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ABSTRACT 
 
Urban land cover mapping represents one of the most important remote 
sensing applications in the context of rapid global urbanization. In recent 
years, high resolution spaceborne Polarimetric Synthetic Aperture Radar 
(PolSAR) has been increasingly used for urban land cover/land-use 
mapping, since more information could be obtained in multiple 
polarizations and the collection of such data is less influenced by solar 
illumination and weather conditions.   
 
The overall objective of this research is to develop effective methods to 
extract accurate and detailed urban land cover information from 
spaceborne PolSAR data. Six RADARSAT-2 fine-beam polarimetric SAR 
and three RADARSAT-2 ultra-fine beam SAR images were used. These 
data were acquired from June to September 2008 over the north 
urban-rural fringe of the Greater Toronto Area, Canada. The major 
landuse/land-cover classes in this area include high-density residential 
areas, low-density residential areas, industrial and commercial areas, 
construction sites, roads, streets, parks, golf courses, forests, pasture, 
water and two types of agricultural crops.  
 
In this research, various polarimetric SAR parameters were evaluated for 
urban land cover mapping. They include the parameters from Pauli, 
Freeman and Cloude-Pottier decompositions, coherency matrix, 
intensities of each polarization and their logarithms.  Both object-based 
and pixel-based classification approaches were investigated. Through an 
object-based Support Vector Machine (SVM) and a rule-based approach, 
efficiencies of various PolSAR features and the multitemporal data 
combinations were evaluated. For the pixel-based approach, a contextual 
Stochastic Expectation-Maximization (SEM) algorithm was proposed. 
With an adaptive Markov Random Field (MRF) and a modified 
Multiscale Pappas Adaptive Clustering (MPAC), contextual information 
was explored to improve the mapping results. To take full advantages of 
alternative PolSAR distribution models, a rule-based model selection 
approach was put forward in comparison with a dictionary-based 
approach.  Moreover, the capability of multitemporal fine-beam PolSAR 
data was compared with multitemporal ultra-fine beam C-HH SAR data. 
Texture analysis and a rule-based approach which explores the object 
features and the spatial relationships were applied for further 
improvement. 
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Using the proposed approaches, detailed urban land-cover classes and 
finer urban structures could be mapped with high accuracy in contrast to 
most of the previous studies which have only focused on the extraction of 
urban extent or the mapping of very few urban classes. It is also one of 
the first comparisons of various PolSAR parameters for detailed urban 
mapping using an object-based approach. Unlike other multitemporal 
studies, the significance of complementary information from both 
ascending and descending SAR data and the temporal relationships in the 
data were the focus in the multitemporal analysis. Further, the proposed 
novel contextual analyses could effectively improve the pixel-based 
classification accuracy and present homogenous results with preserved 
shape details avoiding over-averaging. The proposed contextual SEM 
algorithm, which is one of the first to combine the adaptive MRF and the 
modified MPAC, was able to mitigate the degenerative problem in the 
traditional EM algorithms with fast convergence speed when dealing with 
many classes. This contextual SEM outperformed the contextual SVM in 
certain situations with regard to both accuracy and computation time. By 
using such a contextual algorithm, the common PolSAR data distribution 
models namely Wishart, G0p, Kp and KummerU were compared for 
detailed urban mapping in terms of both mapping accuracy and time 
efficiency. In the comparisons, G0p, Kp and KummerU demonstrated 
better performances with higher overall accuracies than Wishart. 
Nevertheless, the advantages of Wishart and the other models could also 
be effectively integrated by the proposed rule-based adaptive model 
selection, while limited improvement could be observed by the 
dictionary-based selection, which has been applied in previous studies. 
The use of polarimetric SAR data for identifying various urban classes 
was then compared with the ultra-fine-beam C-HH SAR data. The grey 
level co-occurrence matrix textures generated from the ultra-fine-beam 
C-HH SAR data were found to be more efficient than the corresponding 
PolSAR textures for identifying urban areas from rural areas. An 
object-based and pixel-based fusion approach that uses ultra-fine-beam 
C-HH SAR texture data with PolSAR data was developed. In contrast to 
many other fusion approaches that have explored pixel-based 
classification results to improve object-based classifications, the proposed 
rule-based fusion approach using the object features and contextual 
information was able to extract several low backscatter classes such as 
roads, streets and parks with reasonable accuracy. 
 
Keywords: RADARSAT-2, Spaceborne, Polarimetric SAR, Urban Land 
cover, Object-based Rule-based Classification, Support Vector Machines, 
Contextual, Stochastic Expectation-Maximization, Markov Random 
Field. 
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1. INTRODUCTION 
 
1.1 Background  
 
Urban areas are some of the most dynamic regions in the world. In 2008, 
more than half of the world’s population resided in urban areas. With the 
accelerating process of worldwide urbanization, the entire world’s 
population growth over the next 30 years will be further absorbed by 
urban areas (UN Department of Economic and Social Affairs 2009). Fast 
growing of urban sprawl with increasing numbers of city dwellers leads 
to various socioeconomic and environmental problems, such as resource 
allocation, environmental protection, ecological crisis, etc (Benfield et al. 
1999; Cieslewicz 2002; Zhang et al. 2011). 
 
Most of the problems caused by urbanization actually have references to 
space. Therefore, to devise efficient management policies and to prevent 
negative consequences in the development, spatial knowledge is required 
for rational urban planning. Given that urbanization is a continuous 
process, not only the current spatial status is of importance, but also its 
development through time. As remote sensing can provide accurate and 
detailed observation data at various spatial and temporal scales, it can be 
used as an efficient tool to explore land use/land cover (LULC) 
information (Ward et al. 2000). Within many remote sensing systems, 
Synthetic Aperture Radar (SAR) has long been recognized as an effective 
tool for urban analysis (Henderson and Xia 1997, 1998; Ban et al. 2010; 
Soergel 2010), since it is less affected by weather conditions or solar 
illumination in contrast to optical or infrared sensors (Hayes and Gough 
2009).  
 
SAR polarization has long been recognized as a useful tool to discover 
additional information about observed targets such as geometry, 
orientation and physical properties through polarimetric diversity (Dong 
et al. 1997; Ainsworth et al. 2009). Considerable progress for LULC 
applications using PolSAR techniques has been made recently, when high 
resolution PolSAR data has become routinely available due to the launch 
of many advanced spaceborne SAR sensors such as TerraSAR-X and 
RADARSAT-2. PolSAR data has become an attractive data source for 
various applications including agriculture, sea-ice, forestry, hydrology, 
oceans, etc. (Zebker and van Zyl 1991; McNairn and Brisco 2004; Lee et 
al. 2004b; Lee and Pottier 2009a, 2009d; Moon et al. 2010). Urban 
mapping using PolSAR data has also received increased interest from 
researchers in the remote sensing community. (Xia 1996; Boerner et al. 
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1998; Pellizzeri 2003; Alberga 2007; Alberga et al. 2008; Ainsworth et al. 
2008, 2009; Gao and Ban 2009; Li et al. 2010; Zhang et al. 2010; Ban 
and Niu 2011; Qi et al. 2012; Zhu et al. 2012)  
 
Nevertheless, most studies about urban mapping using SAR or PolSAR 
data are limited in identifying the urban extents (Stasolla and Gamba 
2008; Esch et al. 2010, 2011; Gamba et al. 2011; Qi et al. 2012) or 
mapping very few urban classes (Dell'Acqua and Gamba 2006; Alberga 
2007; Alberga et al. 2008; Yin et al. 2011; Zhu et al. 2012). Very few 
studies have focused on detailed urban mapping using high resolution 
PolSAR data. The reason for the difficulty in detailed urban mapping 
using polarimetric SAR data is, for example, the complexity of the urban 
environment. The urban environment is comprised of various natural and 
man-made objects with several kinds of materials, different orientations, 
various shapes and sizes, etc., which complicates the SAR image 
interpretation (Franceschetti et al. 2002; Margarit et al. 2010). Problems 
can also originate from the nature of polarimetric SAR imaging such as 
inherent SAR speckle or geometry distortions such as shadow and layover. 
Although promising results have been reported in recent urban mapping 
studies (Ban et al. 2010; Hu and Ban 2012; Ban and Jacob 2012), detailed 
urban mapping using high resolution PolSAR data is still a challenging 
task. 
 
Regarding the methodology for urban mapping, methods can be divided 
into pixel-based or object-based classifications. As a traditional 
classification method, pixel-based methods are commonly employed for 
low resolution SAR data with reasonable results (Dean and Smith 2003). 
However, for high resolution SAR data, pixel-based approaches are 
usually insufficient (Scheiewe et al. 2001; Shaban and Dikshit 2001) due 
to the increased spectral variance within the classes. The pixel-based 
approach often results in “pepper-salt” effects due to the high variance of 
the pixel values (Solaiman et al. 1998). To cope with the problems of 
pixel-based approaches, some contextual analysis approaches (Stuckens 
et al. 2000; Hubert-Moy et al. 2001) such as Markov Random Field 
(MRF) (Geman and Geman 1984) have been developed. These have been 
shown to enhance classifications. However, traditional contextual 
approaches often lead to “over averaged” results, where urban details 
may be lost. Object-based methods, on the other hand, can explore the 
contextual information in a more convenient way. Shape characters and 
inner statistics of segmented regions can be directly obtained as object 
features. By using object-based analysis, problems caused by increased 
variance of the pixel values within a class can be better handled. 
Therefore, object-based methods have become increasingly popular for 
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LULC mapping using SAR data with ever increasing spatial resolution 
(Blaschke 2010). Nevertheless, preparation of meaningful objects by 
proper segmentation is essential to the object-based analysis. However, 
ideal segmentation on urban areas using SAR data is often hard to 
achieve. 
 
From the view of data modeling, classification methods can also fall into 
parametric or non-parametric approaches (Richards 1993). For the 
parametric approaches, modeling of the classified data is often required. 
For that purpose, many PolSAR data distribution models have been 
proposed such as Wishart (Goodman 1963), Kp (Lee et al. 1994b), G0p 
(Freitas et al. 2005) and KummerU (Bombrun and Beaulieu 2008). 
However, the efficiency of those models in detailed urban mapping have 
not been fully evaluated and compared in terms of accuracy and time 
efficiency. To estimate the parameters involved in these PolSAR models, 
the Expectation Maximum (EM) algorithm (Kersten et al. 2005) is often 
applied. The Finite Mixture Model (FMM) has been found to be a useful 
tool (McLachlan and Peel 2000) to represent the heterogeneity of the 
class model. However, effective incorporation of the contextual analysis 
into the EM algorithm and mitigation of the degenerative behaviors when 
dealing with many classes in the EM iterations are still required to be 
investigated in detailed urban mapping. Moreover, how to explore the 
advantages of different PolSAR models for further improvement in a 
multi-model approach by FMM or other method is still challenging in the 
parametric urban analysis. On the other hand, non-parametric approaches 
do not require modeling of the classified data. Therefore, they are more 
convenient and flexible to be employed in different situations such as 
multitemporal or multi-source data fusion (Jain et al. 2000), where the 
joint data is difficult to model. Methods such as Artificial 
Neural-Network (ANN) (Azimi-Sadjadi et al. 1993; Pellizzeri et al. 2003; 
Ban and Wu 2005; Alberga et al. 2008; Del Frate et al. 2008) and Support 
Vector Machine (SVM) (Waske and Benediktsson 2007; Griffiths et al. 
2010; Yin et al. 2011) have been successfully applied in urban mapping 
in many previous studies. Especially, SVM has received increasing 
popularity in remote sensing classifications (Pal and Mather 2005). 
Nevertheless, such non-parametric approaches are usually 
time-consuming and the optimal classifier parameters (e.g. the parameters 
of the kernel function in SVM) are often hard to estimate. The efficiency 
of multitemporal high resolution PolSAR data has not yet been 
sufficiently evaluated for detailed urban mapping. 
 
Therefore, evaluation of various PolSAR features for urban analysis and 
the development of efficient approaches for detailed urban mapping using 
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multitemporal high resolution PolSAR data are of great importance for 
remote sensing applications. 
 
1.2  Research Objectives 
 
This research investigates multitemporal high resolution PolSAR data for 
detailed urban mapping. Specific research objectives include the 
following: 
 
(1) Assess the efficiency of different polarimetric SAR features and 
combinations of multitemporal data for detailed urban mapping.  
(2) Develop effective contextual approaches exploring spatio-temporal 
information to improve classification results.  
(3) Compare the capabilities of various PolSAR distribution models for 
describing urban classes, and to explore efficient ways to integrate 
multi-models for further improvement.  
(4) Evaluate the significance of the SAR polarizations in mapping of 
urban details in comparison to single polarization SAR data. 
 
In order to achieve the above objectives, multitemporal C-band 
RADARSAT-2 fine-beam PolSAR and ultra-fine-beam HH SAR data 
collected over the same area within the same year were used for 
evaluation.  
 
1.3  Thesis Organization 
 
This thesis has been organized as follows. Chapter 1 gives an introduction 
of the research background and objectives. Chapter 2 reviews the 
principles of PolSAR imaging and urban mapping approaches using 
PolSAR data. Chapter 3 specifies the study area and the data for this 
research. Chapter 4 describes the methodologies proposed for detailed 
urban mapping using polarimetric SAR data. Chapter 5 provides the 
mapping results with the discussions related to the suggested approaches. 
Chapter 6 presents conclusions and future work. This thesis is based on 
the following papers, which are referred to in the text by their Roman 
numerals. 
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Earth Observations And Remote Sensing, Vol. 5, pp. 1129-1139. 
 
III. Xin Niu, Yifang Ban, 2012, A Novel Contextual Classification 
Algorithm for Multitemporal Polarimetric SAR Data, Submitted to IEEE 
Geoscience and Remote Sensing Letters. 
 
IV. Xin Niu, Yifang Ban, 2012, Multitemporal Polarimetric 
RADARSAT-2 SAR Data for Urban Land Cover Mapping Through a 
Dictionary-based and a Rule-based Model Selection in a Contextual SEM 
Algorithm. Canadian Journal of Remote Sensing (Conditionally 
accepted). 
 
V. Xin Niu, Yifang Ban, 2012, RADARSAT-2 Fine-beam Polarimetric 
and Ultra-fine Beam SAR Data for Urban Land Cover Mapping: 
Comparison and Synergy. Submitted to IEEE Transaction on Geoscience 
and Remote Sensing. 
 
The relationship between the listed papers is illustrated in Figure 1.1. 
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Paper I explored an object-based SVM and a rule-based approach for 
detailed urban mapping. Various polarimetric SAR features with different 
processing steps were compared by such an object-based approach. 
Efficiencies of alternative multitemporal combinations considering the 
orbital complement and temporal relationships were assessed as well.  
 
Paper II proposed a pixel-based classification approach for detailed urban 
mapping. Using an adaptive MRF and the spatial variant FMM, a 
contextual SEM algorithm has been proposed. Moreover, a learning 
control scheme has been introduced to mitigate the degenerative problem 
in the SEM algorithm. Common PolSAR distributions models have also 
been compared by such an approach. 
 
Paper III put forward another contextual approach combining a modified 
MPAC and an adaptive MRF in the contextual SEM algorithm proposed 
in Paper II. The effect of the multiscale local feature averaging scheme 
has been evaluated. Comparisons have also been made between the 
adaptive MRF, the modified MPAC, the proposed approach and the 
contextual SVM. 
 
Paper IV further extended the PolSAR distribution model comparison 
conducted in Paper II on the whole data set. According to the different 
behaviors of those PolSAR models, a rule-based model selection has been 
introduced into the contextual SEM algorithm given by Paper II to 
improve mapping accuracy. Traditional dictionary-based model selection 
has also been compared with such a rule-based approach. 
 
Paper V conducted a multitemporal comparison and fusion of fine-beam 
PolSAR data and ultra-fine-beam HH SAR data using the contextual 
SEM algorithm introduced in Paper II. Texture analysis has been further 
explored to improve the identification of urban areas. To extract roads, 
streets and parks, a pixel- and object-based fusion approach using the 
object-based shape features and rules as employed in Paper I has been 
applied on the pixel-based mapping results. 
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2. LITERATURE REVIEW 
 
This chapter contains a review of urban mapping using PolSAR data. The 
principles of PolSAR imagery, a brief introduction to spaceborne PolSAR 
systems, the characteristics of observing urban areas using SAR data, 
enhancement approaches for SAR image processing and urban mapping 
methodologies using PolSAR data are reviewed in the following sections. 
 
2.1  SAR Polarimetry  
 
This section gives an overview of the fundamental properties of PolSAR 
imagery, including the PolSAR statistical properties and decomposition 
theorem. First, the SAR Polarimetry foundation is presented. Then, the 
SAR imaging principles and the data format are introduced. 
  
2.1.1 SAR Polarimetry Fundamentals 
 
An imaging PolSAR system detects targets by sending directional pulses 
of electromagnetic waves and receives the values of the backscatterings. 
A PolSAR image is formed from the backscattered energy and the 
response time. The measured backscattering depends on both the system 
configuration (such as wave frequency, polarization, incidence angle and 
looking direction) and the target characteristics (such as geometrical and 
dielectric properties). In a full polarimetric SAR system, the transmitting 
and receiving antennas can be freely configured with two orthogonal 
polarization states. Therefore, the scattering properties of the targets can 
be revealed in four polarimetric channels which provide more 
information about the observed targets. 
 
To model the interactions between the polarized waves and the targets, 
the Jones vector has been defined to represent the electromagnetic field 
(Boerner et al. 1998): 
 

n

e

e

mj
m m

mn j
n n

E E
E

E E

φ

φ

  
= =   
    ,             (2-1) 

 
where Em and En are the two electromagnetic components in general 
under the two orthogonal polarization basis {um, un} (e.g. the linear 
horizontal and vertical polarization basis: {H, V}). By the Jones vector, 
the transformation between the transmitted electromagnetic wave to the 
received wave can be connected by the scattering matrix S (van Zyl et al. 
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1987) which contains the information to interpret the scattering 
mechanisms. Under the linear horizontal and vertical polarization basis 
(which are the most commonly used polarization basis for modern 
PolSAR systems. Such basis is also assumed in the following discussions 
through this thesis), such transformation can be given as follow: 
 

ikr ikr
h h hh hv h

v v vh vv vrec trans trans

E E S S Ee e

E E S S Ekr kr

       
= =       

       
S        (2-2) 

 
In the Monostatic Arrangement (MSA) case (receiver and transmitter are 
co-located) the scattering matrix is also called the Sinclair matrix. Further, 
with the reciprocal medium assumption, the Sinclair matrix is symmetric, 
i.e. vh hvS S= (Boerner et al. 1998). The coefficients in the scattering 
matrix are complex-valued, and they represent the scattering information 
in an individual look of PolSAR observation. Therefore, the data format 
which contains the scattering coefficients is also referred to as single-look 
complex (SLC) data. The PolSAR cross section can be related to the 
scattering coefficients by the following equation: 
 

2

qp qp=4 Sσ π
               (2-3) 

 
To simply represent the scattering matrix, the scattering vectors can be 
defined as the scattering coefficients namely the ‘Lexicographic Feature 
vector’ 

[ ]4

T

hh hv vh vvS S S S=s             (2-4) 

and the ‘Pauli Feature vector’ 

( )4

1

2

T

hh vv vv hh hv vh hv vhS S S S S S j S S= + − + −  k       (2-5) 

In the monostatic case, wherevh hvS S= , the corresponding scattering 
vectors could be defined as: the ‘Lexicographic Feature vector’ 

3 2
T

hh hv vvS S S =  s              (2-6) 

and the ‘Pauli Feature vector’ 

[ ]3

1
2

2

T

hh vv vv hh hvS S S S S= + −k           (2-7) 

In the PolSAR imagery, an averaging operation known as multilooking 
(Cumming and Wong 2005; Massonnet and Souyris 2008) is often 
applied to generate a multilook image. Multilooking can be done either in 
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the frequency domain in the PolSAR imaging or in the spatial domain 
after the image has been produced. The multilooking process generates 
complex data which is known as multilook complex (MLC) data. The 
MLC data can be represented by the covariance matrix which is defined 
by averaging the lexicographic feature vector samples is : 
 

1

1

nL H
n i ii

L −
=

= ∑C s s               (2-8) 

 
and the coherency matrix which is defined by averaging the Pauli feature 
vector samples ik : 
 

1

1

nL H
n i ii

L −
=

= ∑T k k               (2-9) 

 
where nL  indicates the nominal number of looks, and (.)H is the 
Hermitian transposition operator. Sample averaging is done in the 
multilook cell. The coherency matrix T and covariance matrix C are 
similar matrices. They can be transformed to each other through linear 
transformation. They all contain the complete polarimetric information of 
the observed targets. In terms of statistical analyses, the generated results 
are also equally valid for both data formats. Therefore, the choice of the 
MLC data is restricted to the covariance matrixC for the following 
discussions about PolSAR statistical analyses. 
 
2.1.2  Statistical Properties of PolSAR Data  
 
The PolSAR statistics are normally based on the analysis of the SAR 
speckle. Speckle is an inherent property in SAR observations due to the 
interference phenomenon of the coherent imaging process (Goodman 
1976). The scattering process can be explained by a random walk model 
(Goodman 2007; Lopes et al. 2008), which describes the measured 
electromagnetic wave as the vector sum of the wave components by the 
scatters in the same resolution cell. Such a process leads to a 
pixel-to-pixel variation which is represented as a granular speckle pattern 
on the SAR image. Based on the random walk model, the PolSAR 
statistic models can be derived by further assumptions about the speckle 
effect, which will be described as follows: 
 

Product model and speckle statistics with single polarization 

 
The relationship between speckle and other SAR properties can be 
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analyzed by the well-known product model (Oliver and Quegan 2004; 
Frery et al. 1995; Arsenault and April 1976). A single polarization 
observation S and the corresponding intensity I can be formed as the 
product of two independent contributions: speckle and texture. 
Accordingly, such a product model could be formulated as (Oliver and 
Quegan 2004):   
 

2

1 2= = ( + ),    = ,   =s s sS T X T X jX I T P P X .        (2-10) 

 
where the scalar random variable sT  represents the texture. In the 
context of SAR statistics, the term “texture” means the variation of the 
mean SAR reflectivity in contrast to the conception in the image 
processing, where “texture” describes the spatial distribution patterns of 
the pixel values. The texture is also called radar cross section (RCS) in 
certain situations (Ulaby et al. 1986; Lopes and Sery 1997). Texture 
indicates the ideal scattering of the target. X  is a complex random 
variable representing the independent speckle. Given a large amount of 
independent scatter in the resolution cell with no dominating type, the 
scatterings’ phases are normally assumed to follow a uniform distribution 
between 0 and 2π . For single-look data, by the central limit theorem, 
X will follow a circular complex Gaussian distribution with zero mean 
and variance 0.5 for each component: 
 

1 2

2 2
1, 2, 1 2

1
( ) = exp(- - ) X Xf x x x x

π
           (2-11) 

 
Accordingly, the speckle intensity P  follows a negative exponent 
distribution: 
 

1
( ) = exp( ),       ( >0)Pf p p p

π
−            (2-12) 

 
For the multi-look SAR data, the speckle intensity P can be 
demonstrated to follow a Gamma distribution: 
 

L
L-1L

( | L) = exp(-L ),     (L, >0)
(L)Pf p p p p

Γ
         (2-13) 

 
where L is the equivalent number of looks (ENL), and ( )Γ ⋅  is the 
standard Euler gamma function. With the product model and speckle 
distribution, various multi-look SAR intensity distribution models can be 
derived by assuming different texture distributions for sT  as 
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demonstrated in Table 2.1. 
 
Table 2.1. Selected texture distribution and corresponding SAR intensity distributions  
Intensity 
(Texture) 
distributions  

Intensity Probability Density Function (PDF) Ref 

Gamma 
(Constant) 

1( | , ) exp( )
( )Zf z z z

α
αλλ α λ

α
−= −

Γ
 

Goodman 1975 

K 
(Gamma) 
 

( +L)/2-1

L

2L L z Lz
( | , ) (2 ), ( , , 0)

(L) ( )Zf z K z
α

α
α α αµ α α µ
α µ µ µ−

 = > Γ Γ  

 
Oliver 1984 

G0I 
(Inverse Gamma) 
 

( )
( )

L L-1

L

L (L ) ( 1)
( | , ) , ( 1, 0)

(L) ( ) L ( 1)
Z

z
f z

z

λ

λ

λ λ µ
µ λ λ µ

λ λ µ +

Γ + −
= > >

Γ Γ + −
 

Frery 1997 

Fisher 
(Fisher-Snedecor) 

1

( )
( | , , ) , ( 1, 0)

( ) ( )
1

l

Z l m

lz

ml m l
f z l m l m

l m m lz

m

µµ
µ

µ

−

+

 
 Γ +  = > >

Γ Γ  + 
 

 

Tison et al. 2004 

The texture parameters for K, G0I and Fisher models areα , µ ,λ , l and m . No texture parameter for Gamma model. 

Polarimetric SAR statistics 

 
By using the product model, the SLC Lexicographic feature vector can 
also be decomposed as (Freitas et al. 2005): 
 

sT=s X ,                (2-14) 

 
where T  is a positive random variable representing texture. X  is a 
complex random vector following a zero mean multivariate complex 
Gaussian distribution. Therefore, the MLC covariance matrix can be 
written as: 
 

1 1

1 1

n nL LH H
n i i n si i ii i

L s s L T− −
= =

= =∑ ∑C X X           (2-15) 

 
For the covariance matrix, if the sample interval is short in the 
multilooking process or the multilook window size is small, a same RCS 
or texture value can be assumed for all the samples in the multilook cell. 
Therefore, siT  can be replaced by a constant cT . And the covariance can 
be further written as: 
 

1

1

nL H
n c i ii

L T T−
=

= =∑C X X W             (2-16) 
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whereW is a random matrix following a scaled multivariate complex 
Wishart distribution (Goodman 1963; Lee et al. 1994b; Srivastava 1965). 
T is a normalized scalar random variable with unit mean ( 0,E{ } 1T T> = ), 
thus all scale information is put into W . Therefore, alternative PolSAR 
MLC data distribution models can be derived by assuming different 
normalized texture distributions for T . Table 2.2 presents some common 
PolSAR MLC distribution models formed in this way.  
 

Table 2.2. Selected texture distribution and corresponding PolSAR distributions  
PolSAR 
(Texture) 
distributions 

Probability Density Function (PDF) of the covariance matrix Ref 

Wishart 
(Constant) 
 

LL 1

L

L exp( L ( ))
( | ,L)

(L)

dd

W

d

C Tr C
f C

− −− ∑
∑ =

Γ ∑
 

Goodm
an 1963 

Kp 
(Gamma) 
 

L L
L 12 2

1
LL

2 (L ) ( ( ))
( | , L, ) (2 L ( )), ( 0)

(L) ( )

d d
d

K d

d

C Tr C
f C K Tr C

α α

α

α
α α α

α

+ −
− −

−
−

∑
∑ = ⋅ ∑ >

Γ ∑ Γ
 

Lee et 
al. 
1994b 

G0p 
(Inverse 
Gamma) 
 

LL
1 L

L

L (L )( 1)
( | , L, ) (L ( ) 1) , ( 0)

(L) ( )

dd
d

G

d

C d
f C Tr C

λ
λλ λ

λ λ λ
λ

−
− − −Γ + −

∑ = ⋅ ∑ + − >
Γ ∑ Γ

 
Freitas 
et al. 
2005 

KummerU 
(Fisher- 
Snedecor) 
 

LL
L

L

1

L ( )
( | ,L, , ) ( ) (L )

( ) ( ) 1(L)

(L ,L 1,L ( ) / ( 1))  ,( 0, 0)

dd
d

U

d

C
f C d

U d d Tr C

ξ ζ ξξ ζ ζ
ξ ζ ζ

ζ ξ ξ ζ ξ ζ

−

−

Γ +
∑ = Γ +

Γ Γ −Γ ∑

⋅ + − + ∑ − > >

 
Bombru
n and 
Beaulie
u 2008 

The texture parameters for Kp, G0p and KummerU models areα , λ , ξ and ζ . No texture parameter for Wishart model. 

 

Parameter estimation 

 
When statistical models are used to describe SAR data, correct modeling 
is essential for successful utilization. For a given model, the correct 
model form depends on the involved parameters such as ENL and the 
texture parameters. 
 
The ENL is a parameter which describes the averaging degree of the SAR 
image with certain data transformations or sample averaging operations 
such as multilooking processes. For single polarization SAR data, 
estimators of the ENL have been defined in many ways (Oliver and 
Quegan 2004; Cumming and Wong 2005). However, most of them need 
to define a homogenous region where the speckle is fully developed and 
RCS is assumed to be constant. For PolSAR data, the ENL has 
traditionally been obtained as the averaged value of the estimates from 
each polarization channel (Frery et al. 2007; Lee et al. 1994b). However, 
the PolSAR information is not fully explored by such channel averaging 
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approaches. To this end, Anfinsen et al. (2009) have proposed two 
superior PolSAR ENL estimators using the covariance matrix through an 
automatic estimation scheme. 
 
As demonstrated in the previous subsections, SAR distribution models 
are based on different texture assumptions. The texture forms are 
applicable to alternative LULC types according to their homogeneity. For 
example, the Wishart model fits the homogenous classes, while Kp is 
suitable to heterogeneous classes, G0p and KummerU can be used for 
extremely heterogeneous classes. The texture parameters involved in 
those distribution models describe the homogeneity of the class. For 
single polarization data, traditionally, those parameters were obtained by 
the moment estimators (Lee et al. 1994b; Frery et al. 1997, 2007; Freitas 

et al. 2005). Tison et al. (2004) proposed a log-moment method by which 
superior parameter estimation could be acheived. For the PolSAR data, 
the parameters were conventionally obtained by averaging the mono-pol 
estimators (Frery et al. 1997, 2007; Freitas et al. 2005). To fully explore 
the polarimetric information, Anfinsen and Eltoft (2011) have proposed 
the method of matrix log-cumulants (MoMLC) as a superior estimation 
approach for the PolSAR distributions. Besides, the MoMLC approach 
has also been used for the goodness-of-fit test of the applied PolSAR 
models (Anfinsen et al. 2011). 
 
2.1.3  Polarimetric Decompositions  
 
Polarimetric decomposition can provide physical interpretations of the 
PolSAR observations such as scattering mechanisms or polarimetric 
properties. Parameters obtained by the decomposition methods can be 
directly used as classification features in non-parametric classifiers such 
as SVM and ANN. Decomposition methods can be mainly divided into 
two major categories according to the assumptions of the target types. For 
the “pure target”, the coherent decompositions are applicable, while for 
the “distributed target”, the incoherent decompositions are appropriate. 
The pure target is the one which can be directly represented by the single 
scattering matrix. On the contrary, the distributed target, which needs to 
be described by statistical averaging, is represented by the second order 
Hermitian covariance matrix C or the coherency matrix T (Boerner et al. 
1998). Most natural targets with varying properties are treated as 
distributed targets, while man-made objects with stationary properties are 
usually regarded as pure targets. In the following subsections, selected 
common polarimetric decompositions based on the two target types will 
be briefly reviewed. 
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Coherent decompositions 

 
The coherent decompositions are carried on the scattering matrix S, 
which is used to represent the polarimetric properties of the “pure target”. 
In this case, the scattering matrix S is decomposed into many scattering 
components representing the modeled scattering of typical objects with 
the common expression: 
 

1

k

i i
i

c
=

=∑S S ,                (2-17) 

 
where iS stands for the scattering from a simple object i and ic serves as 
the weight. Therefore, the coherent decomposition interprets the physical 
properties through analyzing the simple object model iS . Brief 
descriptions of selected coherent decompositions are given as follows: 
 
Pauli decomposition (Cloude and Pottier 1996): The scattering matrix 
S is interpreted by four scattering mechanisms, namely sphere surface, 
dihedral, di-plane oriented at 45 degrees and helix related. They are 
respectively modeled on the following Pauli basis: 
 

[ ] 1 01

0 12a

 
=  

 
S ,              (2-18) 

[ ] 1 01

0 12b

 
=  − 

S ,              (2-19) 

[ ] 0 11

1 02c

 
=  

 
S ,              (2-20) 

[ ] 0 11

1 02d

− 
=  

 
S .              (2-21) 

 
In the monostatic case with the reciprocal assumption, where vh hvS S= , the 

Pauli basis can be reduced to [ ] [ ] [ ]{ }, ,
a b c

S S S . And the scattering 

matrix can be decomposed as follows: 
 

[ ] [ ] [ ]hh hv

a b c
vh vv

S S

S S
α β γ 

= = + + 
 

S S S S ,         (2-22) 

 
where 
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2
hh vvS Sα += ,               (2-23) 

2
hh vvS Sβ −= ,               (2-24) 

2 hvSγ = .                (2-25) 
 
The Pauli decomposition is usually used to illustrate the PolSAR data 
with an image by a false color scheme. 
 
Krogager decomposition (Krogager 1992): The scattering matrix S is 
represented as the combination of a sphere, a di-plane and a helix 
scattering model. The last two components are described with an angleθ . 
 
Cameron decomposition (Cameron and Leung 1990): The S matrix is 
firstly decomposed into the non-reciprocal part [Snr] and reciprocal part 
[Srec]. The latter one will be further factorized into the max symmetric 
component [Smax]sym and min symmetric one [Smin]sym. The max 
symmetric part will be used to compare the referenced measures to match 
the identical objects. 
 

Incoherent decompositions 

 
For the incoherent targets, the decompositions are applied on the second 
order descriptors: covariance and coherency matrices. Therefore, these 
kinds of decompositions can be expressed as: 

1

k

i i
i

p
=

=∑C C                 (2-26) 

or  

1

k

i i
i

q
=

=∑T T ,                (2-27) 

where the factors iC  or iT  represent certain physical scattering 
mechanisms. Some selected decomposition methods of this kind are 
concisely reviewed as follow: 
 
The model-based Freeman decomposition (Freeman and Durden 
1998): The freeman decomposition is based on modeling which considers 
the covariance (or coherency) matrix as a superposition of three scattering 
mechanisms, namely “Volume scattering” (i.e. forest canopy), 
“Double-bounce scattering” (i.e. dihedral corner reflector) and “Surface 
or single-bounce scattering” (i.e. first-order Bragg surface scatterer). For 
example, in the reciprocal monostatic situation, the above mentioned 
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scattering models can be described by the following matrices (the initials 
of the model names are the subscripts): 
 

[ ]3

1 0 1/ 3

0 2 / 3 0

1/ 3 0 1
v

 
 =  
  

C ,            (2-28) 

[ ]
2

3

0

0 0 0

0 1
d

α α

α ∗

 
 

=  
 
 

C ,             (2-29) 

[ ]
2

3

0

0 0 0

0 1
s

β α

α ∗

 
 

=  
 
 

C .             (2-30) 

 
Therefore, the reciprocal covariance matrix 3C  can be decomposed as: 
 

[ ] [ ] [ ]3 3 3 3v d sv d s
f f f= + +C C C C .           (2-31) 

 
Phenomenological Huynen decomposition (Huynen 1970): The basic 
idea of the Huynen decomposition is to divide the coherency matrix T 
into two parts which are the effective pure target T0 and the distributed 
N-target TN residue which represents nonsymmetric target parameters. 
The Huynen decomposition is used to explain the physical property and 
the geometry of the observed targets. 
 
Eigenvector based decomposition: The decomposition is based on the 
analysis of the eigenvectors and eigenvalues of the second order statistics. 
For the reciprocal coherency matrix, the eigen decomposition can be 
expressed as 
 

3
*

3
1

T T
i i i

i

λ µ µ
=

=∑ ,               (2-32) 

 
where iλ and iµ  denote the i-th eigenvalue and eigenvector respectively. 
The eigenvector can be expressed as  
 

[cos sin cos sin cos ]i ij j T
i i i i i ie eδ γµ α α β α β= .       (2-33) 

 
Based on the eigen decomposition of the reciprocal coherency matrix, 
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Cloude and Pottier (1997) have proposed a / /H A α  decomposition with 
the following three parameters: 
 

Entropy: 
3

3
1

log ( )i i
i

H p p
=

= −∑ ,         (2-34) 

where 

3

1

i
i

k
k

p
λ

λ
=

=
∑

,                (2-35) 

Anisotropy: 2 3

2 3

A
λ λ
λ λ

−=
+

,            (2-36) 

Mean alpha angle: 
3

1
i i

i

pα α
=

=∑ ,          (2-37) 

 
where the mean alpha angle α  indicates the main scattering mechanism 
(single-bounce scattering, volume scattering or double-bounce scattering, 
etc). The entropy H measures the degree of statistical disorder of each 
target. When H is low, one dominant scattering matrix corresponding to 
the largest eigenvalue can be extracted and the other eigenvalue 
components can be ignored. While the H is high, a mixture of different 
type of scatters must be considered. The anisotropy A, which is a 
parameter complementary to the polarimetric entropy H, gives the 
relative importance of the second and the third eigenvalues. However, it 
is most meaningful to use it while H >0.7 (Lee and Pottier 2009c). Biases 
of the Entropy/Alpha/Anisotropy parameters were evaluated by Lee et al. 
(2008) with a removal approach.  
 
2.2  Spaceborne PolSAR Systems 
 
As an active remote sensor, the SAR system uses electromagnetic waves 
to illuminate the observed targets. In contrast to optical and infrared 
sensors, SAR is less affected by weather conditions or solar illumination 
(Hayes and Gough 2009). SAR has the capacity to penetrate a short 
distance into the ground. Among various SAR features, the SAR 
polarizations have long been recognized as a useful tool to study the 
backscattering behaviors of targets caused by their geometry, orientation 
and physical properties (Dong et al. 1997; Ainsworth et al. 2009).  
 
Polarization theory has been investigated since the middle of the 
nineteenth century. After World War II, classic radar polarization theory 
was established (Hubbert 1994; Zebker and van Zyl 1991; Touzi et al. 
2004). In 1951, Carl Wiley of Goodyear discovered the Doppler 
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beam-sharpening, which can be considered as the birth of the SAR 
concept. Although SAR and radar polarization theory had been developed 
in the following years, rapid progress for the practical applications of the 
PolSAR systems was not made until Poelman (1981) proposed the 
concept of “virtual polarization”. This implies that, without changing the 
configuration of a PolSAR system, scattering information for other 
polarizations can be obtained. The complexity and cost of the PolSAR 
system has since significantly decreased.  
 
In 1985, the first airborne PolSAR sensor NASA CV990 PolSAR was 
created and tested for real use. This led to an upsurge of PolSAR 
applications (van Zyl et al. 1987; Zebker and van Zyl 1991). In one of 
these studies, the first terrain LULC classification using PolSAR was 
made by Kong (1988). The evolution of spaceborne SAR systems can be 
traced back to 1978, when the L-band SEASAT-A SAR sensor was 
launched by the USA. Since 1990, spaceborne PolSAR systems have 
been increasingly used for earth observation. With the launch of advanced 
spaceborne PolSAR sensors like RADARSAT-2 and TerraSAR-X, global 
observation using high-resolution PolSAR has become routinely available. 
Some spaceborne SAR sensors are listed in Table 2.3. 
 

Table 2.3. Selected major spaceborne PolSAR sensors 
 

Sensor  Band Polarization Range x Azimuth 
Resolution (m x m) 

Launch 
Year 

Country 

SIR-C/X-SAR L 
/C/X 

Full polarization 
X: VV 

13~26×30 1994 US/Germany 

/Italy 
ENVISAT ASAR C HH/HV HH/VV 

VH/VV 

9~450×6~450 2002 ESA 

ALOS PALSAR L Full polarization 
HH/HV VH/VV 

Range: 7 ~89 2006 Japan 

RADARSAT-2 
SAR 

C Full polarization 3~100×3~100 2007 Canada 

TerraSAR-X X Full polarization 
Dual polarization 

1~16×0.6~3.5 2007 Germany 

COSMO-SkyMed X Dual polarization 1~100×1~100 2007 Italy 

 
Although SAR systems have been used for civilian geoscience research 
since the late 1950s, less attention was paid to urban applications in the 
early years (Henderson and Xia 1998). Since SAR data was made 
commercially available in 1969, the potential of PolSAR systems for 
urban mapping has been reported in a growing number of studies. Rapid 
progress in urban applications using PolSAR has been made in recent 
years with increased amounts of high quality high resolution PolSAR data 
collected through spaceborne PolSAR systems. Typical urban mapping 
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using SAR data will be reviewed in the following sections. 
 
2.3  SAR for Urban Analysis 
 
Urban area, which contains a mixture of man-made structures and natural 
objects, represents one of the most complicated areas to be studied 
through remote sensing. Particular characteristics of SAR observations in 
urban areas are reviewed in the following sections. 
 
2.3.1 Interactions between the SAR Systems and Urban 

Features 
 
The geometric distortions in SAR images are commonly introduced by 
man-made structures (Soergel et al. 2002; Brunner et al. 2010). Since 
SAR measures the distance between the target and the sensor, the top of 
the building will be detected first and recorded on the range profile, 
followed by the base of the building, which creates a reversed view of the 
facade as illustrated in Figure 2.1. This phenomenon, called “layover”, is 
more pronounced for high buildings. The ground obscured by the 
building from electromagnetic waves will leave a “shadow” in SAR 
images. The geometric distortions vary according to the looking direction 
and incidence angle which makes it difficult to fuse SAR data collected in 
different situations. 
 

 
Figure 2.1. Example of the scattering profile of a simple flat-roof building model. 

ground scattering a, double bounce b, scattering from vertical wall c, backscattering 
from roof d, shadow area e. The gray values of the backscattering profile correspond 

to the relative amplitudes. (Brunner et al. 2010) 
 
The scattering mechanisms in urban areas are complex. As shown in 
Figure 2.1, the recorded observations are summed by the scatterings from 
the targets on the same wave front. For example, the layover part is 
mixed with the scatterings from the roof, wall and ground. Dong et al. 
(1997) concluded that the backscattering is dominated by single bounce 
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from roofs, and double bounce from ground-wall structures. Similarly, 
roads that go through dense built-up areas will contain both single and 
double bounce scattering. A mixture of volume scattering by vegetation 
and double-bounce scattering from buildings can also be observed in low 
density areas. Looking directions and the alignment of structures also 
influence SAR scattering. Man-made structures which are arranged 
perpendicularly to the illumination direction give rise to the power of 
echoes. This is called the cardinal effect (Raney, 1998) and is more 
evident in low frequency SAR data.  
 
2.3.1.1 Frequency 
 
Frequency affects SAR observations in urban areas in many different 
ways (Xia 1996). Although the high frequency SAR system (short 
wavelength) is more sensitive to surface roughness, it is more influenced 
by atmospheric attenuation. Because of its low penetration ability, high 
frequency SAR systems are prone to observe more volume scattering 
from vegetation canopies, which can introduce confusion with man-made 
objects. Bryan (1975) reported that X-band data was better than the 
L-band data for interpreting urban features. The same observation has 
also been made by Haack (1984) when evaluating L- and X-band data for 
urban LULC identification. Henderson and Anuta (1980) used X-band, 
Ka-band and SEASAT HH-SAR data to study the effects of SAR 
frequency for urban area detection. Many other studies have also 
demonstrated the use of the Ka-band (Lewis 1968; Moore 1969; Peterson 
1969), X-band (Dowman and Morris 1982; Esch et al. 2010, 2011), 
C-band (Dell'Acqua et al. 2003; Gao and Ban 2009; Hu and Ban 2012), 
L-band (Alberga 2007; Alberga et al. 2008; Zhu et al. 2012) and P-band 
(Qi and Jin 2007) for urban LULC mapping. Fusion of multifrequency 
SAR data has been found useful to improve the urban mapping accuracy 
(Lombardo et al. 2003; Pellizzeri et al. 2003; Sarker et al. 2008). 
 
2.3.1.2 Polarization 
 
A study of SAR polarization for urban analysis was first reported by 
Lewis et al. (1969) who argued that cross-polarization could enhance the 
identification of commercial and industrial areas. Mapping of vegetation 
in urban areas was more successful with HH-polarized images. Moore 
(1969) found that the linear features of urban areas could be well 
identified by HV-polarized data. Wu and Sader (1987) demonstrated that 
the VH-polarized data and ratioed data (VH/HH, VH/VV) were better for 
separating urban and surrounding features than HH/VV-polarized data. 
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Dowman and Morris (1982) found that more built-up areas could be 
mapped by X-HH data than by X-HV data. Haack (1984) recorded the 
performance ranking for urban LULC delineations in descending order as 
X-HH, L-HH, X-HV and L-HV. Henderson (1979) noted that the cardinal 
effect in HV polarization is not as obvious as in HH polarization. 
Nevertheless, Wu (1984) demonstrated that the simultaneous use of 
multi-polarizations could better identify urban LULC than single 
polarization HH data. Henderson and Mogilski (1987) studied the ability 
of grey tone values from two polarizations to separate many man-made 
cultural features and natural terrain features. Ainsworth et al. (2009) 
compared the efficiency of dual-polarization data and quad-polarization 
data for urban classification. The polarimetric features such as Freeman 
decomposition parameters (Freeman and Durden 1998) and / /H A α  
decomposition parameters (Cloude and Pottier 1997) derived from the 
full-polarization data has been found useful for urban LULC analyses 
(Pellizzeri 2003; Lee et al. 2004a; Park and Moon 2007; Zhang et al. 
2008; Gao and Ban 2009; Ban and Niu 2011; Bhattacharya and Touzi. 
2011). The efficiency of those polarimetric features for LULC mapping 
was compared by Alberga (2007) and Alberga et al. (2008) using 
pixel-based approaches. Cloude and Pottier (1997) demonstrated that 
urban areas have medium polarimetric entropy, which indicates a medium 
degree of depolarization with multiple scattering mechanisms. 
Polarimetric characteristics of urban targets have also been studied by 
Margarit et al. (2010) from a geometric point of view. 
 
2.3.1.3 Incidence Angle and Look Direction 
 
As discussed in the previous section, incidence angle and look direction 
greatly influence SAR images in urban areas. With regard to the optimal 
SAR incidence angle for urban applications, Lichtenegger et al. (1991) 
reported that SIR-A data with larger incidence angles are better than 
Seasat data for LULC mapping. Henderson (1990) studied three SIR-B 
images with different incidence angles and claimed that incidence angles 
less than 20-33 degrees were of minimum use for urban analysis. He 
found that interpretation accuracy increased at 41 degrees and decreased 
at 51 degrees. It was reported by Hussin (1995) that incidence angles 
around 40 degrees are suitable for urban analyses. However, the optimal 
angle varies with application. Although it poses problems for data fusion, 
multi-angle and multi-direction look SAR observations are valuable for 
urban analyses (Xia 1996). Multiangular fusion could balance the 
resolutions (which are higher with larger angles) and the man-made 
features like shadows and layovers (which are more prominent with 
smaller angles). With multi-angle or multi-direction look data fusion, 
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certain man-made features can be effectively separated from natural 
land-cover classes due to the varying representations of urban structures 
in SAR images. Dell'Acqua et al. (2003) showed that more streets could 
be extracted using simulated multi-angle data. Few studies on the fusion 
of multi-angle (Ban and Jacob 2012) or multi-direction look SAR exists 
for detailed urban mapping.  
 
2.3.2 Spatial Resolution 
 
SAR spatial resolution is significant for urban applications. Due to 
limitations in spatial resolution, most of the previous urban LULC studies 
(Dell'Acqua et al. 2003; Lombardo et al. 2003; Pellizzeri et al. 2003; Lee 
et al. 2004a; Park and Moon 2007; Alberga et al. 2008) have focused on 
the detection of settlements or the mapping of very few urban features in 
SAR images. As one of the major improvements of modern spaceborne 
SAR sensors, increased resolution provides the opportunity to explore 
urban details. The advent of very high resolution SAR data with 
approximately one meter spatial resolution has the potential for more 
complex urban analysis (Soergel et al. 2005) such as the extraction of 
road networks (Lisini et al. 2006; Negri et al. 2006; Hedman et al. 2010) 
and reconstruction of man-made structures (Quartulli and Datcu 2004; Xu 
and Jin 2007). The high resolution or very high resolution SAR data also 
pose challenges for urban LULC mapping. The increased resolution also 
increases the scattering variance within classes. The computation time has 
greatly increased, especially for complicated algorithms. Most of the 
urban mapping using high resolution or very high resolution SAR data is 
concerned with the extraction of urban extents (Stasolla and Gamba 2008; 
Esch et al. 2010, 2011; Gamba et al. 2011) or the mapping of a few urban 
features (Chaabouni-Chouayakh and Datcu 2010a, 2010b; Yin et al. 
2011). Few attempts have been made so far for detailed urban mapping 
(Ban and Niu 2011; Hu and Ban 2011) using multitemporal high 
resolution SAR data.  
 
2.3.3 Multitemporal Observations 
 
Multitemporal data have been proven valuable to improve LULC 
classification (Lu and Weng 2007). Multitemporal data leads to improved 
urban mapping using SAR data, since most man-made structures are 
relatively stable across time in terms of scattering compared to natural 
classes. Moisture content which varies seasonally due to different weather 
conditions can also influence the SAR images collected at different dates. 
Increased moisture content will increase the SAR reflectivity (and image 
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brightness). For instance, soil surface and vegetation cover appear 
brighter in SAR images when they are wet (CCRS 2007). Dell'Acqua et 
al. (2003) stressed that an accurate characterization of stable features in 
urban areas is possible using sufficiently long temporal series of SAR 
data. Pellizzeri et al. (2003) suggested using long sequences of data to 
further improve urban feature characterization. Efficiency of multi-date 
PolSAR data combinations for urban mapping was first evaluated by Ban 
and Niu (2011). Ban and Jacob (2012) demonstrated fusion of 4-date 
SAR data and optical data with suitable temporal compositions can 
achieve similar urban mapping accuracy as fusion of 8-date SAR data and 
optical data. Zhu et al. (2012) have conducted a study on detailed urban 
mapping using nine dates of dual polarization data. The efficiency of the 
date combinations has not yet been extensively studied for multitemporal 
PolSAR data. 
 
2.4  Enhancement Approaches 
 
SAR images have unique characteristics. To reduce the adverse effects 
and effectively explore the information contained in the SAR data for 
classification, certain SAR enhancement approaches should be considered 
for successful urban mapping. 
 
2.4.1 Speckle Reduction 
 
Speckle is inherent in SAR images due to the coherent interference of the 
backscattering waves from the targets within a resolution cell. Strictly 
speaking, SAR speckle is not real noise but a kind of noise-like 
phenomenon. Speckle can for instance be used in SAR interferometry 
(Oliver and Quegan 2004). However, in most situations, speckle makes 
the SAR image segmentation and classification difficult. One 
conventional way to reduce SAR speckle is multilooking (Cumming and 
Wong 2005; Massonnet and Souyris 2008) which can be done either in 
the frequency domain, by averaging the sub-aperture images, or in the 
spatial domain, using an averaging window on the SAR image. However, 
the multilooking approach reduces the resolution of the SAR image.  
 
Many speckle filtering approaches have been proposed (Lee et al. 1994a; 
Touzi 2002; Lee and Pottier 2009b). Most of theses filters have been built 
based on the well known multiplicative or product speckle models using 
local statistics (Touzi 2002; Lee and Pottier 2009b). For single channel 
SAR filtering, classic filters such as the ones proposed by Lee (1980), 
Kuan et al. (1985), Frost et al. (1982) and Lopes et al. (1990a) have been 
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widely used. However, these conventional filters usually assume a fixed 
local analyzing structure which may lead to over-averaged results. In 
certain situations, the multiplicative model may not properly fit the SAR 
speckle. To this end, many advanced filters have been proposed such as 
the enhanced version of Lee, Frost and Kuan filters (Lopes et al. 1990b) 
and the adaptive gamma MAP filters (Baraldi and Parmiggiani 1995). 
Many wavelet-based filters (Aiazzi et al. 1998; Sveinsson and Atli 
Benediktsson 2003; Gleich and Datcu 2009) have also been proposed as 
they benefit from the properties of the wavelet transformation such as low 
entropy and multiresolution. Some non local approaches (Chen et al. 
2011; Parrilli et al. 2012) such as the non-local means denoising 
algorithm (Buades et al. 2005; Mahmoudi and Sapiro 2005; Deledalle et 
al. 2009; Zhang and Zhang 2011; Zhong et al. 2011), which takes into 
account both local patches and similar nonlocal patches all over the 
image in the filtering process, has also been proposed with promising 
results. For PolSAR data filtering, early studies (Lee et al. 1991; Goze 
and Lopes 1993; Touzi and Lopes 1994; Lopes and Sery 1997) have 
mainly explored the correlations between the different polarization 
channels for despeckling such as the polarimetric whitening filter (Novak 
and Burl 1990; Novak et al. 1993). However, these filters introduce total 
correlation between polarization channels. The introduced cross talk 
between channels makes it difficult to preserve the polarimetric 
properties. To preserve the polarimetric information, cross talk should be 
avoided in the filtering. Therefore, the elements in the coherency or 
covariance matrix should be equally and independently filtered (Lee et al. 
1999). Based on these PolSAR data filtering principles, advanced 
PolSAR filters (Lee et al. 1999, 2006; Lopez-Martinez and Fabregas 
2003, 2008) have been proposed. They can reduce speckle and preserve 
the polarimetric information and spatial details. These filters can be used 
to further enhance segmentations or classifications. 
 
2.4.2 Texture Analysis 
 
Image texture describes the pattern of the arrangement of color or 
intensities in space (Shapiro and Stockman 2001). Different LULC 
classes such as rocks, sea-ice, seawater, vegetation, urban areas, etc. can 
be characterized based on their distinct textural features (Kandaswamy et 
al. 2005). Since urbans have regular spatial patterns, unique urban 
textures can be extracted to, for instance, separate settlements from rural 
areas. Texture differences also exist among various urban types 
(Henderson and Xia, 1998).  
 
The texture analysis was first employed for urban applications by Fasler 
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(1980) using SEASAT L-band HH polarization data. Dekker (2003) 
demonstrated that texture analysis can be performed to identify the urban 
and industrial areas in medium resolution SAR data. Dell’Acqua and 
Gamba (2003) investigated the urban environments according to the 
built-up density using the Grey Level Co-occurrence Matrix (GLCM) 
(Haralick 1973). The GLCM texture has also been studied by Del Frate et 
al. (2008), Ban and Wu (2005) and Dell’Acqua and Gamba (2006) for 
various urban types such as low density and high density residential areas, 
industry and asphalt. Hu and Ban (2012) used the ultra-fine beam high 
resolution C-HH SAR GLCM as object features for detailed urban 
mapping. The efficiency of the GLCM for SAR data analysis has been 
compared with MRF by Clausi and Yue (2004). They found that the 
GLCM improved the discrimination ability of the classes with decreased 
window size compared to MRF, although the GLCM was found to be 
more sensitive to texture boundary confusion than MRF. In addition to 
the GLCM, many other texture measures have been studied in urban 
analysis (Dekker 2003). Although the semivariogram has been previously 
applied in remote sensing (Woodcock et al. 1988), its application in urban 
classification of SAR data is relatively new (Dekker 2003; 
Chamundeeswari et al. 2009). The efficiency of the semivariogram has 
also been evaluated and compared with GLCM by Carr and Miranda 
(1998) for SAR and optical data classification. Stasolla and Gamba (2008) 
employed spatial local indices (Sokal and Thomson 2006) for the 
extraction of human settlements from high resolution SAR data. Gamba 
et al. (2011) further extended this approach by combining spatial indices 
with GLCM for robust urban extraction from high resolution and very 
high resolution SAR data. A set of contextual descriptors based on 2-D 
Fourier spectra of SAR images has also been proposed by Popescu et al. 
(2012) for analyzing very high resolution SAR data. Other texture 
measures such as Gabor wavelets (Manjunath & Ma 1996) and wavelet 
packets (Pun & Lee 2003) are also popular in SAR image analysis. 
Nevertheless, challenges still remain on how to efficiently employ SAR 
textures in detailed urban mapping. 
 
2.4.3 Contextual Analysis 
 
Contextual information has the potential to improve classifications 
(Flygare 1997; Stuckens et al. 2000; Hubert-Moy et al. 2001). Generally 
the concept of context covers both spatial and temporal relationships in 
the data. In the discussion below, we restrict context to spatial 
relationships only. Contextual analysis is used to improve the image 
classification by exploring spatial information available in the 
neighboring graphical elements (Lu and Weng 2007). The spatial 
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information can be explored using either object-based (Kartikeyan et al. 
1998; Flanders et al. 2003; Benz et al. 2004) or pixel-based approaches 
(Kartikeyan et al. 1994; Stuckens et al. 2000). In object-based analysis, 
the contextual information is inherent as the object features. The local 
autocorrelations of neighboring pixels are implicitly represented by the 
result of the segmentation. However, as discussed in the previous 
paragraphs, the results of the object-based analysis strongly depend on 
the segmentations. Some object-based approaches will be reviewed in the 
following subsections. The pixel-based contextual analysis is reviewed 
below. 
 
Many problems in pixel-based approaches can be effectively reduced 
through the use of contextual analysis (Lu and Weng 2007). For example, 
confusion caused by intra-class variations can be mitigated by analyzing 
the spatial autocorrelation (Keuchel et al. 2003; Magnussen et al. 2004). 
Contextual analysis has also been considered as a useful way to cope with 
the small sample problem (Baraldi et al. 2006). The contextual 
classification approaches have a smoothing effect which can remove 
“Salt and Pepper” noise in the final classification maps (Keuchel et al. 
2003; Magnussen et al. 2004). 
 
Contextual information is usually explored through model-based 
approaches. Models like Markov Random Field (MRF) (Geman and 
Geman 1984) based on the Bayesian framework with Markovian 
dependency assumption have been widely used in SAR image analysis. 
Methods based on MRF models such as the iterated conditional modes 
(ICM) (Cortijo and de la Blanca 1998; Magnussen et al. 2004) are some 
of the most frequently used in contextual analysis (Lu and Weng 2007). 
Urban mapping with SAR data through MRF analysis has previously 
been used (Solberg et al. 1996; Tison et al. 2004; Wu et al. 2008; Voisin 
et al. 2013; Kayabol and Zerubia 2013). However, traditional MRF 
analysis using stable neighborhood structures and fixed contextual 
parameters usually lead to over-averaged results, where detailed urban 
features disappear. To solve this problem, several adaptive MRF 
approaches (Smits and Dellepiane 1997; Garzelli 1999; Deng and Clausi 
2005; Maillard et al. 2005; Yu and Clausi 2006; Zhong and Wang 2009; 
Lei et al. 2010) that define an adaptive neighborhood with adaptive 
parameters have been proposed for SAR data with encouraging results. 
Hierarchical MRFs have also been proposed for accurate and robust SAR 
data segmentations (Yang et al. 2006; Liu et al. 2011; Martinis et al. 2011; 
Voisin et al. 2013). Conditional Random Field (CRF) (Lafferty et al. 
2001), a variant of MRF which impose directional dependency in 
Bayesian Network has recently been proposed with promising results (Su 
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et al. 2011; Yang et al. 2011; Wegner et al. 2011). However, due to 
computational complexity, it is difficult to apply CRF to high resolution 
SAR images at the pixel-level. Although great advances have been made 
for SAR applications by the model-based contextual approach, efficient 
methods for detailed urban mapping using PolSAR data need to be 
developed further. 
 
Instead of modeling the prior probability for the classified pixels through 
MRF analysis, the contextual information can be explored to represent 
the varying class characteristics using approaches like Pappas adaptive 
clustering (PAC) (Pappas 1992). Baraldi et al. (2000) have proposed a 
modified PAC (MPAC) approach with a multiscale analysis scheme, 
where estimations from neighborhoods within windows of different size 
and the global range are considered. Baraldi et al. (2006) have refined the 
MPAC with soft averaging techniques for local averaged class features. 
Nevertheless, the PAC approaches assume slow variation in the studied 
images, where the scattering texture is negligible. The PAC approaches 
have been applied to single date optical data or single-polarization SAR 
data assuming a Gaussian distribution. A test for detailed urban mapping 
using multitemporal PolSAR data is still required. 
 
2.5  Methodology for Urban Classification using PolSAR 
 
In the following subsections, state-of-the-art urban classification methods 
will be reviewed with respect to the classified graphic elements and the 
modeling of the data. 
 
2.5.1 Pixel- and Object-based Classifications 
 
Mapping methods can be defined as pixel-based or object-based 
according to whether the basic graphic elements are either individual 
pixels or segmented objects. In many previous LULC studies, pixel-based 
approaches have been used as traditional mapping methods with 
satisfactory accuracy especially for coarse resolution SAR data (Dean and 
Smith 2003). However, when dealing with high resolution SAR data, 
pixel-by-pixel classification is usually limited, mainly due to the 
increased spectral variance within the classes (Shaban and Dikshit 2001). 
Scheiewe et al. (2001) have argued that the pure pixel-based methods are 
not suitable for classification of very high resolution data, since the high 
spatial resolution increases the spectral variability, which can increase the 
confusion between the classes. Another problem is the so called “Salt and 
Pepper” effect (Solaiman et al. 1998) in pixel-based results. This effect is 
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more pronounced for applications using SAR data due to the inherent 
speckle. On the other hand, object-based approaches which use the 
contextual information from meaningful objects and the relationships 
between them have been increasingly used for high resolution data 
(Blaschke 2010). Beside spectral information, shape features of objects 
and their spatial relationships can be explored through object analysis 
(Flanders et al. 2003; Benz et al. 2004). Although some comparisons 
between pixel-based and object-based classifications have been made for 
urban LULC mapping using optical data (Cleve et al. 2008; Zhou et al. 
2009; Lu et al. 2010), very few comparisons have been made using SAR 
data. Sarker et al. (2008) found that pixel-based approachs have 
advantages when used with coarse resolution SAR data. There are a few 
studies that have fused pixel-based and object-based methods 
(Shackelford and Davis 2003; Wang et al. 2004; Chaabouni-Chouayakh 
and Datcu 2010a). However, most of these studies have focused on 
optical data and have used pixel-based results to improve object-based 
mapping. There are few studies that have used object-based features to 
improve pixel-based results. The pixel-based classifications can be sorted 
into different groups based on different views. This will be further 
discussed in the next subsection. The review below mainly focuses on 
object-based classifications. 
 
The concept of object-based classification for remote sensing applications 
can be traced back to the 1970s, when Kettig and Landgrebe (1976) 
introduced the method called extraction and classification of 
homogeneous objects (ECHO). Segmentation has played an important 
role in the development of the object-based image analysis. Whether 
meaningful objects can be generated is essential for the successful 
employment of object-based classifications. The existing segmentation 
techniques used for SAR images can be divided into the following groups: 
1) clustering-based (Smith 1996; Quan et al. 2008), 2) edge-based 
(Fjørtoft et al. 1998; Germain and Refregier 2001), 3) region-based (Li et 
al. 1999; Galland et al. 2003; Ayed et al. 2005), and 4) hybrid approaches 
(Hermes and Buhmann 2004; Carvalho et al. 2009; Yu et al. 2012). These 
segmentation techniques have been extensively discussed (Fu and Mui 
1981; Haralick and Shapiro 1985; Pal and Pal 1993; Blaschke 2010). Of 
all existing segmentation algorithms, the region-based multi-resolution 
segmentation (Baatz and Schape 2000) is one of the more popular 
(Blaschke 2010) in remote sensing applications. Some studies have also 
found that better segmentation can be obtained in SAR images by 
integrating edge-based and region-based approaches (Hermes and 
Buhmann 2004; Yu et al. 2012). However, most of the previous 
segmentation techniques have been applied on coarse resolution SAR 
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data. Efficient segmentation approaches for analysis of high resolution or 
very high resolution SAR data over urban areas still needs to be 
developed.  
 
Although the object-based analysis has been employed in remote sensing 
for some time, most object-based urban applications were designed to 
process optical data. Only a few object-based studies over urban areas 
using SAR data exist. For instance, Benz and Pottier (2001) classified 
man-made structures, forest and vegetation types using polarimetric SAR 
data through analyzing the Cloude-Pottier decomposition parameters 
within objects. Corr et al. (2003) fused polarimetric and interferometric 
SAR data for object-based analysis in urban areas. Shape features and 
other object properties have been shown to be useful to reduce the 
confusion between different classes. Esch et al. (2005) developed a robust 
object-based approach to extract built-up areas using E-SAR data from 
three complete flight tracks. Esch et al. (2010) further explored the 
object-based approach to delineate the urban footprints from TerraSAR-X 
data. Thiel et al. (2008) applied an object-based approach to analyze 
speckle statistics detection of urban extents in TerraSAR-X data. Ban et 
al. (2010) proposed an object-based fusion approach of SAR and optical 
data for urban mapping. Qi et al. (2012) constructed a decision tree from 
PolSAR features for object-based classification of urban areas. Hu and 
Ban (2012) investigated the potential of the very high resolution SAR 
data for urban mapping using the object-based approach. So far, most 
studies have focused on mapping urban extents or a few urban classes. 
There is still a lack of studies on detailed urban mapping using high 
resolution PolSAR data.  
 
2.5.2 Parametric and Non-parametric Classifications 
 
From the point of view of statistical modeling, classification methods can 
be defined as parametric approaches which usually assume a distribution 
model of the data. Non-parametric approaches can be defined as the 
opposite (Richards 1993). These concepts are mainly related to 
supervised classification, which is discussed below. 
 
Parametric classifiers such as maximum likelihood classifiers (MLC) 
(Ban 2003; Pellizzeri et al. 2003; Ban and Wu 2005; Li et al. 2010) and 
parametric minimum-distance classifiers (MDC) (Alberga 2007; Mishra 
et al. 2011) have long been used in remote sensing (Swain and Davis 
1978). Normally, for the selected distribution models such as the SAR 
distributions introduced in the previous sections, the involved model 
parameters are determined from the training samples. In order to properly 
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estimate the parameters a sufficient number of training samples are 
required to ensure satisfactory performance (Hubert-Moy et al. 2001). 
However, in mapping using remote sensing images, it can be difficult to 
obtain enough training samples (especially for detailed LULC mapping). 
One reason is that the high feature dimensions due to the use of 
multitemporal and multisource data require more samples to accurately 
represent the class models (Jackson and Landgrebe 2001). Another reason 
is that spatial autocorrelation can reduce the informativeness of 
neighboring pixels by violating the assumption of sample independence 
(Congalton and Green 2008). To mitigate the small sample problem, 
some semi-supervised classifications such as the Expectation- 
Maximization (EM) algorithm (Kersten et al. 2005; Khan and et al. 2007; 
Jackson and Landgrebe 2001) have been proposed in remote sensing. The 
EM algorithm iteratively estimates the distribution model parameters 
from both the training data and the classified data. To avoid local extreme 
and complex pseudo-likelihood functions, the Stochastic EM (SEM) 
algorithm (Celeux and Diebolt 1985; Moser et al. 2006) has been 
proposed. It has been found that the SEM algorithm can provide more 
reliable convergence with less iteration than the EM algorithm (Dias and 
Wedel 2004). Finite Mixture Model (FMM) (McLachlan and Peel 2000) 
has been introduced into the parametric analysis of the SAR data (Moser 
et al. 2006; Krylov et al. 2011a, 2011b) to represent the heterogeneity of 
the observations expressed in a finite number of latent classes. To 
incorporate the contextual analysis, a Spatially Variant FMM (SVFMM) 
(Sanjay-Gopal and Hebert 1998; Celeux et al. 2003) has been proposed. 
Urban analysis using the EM algorithm and FMM can be found in very 
few studies (Moser et al. 2006; Krylov et al. 2011a, 2011b). These studies 
have dealt with very few urban classes. Since without any control scheme, 
the EM algorithm tends to converge to a degenerate solution (Ingrassia 
and Rocci 2011) especially in applications where many classes are 
involved.  
 
Non-parametric approaches such as Artificial Neural Network (ANN) 
(Jain et al. 2000; Ban 2003) and Support Vector Machine (SVM) 
(Mountrakis et al. 2011) have been widely used in remote sensing. In the 
case of multitemporal or multi-source data, the non-parametric 
approaches are preferable to the parametric ones, since the 
non-parametric approaches need no assumption regarding the distribution 
models of the unclassified data (Lu and Weng 2007). The non-parametric 
SVM approach has recently become increasingly popular (Pal and Mather 
2005). SVM has also been introduced into object-based analyses (Tzotsos 
and Argialas 2008). The superiority of SVM over other classifiers has 
been reported by various studies in object-based and pixel-based 
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classifications (Buddhiraju and Rizvi 2010; Waske and van der Linden 
2008; Mountrakis et al. 2011; Pal and Mather 2005). Pacifici et al. (2008) 
reported encouraging results using SAR in urban mapping with ANN. 
Usually, these non-parametric approaches are time-consuming (especially 
when dealing with noisy data) and the optimal values of the involved 
parameters are difficult to estimate (e.g. the kernel parameters in SVM) 
(Mountrakis et al. 2011). Very few examples of urban analysis with SAR 
data using ANN (Azimi-Sadjadi  et al. 1993; Pellizzeri et al. 2003; 
Alberga et al. 2008; Del Frate et al. 2008) or SVM (Griffiths et al. 2010; 
Waske and Benediktsson 2007; Yin et al. 2011) exist. Most of these 
studies are limited in that they only focus on few urban classes. It has 
previously been reported that SVM used together with object- and 
rule-based approaches can map urban areas with detailed classes using 
high resolution SAR data (Hu and Ban 2012). So far, the potential of 
using multitemporal high resolution polarimetric SAR data for detailed 
urban mapping has not been fully evaluated. 
 
2.6  Summary 
 
Spaceborne PolSAR data has been recognized as a useful remote sensing 
data source for urban analysis (Lee et al. 2004b; Lee and Pottier 2009a; 
Hayes and Gough 2009). When SAR data is used for mapping of urban 
areas, the higher frequency C-band and X-band have been found more 
efficient for LULC identification than the lower frequency bands (Bryan 
1975; Haack 1984). Incidence angles of around 40 degrees have been 
noted suitable for urban observation (Lichtenegger et al. 1991; Henderson 
1990; Hussin 1995). Fusion of multi-angle or multi-direction look SAR 
data has great potential for further improving urban mapping (Dell'Acqua 
et al. 2003; Ban and Jacob 2012). Increased spatial resolution has created 
both opportunities and challenges for detailed urban mapping (Soergel et 
al. 2005; Ban and Niu 2011; Hu and Ban 2011). Simultaneous use of 
multiple polarizations can significantly improve urban mapping accuracy 
(Wu 1984; Ainsworth et al. 2009). Polarimetric parameters generated 
from decomposition methods such as Freeman parameters (Freeman and 
Durden 1998) and / /H A α  parameters (Cloude and Pottier 1997) are 
useful for interpreting urban features. Proper temporal relationship 
between the selected data is important in the multitemporal data fusion 
(Dell'Acqua et al. 2003; Ban and Niu 2011; Ban and Jacob 2012). 
 
To effectively utilize PolSAR data for urban mapping, proper 
enhancement approaches should be applied. With the reduction of SAR 
speckle, the performance of segmentation and classification can be 
further improved (Lee et al. 1999). Although the multilooking process 
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suppresses SAR speckle, the spatial resolution will also be reduced 
(Cumming and Wong 2005; Massonnet and Souyris 2008). Applying 
advanced PolSAR filters (Lee et al. 1999, 2006; Lopez-Martinez and 
Fabregas 2003, 2008), speckles in different PolSAR channels can be 
effectively reduced and shape details and polarimetric properties can be 
preserved. Urban mapping using SAR data can benefit from texture 
analysis (Stasolla and Gamba 2008; Gamba et al. 2011; Hu and Ban 
2012). Applying the widely used GLCM measures, different urban 
classes may also be characterized by SAR textures (Henderson and Xia, 
1998; Ban and Wu 2005; Dell’Acqua and Gamba 2006; Del Frate et al. 
2008). Classification of SAR data can be greatly improved by exploring 
contextual information (Flygare 1997; Stuckens et al. 2000; Hubert-Moy 
et al. 2001). Out of the many contextual approaches for analyzing SAR 
data, MRF has been the most frequently employed in various applications 
(Lu and Weng 2007). Through adaptive MRF approaches (Smits and 
Dellepiane 1997; Garzelli 1999; Zhong and Wang 2009; Lei et al. 2010), 
homogenous mapping results can be obtained. In this case, shape details 
and linear features can be preserved. Such a development is encouraging 
for the detailed urban mapping using high resolution SAR data. 
 
Regarding the classification methodology, state-of-the-art urban mapping 
approaches using SAR data can be divided into pixel-based and 
object-based classifications using parametric or non-parametric methods. 
Because it has been found to be difficult to use pixel-based approaches on 
high resolution remote sensing data (Scheiewe et al. 2001; Shaban and 
Dikshit 2001), object-based approaches have been more frequently used 
(Blaschke 2010; Flanders et al. 2003; Benz et al. 2004). However, ideal 
segmentation considering all involved classes is usually hard to achieve 
on speckled SAR data in complex urban areas. In comparison with the 
parametric approach, the non-parametric approach is more suitable to 
process multitemporal or multi-source data (Lu and Weng 2007). Of the 
many non-parametric approaches, SVM has been increasingly employed 
in recent years (Pal and Mather 2005). However, non-parametric 
approaches are more time-consuming, and optimal system parameters are 
usually difficult to estimate (Mountrakis et al. 2011). 
 
Although many advanced approaches have been proposed for classifying 
SAR data, there is still a lack of studies concerning detailed urban 
mapping using high resolution multitemporal PolSAR data, which is the 
topic of this study. 
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3. STUDY AREA AND DATA DESCRIPTION 
 

3.1  Study Area 
 
The study area is located in the Greater Toronto Area (GTA), Ontario, 
which is the most populated metropolitan area in Canada (Figure 3.1). 
The GTA is comprised of Metropolitan Toronto and four municipalities 
(Durham, Halton, Peel and York) and has a population of about six 
million. GTA is one of the fastest growing urban areas in North America 
over the past few decades. Rapid change of LULC has been taking place 
in the GTA, for instance, the urban encroachment towards the Oak Ridges 
Moraine (ORM), a significant and sensitive natural ecosystem north of 
Toronto. The ORM plays an important role for water quality in the region. 
In addition, most of the common biotopes including forests, wetlands 
with various plant and animal species are present there. However, the fast 
growing urban sprawl has put the ORM under the threat of water 
pollution, resource damage and loss of species diversity, which in turn 
affect the GTA’s environmental quality (Furberg and Ban 2012). 
 

 
Figure 3.1. Study area: rural-urban fringe of the GTA, ON, Canada with projections 
of the RADARSAT-2 Ultra-Fine C-HH (blue frame) and PolSAR (red frame) data. 
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To evaluate the situation of the current urban expansion and the affected 
ecological context, multitemporal RADARSAT-2 SAR data were 
acquired. They were collected in 2008 from the area which covers the 
town of Vaughan, Richmond Hill, Aurora, Bolton, the western part of 
Markham, the southern part of Newmarket, and the eastern part of 
Brampton in the northern urban-rural fringe of the GTA, as illustrated in 
Figure 3.1 and Figure 3.2. This area represents one of the most dynamic 
regions in the GTA.  
 

 
Figure 3.2. A demonstration of the RADARSAT-2 fine-quad polarimetric SAR data 

from June 11 and June 19 by processed Pauli parameters (refer to Table 4.1) R: 
(Log(T22))8bit G: (Log(T33))8bit B: (Log(T11))8bit  

 
The major LULC classes in the study area are: high-density residential 
areas (HD), low-density residential areas (LD), industrial and commercial 
areas (Ind.), construction sites (Cons.), major roads, streets, parks and 
golf courses. The studied LULCs also include a lot of natural classes such 
as forests, pasture, water and several types of agricultural crops. Within 
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those LULCs, the built-up classes such as HD, LD and Ind. have the most 
complicated polarimetric properties as discussed in the previous chapter. 
These classes can be refined into many sub-types according to their 
diverse polarimetric characteristics due to differences in geometry and 
orientation. Some examples are given in Figure 3.3 which show some 
selected urban samples and their corresponding polarimetric signatures 
(Boerner et al. 1998) calculated from the pixels in the yellow circles. This 
demonstrates that the three Ind. sub-types (a), (b), (c) have totally 
different polarimetric features. Although the Ind. sub-type (b) and the HD 
sub-type (d) appear similar in the PolSAR Pauli images, they are slightly 
different regarding their polarimetric signatures.  
 
 

    

    

 

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

Figure 3.3. Selected urban samples: Ground truths (first row), PolSAR Pauli images 
(second row) and the corresponding polarimetric signatures: co-pol (third row), 

cross-pol (fourth row). 
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3.2  Data Description 
 
3.2.1  RADARSAT-2 SAR Data 
 
The RADARSAT-2 data used in this study include two types: the 
fine-beam polarimetric SAR data and the ultra-fine beam high resolution 
HH-SAR data. The six-date fine-beam quad-polarimetric SAR (PolSAR) 
images contain the PolSAR information of the four linear polarization 
channels, namely: HH, HV, VH and VV. The centre frequency at this 
beam mode is 5.4GHz, i.e., C-band, and the pixel spacing is 4.7 meters in 
the range direction and 5.1 meters in the azimuth direction. Descriptions 
of these images are given in Table 3.1. Ascending and Descending data 
are marked as A and D.  
 

Table 3.1. RADARSAT-2 Fine-Quad-Polarimetric SAR Imagery 
 

Data Orbit Incidence angle  
range (degree) 

Code 

June 11 2008 Ascending 40.179~ 41.594 A1 
June 19 2008 Descending 40.215~ 41.619 D1 
July 05 2008 Ascending 40.182~ 41.597 A2 
August 06 2008 Descending 40.197~ 41.612 D2 
August 22 2008 Ascending 40.174~ 41.590 A3 
September 15 2008 Ascending 40.173~ 41.588 A4 

 
For comparison, three-date RADARSAT-2 ultra-fine beam HH-SAR 
images were also acquired. They are also C-band with the single 
polarization HH, and the pixel spacing is 1.56 by 1.56 meters. The 
descriptions of these images are given in Table 3.2.  
 
 

Table 3.2. RADARSAT-2 Ultra-Fine HH-SAR Imagery 
 

Data Orbit Incidence angle range (degree) 
June 25 2008 Ascending 30.622~ 32.038 
August 12 2008 Ascending 30.611~ 32.043 
September 05 2008 Ascending 30.606~ 32.023 
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3.2.2  Auxiliary Data 
 
In addition to RADARSAT-2 images, some auxiliary data were also used 
to support the experiments.  
 
To orthorectify the RADARSAT-2 images, one DEM issued by DMTI 
Spatial Inc with a resolution of 30 meters was used.  
 
To co-register the RADARSAT-2 images and verify the mapping results 
for some of the LULC classes, the National Topographic DataBase 
(NTDB) vector data with a scale of 1:50,000 were used as georeference. 
The NTDB includes vector features of roads, water bodies, forest, 
built-up areas, etc.  
 
To verify the results, some other references including Quickbird data 
from 2009 and Google Earth images from 2008 were employed. Some 
field data was also collected during the SAR observations. Soil conditions 
and vegetation types were gathered to a certain extent with the help of 
photographs. 
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4. METHODOLOGY 
 
In this research, multitemporal high resolution PolSAR data were 
investigated for detailed urban land cover mapping. To this end, both 
object-based and pixel-based classification schemes have been proposed. 
In this study, only supervised classification approaches were investigated. 
Using an object-based SVM and a rule-based approach, the efficiency of 
the multitemporal PolSAR features and the combination of different data 
sets were compared. In addition, pixel-based mapping approaches were 
proposed based on a contextual SEM framework. Common PolSAR data 
distribution models were compared using pixel-based methods. Adaptive 
schemes for distribution model selection were also investigated in this 
study. Possible enhancement of the mapping results by applying texture 
analysis was explored. The performance of detailed urban mapping using 
multitemporal ultra-fine beam high resolution C-HH SAR data was 
compared to the performance of multitemporal fine-beam high resolution 
PolSAR data using a pixel-based approach. For further improvement of 
detailed urban mapping, a scheme to fuse the pixel-based and 
object-based analysis was investigated. 
 
4.1  Object-based Approach 
 
To conduct the object-based analysis, the raw multitemporal PolSAR data 
was first orthorectified using the same projection with a pixel-spacing of 
5 meters. To explore the contextual information from different spatial 
scales, a multi-scale segmentation hierarchy was built up by the 
multiresolution segmentation algorithm (Baatz and Schape 2000) 
implemented in the software eCognition (Definiens 2011). By comparing 
the polarimetric parameters at different processing steps, the processed 
Pauli parameters (Cloude and Pottier 1996) were found to be the most 
suitable ones for segmentation since meaningful objects could be 
obtained in the speckled PolSAR images. The processed Pauli parameters 
were derived from raw Pauli parameters that had been processed by a 
refined Lee filter (Lee 1981), logarithm operation, linear scaling and 
truncation to 8-bit data. Detailed information on the efficiency of these 
PolSAR parameters used in the segmentation is given in Paper I. 
 
Using the segmented multitemporal PolSAR data set, an object-based 
classification scheme was developed as shown in Figure 4.1. The 
mapping procedure can be mainly divided into two parts. These contain 
the object-based SVM classification and the rule-based approaches for 
roads and streets extraction and the subsequent mapping improvement.  
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Figure 4.1. Flow chart of multitemporal data fusion combining SVM and rule-based 
method 

 
SVM is especially suitable for classifying multitemporal or multi-source 
data (Pal and Mather 2005). For the object-based classification, the input 
feature vector to the SVM classifier is formed by the mean and standard 
deviation of the values from the multitemporal data layers of one specific 
polarimetric parameter set within the object. An example of using 
Cloude-Pottier parameters on the multitemporal data stack is shown in 
Figure 4.2.  
 

 
 

Figure 4.2. SVM input vector formed by multitemporal features  
 
 
After the object-based SVM classification was performed, specific rules 
were developed to extract the major roads and streets. These rules took 
into account the polarimetric scattering values, the shape of the objects, 
and the spatial relationships between the neighboring classes. Finally, the 
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parks and the pastures were refined using their spatial relationships to the 
urban areas and the forests and crops were refined by removing isolated 
misclassified objects. 
 
This is one of the first studies to compare the performances of PolSAR 
parameters using object-based classification. The selected PolSAR 
parameters listed in Table 4.1 were compared using both the object-based 
SVM and the rule combined approaches. The efficiency of the different 
multitemporal data combinations and the fusion of ascending and 
descending data for urban mapping were investigated by using these 
object-based approaches. In this comparison, the effect of the 
segmentation of the selected data combination was considered. The 
Compressed Logarithmic Filtered Pauli parameter was selected for this 
multitemporal comparison over an area where all of the data overlapped. 
A more detailed description of this study can be found in Paper I. 
 

Table 4.1. Selected feature sets for comparisons 
 

Parameter Set (Code) Elements 
Intensity (I) |HH|2, |HV|2, |VV|2 
Logarithmic Intensity (L I) Log (Intensity) 
Coherency Matrix (T) T 
Raw Pauli (R P) T11, T22, T33 
Logarithmic Pauli (L P) Log (Raw Pauli)16-bit 
Compressed Logarithmic Pauli (CL P) (Log (Raw Pauli))8-bit 
Compressed Logarithmic Filtered Pauli (CLF P) (Log (Filtered Pauli))8-bit 
Freeman (Freeman) D, O, V 
Cloude-Pottier (Pottier) H, A, a 
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4.2  Pixel-based Approach 
 
4.2.1 Parametric Classification by a Contextual SEM 

Algorithm with FMM 
 
For the pixel-based analysis, a contextual SEM algorithm was proposed. 
The algorithm is based on modelling the probability of the observation by 
FMM (McLachlan and Peel 2000), which represents the heterogeneity of 
the observation by the mixture of finite latent classes. To cooperate with 
contextual analysis, the spatially variant FMM (SVFMM) (Celeux et al. 
2003) was employed. Accordingly, the mixture model density function 
for the observation C at location s can be formulated as: 
 

1 1

( ) ( ) ( | , ) ( | )
g g

s si i s s r s i s
i i

f C f C p L i L r f Cρ η
= =

= = = ∈ Θ∑ ∑ ,     (4-1) 

 
where the ( | , )s r sp L i L r η= ∈  is the prior probability for the class of pixel 
s sL  noted as i while the neighbouring pixels r in the neighbourhood 

sη are marked as rL . Such prior probability can be analyzed by an 
adaptive MRF which is described below. ( | )i sf C Θ  is the probability of 
the observation C at location s by the Probability Density Function (PDF) 

(.)if  with the parameter Θ . In this study, the multitemporal observation 
probability was simplified as the product of the PDFs from each date: 
 

1
( | ) ( | )

m

i s it st itt
f C f C θ

=
Θ = ∏ ,           (4-2) 

 
where ( | )it st itf C θ is the PDF for class i of date t with the parameters itθ .  

stC is the observation of the date t at location s. m is the number of the 
dates. Thereby, the mixture model density function (4-2) can be expressed 
as: 
 

1
1 1

( ) ( | ) ( | , )( ( | ))
g g

m

s si i s s r s it st itt
i i

f C f C p L i L r f Cρ η θ
=

= =

= Θ = = ∈∑ ∑ ∏ .  (4-3) 

 
With the modelling of the observation by FMM, a contextual SEM 
algorithm was designed to estimate the applied SAR or PolSAR 
distribution models and iteratively classify the data. The flowchart of the 
algorithm is illustrated in Figure 4.3. This algorithm is based on a SEM 
framework with contextual analysis using an adaptive MRF (Paper II) 
and a modified MPAC (Paper III). To explore the different capabilities of 
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the alternative distribution models, the optional dictionary-based and 
knowledge-based model selection approaches (grey round frames in 
Figure 4.3) were introduced in the mapping process as optional steps, 
which will be described in the next subsection (Paper IV). To improve the 
mapping results, the texture analysis was also considered in the decision 
making. Improvement by the object-based analysis was introduced in the 
post processing (Paper V). Those optional steps (grey square frames in 
Figure 4.3) will also be described in the following subsection. 
 

 
 

Figure 4.3. The structure of the proposed contextual SEM algorithm  
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The basic process of the SEM algorithm approaches could be described 
with the iteration index k as follows: 
 
Initialization: initializing the parameter 0itθ of class i on date t according to 
the training samples. Set the equal MRF prior probability for all the 
classes. 
 
Expectation-Step (E-step): for each pixel s, the local MRF probability 

( | , )k
s r sp L L r η∈ is calculated based on the classification result from the last 

iteration and the weight of the class i is updated in the FMM as the 
probabilities according to (4-3), 
 

1

1 1

( | , )( ( | ))

( | , )( ( | ))

mk k
s r s it st itk t

si mg k k
s r s lt st ltl t

p L i L r f C
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η θ
τ

η θ
=
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=

= ∈
∏

∑ ∏
.       (4-4)  

 
Stochastic-Step (S-step): randomly label each pixel s to a class i with the 
current probability k

siτ  (therefore, a class with a higher probability is more 
likely to be selected). All the pixels on the map are finally classified into 
the g class groups1{ , , }k k

gQ QL . 

 
Maximization-Step (M-step): update the distribution parameters k

itθ for all 
the distribution models on each date with the pixels belonging to the class 
group 1k

iQ − . For estimation of the texture parameters in the PolSAR 
distribution models, the method of matrix log-cumulants (MoMLC) 
(Anfinsen and Eltoft 2011) was applied. 
 
Moreover, to prevent the degenerate results such as unexpected merges of 
similar classes in PolSAR data mapping, a learning control was proposed 
by measuring the similarities between the class features through a 
symmetric similarity measure (Anfinsen et al. 2007) for two scale 
covariance matrices: 
 

1 11
( , ) ( )

2SRWd A B tr AB BA d− −= + − ,          (4-5)  

 
where d is the polarization number. An updating criterion is given as: 
 

0 0
,1 1

( , ) min ( , )
m mk k

SRW it jt i j G SRW it jtt t
d dα ∈= =

Σ Σ > ⋅ Σ Σ∏ ∏ ,      (4-6)  

 
where G is the class set, kitΣ  is the scale covariance matrix of class i on 
date t after iteration k. α  is a custom relaxation parameter. Therefore, 
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before the Maximization-Step, class pairs which can’t satisfy the criterion 
(4-6) are marked as the closing pairs. The updating of their distribution 
models will accordingly stop.  
 
The SEM algorithm sequentially repeats the above E-, S- and M-steps 
until the convergence point is met, i.e. the percentage of pixels which are 
changing classes is under a pre-set value. Details of the contextual SEM 
algorithm are discussed in Paper II. 
 
4.2.2  Model Selection by a Dictionary-based Approach and 

a Knowledge-based Approach 
 
Since the different distribution models are derived based on alternative 
assumptions of the observed scenes, they have different capabilities to 
describe various LULC classes. To adaptively select the most suitable 
distribution model for the classified data, two model selection approaches 
were been proposed in our contextual SEM algorithm. Specifically, the 
dictionary-based and the knowledge-based model selections were studied 
for the PolSAR data classification. For that purpose, four common 
PolSAR distribution models namely the Wishart, Kp, G0p and KummerU 
were selected to form a finite distribution model 
dictionary 0{ , , , }M Wishart Kp G p KummerUD f f f f= as the candidates for the 

distribution (.)itf  in (4-3). Accordingly, in the M-step, the distribution 
models in such a dictionary will all be updated for each class. 
 
The aim of the dictionary-based model selection is to select the optimal 
model for each class. Therefore, in the calculation of the probability k

siτ  in 
(4-4), for class i on date t, select the optimal model from 

0{ , , , }M Wishart Kp G p KummerUD f f f f= as the distribution model for (.)itf . Such 

optimal model selection is based on a Goodness-of-Fit (GoF) test. The 
model which best fits the distribution of one class will be assigned the 
optimal one for that class. A GoF test based on the Mellin Transform 
(Anfinsen et al. 2011) was employed for the PolSAR data. 
 
Another way to take advantage of multi-models is to explore the different 
separating capacities of alternative models for specific class pairs by 
using a knowledge-based approach. Comparing different PolSAR 
distribution models, it was found that the Wishart model was best at 
separating high-density built-up (HD) areas and adjacent roads. G0p and 
KummerU model were better at discriminating low-density built-up areas 
(LD) from forest. Kp, G0p and KummerU were better than Wishart to 
distinguish between low scattering classes like water, construction sites 
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and golf courses from each other. Based on these findings, a model 
selection scheme aimed to use the best model to separate the difficult 
class pairs was proposed. Specifically, this knowledge-based model 
selection was employed to ensure the changes of the pixel labels between 
the difficult class pairs in SEM iterations, as illustrated in Figure 4.4.  
 

 
 

Figure 4.4. The flowchart of the proposed rule-based model selection.  
 
For example, since Wishart was better at separating HD and roads, 
whenever a pixel label was found to change from “HD” to “Road” in the 
S-Step, the process moved back to the E-Step to re-evaluate the 
probabilities using the Wishart model for all the distributions (.)itf  in 
(4-3). The label of that pixel would then be assessed again in the S-Step 
using the revaluated Wishart probabilities. Three rules were therefore 
defined in the experiments  
 
1. HD-Road rule: Use the Wishart model for separating the “HD” and 
“Road” pair. 
2. LD-Forest rule: Use the G0p model for separating the “Forest” and 
“LD” pair. 
3. Water-Golf-Cons. rule: Use the G0p model for separating the pairs 
among the “Golf”, “Water” and “Construction sites”.  
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Details of the above mentioned model approaches and the proposed rules 
can be found in Paper IV. 
 
4.2.3  Contextual Analysis by an Adaptive MRF and 

Modified MPAC 
 
4.2.3.1 Adaptive MRF 
 
To explore contextual information, MRF is frequently used in many 
remote sensing applications. MRF assumes a local dependency for the 
spatial correlations. Under this assumption, the prior probability of a pixel 
s labelled as sL  considering that its neighbouring pixel r in the 
neighbourhood sη are marked asrL can be modelled with Gibbs law: 
 

1
( | , ) exp{ ( | , )}s r s s r s

s

p L L r U L L r
Z

η η∈ = − ∈ ,       (4-7)  

 
where sZ is a normalizing factor and (.)U  denotes an energy function. 
However, the traditional MRF which assumes a square neighbourhood 
structure and a fixed energy function usually leads to over averaged 
results. To preserve linear features and small shapes, an adaptive MRF 
was applied in this study. Details about the adaptive MRF are given in 
Paper II. Generally, the adaptivities of the proposed MRF are mainly 
demonstrated in the following two aspects:  
 
Adaptive neighbour structures: To preserve the shape details from 
over-averaging, a finite number of the neighbor templates were given to 
constrain the analysis region in specific shapes as illustrated in Figure 4.5. 
Specifically, the first square shape is used to analyze the homogenous 
area, while the linear templates are used for the boundaries and linear 
features. For each pixel, one candidate which has the lowest standard 
deviation on the span image will be selected from the five templates as 
the pixel’s neighborhood.  
 

 

Figure 4.5. Candidate neighbourhoods for adaptive MRF 
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Adaptive energy function: The energy function in equation (4-7) was 
modified by adding an adaptive factor sb , which is used to represent the 
different impact of the contextual analysis according to the homogeneities 
of the area: 
 

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

s r s s s r
r

U L L r b L L
η

η β δ
∈

∈ = − − −∑ ,        (4-8)  

 
where β  is a non-negative factor of the MRF model. It quantifies the 
basic impact of the prior probability. ( )δ ⋅  is the Kronecker delta function. 

sb  is a local homogeneity measure which is defined in Lee et al. (1999, 
2003). 
 
For homogeneous areas, 0sb → , the MRF analysis has greater impact in 
the labelling decision. A uniform class type is most likely to be present in 
this area. For heterogeneous areas, 21/ (1 )sb σ→ + , (where σ  indicates 
the speckle level (Lee et al. 1999)),  the MRF has less effect. In this case 
different classes will be found. 
 
4.2.3.2 Modified MPAC 
 
The multiscale modified Pappas adaptive clustering (MPAC) (Baraldi 
2000) employs an adaptive class feature evaluation with a multiscale 
estimation scheme, where the class properties are simultaneously 
estimated from adaptive neighborhoods. By using such a strategy, the 
varying class features can be treated locally. However, the original MPAC 
has only been used for single date optical or single-polarization images. 
For the multitemporal PolSAR data classification, a modified MPAC was 
proposed. The proposed approach can be formulated as follows: 
 
For pixel j in a total of N classified pixels, the varying class feature value 
function is given as  ˆ ( )W jst jlµ , where {1,..., }jl G∈  is the class label for 
pixel j selected from G classes, {1,..., }t M∈ is the date of M dates, 

,j sW W⊂  indicates the local square window centered on pixel j of 
scale {1,..., }s S∈ , W represents the global scale and covers the whole 
mapping area. The width of window ,j sW  is given as sWW , which 
increases with the scale s as 1 2 ... S WWW WW WW WW< < < < . One example 
of this multiscale MPAC average estimation strategy is given in Figure 
4.6, where the averaged feature of class i for pixel j on date t at scale 1: 

 1ˆ ( )W j t jl iµ =  will be estimated from the grey area inside the window ,1jW . 
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With the local averaged class feature, MPAC estimates the proper class 

label ĵl  for pixel j by maximizing the probability which is the product of 

the prior probability ( | , )j r jp l l r η∈ as given in (4-1) and the observation 

probability ( | )
jl jf C Θ : 

 

{1,.., }

ˆ arg max { ( | ) ( | , )},    1,...,
j

j
j l j j r j

l G
l f C p l l r j Nη

∈
= Θ ∈ = ,      (4-9) 

 
where jC  is the observed pixel value. The original MPAC employs a 

fixed MRF limited to the 8-adjacency neighbourhood which is prone to 
over-averaging as discussed in the previous section. It is only performed 
on single date data assuming a Gaussian distribution. For the 
multitemporal PolSAR data, the MPAC is modified using the following 
strategies:  
 

 
Figure 4.6. Multiscale MPAC average estimation strategy. The class-conditional 
scattering averages are extracted from adaptive neighbors within windows Wj,s at 

spatial scale s, centered on pixel j. 
 
1. The multitemporal observation probability( | )

jl jf C Θ  in (4-9) is 

estimated by the following scheme: 
 

 1

  

 

 

ˆ( | ) max{ ( | , ( )),...,
ˆ ˆ( | , ( )), ( | , ( ))},

ˆif local statistic ( ) exists and
is considered reliable, {1,..., }

ˆ( | ) ( | , ( ))

if local stati

j j

j j

j j

l j l j W j j

l j W jS j l j W j

W jst j

l j l j W t j

f C f C l
f C l f C l

l
s S

f C f C l

µ
µ µ

µ

µ

Θ = Θ
Θ Θ

∀ ∈

Θ = Θ

 ˆstic ( ) does not exists or
is not considered reliable, {1,..., }

W jst jl
s S

µ












 ∀ ∈ ,            (4-10) 

Wj,1 

Wj,2 

Pixel j 

i 

i 

i 

i 



Multitemporal Spaceborne Polarimetric SAR Data for Urban Land Cover Mapping 

49 

where   1
ˆ ˆ( | , ( )) ( | , ( ))

j j

m

l j W js j l t jt it W jst jt
f C l f C lµ θ µ

=
Θ = ∏ is the product of the PDF 

on each date with the locally averaged class feature  ˆ ( )W jst jlµ estimated 

from the corresponding date. This averaged class feature  ˆ ( )W jst jlµ is 

considered unreliable if the number of pixels of class jl within window 
,j sW  is less than the window width sWW .  

 
2. Instead of the fixed MRF, the adaptive MRF which was proposed in 
the previous section is employed for the prior probability ( | , )j r jp l l r η∈ . 
 
The arbitrary labelling by the maximization process could be replaced by 
the proposed SEM algorithm to avoid the local extreme in the mapping 
process. Detailed information about the modified MPAC is given in Paper 
III.  
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4.3  Hybrid Approach 
 
Urban areas usually demonstrate a unique texture compared to natural 
objects. To explore the texture for further improvement, the Grey Level 
Co-occurrence Matrix (GLCM) (Haralick 1973) was analyzed. Especially 
the GLCM angular 2nd moment and dissimilarity features extracted from 
the ultra-fine beam high resolution C-HH SAR intensity data were found 
useful to identify the built-up areas from non-built-up. Moreover, the 
temporal characteristics of the GLCM textures were also helpful for 
distinguishing forest and crops. Based on the knowledge about the texture 
properties, an enhancement scheme was proposed and is illustrated in 
Figure 4.7. 
 

 
 

Figure 4.7. Texture enhancement scheme.  
 
In the contextual SEM algorithm, the scheme in Figure 4.7 was 
implemented in the following way. First, each pixel was decided to be in 
the built-up or non-built-up areas by using the 2nd moment and 
dissimilarity textures. In the built-up urban area, the pixel would be 
classified as one of the “built-up classes” either as LD, HD or Ind. (The 

Pixel 
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other classes are noted as “non built-up classes”.) This was implemented 
by confining the latent finite classes in FMM. Therefore, the class group 
in (4-1) is g={built-up classes} in built-up area and g={non built-up 
classes} in non-built-up area. Further, for the pixel has higher probability 
to be the classes in the four confused class pairs 1:(LD, Ind.), 2:(LD, HD), 
3:(Crop1, Forest), 4:(Crop2, Forest), texture analysis have been applied 
for further identification. The textures were generated from  C-HH SAR 
data. Specifically, the averaged dissimilarity and 2nd moment were used 
for pairs 1 and 2, 2nd moment of Jun. 25 were used for pair 3 and the ratio 
of the GLCM means between Sep. 02 and Jun. 25 were used for pair 4. 
For the confused class pairs (i, j) in which class i has the lower texture 
value, while class j has the higher, the probabilities in (4-4) were 
modified and the texture features for the two classes were considered 
from:  

_ _ ( _ _ )

_ _ ( _ _ )

k k
si si

k k
sj sj

with texture th ij val texture

with texture val texture th ij

τ τ
τ τ
 = ⋅
 = ⋅

           (4-11) 

 
In urban areas, certain classes such as major roads or streets have 
complex scattering interactions with their surroundings. They usually 
have very high variance in the scattering domain and are easily confused 
with many other classes. For example, roads in an open area have low 
scattering values. While in dense urban areas, the road segments have 
high scattering values due to scattering interactions with buildings. 
However, the roads and streets have typical shape characteristics and are 
usually located near the other urban classes. To this end, object-based 
analysis has been performed, and the shape properties are described by 
some shape features like length, width, roundness and rectangular fit 
which are defined in the software eCognition (Definiens 2011). Using 
these shape features, streets are described as narrow curving segments 
with branches in built-up areas. A major road is noted as having long 
segments with moderate width and fewer curves. Major roads have low 
scattering values in the HV channel. Descriptions of roads and streets 
were defined using the mapping rules employed in the post processing 
according to the following: 
 
Major Roads: 
(a) Ratio of length to width > threshold_L/W, and 
Lowest_value <Width< Highest_value, and 
backscattering in HV< threshold_HV, or 
(b) Ratio of length to width is extremely high, or 
(c) Length is extremely long, and 
Lowest_value <Width< Highest_value 
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Streets: 
(a) Roundness*(1-Rectangular Fit) > threshold value, and 
Lowest_value <Width< Highest_value, or 
(b) Ratio of length to width > threshold_L/W, and 
Lowest_value <Width< Highest_value, 
 
With the rule-based approach, parks which had scattering features similar 
to pastures or other crops were marked by using spatial relationships. 
Crops and pastures mapped in the urban area were labelled as parks. The 
closeness of the pixel to the urban area is described by a built-up density 
ratio, which is measured as the percentage of the built-up pixels 
(including LD, HD, Ind.) to the total number of pixels within a square 
neighbourhood. Such a park mapping rule could be given as: 
 
Park: 
Pasture, crops with the built-up density ratio> Lowest_density_ratio. 
 
Paper V provides further the details on the texture improvement and the 
rule-based approach. 
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5. RESULTS AND DISCUSSION 
 

5.1  Object-based Approach 
 
In Paper I, through the object-based SVM and the rule-based approach, 
thirteen LULC classes including seven urban classes were mapped with 
an overall accuracy of 90% and a Kappa coefficient 0.89. A mapping 
example using six date processed Pauli parameter is illustrated in Figure 
5.1. With regard to the confusion between the urban classes, industrial 
and commercial areas have certain confusion with high density built-up 
areas due to the similar polarimetric properties. Whereas, some low 
density built-up areas were misclassified as high density built-up areas 
along borders. The omission errors of the streets and roads to the urban 
classes are mostly due to the segmentation in local areas where roads and 
streets were not fully extracted. Although results were also generated by 
using alternative polarimetric parameters, the misclassifications described 
above were still observed. More details on these comparisons and the 
analysis of the object-based approach can be found in Paper I. 
 

  
(a)         (b) 

 
Figure 5.1. Mapping results of the object-based approach: (a) Google map. (b) 

mapping results by SVM and rules 
 
5.1.1  Object-based Polarimetric Feature Comparisons 
 
The performance of various polarimetric SAR parameters for 
object-based detailed urban mapping was compared twice, on the 
ascending and descending data stack, respectively. In both of these data 
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sets, the following was observed:  
 
1. The best classification results were generated by the processed Pauli 
parameters.  
2. The logarithmic data had better results than the raw data.  
3. The compressed data produced results comparable to the uncompressed 
data.  
4. The diagonal elements of the coherency matrix (T), the raw Pauli 
parameters, produced similar results, compared to using all of the matrix 
elements.  
5. The Freeman parameters performed as well as the logarithmic intensity 
parameters.  
6. The Pauli parameters yielded better results than intensity.  
7. The Cloude-Pottier parameters yielded poor results compared to the 
others parameters. They are comparable only with the raw intensity data.  
 
Figure 5.2 compares the results of the polarimetric SAR parameters on 
the ascending and descending stack.  
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Figure 5.2. Comparison of various polarimetric SAR parameters on the ascending 

(right) and the descending (left) data stack 
 
5.1.2  Multitemporal Combination Comparisons 
 
The efficiency of the multitemporal data combinations were evaluated by 
considering the following two aspects: 1. The capability of the ascending 
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and descending orbital complement. 2. The effect of the time span in the 
data selection. By studying the results of the selected date combinations 
illustrated in Figure 5.3 with the date code given in Table 3.1, the 
following was observed:  
 
1. The improvement of using complementary information from ascending 
and descending orbital data was evident. For example, the 4 date 
ascending data combination A1234 was not as good as the 3 date 
combinations with 2 descending and 1 ascending images such as 
A3+D12.  
2. Although the results were improved by continually adding data, the 
improvement rate decreased after combining 1 ascending and 2 
descending images. The best results were obtained for the complete data 
stack A1234+D12. Some 3 date combinations such as A3+D12 also 
generated good results.  
3. Using a wider time span improved the results. For example, the result 
of A4+D1 was found to be better than that of A1+D1, as the time span 
between A4 and D1 is wider than that of A1 and D1. This was also 
observed when using other combinations such as A1+D2 vs. A4+D2 and 
A2+D2 vs. A3+D2. 
 

 
Figure 5.3. The performances of selected date combinations 
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5.2  Pixel-based Approach 
 
The proposed pixel-based approach was implemented using a contextual 
SEM algorithm. The properties of this approach, the performance of the 
SEM algorithm, the distribution model selection and the contextual 
analysis efficiency for detailed urban mapping are of importance to this 
study.  
 
5.2.1 Convergence and Learning Control of the Contextual 

SEM Algorithm 
 
By using the SEM algorithm, more reliable convergence could be met 
with less iteration than other iterative processes like EM (Dias and Wedel 
2004). Due to the spatial correlation constraint in the MRF analysis and 
the learning control scheme, the application employing various PolSAR 
distribution models quickly converged. All the experiments demonstrated 
that the total change rate met at a convergence point of 0.5% after 7 or 8 
iterations. An example of the running cases with the MRF β  set to a 
value of 9 in (4-8) is given in Figure 5.4.  
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Figure 5.4. The trends of the total change rate in iterations using various PolSAR 
distribution models. 

 
In the experiment, it was found that the common degenerate problem of 
the SEM algorithm like merging of similar classes was mitigated by 
contextual analysis. When a more suitable higher β value was employed 
for the adaptive MRF, the unexpected class merging did not easily occur. 
There was no significant difference between the results with and without 
the proposed learning control scheme in a situation where twenty more 
classes were involved in the classification process. Nevertheless, given a 
smaller β  value or without the MRF analysis, such degenerate behavior 
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became more obvious. The learning control scheme was effective in 
mitigating this problem. An example which demonstrates the efficiency 
of the learning control scheme is illustrated in Figure 5.5. The control 
scheme prevented the class of golf courses from being merged into the 
classes of pasture or water. Furthermore, the confusion between forest 
and urban classes was greatly reduced. The properties of the SEM 
algorithm are described in more detail in Paper II. 
 

 
(a)             (b)                 (c) 

 
 
Figure 5.5. Pauli image samples (a) and corresponding results by G0p model with the 
proposed adaptive MRF using beta 1 with learning chontrol (b) and without learning 

control (c). 
 
5.2.2 Contextual Analysis by Adaptive MRF and MPAC 
 
Through using contextual analysis, “pepper-salt” effects in the 
conventional pixel based classification were avoided, and the mapping 
accuracy was improved. The effects of employing MRF and the modified 
MPAC are discussed below. A more extensive discussion is given in 
Paper II and III. 
  
5.2.2.1 Beta and Adaptive Scheme in the MRF Analysis 
 
In the proposed adaptive MRF, the MRF β  (4-8) denotes the impact of 
the MRF analysis. In general, a biggerβ  value will lead to a more 
homogenous result, but some shape details may be lost in the averaging. 
An illustration of the effects of the MRF β  on the six date data mapping 
accuracy using the G0p model is shown Figure 5.6. In this situation, aβ  
value greater than 5 and value smaller than 20 can generate better results. 
However, certain urban details such as streets in dense urban areas can 
dissapear when using a higherβ . An extremely high β  value will make 
the contextual analysis more dominant in the decision making process, 
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and less details will be preserved. When β  was set to a value bigger 
than 35, the overall accuracy started to decrease. The cause of this is the 
overflowed MRF probabilities in the calculation. A similar phenomenon 
can also be observed in other PolSAR models. The choice of the β  
value depends on the amount of data used in the mapping process. There 
also exists a tradeoff between accuracy and homogeneity. 
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(a)                       (b) 

Figure 5.6. Mapping accuracies by the MRF Beta from 1 to 25 with scale 1 (a) and 
Beta from 5 to 75 with scale 5 (b) using G0p model. 

 
Figure 5.7 shows a comparison between the contextual schemes in order 
to demonstrate the efficiency of the proposed adaptive MRF. The 
adaptive neighbor but non-adaptive MRF energy function (c) yielded 
similar results compared to the proposed adaptive MRF (b). However, 
some details such as streets within residential areas were lost. Without 
using any adaptive scheme (d) in the conventional MRF analysis an 
over-averaged result was obtained with unclear boundaries and less 
details. 
 

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

 
 

Figure 5.7. Pauli image (a) and corresponding results by G0p model with proposed 
adaptive MRF (b), adaptive neighbor but non-adaptive MRF energy fuction (c), and 

non-adaptive neighbor (d). 
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5.2.2.2 Multiscale Effects in the Modified MPAC 
 

To evaluate the multiscale analysis scheme in the modified MPAC, a 
comparison between different scale combinations with window sizes of 
5x5, 7x7 and 11x11 was conducted. Results using the Wishart model on 
the six date data are shown in Figure 5.8 and the following was noted 
regarding the detailed mapping of urban areas using PolSAR data by 
MPAC: 1. A smaller analysis scale is more efficient. Generally, urban 
classes such as HD, LD and Ind. benefited the most from using a smaller 
scale. 2. The multiscale scheme did not provide further improvement and 
the accuracy is in middle of that by the other single scale schemes. 
Similar comparisons on the influence of scale have not been reported in 
previous studies using MPAC or PAC (Pappas 1992, Baraldi et al. 2000, 
Baraldi et al. 2006).  

0.7

0.74
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OA Kappa  
Figure 5.8. Overall Accuracy and Kappa for the different scale combinations in the 

proposed algorithm by MPAC and adaptive MRF. 
 
5.2.2.3 Comaprison of Adaptive MRF and MPAC 
 
Although the multiscale scheme has been found not always to be efficient, 
the local averaging approach for estimation of the adaptive class features 
has shown a certain effect. As demonstrated in the comparison with the 
adaptive MRF in Figure 5.9, the MPAC could bring more coherent local 
representation than the adaptive MRF in the HD and Ind. area. Moreover, 
classes like golf course were improved by using MPAC. Nevertheless, by 
combining the MPAC and the adaptive MRF, further improvement was 
obtained for LD, forest and pasture. Furthermore, the adaptive MRF was 
better at preserving the shape details than the fixed contextual analyzing 
scheme in the original MPAC. The SVM with the adaptive MRF was also 
compared with the proposed contextual approach. Although similar 
overall accuracy was achieved by the SVM algorithm and the adaptive 
MRF with the modified MPAC, most of the shape details were lost in the 
SVM. Paper II and III contain more detailed discussion on the use of the 
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modified MPAC. 
 

  
(a)          (b) 

   
(c)          (d) 

  
(e)          (f) 

 
Figure 5.9. Google map (a), Pauli image (b) and corresponding results by Wishart 
model with only adaptive MRF (c), original MPAC (d), proposed MPAC+adaptive 

MRF (e) and SVM+adaptive MRF (f). 
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5.2.3 Comparison and Selection of Various PolSAR 
Distribution Models 

 
5.2.3.1 PolSAR Model Comparison 
 
Together with the parametric SEM algorithm, the PolSAR distribution 
models of Wishart, G0p, Kp and KummerU was employed. Using the 
G0p, Kp and KummerU models the proposed contextual SEM algorithm 
generated better results than the contextual SVM (Paper II). Generally, 
models with complex texture assumption such as G0p, Kp and KummerU 
overall produced better results than the Wishart model. For specific 
classes (Figure 5.10), G0p and KummerU were better at classifying LD. 
G0p and Kp were better at classifying Golf and Pasture, Crops and Forest. 
Although similar good results were produced by KummerU and G0p, 
KummerU was more time consuming than G0p. The Wishart model was 
best at separating roads from high density areas. G0p, Kp and KummerU 
all misclassified a large number of HD as Road. The Wishart model was 
poor at classifying low scattering classes such as Golf, Water, 
Construction sites and Road. That is why the Wishart model has higher 
user accuracy but lower producer accuracy for the Road class. Resulting 
classification maps using these models are shown over a small sample 
area in Figure 5.11. The model comparisons are discussed in more detail 
in Paper II and Paper IV.  
 

 
Figure 5.10. The user (left) and producer (right) accuracies of PolSAR models 
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(a)                       (b) 

  
(c)                       (d) 

  
(e)                       (f) 

 
Figure 5.11. Google map Quick-bird image (a), descending Pauli image (b) and 

corresponding classification results by G0p (c), Kp (d), KummerU (e) and Wishart (f) 
models.  
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5.2.3.2 PolSAR Model Selection 
 
Since different PolSAR models have distinct abilities for the 
discrimination of alternative LULC classes, dictionary-based and 
rule-based model selection approaches were applied to further improve 
the results by integrating the advantages of different models. The results 
of the two model selections can be found in Paper IV. 
 
For the dictionary-based model selection, although certain effects have 
been noted by some previous researches (Moser et al., 2006; Krylov et al., 
2011a, 2011b), the reported improvements were limited and the involved 
classes were few. As shown in Figure 5.12, a dictionary-based model 
selection does not necessarily produce better results compared to a single 
model approach. Although a more accurate distribution of classes was 
usually produced with the use of a dictionary-based approach, mapping 
accuracy was not always improved. Moreover, some model combinations 
even generated worse results. An explanation for this could be that some 
models are excluded. These models may be less accurate to describe the 
data distributions of some class types, but have better separating ability 
for discriminating certain class pair. For instance, the Wishart model was 
better at separating HD and Road. However, the chance of it being 
selected as the optimal model was less since the goodness of fit of 
Wishart was worse compared to the other models. Combining different 
models will complicate the calculation of the estimates due to the fact that 
different models have different estimation scales. Nevertheless, 
improvement was observed for some classes using the dictionary-based 
approach. For example, for G0p+Kp Road class producer accuracy 
increased from 86.15% to 90.14% and user accuracy increased from 
62.03% to 64.45% compared to the the single G0p model.  
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Figure 5.12. Overall Accuracy and Kappa for the different dictionaries. G=G0p, 

K=Kp, U=KummerU, W=Wishart. Unit is in percent. 
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Since combining distribution models by using a dictionary-based 
approach provided limited improvement on the classification results, a 
rule-based approach, which adaptively selects one optimal model for 
separating pairs of similar classes, was applied. Specifically, the results 
from the rule-based model selection share the following properties: 
 
1. The proposed rules mainly influence the involved classes. Side effects 
on other classes were very limited. For example the HD-Road rule only 
improves HD and Road classes.  
 
2. The overall accuracy and Kappa were improved in all situations and 
the accuracy of classes targeted by the rules was significantly improved. 
 
3. The results were further improved by adding more rules. For example, 
the HD-Road and LD-Forest rules improved the OA for the Kp model 
application by 3.4% and 0.7%. By combining the HD-Road and 
LD-Forest rules together in Kp, the OA was increased by 4.1%. 
 
The rule-based approach was also applied in combination with the 
dictionary-based approach. No further improvement was observed by 
using such a combination, since the dictionary-based approach is 
ineffective. The changes to the only dictionary-based approach were 
similar to the changes for the single model applications. An example of 
applying the HD-Road rule using the dictionary-based approach on 
various dictionaries is illustrated in Figure 5.13. Similar results were 
obtained using other rules.  
 

 

 
Figure 5.13. Improvement by the HD-Road rule with the dictionary-based approach 
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5.2.4 Comparison and Fusion of PolSAR and C-HH SAR 
Data by Contextual SEM with Texture Analysis 

 
To demonstrate the importance of the SAR polarizations in detailed urban 
mapping, multitemporal comparison of the PolSAR data and the C-HH 
SAR data was conducted using the contextual SEM with adaptive MRF. 
Results are shown in Table 5.1. Generally, classifications using the 
PolSAR data have higher accuracies, especially for the identification of 
the different urban classes. Moreover, without polarimetric information 
Cons. and LD were difficult to be discriminated. The Ind. and HD were 
generally difficult to distinguish from each other. Furthermore, the 
PolSAR data was effective in classifying low scattering classes such as 
water, golf and pasture. Crops and forest were also better classified with 
the PolSAR data. 
 
Table 5.1. Comparison of the C-HH SAR and PolSAR data and the improvement by 

texture analysis (Unit: Percent) 
 

 
Pro. User. Pro. Improvement User. Improvement 

UH Pol UH Pol UH Pol UH Pol 

Water 87.3 91.86 82.41 92.06 0 0.29 -0.54 1.92 

Golf 64.53 88.63 63.08 85.19 0.14 1.93 -0.25 0.37 

Pasture 70.58 86.22 59.88 89.47 -6.22 -8.25 0.33 1.61 

Crop1 65.24 92.33 52.26 76.07 11.17 2.01 11.41 -0.11 
Crop2 87.08 90.63 62.55 85.36 -0.7 -0.03 25.29 10.13 

Forest 55.84 72.55 40.51 76.38 16.75 7.87 30.48 14.37 
Cons. 20.08 88.68 33.69 88.28 -5.61 -1.04 -0.69 0.05 

HD 36.22 65.85 36.96 58.98 -6.32 -3.13 10.46 5.81 

Ind. 37.41 74.15 45.18 77.79 2.79 -1.14 6.91 -1.05 

LD 8.4 62.06 39.33 80.97 77.41 23.66 11.64 -8.88 

 
Although the PolSAR data is better for detailed urban mapping, the 
texture information generated from the C-HH SAR data has great 
potential for the identification of urban areas. The PolSAR textures are 
less efficient for this purpose. Using texture analysis in the SEM 
algorithm, significant improvement was observed for the LD, Forest and 
Crop classes in both the C-HH SAR and PolSAR data. A decrease in 
producer accuracy for HD and Pasture was observed. However, other 
classes were less affected by the texture analysis. The two data sets and 
the corresponding texture improved results are shown over a small 
sample area in Figure 5.14. A more extensive discussion on this analysis 
can be found in Paper V. 
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(a)          (b) 

  
(c1)          (c2) 

  
(d1)          (d2) 

 
Figure 5.14. Google map (a), PolSAR Pauli image (b), and results by the PolSAR (c) 

and  C-HH SAR (d) data with (1) and without (2) texture analysis. 
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5.3  Hybrid Approach 
 
Since the problematic classes, roads and streets, have characteristic shape 
features, a hybrid approach based on object-based analysis and 
pixel-based mapping was explored in order to further improve the 
classification results. Contrary to the other fusion approaches, this 
proposed method improves on pixel-based results by using object-based 
features and spatial contextual information. This hybrid fusion approach 
is discussed in detail in Paper V. 
 
5.3.1 Comparison of Results with and without Texture 

Analysis and Rules 
 
When the contextual SEM is employed without any rules, the major roads, 
streets and parks are difficult to classify together with the other classes. 
For example, using the PolSAR data A2, A3 and A4, the producer and 
user accuracies were only 15.2% and 28.7% for streets, 48.4% and 58.4% 
for major roads, and 32.4% and 59.2% for parks. The accuracies 
decreased sharply from classification of ten classes to thirteen classes 
including these three classes. Due to the confusions with these three 
classes, the accuracies of the other classes also decreased. The effect of 
introducing these three classes in the pure contextual SEM is 
demonstrated in Figure 5.15. 
 

 
Figure 5.15. Changes of the Producer accuracies (red) and User accuracies (green) by 
only contextual SEM from using 13 classes to using 10 classes on the PolSAR data. 

The solid bar is for the increase, the hollow one is for the decrease. 
 
By using a hybrid approach, including both object shape features and 
rules, major roads, streets and parks were well mapped. As discussed in 
the previous section, the classification of forest, LD and crops was 
significantly improved by the texture analysis with little impact on the 
other classes. Improvement by the hybrid approach on the use of the 
contextual SEM only is illustrated in Figure 5.16. A more thorough 
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discussion regarding these comparisons can be found in Paper V. 
 

 
Figure 5.16. Changes of the Producer accuracies (red) and User accuracies (green) 
from using only contextual SEM to the hybrid approach with texture analysis and 

rule-based approach on the PolSAR data. The solid bar is for the increase, the hollow 
one is for the decrease. 

 
5.3.2  Fusion of Pixel-based Approach and Object-based 

Analysis by a Rule-based Method 
 
A confusion matrix of the final results of the hybrid approach with texture 
analysis and rule-based feature extraction using the PolSAR data A2, A3, 
A4 and the three C-HH SAR data is shown in Table 5.2.  
 

Table 5.2. Confusion matrix of the results using the PolSAR data A2, A3, A4 and 
three C-HH SAR data by the hybrid approach (Unit: Percent) 

 
 Ground truth 

 Water Golf Pastur Crop1 Crop2 Forest Cons. HD Ind. LD Street Road Park 

Water 91.53 3.32 0.02 0 0 0.03 0.17 0.09 0.11 0.01 0.05 0.07 0.36 

Golf 5 81.91 1.32 0.02 0.02 0.36 2.37 0.66 0.92 0.22 2.71 7.11 6.75 

Pasture 0.2 2.1 77.87 0.17 0.15 1.53 1.3 0.28 0 0.44 0.3 0.93 0.55 

Crop1 0.24 0.48 18.16 94.34 1.38 1.5 2.93 0.04 0 0.23 0.01 0.35 2.52 

Crop2 0.04 0.24 0.63 1.94 90.6 1.11 3.17 0.01 0 0.04 0 0.21 0.01 

Forest 0.04 0.7 1.19 2.3 3.55 80.39 0.14 0.38 0.17 0.52 0.16 0.49 2.23 

Cons. 1.64 0.97 0.26 0.05 1.05 0.07 86.51 0.99 0.81 0.35 4 5.55 5.31 

HD 0.02 0.21 0.13 0.14 0.43 4.79 0.39 57.77 17.36 7.26 3.24 0.58 0.67 

Ind. 0.2 0.05 0.07 0.02 1.19 3.13 0.72 15.63 67.86 3.4 5.24 4.34 3.63 

LD 0.02 0.06 0.07 1.02 1.64 5.72 0.15 13.8 6.24 79.78 9.4 1.12 5.45 

Street 0 0 0 0 0 0.26 0 8.95 4.4 6.99 63.61 1.72 0.53 

Road 1.06 9.19 0.1 0 0 0 1.43 0.3 1.91 0.06 9.72 78.92 1.19 

Park 0 0.73 0 0 0 1.11 0.72 1.1 0.11 0.66 1.97 0.18 70.57 

Pro. 91.53 81.91 77.87 94.34 90.6 80.39 86.51 57.77 67.86 79.78 63.61 78.92 70.57 
User. 92.74 63.59 91.39 75.31 95.65 88.16 71.18 61.24 69.54 64.41 66.77 80.16 93.02 

 
Generally, roads, streets and parks were mapped with reasonable 
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accuracy using a rule-based approach. By tracing the error source of the 
introduced classes in Table 5.2, the following confusions on these classes 
were noted. For parks, most of the omission was assigned to golf courses, 
Cons. and LD. However, very high user accuracy was observed for parks. 
Due to the strict urban constraint rules, few areas were incorrectly 
classified as parks. With the similarity shape features, certain straight and 
long streets were classified as major roads. Confusion of the roads caused 
by similar shape features could also be the found for golf courses and the 
Cons. and Ind. classes. Most of the confusion between streets (roads) and 
HD or LD was due to the poor segmentation locally, where the streets 
were not perfectly segmented out. However, due to the complex 
scattering interactions in dense urban areas, perfect segmentation is 
usually not easily obtained.  
 
5.4  Evaluation of the Pixel-based, Object-based and Hybrid 

Approaches 
 
In this study, the urban details have been mapped mainly by using 
pixel-based, object-based and hybrid approach. The performances of 
these approaches have been compared. Specifically, the pixel-based 
approach compared is the one which had better performance using 
adaptive MRF and G0p model with the road-HD rule for the rule-based 
model selection. 
 
As discussed in the previous section, roads, streets and parks are difficult 
to classify using the SAR scattering features only in a pure pixel-based 
approach. Although the classification of major roads could be improved 
by combining the ascending and descending data acquired on all of the 
dates, improvement was limited when using a pixel-based approach. 
Without considering streets and parks, comparisons between the three 
mapping approaches were made (see Table 5.3). The overall accuracy of 
the result by pixel-based approach using six dates PolSAR data is slightly 
better than that by hybrid approach using only three dates PolSAR data 
and three dates C-HH SAR data.The pixel-based approach could achieve 
higher accuracy on the crops, pasture, forest, golf, Cons. and HD, which 
is due to the use of more PolSAR information. But the hybrid approach 
gave better results on the Ind., LD and road than the pixel-based approach, 
which is due to the efficient C-HH SAR textures and the object-features. 
Moreover, the hybrid approach could further discriminate streets and 
parks with reasonable accuracy, which indicates a better performance 
than the use of the only scattering features in the pixel-based approach. 
Nevertheless, the best results were still obtained by the object-based 



Xin Niu  TRITA SoM 2012-18 

70 

approach. Although using only three dates PolSAR data without the 
assistance of the C-HH SAR data, the results obtained by the object-based 
approach was generally better than those obtained by the hybrid or the 
pixel-based approach. The results were much more homogeneous. With 
the same PolSAR data the hybrid approach could better map the golf 
courses. The producer accuracy for LD and crop1 for the hybrid approach 
were obviously better than those obtained by the object-based approach. 
With all the PolSAR data, the object-based approach generated the best 
results. However, the producer accuracy of the forest and golf courses by 
the object-based approach was not as good as that acquired by the 
pixel-based approach. 
 
Table 5.3. Comparison of the pixel-based, object-based and hybrid approaches (Unit: 

percent) 
 

 

Object-based using  

A1234D12 

Object-based using  

A234 

Pixel-based using  

A1234D12 

Hybrid using  

A234+3 dates C-HH 

Pro. User Pro. User Pro. User Pro. User 

Water 92.01– 100– 95.16– 93.26– 90.46– 97.25– 92.54– 93.92–
Golf 79.58– 82.56– 76.61– 77.62– 96.23– 69.05– 85.03– 81.82–

Pasture 94.01– 95.89– 79.45– 90.45– 95.33– 94.61– 77.87– 92.72–
Crop1 96.37– 97.54– 90.15– 83.25– 95.36– 92.63– 93.83– 76.21–
Crop2 96.53– 99.12– 96.03– 94.85– 96.43– 97.64– 91.25– 95.56–
Forest 94.02– 91.43– 92.65– 91.39– 97.24– 84.86– 81.11– 90.48–
Cons. 89.72– 95.93– 87.92– 96.11– 88.89– 91.17– 85.82– 86.55–
HD 79.91– 85.03– 68.91– 67.15– 70.25– 68.76– 62.01– 61.4–
Ind. 91.3– 86.85– 82.79– 81.41– 58.12– 78.29– 70.48– 75.09–
LD 94.21– 83.8– 78.41– 77.12– 65.97– 71.28– 82.03– 59.86–

Road 92.4– 89.03– 87.16– 86.8– 59.17– 58.27– 84– 88.62–
OA 91.5 85.41 82.36 81.04 

Kappa 90.5 83.69 80.36 78.9 

 
Considering all thirteen classes, the hybrid and the object-based approach 
are compared in Figure 5.17. Generally, the object-based approach 
performs better. The overall accuracy and Kappa for the thirteen classes 
was 0.86 and 0.85 for the object-based approach using PolSAR data 
A1234D23, 0.78 and 0.75 for the object-based approach using PolSAR 
data A234, and 0.76 and 0.74 for the hybrid approach using PolSAR data 
A234 and three C-HH SAR data. Golf courses had higher producer 
accuracy for the hybrid approach. This is mainly due to the better 
segmentation of golf courses with the aid of the C-HH SAR data. Higher 
user accuracy for parks and streets could also be observed with the hybrid 
approach, which is probably due to the strict rules applied to the pixels. 
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 Figure 5.17. The producer (left) and user (right) accuracy of the hybrid approach 

using PolSAR data of A2, A3, A4 and C-HH SAR data, object-based approach using 
PolSAR data of A2, A3, A4 and using all the PolSAR data. 

 
The mapping results by the pixel-based approach using all the PolSAR 
data with G0p model and adaptive MRF (c), with further applied 
road-HD rule (d), by the hybrid approach using PolSAR data A234 and 
three C-HH SAR data (e) and by the object-based approach using 
PolSAR data A234 (f) are illustrated in Figure 5.18. It was found that the 
object-based approach was able to generate more homogeneous results. 
However, this approach strongly depends on the given segmentations. On 
the one hand, some classes could benefit from the proper segmentation 
with typical shape features for better identification such as roads and 
streets. On the other hand, different classes may need different 
segmentations (for example, the major roads need larger segments, while 
the golf courses and streets need smaller ones). It is hard to find a balance. 
A pure pixel-based approach is limited in mapping the high variance 
classes (such as roads, streets) and classes with similar scattering features 
but with different functional properties (such as parks). The hybrid 
approach can improve the results based on the pixel-based outcomes, but 
more efficient urban feature extraction methods need to be developed (e.g. 
roads, parks). 
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(a)          (b) 

   
(c)          (d) 

   
(e)          (f) 

 
Figure 5.18. Google map (a), Pauli image (b) and corresponding classification results 
by contextual approach with only adaptive MRF (c), contextual approach and model 

selection (d), hybrid approach (e) and object-based approach (f). 
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6. CONCLUSIONS AND FUTURE RESEARCH 
 

6.1  Conclusions 
 
The potential of multitemporal RADARSAT-2 fine-beam PolSAR data 
for urban LULC mapping has been evaluated in comparison with 
ultra-fine-beam HH SAR data at reduced resolution (10m). In general, the 
proposed object-based and pixel-based methods were able to effectively 
map detailed urban features with high accuracy. Considering the 
objectives of this research, specific conclusions can be drawn. 
 
By comparing various PolSAR features using the object-based SVM and 
rule-based approach, the efficiency of the Pauli parameters was revealed. 
Improvements by using certain processing steps such as logarithm and 
data stretching were observed in the segmentation and classification of 
the PolSAR data. The significance of using information from both the 
ascending and descending orbital modes has been demonstrated in the 
comparison of multitemporal data. A longer time span was found more 
efficient in the data fusion (Paper I). 
 
The importance of contextual analysis was revealed in the pixel-based 
classification using high resolution PolSAR data. Using the adaptive 
MRF and the SVFMM, the proposed contextual SEM was able to 
produce homogenous mapping results with high accuracy. Shape details 
were well preserved and no over-averaging was observed, which is 
usually the case in traditional fixed MRF. The proposed control scheme 
was effective in mitigating the degenerate problem like merging of 
similar classes in the SEM iteration, especially when the impact of the 
contextual analysis is decreased in the labeling decision. The modified 
MPAC was able to further improve the mapping accuracy through 
adaptive estimation of the varying class features by the local averaging 
scheme. The multiscale analysis scheme in the modified MPAC was 
demonstrated not to be effective. The best results were achieved using 
small scale analysis. The proposed contextual SEM with the modified 
MPAC and adaptive MRF generated better results than SVM. (Paper II, 
III) 
 
Regarding the PolSAR distribution models, G0p, Kp and KummerU were 
demonstrated to be more effective for detailed urban mapping than the 
Wishart distribution. Although relatively low overall accuracy was 
obtained, the Wishart model was better at separating built-up areas from 
surrounding roads. To combine the advantages of different distribution 
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models, the proposed rule-based model selection which adaptively uses 
the optimal model to discriminate the difficult class pairs was found more 
effective than the dictionary-based model selection. (Paper IV) 
 
Through comparison of the multitemporal fine-beam PolSAR data and 
the ultra-fine-beam HH SAR data, it was demonstrated that SAR 
polarizations significantly contributed to the identification of different 
urban patterns, such as low density residential areas, high density 
residential areas, industrial and commercial areas and construction sites. 
Textures generated from the ultra-fine-beam C-HH SAR data were found 
to be more efficient in discriminating urban area than the corresponding 
fine-beam high resolution PolSAR textures. Further improvement was 
achieved through the proposed texture analysis by fusion of two data sets 
with alternative resolution. The proposed rule-based fusion approach 
employing object features and spatial correlations could effectively 
extract the low backscatter classes such as roads, streets and parks with 
reasonable accuracy. (Paper V) 
 
6.2  Future Research 
 
To further improve urban mapping with higher accuracy, the following 
topics will be investigated in the future. 
 
1. Sophisticated contextual approaches need to be developed. Besides 

MRF, methods like Conditional Random Field (CRF), watershed, 
wavelet transformation, etc. will be studied. Proper segmentation 
methods for high resolution SAR data and effective pixel-based and 
object-based fusion approaches will be further investigated. 

2. Besides spatial analysis, decision synthesizing approaches for the 
multi-temporal, multi-source and multi-resolution data fusion will be 
further explored. Focus will be put on adaptive selection of reliable 
and representative information for different classes.  

3. Specific pattern recognition approaches for extraction of typical urban 
features such as man-made structures and road networks will be 
studied. Especially for SAR or PolSAR data, practical and efficient 
methods to identify urban features and the way to use those features 
for urban mapping will be further explored. 
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