
"NL-SAR: A Unified Nonlocal Framework for Resolution-
Preserving (Pol)(In)SAR Denoising."  IEEE Transactions on 
Geoscience and Remote Sensing 53 (4):2021-38. doi: 
10.1109/TGRS.2014.2352555. 

Deng, Xinping, Carlos López-Martínez, Jinsong Chen, and Pengpeng 
Han. 2017. "Statistical Modeling of Polarimetric SAR Data: A 
Survey and Challenges."  Remote Sensing 9 (4):348. 

Doulgeris, A. P. 2015. "An automatic-distribution and Markov 
Random Field segmentation algorithm for PolSAR images."  
IEEE Transactions on Geoscience and Remote Sensing 53 
(4):1819-27. 

Doulgeris, A. P., S. N. Anfinsen, and T. Eltoft. 2008. "Classification 
with a Non-Gaussian model for PolSAR Data."  IEEE 
Transactions on Geoscience and Remote Sensing 46 
(10):2999-3009. doi: 10.1109/TGRS.2008.923025. 

Doulgeris, A. P., Stian Normann Anfinsen, and T. Eltoft. 2011. 
"Automated Non-Gaussian Clustering of Polarimetric 
Synthetic Aperture Radar Images."  IEEE Transactions on 
Geoscience and Remote Sensing 49 (10):3665-76. doi: 
10.1109/TGRS.2011.2140120. 

Ersahin, Kaan, Ian G Cumming, and Rabab K Ward. 2010. 
"Segmentation and classification of polarimetric SAR data 
using spectral graph partitioning."  IEEE Transactions on 
Geoscience and Remote Sensing 48 (1):164-74. 

Felzenszwalb, Pedro F, and Daniel P Huttenlocher. 2004. "Efficient 
graph-based image segmentation."  International journal of 
computer vision 59 (2):167-81. 

Feng, Jilan, Zongjie Cao, and Yiming Pi. 2014. "Polarimetric 
Contextual Classification of PolSAR Images Using Sparse 



 81 

Representation and Superpixels."  Remote Sensing 6 (8). doi: 
10.3390/rs6087158. 

Ferro-Famil, L., E. Pottier, and JS Lee. 2001. "Unsupervised 
classification of multifrequency and fully polarimetric SAR 
images based on the H/A/Alpha-Wishart classifier."  IEEE 
Transactions on Geoscience and Remote Sensing 39 
(11):2332-42. 

Formont, P., F. Pascal, G. Vasile, J. P. Ovarlez, and L. Ferro-Famil. 
2011. "Statistical Classification for Heterogeneous 
Polarimetric SAR Images."  IEEE Journal of Selected Topics 
in Signal Processing 5 (3):567-76. doi: 
10.1109/JSTSP.2010.2101579. 

Franceschetti, Giorgio, and Riccardo Lanari. 1999. Synthetic aperture 
radar processing, Electronic engineering systems series. Boca 
Raton: CRC Press. 

Freeman, A, and SL Durden. 1998. "A three-component scattering 
model for polarimetric SAR data."  IEEE Transactions on 
Geoscience and Remote Sensing 36 (3):963-73. 

Gao, Wei, Jian Yang, and Wenting Ma. 2014. "Land Cover 
Classification for Polarimetric SAR Images Based on Mixture 
Models."  Remote Sensing 6 (5). doi: 10.3390/rs6053770. 

Geman, S., and D. Geman. 1984. "Stochastic Relaxation, Gibbs 
Distributions, and the Bayesian Restoration of Images."  IEEE 
Transactions on Pattern Analysis and Machine Intelligence 
PAMI-6 (6):721-41. doi: 10.1109/TPAMI.1984.4767596. 

Goodman, Joseph W. 2007. Speckle phenomena in optics: theory and 
applications: Roberts and Company Publishers. 

Goodman, N. R. 1963. "Statistical analysis based on a certain 
multivariate complex Gaussian distribution (an introduction)."  
The Annals of mathematical statistics 34 (1):152-77. 

Greco, M. S., and F. Gini. 2007. "Statistical Analysis of High-
Resolution SAR Ground Clutter Data."  IEEE Transactions on 
Geoscience and Remote Sensing 45 (3):566-75. doi: 
10.1109/TGRS.2006.888141. 

Hajnsek, I., E. Pottier, and S. R Cloude. 2003. "Inversion of surface 
parameters from polarimetric SAR."  IEEE Transactions on 
Geoscience and Remote Sensing 41 (4):727-44. 

Henderson, FM, and AJ Lewis. 1998. Principles and applications of 
imaging radar. Manual of remote sensing, volume 2: John 
Wiley and sons. 



 82 

Holm, W. A., and R. M. Barnes. 1988. On radar polarization mixed 
target state decomposition techniques. Paper presented at the 
Proceedings of the 1988 IEEE National Radar Conference, 20-
21 Apr 1988. 

Hou, B., H. Kou, and L. Jiao. 2016. "Classification of Polarimetric 
SAR Images Using Multilayer Autoencoders and Superpixels."  
IEEE Journal of Selected Topics in Applied Earth 
Observations and Remote Sensing 9 (7):3072-81. doi: 
10.1109/JSTARS.2016.2553104. 

Hu, H., and Y. Ban. 2012. "Multitemporal RADARSAT-2 ultra-fine 
beam SAR data for urban land cover classification."  Canadian 
Journal of Remote Sensing 38 (1):1-11. 

Jarabo-Amores, P., M. Rosa-Zurera, D. de la Mata-Moya, R. Vicen-
Bueno, and S. Maldonado-Bascon. 2011. "Spatial-Range 
Mean-Shift Filtering and Segmentation Applied to SAR 
Images."  IEEE Transactions on Instrumentation and 
Measurement 60 (2):584-97. doi: 10.1109/TIM.2010.2052478. 

Jianbo, Shi, and J. Malik. 2000. "Normalized cuts and image 
segmentation."  IEEE Transactions on Pattern Analysis and 
Machine Intelligence 22 (8):888-905. doi: 10.1109/34.868688. 

Jiao, Xianfeng, John M Kovacs, Jiali Shang, Heather McNairn, Dan 
Walters, Baoluo Ma, and Xiaoyuan Geng. 2014. "Object-
oriented crop mapping and monitoring using multi-temporal 
polarimetric RADARSAT-2 data."  ISPRS Journal of 
Photogrammetry and Remote Sensing 96:38-46. 

Jin, R., J. Yin, W. Zhou, and J. Yang. 2016. "Improved Multiscale 
Edge Detection Method for Polarimetric SAR Images."  IEEE 
Geoscience and Remote Sensing Letters 13 (8):1104-8. doi: 
10.1109/LGRS.2016.2569534. 

Kapur, J. N., P. K. Sahoo, and A. K. C. Wong. 1985. "A new method 
for gray-level picture thresholding using the entropy of the 
histogram."  Computer Vision, Graphics, and Image 
Processing 29 (3):273-85. doi: http://dx.doi.org/10.1016/0734-
189X(85)90125-2. 

Kersten, P. R., J. S. Lee, and T. L. Ainsworth. 2005. "Unsupervised 
classification of polarimetric synthetic aperture radar images 
using fuzzy clustering and EM clustering."  IEEE Transactions 
on Geoscience and Remote Sensing 43 (3):519-27. 

Khan, S., and R. Guida. 2014. "Application of Mellin-Kind Statistics 
to Polarimetric calG Distribution for SAR Data."  IEEE 

http://dx.doi.org/10.1016/0734-189X(85)90125-2
http://dx.doi.org/10.1016/0734-189X(85)90125-2


 83 

Transactions on Geoscience and Remote Sensing 52 (6):3513-
28. doi: 10.1109/TGRS.2013.2273176. 

Krogager, E. 1990. "New decomposition of the radar target scattering 
matrix."  Electronics Letters 26 (18):1525-7. 

Kusano, S., K. Takahashi, and M. Sato. 2014. "Volume scattering 
power constraint based on the principal minors of the 
coherency matrix."  IEEE Geoscience and Remote Sensing 
Letters 11 (1):361-5. 

Lang, F, J Yang, and D Li. 2015. "Adaptive-window Polarimetric 
SAR image speckle filtering based on a homogeneity 
measurement."  IEEE Transactions on Geoscience and Remote 
Sensing 53 (10):5435-46. doi: 10.1109/TGRS.2015.2422737. 

Lang, F., J. Yang, D. Li, L. Zhao, and L. Shi. 2014. "Polarimetric 
SAR image segmentation using statistical region merging."  
IEEE Geoscience and Remote Sensing Letters 11 (2):509-13. 

Lee, J., and E. Pottier. 2009. Polarimetric Radar Imaging: From 
Basics to Applications. Edited by Boca Raton. FL, USA: CRC 
Press. 

Lee, J. S., and T. L. Ainsworth. 2011. "The effect of orientation angle 
compensation on coherency matrix and polarimetric target 
decompositions."  IEEE Transactions on Geoscience and 
Remote Sensing 49 (1):53-64. 

Lee, J. S., T. L. Ainsworth, and Y. Wang. 2014. "Generalized 
Polarimetric Model-Based Decompositions Using Incoherent 
Scattering Models."  IEEE Transactions on Geoscience and 
Remote Sensing 52 (5):2474-91. doi: 
10.1109/TGRS.2013.2262051. 

Lee, J. S., D. L. Schuler, R. H. Lang, and K. J. Ranson. 1994a. K-
distribution for multi-look processed polarimetric SAR 
imagery. Paper presented at the Geoscience and Remote 
Sensing Symposium, 1994. IGARSS '94. Surface and 
Atmospheric Remote Sensing: Technologies, Data Analysis 
and Interpretation., International, 8-12 Aug 1994. 

Lee, Jong-Sen, M. R. Grunes, and G. de Grandi. 1999. "Polarimetric 
SAR speckle filtering and its implication for classification."  
IEEE Transactions on Geoscience and Remote Sensing 37 
(5):2363-73. doi: 10.1109/36.789635. 

Lee, JS, DL Schuler, RH Lang, and KJ Ranson. 1994b. K-distribution 
for multi-look processed polarimetric SAR imagery. Paper 



 84 

presented at the IEEE International Geoscience and Remote 
Sensing Symposium, 1994. IGARSS'94. 

Lee., J., M. R. Grunes, T. L. Ainsworth, L. Du, D. L. Schuler, and S. 
R. Cloude. 1999. "Unsupervised classification using 
polarimetric decomposition and the complex Wishart 
classifier."  IEEE Transactions on Geoscience and Remote 
Sensing 37 (5):2249-58. 

Lee., J. S., M. R. Grunes, and R. Kwok. 1994. "Classification of 
Multi-Look Polarimetric Sar Imagery-Based on Complex 
Wishart Distribution."  International Journal of Remote 
Sensing 15 (11):2299-311. 

Levinshtein, A., A. Stere, K. N. Kutulakos, D. J. Fleet, S. J. 
Dickinson, and K. Siddiqi. 2009. "TurboPixels: Fast 
Superpixels Using Geometric Flows."  IEEE Transactions on 
Pattern Analysis and Machine Intelligence 31 (12):2290-7. 
doi: 10.1109/TPAMI.2009.96. 

Li, X., L. Zhang, H. Guo, Z. Sun, and L. Liang. 2012. "New 
approaches to urban area change detection using multitemporal 
RADARSAT-2 polarimetric synthetic aperture radar (SAR) 
data."  Canadian Journal of Remote Sensing 38 (3):253-66. 

Liu, Bin, Hao Hu, Huanyu Wang, Kaizhi Wang, Xingzhao Liu, and 
Wenxian Yu. 2013. "Superpixel-based classification with an 
adaptive number of classes for polarimetric SAR images."  
IEEE Transactions on Geoscience and Remote Sensing 51 
(2):907-24. 

Liu, Bin, Zhang Zenghui, Liu Xingzhao, and Yu Wenxian. 2015. 
"Representation and Spatially Adaptive Segmentation for 
PolSAR Images Based on Wedgelet Analysis."  IEEE 
Transactions on Geoscience and Remote Sensing 53 (9):4797-
809. doi: 10.1109/TGRS.2015.2410177. 

Liu, C., Y. Xiao, and J. Yang. 2017. "A Coastline Detection Method 
in Polarimetric SAR Images Mixing the Region-Based and 
Edge-Based Active Contour Models."  IEEE Transactions on 
Geoscience and Remote Sensing 55 (7):3735-47. doi: 
10.1109/TGRS.2017.2679112. 

Liu, M. Y., O. Tuzel, S. Ramalingam, and R. Chellappa. 2011. 
Entropy rate superpixel segmentation. Paper presented at the 
CVPR 2011, 20-25 June 2011. 

Liu, M., H. Zhang, C. Wang, and F. Wu. 2014. "Change detection of 
multilook polarimetric SAR images using heterogeneous 



 85 

clutter models."  IEEE Transactions on Geoscience and 
Remote Sensing 52 (12):7483-94. 

Liu., B., Z. Zhang, X. Liu, and W. Yu. 2014. "Edge extraction for 
polarimetric SAR images using degenerate filter with weighted 
maximum likelihood estimation."  IEEE Geoscience and 
Remote Sensing Letters 11 (12):2140-4. doi: 
10.1109/LGRS.2014.2321629. 

Liu., C., J. Shang, P. W. Vachon, and H. McNairn. 2013. "Multiyear 
Crop Monitoring Using Polarimetric RADARSAT-2 Data."  
IEEE Transactions on Geoscience and Remote Sensing 51 
(4):2227-40. doi: 10.1109/TGRS.2012.2208649. 

Lopes, Armand, Ridha Touzi, and E Nezry. 1990. "Adaptive speckle 
filters and scene heterogeneity."  IEEE Transactions on 
Geoscience and Remote Sensing 28 (6):992-1000. 

Ma, X., H. Shen, J. Yang, L. Zhang, and P. Li. 2014. "Polarimetric-
Spatial Classification of SAR Images Based on the Fusion of 
Multiple Classifiers."  IEEE Journal of Selected Topics in 
Applied Earth Observations and Remote Sensing 7 (3):961-71. 
doi: 10.1109/JSTARS.2013.2265331. 

Marino, Armando. 2012. A new target detector based on geometrical 
perturbation filters for polarimetric synthetic aperture radar 
(POL-SAR), Springer theses,: Berlin : Springer. 

Martin, D. R., C. C. Fowlkes, and J. Malik. 2004. "Learning to detect 
natural image boundaries using local brightness, color, and 
texture cues."  IEEE Transactions on Pattern Analysis and 
Machine Intelligence 26 (5):530-49. doi: 
10.1109/TPAMI.2004.1273918. 

Masjedi, A., M. J. Valadan Zoej, and Y. Maghsoudi. 2016. 
"Classification of Polarimetric SAR Images Based on 
Modeling Contextual Information and Using Texture 
Features."  IEEE Transactions on Geoscience and Remote 
Sensing 54 (2):932-43. doi: 10.1109/TGRS.2015.2469691. 

Massonnet, D, and JC Souyris. 2008. Imaging with synthetic aperture 
radar. Boca Roton: CRC Press. 

Nascimento, A. D. C., M. M. Horta, A. C. Frery, and R. J. Cintra. 
2014. "Comparing Edge Detection Methods Based on 
Stochastic Entropies and Distances for PolSAR Imagery."  
IEEE Journal of Selected Topics in Applied Earth 
Observations and Remote Sensing 7 (2):648-63. doi: 
10.1109/JSTARS.2013.2266319. 



 86 

Neumann, M., S. S. Saatchi, L. M. H. Ulander, and J. E. S. Fransson. 
2012. "Assessing Performance of L- and P-Band Polarimetric 
Interferometric SAR Data in Estimating Boreal Forest Above-
Ground Biomass."  IEEE Transactions on Geoscience and 
Remote Sensing 50 (3):714-26. doi: 
10.1109/TGRS.2011.2176133. 

Nicolas, Jean-Marie. 2006. "Application de la transformée de Mellin: 
étude des lois statistiques de l’imagerie cohérente."  Rapport 
de recherche, 2006D010. 

Niedermeier, A., E. Romaneessen, and S. Lehner. 2000. "Detection of 
coastlines in SAR images using wavelet methods."  IEEE 
Transactions on Geoscience and Remote Sensing 38 (5):2270-
81. doi: 10.1109/36.868884. 

Niu, X., and Y. Ban. 2012. "An adaptive contextual SEM algorithm 
for urban land cover mapping using multitemporal high-
resolution polarimetric SAR data."  IEEE Journal of Selected 
Topics in Applied Earth Observations and Remote Sensing 5 
(4):1129-39. 

Niu, Xin, and Y. Ban. 2013. "Multitemporal RADARSAT-2 
polarimetric SAR data for urban land cover classification 
using an object-based support vector machine and a rule-based 
approach."  International Journal of Remote Sensing 34 (1):1-
26. 

Niu, Xin, and Yifang Ban. 2014. "A Novel Contextual Classification 
Algorithm for Multitemporal Polarimetric SAR Data."  IEEE 
Geoscience and Remote Sensing Letters 11 (3):681-5. doi: 
10.1109/LGRS.2013.2274815. 

Niu, Xin, Yifang Ban, and Yong Dou. 2016. "RADARSAT-2 fine-
beam polarimetric and ultra-fine-beam SAR data for urban 
mapping: comparison and synergy."  International Journal of 
Remote Sensing 37 (12):2810-30. doi: 
10.1080/01431161.2015.1054050. 

Oliver, C, and S Quegan. 2004. Understanding synthetic aperture 
radar images: SciTech Publishing. 

Papathanassiou, K. P., and S. R. Cloude. 2001. "Single-baseline 
polarimetric SAR interferometry."  IEEE Transactions on 
Geoscience and Remote Sensing 39 (11):2352-63. 

Patruno, Jolanda, Nicole Dore, Mattia Crespi, and Eric Pottier. 2013. 
"Polarimetric Multifrequency and Multi ‐ incidence SAR 



 87 

Sensors Analysis for Archaeological Purposes."  
Archaeological Prospection 20 (2):89-96 %@ 1099-0763. 

Qi, Z., A. Yeh, X. Li, and Z. Lin. 2012. "A novel algorithm for land 
use and land cover classification using RADARSAT-2 
polarimetric SAR data."  Remote Sensing of Environment 118 
(15):21-39. 

Qin, F, J Guo, and F Lang. 2015. "Superpixel segmentation for 
polarimetric SAR imagery using local iterative clustering."  
IEEE Geoscience and Remote Sensing Letters 12 (1):13-7. doi: 
10.1109/LGRS.2014.2322960. 

Qin, X., S. Zhou, and H. Zou. 2014. "SAR Image Segmentation via 
Hierarchical Region Merging and Edge Evolving With 
Generalized Gamma Distribution."  IEEE Geoscience and 
Remote Sensing Letters 11 (10):1742-6. doi: 
10.1109/LGRS.2014.2307586. 

Raney, R. K., H. Runge, R. Bamler, I. G. Cumming, and F. H. Wong. 
1994. "Precision Sar Processing Using Chirp Scaling."  IEEE 
Transactions on Geoscience and Remote Sensing 32 (4):786-
99. 

Salembier, P., and S. Foucher. 2016. "Optimum Graph Cuts for 
Pruning Binary Partition Trees of Polarimetric SAR Images."  
IEEE Transactions on Geoscience and Remote Sensing 54 
(9):5493-502. doi: 10.1109/TGRS.2016.2566581. 

Salvador, Stan, and Philip Chan. 2004. Determining the number of 
clusters/segments in hierarchical clustering/segmentation 
algorithms. Paper presented at the Tools with Artificial 
Intelligence, 2004. ICTAI 2004. 16th IEEE International 
Conference on. 

Sansosti, Eugenio, Michele Manunta, Francesco Casu, Manuela 
Bonano, Chandrakanta Ojha, Maria Marsella, and Riccardo 
Lanari. 2015. "Radar remote sensing from space for surface 
deformation analysis: present and future opportunities from the 
new SAR sensor generation."  Rendiconti Lincei 26 (1):75-84. 
doi: 10.1007/s12210-015-0440-3. 

Schmitt, M., L. Wei, and X. X. Zhu. 2015. Automatic coastline 
detection in non-locally filtered tandem-X data. Paper 
presented at the 2015 IEEE International Geoscience and 
Remote Sensing Symposium (IGARSS), 26-31 July 2015. 

Schou, J., H. Skriver, A. A. Nielsen, and K. Conradsen. 2003. "CFAR 
edge detector for polarimetric SAR images."  IEEE 



 88 

Transactions on Geoscience and Remote Sensing 41 (1):20-32. 
doi: 10.1109/TGRS.2002.808063. 

Schuler, D. L., Lee Jong-Sen, and G. De Grandi. 1996. "Measurement 
of topography using polarimetric SAR images."  IEEE 
Transactions on Geoscience and Remote Sensing 34 (5):1266-
77. doi: 10.1109/36.536542. 

Shamsoddini, Ali, and John C. Trinder. 2012. "Edge-detection-based 
filter for SAR speckle noise reduction."  International Journal 
of Remote Sensing 33 (7):2296-320. doi: 
10.1080/01431161.2011.614286. 

Shen, J., Y. Du, W. Wang, and X. Li. 2014. "Lazy Random Walks for 
Superpixel Segmentation."  IEEE Transactions on Image 
Processing 23 (4):1451-62. doi: 10.1109/TIP.2014.2302892. 

Soergel, U. 2010. Radar remote sensing of urban areas. Edited by 
Andre Marcal. Vol. 15. Germany: Springer. 

Song, H., W. Yang, Y. Bai, and X. Xu. 2015. "Unsupervised 
classification of polarimetric SAR imagery using large-scale 
spectral clustering with spatial constraints."  International 
Journal of Remote Sensing 36 (11):2816-30. doi: 
10.1080/01431161.2015.1043759. 

Song, N., I. Y. H. Gu, Z. Cao, and M. Viberg. 2006. Enhanced spatial-
range mean shift color image segmentation by using 
convergence frequency and position. Paper presented at the 
2006 14th European Signal Processing Conference, 4-8 Sept. 
2006. 

Soumekh, M. 1999. Synthetic Aperture Radar Signal Processing. New 
York: John Wiley & Sons. 

Su, X., C. He, Q. Feng, X. Deng, and H. Sun. 2011. "A Supervised 
Classification Method Based on Conditional Random Fields 
With Multiscale Region Connection Calculus Model for SAR 
Image."  IEEE Geoscience and Remote Sensing Letters 8 
(3):497-501. doi: 10.1109/LGRS.2010.2089427. 

Touzi, R. 2002. "A review of speckle filtering in the context of 
estimation theory."  IEEE Transactions on Geoscience and 
Remote Sensing 40 (11):2392-404. 

Touzi, R. 2016. Polarimetric target scattering decomposition: A 
review. Paper presented at the 2016 IEEE International 
Geoscience and Remote Sensing Symposium (IGARSS), 10-
15 July 2016. 



 89 

Touzi, R., A. Lopes, and P. Bousquet. 1988. "A statistical and 
geometrical edge detector for SAR images."  IEEE 
Transactions on Geoscience and Remote Sensing 26 (6):764-
73. doi: 10.1109/36.7708. 

Uhlmann, Stefan Gerd. 2014. "Advanced Techniques for 
Classification of Polarimetric Synthetic Aperture Radar Data." 
Tampere University of Technology. 

Ulaby, F. T., K. Sarabandi, and A. Nashashibi. 1992. "Statistical 
Properties of the Mueller Matrix of Distributed Targets."  Iee 
Proceedings-F Radar and Signal Processing 139 (2):136-46. 

Ulander, L. M. H., H. Hellsten, and G. Stenstrom. 2003. "Synthetic-
aperture radar processing using fast factorized back-
projection."  IEEE Transactions on Aerospace and Electronic 
Systems 39 (3):760-76. doi: 10.1109/TAES.2003.1238734. 

Walessa, M., and M. Datcu. 2000. "Model-based despeckling and 
information extraction from SAR images."  IEEE Transactions 
on Geoscience and Remote Sensing 38 (5):2258-69. doi: 
10.1109/36.868883. 

van Zyl, Jakob J. 1993. Application of Cloude's target decomposition 
theorem to polarimetric imaging radar data. 

Wang, Y., C. Han, and F. Tupin. 2010. "PolSAR Data Segmentation 
by Combining Tensor Space Cluster Analysis and Markovian 
Framework."  IEEE Geoscience and Remote Sensing Letters 7 
(1):210-4. doi: 10.1109/LGRS.2009.2031660. 

Wang, Y., and H. Liu. 2015. "PolSAR Ship Detection Based on 
Superpixel-Level Scattering Mechanism Distribution 
Features."  IEEE Geoscience and Remote Sensing Letters 12 
(8):1780-4. doi: 10.1109/LGRS.2015.2425873. 

Vasile, G., J. P. Ovarlez, F. Pascal, C. Tison, L. Bombrun, M. Gay, 
and E. Trouve. 2008. Normalized Coherency Matrix 
Estimation Under the SIRV Model. Alpine Glacier Polsar Data 
Analysis. Paper presented at the IGARSS 2008 - 2008 IEEE 
International Geoscience and Remote Sensing Symposium, 7-
11 July 2008. 

Vasile, G., J. Ovarlez, F. Pascal, and C. Tison. 2010. "Coherency 
matrix estimation of heterogeneous clutter in high-resolution 
polarimetric SAR images."  IEEE Transactions on Geoscience 
and Remote Sensing 48 (4):1809-26. doi: 
10.1109/TGRS.2009.2035496. 



 90 

Vasile, G., E. Trouve, Lee Jong-Sen, and V. Buzuloiu. 2006. 
"Intensity-driven adaptive-neighborhood technique for 
polarimetric and interferometric SAR parameters estimation."  
IEEE Transactions on Geoscience and Remote Sensing 44 
(6):1609-21. doi: 10.1109/TGRS.2005.864142. 

Vincent, L., and P. Soille. 1991. "Watersheds in digital spaces: an 
efficient algorithm based on immersion simulations."  IEEE 
Transactions on Pattern Analysis and Machine Intelligence 13 
(6):583-98. doi: 10.1109/34.87344. 

Voisin, A., V. A. Krylov, G. Moser, S. B. Serpico, and J. Zerubia. 
2013. "Classification of Very High Resolution SAR Images of 
Urban Areas Using Copulas and Texture in a Hierarchical 
Markov Random Field Model."  IEEE Geoscience and Remote 
Sensing Letters 10 (1):96-100. doi: 
10.1109/LGRS.2012.2193869. 

Woodhouse, Iain H. 2006. Introduction to microwave remote sensing. 
Boca Raton: Taylor&Francis. 

Wu, W, H Guo, and X Li. 2015. "Urban area SAR image man-made 
target extraction based on the product model and the Time-
Frequency analysis."  IEEE Journal of Selected Topics in 
Applied Earth Observations and Remote Sensing 8 (3):943-52. 
doi: 10.1109/JSTARS.2014.2371064. 

Wu, Yonghui, Kefeng Ji, Wenxian Yu, and Yi Su. 2008. "Region-
based classification of polarimetric SAR images using Wishart 
MRF."  Geoscience and Remote Sensing Letters, IEEE 5 
(4):668-72. 

Xiang, D., Tang. T., L. Zhao, and Y. Su. 2013. "Superpixel generating 
algorithm based on pixel intensity and location similarity for 
SAR image classification."  IEEE Geoscience and Remote 
Sensing Letters 10 (6):1414-8. 

Xiang, Deliang. 2016. "Urban Area Information Extraction From 
Polarimetric SAR Data." Doctoral thesis, comprehensive 
summary, KTH Royal Institute of Technology. 

Xiang, Deliang, Yifang Ban, and Yi Su. 2015. "Model-Based 
Decomposition With Cross Scattering for Polarimetric SAR 
Urban Areas."  IEEE Geoscience and Remote Sensing Letters 
12 (12):2496-500. 

Xiang, Deliang, Tao Tang, Yifang Ban, Yi Su, and Gangyao Kuang. 
2016. "Unsupervised polarimetric SAR urban area 
classification based on model-based decomposition with cross 



 91 

scattering."  ISPRS Journal of Photogrammetry and Remote 
Sensing 116:86-100. doi: 
http://dx.doi.org/10.1016/j.isprsjprs.2016.03.009. 

Xiang., D., Y. Ban, W. Wang, T. Tang, and Y. Su. 2016. "Edge 
Detector for Polarimetric SAR Images Using SIRV Model and 
Gauss-Shaped Filter."  IEEE Geoscience and Remote Sensing 
Letters 13 (11):1661-5. doi: 10.1109/LGRS.2016.2600704. 

Xing, Yanxiao, Yi Zhang, Ning Li, Robert Wang, and Guixiang Hu. 
2016. "Improved superpixel-based polarimetric synthetic 
aperture radar image classification integrating color."  Journal 
of Applied Remote Sensing 26026:1. 

Xu, Qiao, Qihao Chen, Shuai Yang, and Xiuguo Liu. 2016. 
"Superpixel-Based Classification Using K Distribution and 
Spatial Context for Polarimetric SAR Images."  Remote 
Sensing 8 (8):619. 

Yamaguchi, Y., T. Moriyama, M. Ishido, and H. Yamada. 2005. 
"Four-component scattering model for polarimetric SAR 
image decomposition."  IEEE Transactions on Geoscience and 
Remote Sensing 43 (8):1699–706. 

Yang, S., Q. Chen, X. Yuan, and X. Liu. 2016. "Adaptive Coherency 
Matrix Estimation for Polarimetric SAR Imagery Based on 
Local Heterogeneity Coefficients."  IEEE Transactions on 
Geoscience and Remote Sensing 54 (11):6732-45. doi: 
10.1109/TGRS.2016.2589279. 

Yang., W., X. Yang, T. Yan, H. Song, and G. S. Xia. 2016. "Region-
Based Change Detection for Polarimetric SAR Images Using 
Wishart Mixture Models."  IEEE Transactions on Geoscience 
and Remote Sensing 54 (11):6746-56. doi: 
10.1109/TGRS.2016.2590145. 

Yu, Peter, AK Qin, and David A Clausi. 2012. "Unsupervised 
polarimetric SAR image segmentation and classification using 
region growing with edge penalty."  Geoscience and Remote 
Sensing, IEEE Transactions on 50 (4):1302-17. 

Yu, Q., and D. A. Clausi. 2008. "IRGS: Image Segmentation Using 
Edge Penalties and Region Growing."  IEEE Transactions on 
Pattern Analysis and Machine Intelligence 30 (12):2126-39. 
doi: 10.1109/TPAMI.2008.15. 

Yu, W., Y. Wang, H. Liu, and J. He. 2016. "Superpixel-Based CFAR 
Target Detection for High-Resolution SAR Images."  IEEE 

http://dx.doi.org/10.1016/j.isprsjprs.2016.03.009


 92 

Geoscience and Remote Sensing Letters 13 (5):730-4. doi: 
10.1109/LGRS.2016.2540809. 

Yu, Y., and S. T. Acton. 2004. "Automated delineation of coastline 
from polarimetric SAR imagery."  International Journal of 
Remote Sensing 25 (17):3423-38. doi: 
10.1080/0143116032000160444. 

Zhang, L., B. Zou, H. Cai, and Y. Zhang. 2008. "Multiple-component 
scattering model for polarimetric SAR image decomposition."  
IEEE Geoscience and Remote Sensing Letters 5 (4):603-7. 

Zhang, L., B. Zou, and W. Tang. 2012a. "Stokes matrix polarimetric 
similarity parameter and its application in target detection."  
Remote Sensing Letters 3 (2):93-100. 

Zhang, Lamei, Bin Zou, and Wenyan Tang. 2012b. "Similarity-
enhanced target detection algorithm using polarimetric SAR 
images."  International Journal of Remote Sensing 33 
(19):6149-62. doi: 10.1080/01431161.2012.680614. 

Zhang, Yue, Huanxin Zou, Tiancheng Luo, Xianxiang Qin, Shilin 
Zhou, and Kefeng Ji. 2016. "A Fast Superpixel Segmentation 
Algorithm for PolSAR Images Based on Edge Refinement and 
Revised Wishart Distance."  Sensors 16 (10):1687. 

Zhou, G., Y. Cui, Y. Chen, J. Yang, H. Rashvand, and Y Yamaguchi. 
2011. "Linear feature detection in polarimetric SAR images."  
IEEE Transactions on Geoscience and Remote Sensing 49 
(4):1453-63. doi: 10.1109/TGRS.2010.2081373. 

Zhou, Y., L. Ju, and S. Wang. 2015. "Multiscale Superpixels and 
Supervoxels Based on Hierarchical Edge-Weighted Centroidal 
Voronoi Tessellation."  IEEE Transactions on Image 
Processing 24 (11):3834-45. doi: 10.1109/TIP.2015.2449552. 

Zhu, X. X., X. M. Li, and R. Guo. 2014. Compressive Sensing for 
Super-resolving SAR Imaging to Support Target Detection in 
Coastal Zone. Paper presented at the EUSAR 2014; 10th 
European Conference on Synthetic Aperture Radar, 3-5 June 
2014. 

Zou, B., D. Lu, L. Zhang, and W. M. Moon. 2017. "Independent and 
Commutable Target Decomposition of PolSAR Data Using a 
Mapping From SU(4) to SO(6)."  IEEE Transactions on 
Geoscience and Remote Sensing 55 (6):3396-407. doi: 
10.1109/TGRS.2017.2670261. 

Zou, Pengfei, Zhen Li, Bangsen Tian, and Lijie Guo. 2015. "A level 
set method for segmentation of high-resolution polarimetric 



 93 

SAR images using a heterogeneous clutter model."  Remote 
Sensing Letters 6 (7):548-57. doi: 
10.1080/2150704X.2015.1058984. 

Zyl, J. J. Van, M. Arii, and Y. Kim. 2011. "Model-based 
decomposition of polarimetric SAR covariance matrices 
constrained for nonnegative eigenvalues."  IEEE Transactions 
on Geoscience and Remote Sensing 49 (9):3452–9. 

Zyl, J., H. Zebker, and C. Elachi. 1987. "Imaging radar polarization 
signatures: Theory and observation."  Radio Science 22 
(4):529-43. 

 


	Abstract
	Sammanfattning
	Acknowledgements
	List of figures
	List of tables
	List of acronyms
	1 Introduction
	1.1 Research Objectives
	1.2 Thesis Structure
	1.3 Statement of Contribution

	2 Theoretical Background and Literature Review
	2.1 SAR Polarimetry
	2.1.1 Radar Remote Sensing
	2.1.2 SAR Polarimetry Fundamentals
	2.1.3 Polarimetric Target Decompositions
	2.1.4 Polarimetric SAR Statistics

	2.2 PolSAR for Edge Detection
	2.3 PolSAR for Superpixel Generation
	2.4 General Segmentation Methods for PolSAR
	2.5 Summary

	3 Study Areas and Data Description
	3.1 Study Areas
	3.2 Data Description

	4 Methodology
	4.1 Edge Detection
	4.1.1 SIRV Model and SIRV Distance
	4.1.2 Direction Span-Driven Adaptive Window
	4.1.3 Edge Detector with DSDA Window

	4.2 Superpixel Generation Using SLIC Method
	4.2.1 General SLIC Framework
	4.2.2 Adaptive Superpixel Generation Using SLIC Method

	4.3 Superpixel Generation Using Entropy Rate Method
	4.3.1 Calculating the Distance between Neighbouring Pixels
	4.3.2 Combining the Wishart Distance with SIRV Distance
	4.3.3 Entropy Rate Superpixel Generation

	4.4 Region-Based Hierarchical Segmentation
	4.4.1 Wishart-Merging Stage
	4.4.2 KummerU-Merging Stage


	5 Results and Discussion
	5.1 Edge Detection
	5.1.1 Numerical Evaluations on Simulated PolSAR Data
	5.1.2 Visual Evaluations and Comparisons on Real Datasets

	5.2 Superpixel Generation
	5.2.1 Experimental Results Using Pol-ASLIC Method
	5.2.2 Experimental Results Using ER_Pol Method
	5.2.3 Comparison of the Two Superpixel Generation Methods

	5.3 Region-Based Hierarchical Segmentation
	5.3.1 Visual Evaluations and Comparisons
	5.3.2 Numerical Evaluations


	6 Conclusions and Future Research
	6.1 Conclusions
	6.2 Future Research

	References

