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ABSTRACT 

Multitemporal SAR images have been used successfully for the 
detection of different types of environmental changes. The detection 
of urban change using SAR images is complicated due to the special 
characteristics of SAR images—for example, the existence of speckle 
and the complex mixture of the urban environment. This thesis 
investigates the detection of urban changes using SAR images with 
the following specific objectives: (1) to investigate unsupervised 
change detection, (2) to investigate reduction of the speckle effect and 
(3) to investigate spatio-contextual change detection. Beijing and 
Shanghai, the largest cities in China, were selected as study areas. 
Multitemporal SAR images acquired by ERS-2 SAR (1998~1999) and 
Envisat ASAR (2008~2009) sensors were used to detect changes that 
have occurred in these cities. 

Unsupervised change detection using SAR images is investigated 
using the Kittler-Illingworth algorithm. The problem associated with 
the diversity of urban changes—namely, more than one typology of 
change—is addressed using the modified ratio operator. This operator 
clusters both positive and negative changes on one side of the change-
image histogram. To model the statistics of the changed and the 
unchanged classes, four different probability density functions were 
tested. The analysis indicates that the quality of the resulting change 
map will strongly depends on the density model chosen. The analysis 
also suggests that use of a local adaptive filter (e.g., enhanced Lee) 
removes fine geometric details from the scene. 

Speckle suppression and geometric detail preservation in SAR-based 
change detection, are addressed using the nonlocal means (NLM) 
algorithm. In this algorithm, denoising is achieved through a weighted 
averaging process, in which the weights are a function of the 
similarity of small image patches defined around each pixel in the 
image. To decrease the computational complexity, the PCA technique 
is used to reduce the dimensionality of the neighbourhood feature 
vectors. Simple methods to estimate the dimensionality of the new 
space and the required noise variance are proposed. The experimental 
results show that the NLM algorithm outperformed traditional local 
adaptive filters (e.g., enhanced Lee) in eliminating the effect of 
speckle and in maintaining the geometric structures in the scene. The 
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analysis also indicates that filtering the change variable instead of the 
individual SAR images is effective in terms of both the quality of the 
results and the time needed to carry out the computation. 

The third research focuses on the application of Markov random field 
(MRF) in change detection using SAR images. The MRF-based 
change detection algorithm shows limited capacity to simultaneously 
maintain fine geometric detail in urban areas and combat the effect of 
speckle noise. This problem has been addressed through the 
introduction of a global constraint on the pixels’ class labels. Based on 
NLM theory, a global probability model is developed. The iterated 
conditional mode (ICM) scheme for the optimization of the MAP-
MRF criterion function is extended to include a step that forces the 
maximization of the global probability model. The experimental 
results show that the proposed algorithm is better at preserving the 
fine structural detail, effective in reducing the effect of speckle, less 
sensitive to the value of the contextual parameter, and less affected by 
the quality of the initial change map compared with traditional MRF-
based change detection algorithm. 

Keywords: Change detection, ENVISAT ASAR, ERS-2 SAR, image 
denoising, Kittler-Illingworth algorithm, MAP-MRF classifier, 
modified ratio, multitemporal SAR images, nonlocal means (NLM), 
SAR speckle, urbanization 
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1. INTRODUCTION 

It is widely believed that global phenomena such as such as the earth’s 
increasing average temperature, deforestation and desertification, 
melting ice, lake drought, flooding, and so on, are triggered by—or at 
least accelerated by—human activity. Human lives and well-being are 
strongly affected by the occurrence of such types of phenomena; for 
example, the lives of over 22 million people residing in Niger, Nigeria, 
Cameroon, and Chad will be radically changed by the drought of Lake 
Chad. As such, Natural phenomena and man-made conditions are in 
fact dynamic processes that interact with and affect each other in 
many different ways (Jensen, 2005). Measuring and documenting 
these dynamic processes can facilitate a deep understanding of the 
global changes occurring and, consequently, contribute to the 
development of better strategies for maintaining and sustaining the 
planet. 

Owing to their fast rate of occurrence and strong negative impact, 
urban changes have received a great deal of attention recently. In 2009, 
and for the first time, the number of people living in urban areas 
exceeded the number of those living in rural areas (United Nations 
Department of Economic and Social Affairs, Population Division, 
2010). The high rate of human migration from rural to urban areas 
places a great deal of stress on large cities’ infrastructure and reduces 
the amount of land that dedicated to agricultural fields and forests. 
Quantifying urban changes is therefore very important for city 
planners and decision makers. Remote sensing images can play an 
essential role in measuring and documenting environmental changes 
in general and urban changes in particular. Today, hundreds of 
governmental and commercial remote sensing satellites collect images 
of the earth surface on a regular basis. Remote sensing images provide 
an inexpensive, comprehensive and easily accessible source of 
information about the earth. The extraction of change information 
from these images is normally carried out using change detection 
techniques. Change detection is the process of identifying differences 
in the state of an object or a phenomenon by observing it at different 
times (Lu et al., 2004). In remote sensing, the objective is to extract 
change information by comparing brightness values in images of the 
same geographic area acquired at different times. The basic 
assumption underlying this technique is that the variation in brightness 
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values owing to change in the state of an object is greater than the 
variation caused by the sensor’s noise and by atmospheric conditions 
(Melgani et al., 2002).  

Change detection can be carried out using either passive optical 
images or active radar images. Studies that combine both types of 
images constructively are also common. Radar images are 
independent of solar illumination and atmospheric conditions. Radar 
can penetrate haze, smog and smoke, conditions normally encountered 
in the urban environments. Change detection using multitemporal 
SAR images has been carried out successfully in several fields, 
including studies of  flooding (Martinis et al., 2011) and deforestation 
(Servello et al., 2010), as well as damage assessment (Bovolo and 
Bruzzone, 2007a). In addition, SAR images have also been used in the 
field of urban change detection (Du et al., 2012; Gamba et al., 2006; 
Grey et al., 2003; Liu and Yamazaki, 2011).  

The detection of urban changes using SAR images is complicated by 
many factors. Unlike other types of environmental changes (e.g., 
flooding), urban changes are characterized by the small size of the 
changed object (e.g., buildings, roads). Moreover, urban scenes are 
known to be heavily structured. Urban changes are also characterized 
by their diversity—that is, they involve several typologies of change. 
The problem is further complicated by the existence of SAR speckle, 
which hampers the extraction of useful information from the 
multitemporal SAR images. Developing a change detection strategy 
capable of dealing efficiently and simultaneously with all these issues 
turns out to be a difficult task.  For example, the impact of speckle can 
be reduced through the application of any available local adaptive 
filter. However, filtering will also remove the fine geometric detail 
that normally characterizes urban changes. New developments in SAR 
sensor technology allow the production of images of better quality, 
with better spatial, spectral and radiometric resolution. The extraction 
of change information from these high-quality images requires the 
development of new suitable techniques.  

1.1 Research Objectives 

This thesis studies the detection of urban changes using multitemporal 
SAR images with three different approaches: 
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[1] To investigate the unsupervised detection of urban changes using 
multitemporal SAR images. The analysis will focus on the use of 
the Kittler-Illingworth algorithm.  

[2] To investigate the possibility of improving the quality of the 
change image extracted from the multitemporal SAR images by 
considering different denoising algorithms and various denoising 
strategies.  

[3] To investigate the potential of a Markov random field in the 
context of urban change detection and study the possibility of 
improving its performance—that is, effective elimination of 
speckle and preservation of fine detail in the scene. 

1.2 Thesis Structure 

Chapter 1 provides a short introduction to the thesis, along with the 
research objectives. A review of change detection techniques is given 
in Chapter 2. The study areas and the used datasets are described in 
chapter 3. The description of the proposed methods appears in Chapter 
4. Chapter 5 analyses and discusses the results obtained. A conclusion 
and future research are presented in Chapter 6.  

This thesis is based on the following papers, referred to in the text by 
their Roman numerals: 

I.  Y. Ban and Osama Yousif, “Multitemporal Spaceborne SAR 
Data for Urban Change Detection in China,” IEEE Journal of 
Selected Topics in Applied Earth Observations and Remote 
Sensing, vol. 5, no. 4, pp. 1087 –1094, Aug. 2012. 

II.  Osama Yousif and Y. Ban, “Improving Urban Change 
Detection From Multitemporal SAR Images Using PCA-NLM,” 
IEEE Transactions on Geoscience and Remote Sensing, vol. 
51, no. 4, pp. 2032–2041, 2013. 

III. Osama Yousif and Y. Ban, “A new Extended Markov Random 
Field Algorithm for Urban Change Detection using 
Multitemporal SAR images,” to be submitted. 
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2. REVIEW OF CHANGE DETECTION 
TECHNIQUES 

The detection of ground changes using multitemporal remotely sensed 
images is normally complicated by uncertainties in the measured 
phenomenon, limitations in the ability of the imaging sensors to 
document (measure) the ground changes and the noise inherent in the 
imaging process. The specific characteristics of remotely sensed 
images—including resolution (spatial, spectral and radiometric), 
modality (e.g., radar or optical), noise, and types of distortions—need 
to be carefully considered by the selected change detection algorithm.  

Several types of change detection algorithms have been developed and 
tested over the years. These algorithms  have focused on different 
aspects of the process—for example, unsupervised change detection 
(Bovolo and Bruzzone, 2007b), change detection using multichannel 
SAR images (Moser and Serpico, 2009), spatio-contextual change 
detection (Bruzzone and Prieto, 2002), the fusion of SAR and optical 
images for change detection (Du et al., 2012), change detection by 
combining feature-based and pixel-based techniques (Gamba et al., 
2006), and the comparison of multitemporal images (Bujor et al., 
2004). Remote sensing change detection techniques have been applied 
successfully in  various fields of applications, including desertification 
studies (Dawelbait and Morari, 2012), forest dynamics (Bujor et al., 
2001; Vollmar et al., 2013), flood mapping (Martinis et al., 2011), the 
detection of urban changes (DENG et al., 2009; Grey et al., 2003) and 
disaster monitoring (Bovolo and Bruzzone, 2007a; Gamba et al., 
2007). However, owing to the complexity of the problem, no single 
approach exists that can handle every types of change detection 
problem. Different applications call for different approaches, and 
different types of data require special considerations. The 
development of new remote sensing systems that can produce higher 
quality images will also require the development of new techniques. 

2.1 Deriving Change Variables from Multitemporal 
Remote-Sensing Images 

One of the essential steps in change detection analysis is the 
comparison of multitemporal remote sensing images. The aim of this 
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step is to generate a change image that increases the contrast between 
changed and unchanged areas. A change map can then be generated by 
thresholding or classifying the change image using either supervised 
or unsupervised techniques. 

2.1.1 Multitemporal Optical Remote Sensing for Change Detection 

Lu et al. (2004) provided a comprehensive review of the mathematical 
operators that can be used to compare multitemporal optical remote 
sensing images—for example, image ratioing (IR), image differencing 
(ID), and image regression. Berberoglu and Akin (2009) found IR to 
be effective in reducing topographic effects like variation in 
illumination and shadowing. However, IR produces relatively poor 
results compared with ID. Change vector analysis (CVA) is an 
extension of the concept of image differencing that is particularly 
tailored to comparing multispectral multitemporal images. He et al. 
(2011) extended the CAV technique to include textural change 
information. Bovolo & Bruzzone (2007b) found that the use of CVA 
magnitude does not in fact utilize all the information contained in the 
multispectral multitemporal difference image. They suggested 
transforming the spectral change vector from the Cartesian to the polar 
coordinate system, in which they developed rigorous statistical 
distributions for the magnitude and the direction random variables.  

Comparison of multitemporal optical remote sensing images can also 
be carried out in a new transformed space instead of in the raw data 
domain defined by the observed multitemporal images. A simple 
example is differencing multitemporal normalized difference 
vegetation index (NDVI) images, where the measured intensities in 
each image—that is, red and near infrared values—are first 
transformed to the NDVI space (Lyon et al., 1998). Similarly, Cakir et 
al. (2006) transformed each individual image in the multitemporal 
dataset to a component space using correspondence analysis. The 
difference image is then constructed in this new space.  

2.1.2 Multitemporal SAR for Change Detection 

Imaging radar produces image using energy in the microwave part of 
the electromagnetic (EM) spectrum. As the name Radio Detection and 
Ranging indicates, a radar sensor transmits its own power and 
measures the distance to and the amount of power reflected from a 
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target on the ground. The strength of the radar return from an object 
depends on the relative sensor-object geometry, in addition to the 
physical properties of the object (e.g., dielectric constant, size and 
roughness). Compared with optical, radar images are affected by 
different types of distortions (e.g., foreshortening, layover, and 
variations in the ground resolution along the range direction). 

Comparison of multitemporal SAR images is commonly carried out 
using the ratio operator (Moser and Serpico, 2006; Xiong et al., 2012). 
Ratio-related operators have also been used to compare SAR images, 
including the log-ratio (Bazi et al., 2005) and the normalized mean-
ratio (Ma et al., 2012). The ratio image is known for robustness with 
respect to the SAR multiplicative radiometric errors (Bazi et al., 2005). 
The detection of changes in SAR ratio images can be performed 
equally well in regions with high and low levels of intensity (Rignot 
and van Zyl, 1993). Bujor et al. (2003) compared different types of 
parameters to quantify temporal changes based on SAR images and 
found the ratio operator to be especially suitable for the detection of 
steplike changes.  Hachicha and Chaabane (2010) suggested two 
different types of change indicators that were developed based on the 
assumption that SAR amplitudes are Rayleigh distributed. The first 
indicator (Rayleigh ratio detector) works per pixel and uses first-order 
statistics, while the second one, the Rayleigh Kullback-Leibler 
divergence, utilizes higher order statistics for the comparison.  

The comparison of multitemporal SAR images can also be carried out 
using similarity measures. These measures have been used extensively 
in the field of automatic image-to-image registration as a means of 
quantifying similarity in the spatial domain. In the context of change 
detection analysis, given two coregistered images, similarity measures 
can be used to quantify temporal rather than spatial similarity  
(Alberga, 2009). The strength of similarity measures lies in the fact 
that the estimation of the change indicator takes into account the pixel 
and its neighbourhood in contrast to traditional arithmetic operators, 
which work per pixel and normally ignore the contextual information 
(Inglada and Mercier, 2007).  

In SAR-based change detection, it is common to transform the SAR 
change variable (e.g., the ratio image) to a new transformed space. 
The new space normally allows for effective mitigation of speckle and 
preservation of geometric detail. In Bovolo and Bruzzone (2005) for 
example, the change variable was decomposed into many scale-
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dependent images using a wavelet transform. Each wavelet 
transformed image is a tradeoff between detail preservation and noise 
suppression. A suitable scale is selected to classify each pixel based 
on global and local statistics. Similarly, Celik (2010a) used a dual-tree 
complex wavelet transform to decompose the log-ratio image into 
different scales. The change maps generated at each scale using the 
expectation maximization algorithm are then combined using logical 
operators. 

2.1.3 Change Detection and SAR Speckle 

One of the most important characteristics of radar images is a 
phenomenon known as speckle. Speckle, which is common to all 
coherent imaging systems, is the salt and pepper appearance of SAR 
image that occurs because of the existence of many scatterers within 
the resolution cell (Fletcher et al., 2007). Speckle is true 
electromagnetic measurement (not noise) that is utilized in many types 
of radar-image applications, including polarimetry and interferometry. 
Moreover, speckle is a repeatable phenomenon: the same speckle 
pattern can be obtained under the same acquisition conditions. The 
notion of speckle as noise comes into play only when analysing 
single-channel SAR images. There, it is normally treated as a noise-
like quantity multiplying the underlying radar cross section (RCS) 
(Oliver and Quegan, 2004).  

A basic technique for reducing the effect of speckle is a process 
known as multilooking, which involves averaging images acquired 
from slightly different angles. Although this process improves the 
radiometric accuracy at the cost of reduced spatial resolution, it does 
not completely eliminate the effect of speckle. Several filters have 
been developed to reconstruct the RCS from the speckled intensity; 
these include Gamma MAP, enhanced Lee, MMSE, Kuan and Frost. 
According to Oliver and Quegan (2004), a good reconstruction filter 
should reduce the speckle in homogeneous regions, preserve image 
features, create no artifacts and preserve the radiometric accuracy. The 
large number of filters available today illustrates the complexity of the 
problem and the difficulty of fulfilling all the aforementioned 
requirements. 

Inevitably, change detection based on multitemporal SAR images will 
be affected by the existence of speckle noise. Dekker (1998) has 
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shown that speckle increases the false and missed alarm rates when 
thresholding the SAR ratio image. In the context of unsupervised 
change detection Bazi et al. (2005) attributed the increase in the 
overlap between changed and unchanged classes to the existence of 
speckle. 

In change detection using SAR images, the traditional strategy for 
eliminating the effect of speckle is to filter the individual SAR images 
before the comparison. Usually, the selected adaptive filter is applied 
to the SAR image iteratively until a satisfactory result is obtained. For 
example, Moser et al. (2006) found that the best change map is 
obtained by filtering the individual SAR images twice using the 
Gamma MAP filter. Bazi et al. (2005) proposed an automatic method 
to estimate the optimum number of filtering iterations to be applied to 
SAR images. The method is based on analysis of the behavior of a 
criterion function that is related to the classification error. Inversely, 
Dekker (1998) found that ratioing filtered SAR images causes the 
accumulation of individual filter errors and consequently the 
degradation of the quality of the change variable. The author 
suggested filtering the change image (e.g., the ratio image) rather than 
the individual SAR image. In Yousif and Ban (2013) the negative 
effects associated with using a local adaptive filters in change 
detection (e.g., the erosion of fine geometric detail) were addressed by 
using the nonlocal means denoising algorithm. There, the algorithm 
was applied directly to the change variable in order to prevent the 
accumulation of individual filter errors and to reduce the 
computational burden. 

2.1.4 Image Fusion for Change Detection 

In remote sensing the ultimate goal of image fusion is to enhance the 
final product in light of the intended application: visual image 
interpretation, classification or change detection. Remote sensing 
image fusion typically involves different types of images—for 
instance, images with different spatial or spectral resolutions—and in 
many cases involves images with different modalities (as in the fusion 
of SAR and optical images).  

In change detection analysis, the fusion of SAR and optical data is 
important from two points of view. First, on many occasions the 
limited availability of data forces the generation of a change indicator 
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through the comparison of an image pair acquired over the same area 
but with different modalities. Although the images were acquired with 
sensors that have different modalities, they are two different 
representations of the same physical reality and consequently can be 
compared (Inglada and Giros, 2004). Recently, similarity measures 
have played an essential role in performing such complicated image 
comparison. Mercier et al. (2008), for example, successfully used 
Kullback-Leibler divergence to compare an ERS SAR image with a 
SPOT image.  

Second, single-source multitemporal images (i.e., optical or radar) are 
known for their limited capacity to provide exhaustive documentation 
of changes that have occurred on the ground. Change detection 
analysis can benefit from the complementary nature of the change 
information represented by each type of data—that is, by SAR and by 
optical multitemporal datasets. In an attempt to improve the quality of 
the binary change map, Bruzzone and Prieto (2000) proposed an 
unsupervised change detection approach that uses consensus theory to 
integrate many change variables. Yousif (2009) developed a simple 
algorithm formulated within Bayesian decision theory for the fusion of 
both optical and SAR data. In that work, a multidimensional change 
image was constructed by combining SAR and optical change 
variables. An iterative classification strategy is then adopted to 
separate changed and unchanged classes. 

Fusion in remote sensing analysis is not restricted to images with 
different resolution or modalities; it is also extended to include the 
fusion of different types of information extracted from the same 
source. Huang (2011) improved the quality of the final change 
indicator through the fusion of different change variables extracted 
from the same multitemporal dataset using different comparison 
operators. The authors claimed that the mean-ratio image emphasizes 
changed areas in the scene, while the log-ratio image more reflects the 
background information, the unchanged areas. Consequently, two 
change variables were constructed using the mean-ratio and log-ratio 
operators. Each change variable can then be decomposed into low- 
and high-frequency components using a wavelet transform. The fusion 
of the change variables is performed in the wavelet domain, where 
different rules were developed for the low- and high-frequency 
components. It is worth mentioning that the same wavelet-based 
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fusion approach was adopted in Ma et al. (2012), in which different 
fusion rules were used .  

2.2 Pixel-Based Change Detection  

2.2.1 Unsupervised Change Detection Algorithms 

Unsupervised change detection algorithms have the important 
property that no prior knowledge about the study area (in the form of a 
training data) is required. An unsupervised change detection algorithm 
normally accepts multitemporal images as input and outputs a binary 
(or ternary) change map that shows changed versus unchanged areas. 
The main disadvantage of this type of algorithm is therefore the loss 
of detailed from-to change information. 

There are several techniques for unsupervised change detection using 
remote-sensing images. Bruzzone and Prieto (2000)  developed two 
unsupervised change detection methods. The first method 
automatically selects the decision threshold that minimizes the 
probability of error. The second method analyses the difference image 
by taking into consideration the spatio-contextual information 
included in the neighbourhood of each pixel. Celik (2010b) considered 
unsupervised change detection to be an intensive search for a change 
mask that optimizes a minimum mean square (MSE) criterion function. 
The genetic algorithm (GA) is used to search for this optimum mask—
that is, the change map. Celik (2009) used the PCA technique to map 
local neighbourhoods in the difference image to a higher dimensional 
space defined using nonoverlapping image blocks. The k-means 
algorithm was then used to automatically separate the changed from 
the unchanged areas. Moser et al. (2007) developed an unsupervised 
change detection algorithm based on Markov random field. In their 
work, the approximate change map necessary to rum the MRF-based 
algorithm was obtained by applying the Kittler-Illingworth algorithm. 
Similarly, a context-based unsupervised change detection algorithm 
was proposed by Bruzzone and Prieto (2002), in which a Parzen 
estimate was used to model the likelihood function of the observations.  

The minimum error thresholding algorithm proposed by Kittler and 
Illingworth (1986) has been used extensively in the field of change 
detection using multitemporal images. This algorithm was developed 
based on Bayesian decision theory. It uses the histogram-fitting 



12 
 

technique to estimate the unknown probabilities and an optimum 
threshold for separating the object from the background in the image. 
The Kittler-Illingworth algorithm is known to be a fast and effective 
thresholding tool. Melgani et al. (2002) used the algorithm 
successfully thresholding a change variable derived from multispectral 
multitemporal  images. To deal with the non-Gaussian nature of the 
SAR images, the minimum-error thresholding algorithm was 
generalized in Bazi et al. (2005) and  Moser and Serpico (2006), 
studies that propose different types of density-function models 
suitable for describing the statistics of the changed and unchanged 
classes in an SAR change image. Essentially, the algorithm assumes 
the existence of one object (i.e., one typology of change) and one 
background. Bazi et al. (2006) successfully applied the algorithm to a 
case in which more than one typology of change existed in the study 
area—that is, to a case with more than one threshold. The main 
drawback of the multithreshold version of the Kittler-Illingworth 
algorithm is its high computational complexity.  

2.2.2 Supervised Change Detection Algorithms 

Traditionally, supervised change detection is carried out using post-
classification-comparison logic. It consists of classifying each image 
in the multitemporal dataset independently using the same 
classification scheme. The detailed from-to change information can 
then be extracted by comparing the classified images on a pixel-by-
pixel basis. Yuan et al. (2005) applied the method to a series of 
Landsat images in order to study the dynamics of the land-cover 
change over the Twin Cities Metropolitan Area. Del Frate et al. (2008)  
used post-classification-comparison to extract change information 
from multitemporal SAR images. Instead of using the maximum 
likelihood classifier, the authors used an artificial neural network for 
the classification of each SAR image. Walter (2004) and Zhou et al. 
(2008)  extracted  the change information by comparing images 
classified using object-based techniques instead of a per-pixel 
classification. In Castellana et al. (2007) the accuracy of the change 
detection process is improved by combining supervised post-
classification logic with an unsupervised change detection algorithm.  

Supervised change detection is not restricted to post-classification 
comparison logic. For example, Volpi et al. (2013) investigated 
supervised change detection using two techniques—namely, multidate 
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classification and analysis of difference image. To address the 
problem of high intraclass variability the authors suggested using a 
support vector machine (SVM) classifier. Similarly, in Nemmour and 
Chibani (2006) urban growth in the Algerian capital was extracted 
from Landsat multitemporal images using SVM classifier.  

The main problem with the supervised change detecting method is the 
need for high-quality training data to classify each image in the 
multitemporal dataset. This turns out to be very difficult to achieve, 
especially for older images. Many semisupervised change detection 
algorithms have been developed that require only a limited amount of 
ground information or limited interaction from the analyst (Moser et 
al., 2002; Roy et al., 2012). 

2.2.3 Context-Based Change Detection Algorithms 

Contextual information plays an essential role in image understanding 
and analysis (Li, 2009). In change detection, spatio-contextual 
information can be used at different levels of analysis. For example, 
spatio-contextual information may be utilized at the image-
comparison stage; Im and Jensen (2005) used spatio-contextual 
information to extract change images (i.e., correlation, slope, and 
intercept images) from multitemporal optical remote sensing images. 
In an attempt to reduce the negative impact of speckle noise, Gong et 
al. (2012) developed a comparison operator (i.e., neighbourhood-
based ratio) that uses neighbouring pixels in the comparison process. 

The most common use of spatio-contextual information in image 
analysis, however, is during classification rather than in the image 
comparison. Ghosh et al. (2007) used a Hopfield-type neural network 
that takes spatial correlation between neighbouring pixels into 
consideration to carry out an unsupervised change detection. Markov 
random field provides a rigorous statistical framework for modeling 
the contextual information in image analysis. It has been used 
extensively in the field of image classification (Garzelli, 1999; Tso 
and Olsen, 2005), in multisource image classification (Cossu et al., 
2005; Solberg et al., 1996), and in change detection (Bruzzone and 
Prieto, 2002; Lorenzo Bruzzone and Prieto, 2000; Kasetkasem and 
Varshney, 2002). Moser and Serpico (2009) developed an 
unsupervised change-detection algorithm specifically tailored for the 
analysis of multichannel-multitemporal SAR images. In that work the 
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MRF model is used not only to model the spatio-contextual 
information but also to provide a framework for the fusion of the 
change information extracted from each SAR ratio channel. Similarly, 
Moser et al. (2007) developed an MRF-based change detection 
algorithm for the analysis of multichannel-multitemporal SAR images. 
In that study, the multichannel change image was transformed using 
Fisher transformation. Kasetkasem and Varshney (2002) pointed out 
that transformations such as image differencing, destroy the MRF 
properties of the image. Instead, they suggested a change detection 
algorithm in which the observed multitemporal images and the 
required change map are modeled using MRF. 

2.3 Object-Based Change-Detection Algorithms 

Although most of the available change detection algorithms work per 
pixel, the problem has also been approached using object-based logic 
(Berberoglu and Akin, 2009; Jovanović et al., 2010; Zhong and Wang, 
2006). An object-based algorithm subdivides the image into 
meaningful homogeneous regions based not only on spectral property 
but also on shape, texture, and size. Walter (2004) performed a post-
classification comparison change detection based on an object-based 
classification. Similarly, Desclée et al. (2006) proposed an object-
based algorithm for the detection of forest changes. Im et al. (2008) 
developed a change detection technique based on the correlation 
between objects extracted  from multitemporal images. Many studies 
have found object-based classification and change detection methods 
more accurate than conventional pixel-based techniques. For example, 
Zhou et al. (2008) compared  pixel-based and object-based post-
classification change detection algorithms and found the latter more 
accurate in mapping changed and unchanged areas.  

In order to study change in mangrove ecosystem, Conchedda et al. 
(2008) segmented the multidate composite using object-based logic. In 
Willhauck et al. (2000) the detection of forest change was performed 
via object-based classification of aerial photo combined with SPOT 
multispectral image. Using Landsat images, Gamanya et al. (2009) 
object-based change detection over the city of Harare, Zimbabwe. 
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3. STUDY AREAS AND DATA DESCRIPTION 

3.1 Study Areas 

To evaluate the different change detection techniques presented in this 
thesis, two datasets that cover two mega-cities in China are used. The 
first dataset covers Beijing, the capital of China. Fig. 3.1 shows two 
SAR images acquired over Beijing in 1998 and 2008, respectively. 
This city is characterized by its active economy, large population, and 
its fast growing rate. In 2010 the population of Beijing was estimated 
to be 20 million (National Bureau of Statistics of China). 
Corresponding to this rapid increase in population, Beijing has 
witnessed the swift expansion of its built-up area, mostly at the urban-
rural fringe and in the city core. 

The second dataset covers Shanghai, a city located in the Yangtze 
River Delta in Eastern China. Fig. 3.2 shows two SAR images 
acquired over Shanghai in 1999 and 2009, respectively. This flat and 
fertile plain is a highly productive agricultural region, as well as an 
area in which rapid urban growth has taken place (Zhang et al., 2009). 
Shanghai has the largest population (23 million persons in 2010; 
National Bureau of Statistics of China) among all Chinese cities. The 

Fig. 3.1 Beijing: (a) ERS-2 SAR 1998, and (b) Envisat ASAR 
2008 

(a) (b) 
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development of Shanghai has occurred in two main phases. In the first, 
from 1949 to the mid-1990s, the government policy was aimed at 
establishing Shanghai as a top Chinese industrial center. In the second 
phase, Shanghai started to transform gradually from a manufacturing 
center into an information- and service-oriented port (Zhang et al., 
2009).    

3.2 Data Description 

A large collection of bi-temporal radar images has been used to study 
the temporal changes in Beijing and Shanghai. All the radar images 
were acquired with either an ERS-2 SAR or an Envisat ASAR sensor. 
Table 3.1 shows the acquisition date, sensor name, and the size of the 
images in each bi-temporal dataset.  

For Paper I, the images in each bi-temporal dataset were registered 
using a geocoded Landsat image that covers the corresponding area as 
a reference. The images were orthorectified using SRTM DEM with 
90m resolution. All operations were carried out in PCI Geomatica. 
The images in Paper II and Paper III were geocoded, orthorectified 
and calibrated using the European space agency (ESA) software 
NEST. This software has shown greater capacity to automatically 
geocode and coregister the SAR images and to calibrate them using 

Fig. 3.2 Shanghai: (a) ERS-2 SAR 1999, and (b) Envisat ASAR 
2009 
 

(a) (b) 
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the most up-to-date information. The datasets in Paper II—namely, the 
Beijing and Shanghai datasets—cover smaller areas than those 
covered in Paper I. This is because the nonlocal means algorithm 
tested in Paper II is computationally intensive. Paper III focuses on the 
detection of positive and negative changes in urban areas. It achieves 
this goal by utilizing both Markov random field theory and ideas from 
the nonlocal means algorithm. Therefore, it requires even more 
computational power than the investigation in Paper II. Consequently, 
smaller datasets with many positive and negative changes have been 
chosen in Paper III. 

 

 

 

 

 

Table 3.1 Experiment datasets 

 City Size (pixels) Sensor Acquisition date 
P

ap
er

 I
 Beijing 1209x1755 

ERS-2 SAR 19/07/1998 

Envisat ASAR 15/07/2008 

Shanghai 2031x1521 
ERS-2 SAR 07/09/1999 

Envisat ASAR 03/09/2008 

P
ap

er
 I

I Beijing 999x883 
ERS-2 SAR 27/09/1998 

Envisat ASAR 23/09/2008 

Shanghai 666x718 
ERS-2 SAR 07/09/1999 

Envisat ASAR 19/09/2008 

P
ap

er
 I

II
 Beijing 400x400 

ERS-2 SAR 19/07/1998 

Envisat ASAR 15/07/2008 

Shanghai 400x400 
ERS-2 SAR 29/06/1999 

Envisat ASAR 20/07/2009 
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4. METHODOLOGY 

This chapter describes three methodologies that address different 
aspects of urban change detection using multitemporal SAR images. 
Fig. 4.1 shows the general methodological structure of the thesis. As 
the figure indicates, the three different problems addressed within the 
context of change detection using SAR images are: thresholding, 
denoising and spatio-contextual classification. In the first research 
(Paper I), the generation of a binary change map using the Kittler-
Illingworth algorithm (K&I) is investigated. The existence of the 
speckle noise complicates the detection of changed areas; therefore the 
SAR images were filtered using the enhanced Lee filter before the 
thresholding algorithm was applied. The second method (Paper II) 
focuses on the effective elimination of speckle noise, while preserving 

Fig. 4.1 The methodological structure of the thesis 
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geometric detail in the scene. The capacity of the nonlocal means 
algorithm (NLM) to fulfill these requirements is investigated. The last 
research (Paper III) focuses on the generation of a change map 
through the spatio-contextual classification of the SAR ratio image. 
To this end, the well-known Markov random field (MRF) theory is 
used to model contextual information. To deal with the strong noise 
component of the SAR images, the MAP-MRF classifier is extended 
to include a global constraint based on NLM theory. 

4.1 The Kittler-Illingworth Algorithm 

Based on Bayesian decision theory, Kittler and Illingworth (1986) 
developed an unsupervised thresholding algorithm that uses the 
histogram-fitting technique to estimate an optimum threshold. In this 
algorithm, the probability distribution ( )P r  of the image to be 
thresholded ( )r is considered a combination of two different 
populations that correspond to the object and the background. The 
normalized histogram ( )ih r  of the input image, which consists of L 
bins ( [1: ]i L∈ ), is considered a good approximation of ( )P r . Any 
histogram value ir  can be used to divide the histogram into two classes. 
The Kittler-Illingworth algorithm specifies the optimum threshold ̂r  
as the one that minimizes a criterion function ( )J r  that is related to the 
probability of the classification error. Fig. 4.2 shows the flow chart of 
unsupervised change detection using the Kittler-Illingworth algorithm. 
As indicated in Fig. 4.2 (the dashed square), for each possible value of 
the threshold r  the algorithm estimates the unknown PDF’s 
parameters using the histogram-fitting technique and then evaluates 
the criterion function accordingly.  

For unsupervised change detection, the input image is the change 
indicator that results from the comparison of the multitemporal SAR 
images. The comparison of SAR images is normally carried out using 
the ratio operator (Bazi et al., 2005). The application of the single-
threshold Kittler-Illingworth algorithm to the ratio image implies the 
existence of a single typology of change in the study area. Changes in 
urban areas are characterized by the existence of both positive and 
negative changes. The identification of both types of change therefore 
requires the selection of two optimum thresholds. Unfortunately, the 
double-threshold version of the Kittler-Illingworth algorithm is 
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computationally intensive, since the search is carried out in 2D space 
instead of in the 1D feature space used in the traditional algorithm. 
The algorithm is also known to be sensitive to great variations in the 
relative sizes of the classes (e.g., the size of the object may be too 
small compared to the size of the background). To overcome these 
problems, the modified ratio operator is introduced. Given two SAR 
images 1X  and 2X  acquired over the same geographic area at two 
different times, the modified ratio image r  is computed as follows: 

 ( )
( )

1 2

1 2

max ,

min ,

i i

i

i i

X X
r

X X
=  (4.1) 

Fig. 4.2 Flow chart of unsupervised change detection using the 
Kittler-Illingworth algorithm  
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The effect of the modified ratio operator is conceptually similar to that 
of taking the absolute value of the difference image in the sense that it 
groups both positive (intensity increase over time) and negative 
(intensity decrease over time) changes together (Paper I). Grouping 
the positive and negative changes into a single changed class has two 
advantages. First, having only one changed class, versus the 
unchanged class, enables the use of the single-threshold Kittler-
Illingworth algorithm to separate the classes. Second, the resulting 
new combined changed class is larger, preventing the mode of the 
changed class from disappearing inside the tail of the unchanged class. 
This also entails a larger sample size for the accurate estimation of the 
changed class statistics.   

The application of the Kittler-Illingworth algorithm requires that the 
form of the density function be known in advance. Originally, the 
algorithm was developed assuming the classes to be Gaussian. In SAR 
ratio images, the statistics of the changed and unchanged class are 
known to be far from normal. In this research, four different density 
functions, usually used to describe the statistics of the classes in SAR 
ratio images, are considered: the generalized Gaussian, the log-normal, 
the Nakagami ratio, and the Weibull ratio models (Bazi et al., 2006, 
2005; Moser and Serpico, 2006). For a detailed description of the 
analytical form of these density functions, see Ban and Yousif  (2012). 

4.2 The Nonlocal Means Algorithm 

Like traditional neighbourhood filters, the nonlocal means (NLM) 
denoising algorithm assumes an image affected by additive noise. 
Consequently, the NLM algorithm achieves denoising through a 
weighted averaging process. However, the NLM algorithm is unique 
in two ways. First, the averaging process extends beyond the local 
spatial extent to include all pixels in the image; hence the term 
nonlocal. Second, the averaging weights are a function of the 
similarity between small image patches, neighbourhood feature 
vectors, defined around each pixel in the image. As a result, the NLM 
algorithm tries to force pixels with similar local structures to have 
similar intensity values. 

To compute the weights of the NLM algorithm, each pixel in the 
image is represented by a neighbourhood feature vector that consists 
of the neighbouring pixels’ intensities, thus creating a new 
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multidimensional image. The feature vectors effectively capture the 
local structures in the image. The interaction weight between any two 
pixels is a function of the similarity of their neighbourhood feature 
vectors. The local window used to extract the local neighbourhood is 
typically chosen to be of size 5×5 or 7×7 pixels. This in turn gives rise 
to a very high dimensional feature vector and, consequently, a high 
computational load. In Paper II the high dimensionality is reduced by 
projecting the neighbourhood feature vectors into a new space defined 
by the eigenvectors of the covariance matrix of the multidimensional 
image. The first � PCA components corresponding to the first � 
significant eigenvalues are then kept for the weight computations. The 
similarity weights are then evaluated in this low dimensional space. 
The remaining PCA components are noise-dominated and are 
therefore discarded from the weight computation. Paper II proposes an 
algorithm to estimate the number of significant components �. In 
addition, a simple technique for estimating the variance of the noise 
based on the discarded PCA components is also given. The noise 
variance is necessary in order to estimate the filter parameter.   

Fig. 4.3 Scenarios to eliminate the effect of speckle noise in change 
detection analysis 
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To eliminate the effect of speckle noise in the context of change 
detection using multitemporal SAR images, Paper II investigates two 
denoising scenarios. The first scenario, shown in Fig. 4.3 (a), consists 
of constructing the change image using the noisy multitemporal SAR 
images. The filter is then applied so as to denoise the change variable. 
Fig. 4.4 shows a flow chart for denoising the SAR modified ratio 
image using the NLM algorithm. In the second scenario the filter is 
applied to the individual SAR images, after which the change variable 
is constructed using the comparison operator, as in Fig. 4.3 (b).   

The first scenario has three advantages over the second one. First, it 
can be efficiently implemented because the filter is applied only once. 
Second, the quality of the change variable submitted to the filter is 
better since the use of the ratio/modified ratio reduces to a great extent 

Fig. 4.4 Nonlocal means denoising flow chart 
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the multiplicative radiometric errors in the SAR images. Finally, the 
first scenario, which involves running the filter once, avoids the 
accumulation of individual filter errors (Dekker, 1998). In Paper II 
both scenarios are tested and compared using different filters. 
Regardless of the denoising strategy employed, the application of the 
NLM algorithm—either to the individual SAR images or to the SAR 
change image—requires logarithmic scaling of the input. This scaling 
is necessary to convert the multiplicative speckle noise to an additive 
noise. The algorithm has been developed based on the assumption of 
additive noise. 

4.3 An Extended MRF-Based Change Detection 
Algorithm 

Image analysis and understanding can be facilitated by the inclusion 
of spatio-contextual information (Li, 2009). In image analysis (e.g., 
classification/change detection), MRF theory provides a well-
established basis for modeling this type of information. 

In urban change detection using multitemporal SAR images the ratio 
image can be considered a combination of three different classes: no 
change, positive change and negative change. The change detection 
analysis can then be considered a simple classification problem with 
three classes. The maximum a posteriori probability (MAP) is one of 
the most commonly used statistical classification criteria. It simply 
states that, the best label configuration (i.e., change map) is the one 
that maximizes the joint posterior probability. Based on Bayes’ 
theorem, the posterior probability is represented in terms of the 
conditional distribution of the observations and the prior probability of 
the class labels.  

MRF provides a means of modeling the prior probability component 
of the model using interaction between pixels’ labels. Hence, the 
criterion function is normally denoted by MAP-MRF to emphasize 
this fact. Given the MAP-MRF criterion function, several optimization 
algorithms exist that can be used to find the optimum 
classification/change map. Among them, the iterated conditional mode 
(ICM) algorithm is most frequently used. The ICM algorithm 
approximates the optimum solution by maximizing the posterior 
probability locally. Fig. 4.5 (a) shows the workflow for the 
implementation of the ICM algorithm to optimize the MAP-MRF 
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criterion function. In Paper III, the initial change map required by the 
ICM algorithm was generated by assuming that α  percent of the 
scene has changed between the two acquisition dates. Given the form 
of the density function, initial values of its parameters could then be 
estimated. The iteration of the ICM algorithm continues until a certain 
convergence criterion is met—for example, until the percentage of 
pixels whose class labels have changed falls below a given threshold. 

In change detection using SAR images, the MAP-MRF classifier 
shows a limited capacity to maintain the geometric detail in the image 
and to simultaneously eliminate the effect of speckle noise. This is 
especially true in an urban environment, with its highly complex 
structures. The problem arises because elimination of the speckle’s 
effect requires heavily weighting the contextual component of the 

For each pixel ����  
Find the class label 
that maximizes the 
local posterior 
probability  

Estimate the PDF 
parameters 

 

For each pixel ���� 
Find the class label 
that maximizes the 
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End 
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End 
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Fig. 4.5 (a) ICM framework for the optimization of the MAP-MRF 
criteria, and (b) framework for the optimization of the new 
proposed algorithm 
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model. In contrast, detail preservation requires alleviating the effect of 
this component. To overcome this limitation, a global probability 
model based on NLM theory is introduced in Paper III. The basic 
assumption of this global model is that pixels with similar local 
structures—that having similar neighbourhood feature vectors—are 
more likely to have similar class labels. Unlike the local MRF prior 
probability model that seeks intracontext homogeneity, the global 
probability model strives for intercontext homogeneity. A detailed 
description of the global probability model and a method for 
estimating its value are given in Paper III.  

To introduce the constraint imposed by the global probability model, 
the ICM implementation scheme is modified as shown in Fig. 4.5 (b). 
A new step that aimed at maximizing the global probability is 
introduced into the work flow just after the posterior probability 
maximization step. Unlike the traditional algorithm, the new scheme 
consists of three components: the likelihood function of the 
observations, the MRF prior probability model and the global 
probability model. The proposed approach uses the same initialization 
logic as that used in the MAP-MRF algorithm and iterates until a 
certain convergence criterion is met. 

 

 

 

 

 

 

 

 

 

 

 



27 
 

5. RESULTS AND DISCUSSION 

The approaches used in both Paper I (the Kittler-Illingworth algorithm) 
and Paper III (the extended MRF change detection algorithm; EMRF) 
eventually generate a change map.  Consequently, they are discussed 
and compared in section 5.1. The method investigated in Paper II 
focuses on using the nonlocal means denoising algorithm to reduce the 
impact of speckle noise in the context of change detection analysis; 
section 5.2 therefore discusses the NLM algorithm result and 
compares it with results obtained using different types of local 
adaptive filters.  

5.1 Results of the K&I and EMRF Algorithms 

The Kittler-Illingworth (K&I) algorithm is tested using the two 
different datasets in Paper I (i.e., the Beijing and Shanghai 
multitemporal datasets). Using the modified ratio image as input, the 
algorithm selects an optimum threshold that separates the changed 
class from the unchanged class.  To decide whether the detected 
change in a pixel is positive or negative, the original intensities of the 
pixel in the multitemporal SAR images are compared, and a decision 
is made accordingly. Four different probability density functions—the 
generalized Gaussian (GG), the log-normal (LN), the Nakagami ratio 
(NR), and the Weibull ratio (WR) models—were tested and compared. 
Before the application of the K&I algorithm all original SAR images 
were filtered twice using the enhanced Lee filter with a 7×7 pixel 
window size. This was necessary because the existence of speckle 
noise hampers the algorithm’s capacity to separate the classes. 

In order to assess the performance of the proposed extended MRF 
change detection algorithm (EMRF) and compare it with the 
traditional MRF-based change detection algorithm (MRF), two bi-
temporal datasets that cover the cities of Beijing and Shanghai were 
used. Three different values of the parameter α necessary to construct 
an initial change map have been tested (15, 20, and 25). A wide range 
of values of the contextual parameter β:[2,3,4…12] has been tested. 
This range extends between the two extreme case scenarios: when β is 
very small the contextual component has almost no effect in the 
solution, and the resulting change map is dominated by noise. When β 
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is very large, the contextual component dominates, and an oversmooth 
change map is generated. In order to model the conditional 
distribution of the classes, three density functions were used (i.e., the 
log-normal, the generalized Gaussian, and the normal distribution).  

Fig. 5.1 (a) and (b) show the Beijing change maps generated using the 
Kittler-Illingworth algorithm (K&I) with the log normal and the 
generalized Gaussian models, respectively. Fig. 5.2 (a) and (b) show 
the same information for the Shanghai dataset.  Comparison of these 
figures clearly shows that the detected changes depend on the chosen 
density function model. Paper I, found that the best change maps were 
obtained using the log-normal and Nakagami ratio models. As can be 
seen in Fig. 5.1 (b), the generalized Gaussian model overestimated the 
changed class; too much area of the scene was been identified as 
changed. On the other hand, the Weibull ratio underestimated the 
changed class—that is, low detection accuracy. These results highlight 
that the generalized Gaussian and Weibull ratio models model were 

(a)  (e)  (c)  

(b)  (f)  (d)  

Fig. 5.1 Beijing change maps generated using (a) K&I: LN, (b) 
K&I: GG, (c) EMRF: LN, (d) EMRF: GG, (e) MRF: LN, and (f) 
MRF: GG 
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not accurate enough in describing the statistics of the classes. Tables 
5.1 and 5.2 show the accuracy assessment for the Beijing and 
Shanghai change maps obtained using the K&I algorithm. The values 
of accuracy in these tables confirm the abovementioned findings. 

A negative effect that can be observed from the K&I change maps, 
regardless of the density model chosen, is the bloblike appearance of 
the detected changed objects. This effect is due to the use of local 
adaptive filter (enhanced Lee filter) to eliminate speckle noise.  
Unfortunately, unfiltered speckle noise does not allow an accurate 
separation of the changed and unchanged classes in the 1D feature 
space.  

Fig. 5.1 (c) and (d) show the Beijing change maps obtained using the 
approach proposed in Paper III (EMRF) under the log-normal and the 
generalized Gaussian models, respectively. To generate these change 
maps, the parameter α necessary to estimate the initial change map 
was set to 20, while β was set to 7. Fig. 5.2 (c) and (d) show the same 

(a)  (e)  (c)  

(b)  (f)  (d)  

Fig. 5.2 Shanghai change maps generated using (a) K&I: LN, (b) 
K&I: GG, (c) EMRF: LN, (d) EMRF: GG, (e) MRF: LN, and (f) 
MRF: GG 
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information for the Shanghai dataset. Compared with the 
corresponding K&I results, it is evident that the proposed approach 
gives better results in terms of geometric detail preservation. The 
detected changed objects obtained using the EMRF approach do not 
suffer from the bloblike appearance noticed in the K&I results.  

Finally, Fig. 5.1 (e) and (f) show Beijing change maps generated using 
the traditional MAP-MRF change detection algorithm using the same 
set of parameters used in the EMRF case. The corresponding Shanghai 
change maps are shown in Fig. 5.2 (e) and (f). The MRF algorithm 
change maps generated using the log-normal model look better than 
the corresponding K&I change maps. Obviously, the quality of the 
final results has improved because the contextual information was 
included. The MRF change map obtained under the GG model is very 
noisy. This result indicates that, as in the K&I case, the MRF 
algorithm is sensitive to the chosen probability density model. The 

Table 5.1 Accuracy assessment of the Beijing results 
(K&I) 
 GG LN NR WR 

Positive Change 98.49 92.19 92.19 79.71 

Negative Change 84.53 61.32 61.32 52.60 

False Alarm 11.23 02.70 02.70 00.18 

Overall Error 08.18 11.34 11.34 16.80 

Kappa Coefficient 00.87 00.82 00.82 00.72 

Change% 10.90 05.10 05.10 02.63 

 

Table 5.2 Accuracy assessment of the Shanghai results 
(K&I) 
 GG LN NR WR 

Positive Change 85.27 81.68 82.03 79.69 

Negative Change 80.90 55.80 57.46 42.54 

False Alarm 09.86 04.61 04.75 03.35 

Overall Error 13.87 19.02 18.56 22.36 

Kappa Coefficient 00.75 00.70 00.71 00.65 

Change% 11.56 05.00 05.00 03.07 
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EMRF results look better regardless of the chosen density function. 
The good performance of the proposed approach, EMRF, is 
attributable to the fact that EMRF uses three components—conditional 
probability of the observation, MRF prior probability, and the global 
interaction between pixel labels—to determine the correct class of a 
pixel. In fact, quantitative analysis of the EMRF results, compared 
with traditional MRF results, shows that the proposed algorithm is less 
sensitive to the value of the contextual parameter β, and to the initial 
change map. Tables 5.3 and 5.4 show the accuracy assessment for the 
results obtained using the EMRF and MRF algorithm for the Beijing 
and Shanghai datasets. The tables show the accuracy of the results 
obtained using the GG and LN models, where the contextual 
parameter was set equal to 7. From the tables we can see that the 
MAP-MRF algorithm results in higher false alarm rate values than the 

Table 5.3 Accuracy assessment of the Beijing results 
(EMRF and MRF) 

 GG: EMRF GG: MRF LN: EMRF LN: MRF 

Positive Change 96.75 95.12 96.75 98.37 

Negative Change 96.78 96.49 97.95 97.08 

False Alarm 04.06 10.42 02.84 08.39 

Overall Error 03.66 07.38 02.76 05.38 

Kappa Coefficient 00.94 00.88 00.96 00.91 

 

Table 5.4 Accuracy assessment of the Shanghai results 
(EMRF and MRF) 

 GG: EMRF GG: MRF LN: EMRF LN: MRF 

Positive Change 97.76 96.52 96.27 97.01 

Negative Change 99.26 99.01 99.51 99.51 

False Alarm 03.19 07.85 04.79 08.34 

Overall Error 02.34 05.05 03.45 05.05 

Kappa Coefficient 00.96 00.92 00.94 00.92 
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proposed EMRF algorithm. Further discussion of this can be found in 
Paper III. 

5.2 The Nonlocal Means Algorithm 

The NLM denoising algorithm was tested against different types of 
adaptive filters: enhanced Lee (EL), Gamma MAP (GM), Median and 
additive Lee. Two window sizes—namely, 5×5 and 7×7 pixels—were 
tested to extract the neighbourhood feature vectors of the NLM 
algorithm. The local adaptive filters were also tested using two 
window sizes (i.e., 5×5 and 7×7 pixels). The search window size of 
the NLM algorithm was set to 21×21 pixels, which is the most 
commonly used size (Buades et al., 2005; Tasdizen, 2009). Two 

(a)  (c)  (b)  

(d)  (f)  (e)  

Fig. 5.3 Beijing change variables constructed based on (a) 
unfiltered SAR images, (b) SAR images filtered once [5×5 GM], 
(c) SAR images filtered twice [5×5 GM], (d) SAR images filtered 
using PCA-NLM [N: 5×5], (e) change variable filtered using PCA-
NLM [N: 5×5] and (f) change variable filtered twice using the 
Median filter [5×5]. 
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different despeckling strategies in the context of change detection 
were tested and evaluated: (1) comparing the images and then filtering 
the change variable and (2) filtering the SAR images then comparing 
them. Fig. 5.3 shows the Beijing change variables obtained from (a) 
unfiltered SAR images, (b) SAR images filtered once [5×5 GM], (c) 
SAR images filtered twice [5×5 GM] and (d) SAR images filtered 
using PCA-NLM [N: 5×5]. In all these cases the modified ratio 
operator was applied after filtering the individual SAR images. The 
first four images in Fig. 5.4 show the same information for the 
Shanghai dataset, in which the EL filter was used instead of the GM 
filter.  

Despite the noisy appearance, boundaries and linear features are 
clearly visible in the change variable in Fig. 5.3 (a) and Fig. 5.4 (a). 

(a)  (c)  (b)  

(d)  (f)  (e)  

Fig. 5.4 Shanghai change variables constructed based on (a) 
unfiltered SAR images, (b) SAR images filtered once [5×5 EL], (c) 
SAR images filtered twice [5×5 EL], (d) SAR images filtered using 
PCA-NLM [N: 5×5], (e) change variable filtered using PCA-NLM 
[N: 5×5] and (f) change variable filtered twice using the Lee filter 
[5×5]. 
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As soon as the local adaptive filter is applied, whether it is the GM or 
the EL filter, the noisy appearance of change variables decreases 
significantly, albeit with serious negative effects. Good examples of 
these negative effects are the existence of residual black and white 
flecks (see the yellow circle in Fig. 5.3 [b]), the lift or increase in 
intensity of unchanged areas surrounding a changed object, the fusion 
of nearby bright objects, and the blurring of narrow new linear 
features. Some of these negative effects are exacerbated by running 
additional adaptive filtering iterations. In contrast, the modified ratio 
image of the PCA-NLM filtered SAR images (Fig. 5.3 [d] and Fig. 5.4 
[d]) is to a great extent free from these negative effects. However, one 
can still notices that narrow linear features are slightly blurred.  

A superior result is obtained when the PCA-NLM algorithm is applied 
directly in order to filter the noisy change variable, as shown in Fig. 
5.3 (e) and 5.4 (e). It is visually obvious that the result in this 
particular case is less affected by the shortcomings mentioned before. 
To summarize, the quality of the change variable improves 
significantly when the PCA-NLM algorithm is used.  Filtering the 
change variable directly, as in the first scenario, using the PCA-NLM 
algorithm proved not only computationally efficient but also superior 
in terms of the quality of the results. Fig. 5.3 (f) shows the Beijing 
change variable filtered twice using the Median filter with a 5×5 pixel 
window size. Fig. 5.4 (f) shows the Shanghai change variable filtered 
twice using the additive Lee filter with a 5×5 pixel window size. 
Apparently, the performance under these generic filter types is very 
poor and incomparable with that obtained using the PCA-NLM 
algorithm. More details can be found in Paper II. 

The receiver operating characteristic curve (ROC) plots the detection 
accuracies as function of the false alarm rates. It provides an effective 
tool to quantitatively evaluate the quality of the change variable 
independent of the classification/thresholding algorithm. Fig. 5.5 
shows the ROC curve of the raw change variable constructed based on 
the unfiltered SAR images (black dashed), change variable obtained 
from images filtered once using EL (blue), change variable obtained 
from images filtered once using GM (green) and PCA-NLM filtered 
change variable (red) for Beijing dataset (a), and for Shanghai dataset 
(b). The figure clearly indicates that the PCA-NLM denoised change 
variable outperformed all change variables constructed based on 
images filtered using local adaptive filters (e.g., GM and EL). The 
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figure also show that the first denoising scenario—that is, filtering the 
change variable using PCA-NLM—attains better result compared with 
the second denoising scenario—that is, filtering the individual SAR 
images followed by the comparison stage (black line). More details 
can be found in Paper II. 

 

 

 

 

 

 

 

 

 

Fig. 5.5 ROCs of the original unfiltered change variable (black 
dashed), change variable derived from EL filtered images (blue), 
change variable derived from GM filtered images (green),  change 
variable derived from PCA-NLM filtered images (black), PCA-
NLM filtered change variable (red),  and NLM filtered change 
variable (dashed cyan)  for (a) Beijing with 5x5 neighborhood, and 
(b)  Shanghai with 5x5 neighborhood 
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6. CONCLUSION AND FUTURE RESEARCH 

6.1 Conclusion 

The detection of urban changes using multitemporal SAR images can 
be carried out efficiently using the Kittler-Illingworth algorithm. 
However, the result indicates that the use of local adaptive filter will 
cause the removal of fine geometric detail in the scene. This fact 
reveals the need to improve the quality of the change variable 
submitted to the thresholding or classification Algorithm. The 
nonlocal means algorithm provides a good alternative to the traditional 
adaptive filters. It shows a great ability to reduce the impact of speckle, 
while maintaining the geometric structures in the scene. The theory 
behind the nonlocal means algorithm can further be used to extend the 
MAP-MRF classifier in order to force pixels with similar local 
structures to have similar class labels. Compared with the Kittler-
Illingworth and the traditional MRF algorithms, the proposed (EMRF) 
algorithm produced result that is better in terms of speckle effect 
suppression and fine geometric detail preservation. 

Paper I, addresses the unsupervised detection of urban changes using 
the Kittler-Illingworth algorithm. To account for the non-normality of 
the SAR amplitude image, four density functions are considered in 
Paper I. Among them, the LN and NR models produced the best 
results. One of the algorithm’s shortcomings, however, is the 
difficulty of deciding in advance which density model to use. A 
density model that can be adjusted to suit different types of change 
detection problems might solve this problem. Visual analysis of the 
change maps generated using different density models reveals that 
detected changed objects exhibit a bloblike appearance. This is in fact 
a side effect of the use of a local adaptive filter to eliminate the effect 
of speckle noise. 

Change detection using SAR images will eventually be affected by the 
existence of speckle noise. As observed in Paper I, using local 
adaptive filters normally causes the degradation of the fine detail and 
structures. To overcome this problem Paper II studies the possibility 
of improving the quality of the change variable via the recently 
developed NLM algorithm. In this algorithm the reconstruction of the 
true unknown intensity of a noisy pixel is accomplished by carrying 
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out a global weighted averaging process. The interaction weight 
between two pixels is evaluated based on the similarity of their 
neighbourhood feature vectors. Quantitative and qualitative analyses 
of the results show that the NLM algorithm outperformed the 
traditional local adaptive filters in terms of speckle elimination and 
fine-detail preservation. Furthermore, the experiment shows the direct 
denoising of the change variable instead of the individual SAR images 
is not only computationally efficient but also superior in term of the 
quality of the result.  

Paper III addresses the limitations associated with the MRF-based 
change detection technique using SAR images. Here, the problem 
stems from the fact that the MRF-based algorithm cannot efficiently 
preserve geometric structures in the image and simultaneously combat 
the negative effect of speckle noise. To overcome these limitations, a 
global probability model is developed based on the recently developed 
NLM algorithm theory. The optimization of the MAP-MRF criterion 
function using the ICM algorithm is modified by inserting a new step 
based on the maximization of the global probability model. The 
proposed algorithm produces a result that is less sensitive to the 
chosen probability density function, less affected by the value of the 
contextual parameter and less sensitive to the quality of the initial 
change map. Although the chosen implementation scheme—namely, 
modifying the ICM algorithm—is rather simple, a more rigorous 
solution would be to modify the criterion function rather than the 
optimization algorithm. 

6.2 Future Research 

So far only ERS-2 SAR and ENVISAR ASAR images with moderate 
spatial resolution have been considered for the change detection 
analysis. The analysis has been restricted to single-frequency, single-
polarization SAR images (the HH Envisat ASAR image has not been 
considered in this analysis). Although satisfactory results have been 
obtained mapping urban change, future research will address the 
following considerations: 

First, in terms of the input data, multitemporal SAR images with 
higher spatial resolution will be considered for accurate mapping of 
urban change. To overcome the limited information contained in 
single-frequency single-polarization images, future research will 
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investigate the use of multitemporal polarimetric SAR images. Despite 
their many advantages, such data—high spatial resolution and 
polarimetric SAR data—present a new type of challenge that requires 
the development of a suitable change-detection algorithm.  

Second, object-based change detection logic will be considered. Here, 
techniques to segment the images and methods to separate changed 
and unchanged classes will be investigated.  

Finally, bearing in mind the limitations of single-modality 
multitemporal images (i.e., SAR or optical) in documenting every 
types of change occurring on the ground, we will consider the 
possibility of improving the quality of urban change detection through 
the fusion of SAR and optical data.  
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