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Abstract

Change Detection (CD) in Synthetic Aperture Radar (SAR) is an essential task in the field

of Earth Observation (EO). It focuses on identifying the change for the same geographical

region between two SAR images acquired at different times. SAR offers several advantages

over optical sensors. For instance, spaceborne SAR sensors are able to provide day/night

capability to map the globe in virtually all weather conditions. Moreover, SAR’s microwave

signals can pass through the cloud cover, allowing it to acquire data and generate images even

in the presence of clouds, fog and dust. Despite these advantages of SAR, CD in SAR remains

a highly challenging problem due to the misregistration of multi-temporal SAR images and

speckle noise. Both these challenges adversely affect the performance of SAR-based CD

techniques. In this thesis research, we have thoroughly discussed these challenges and have

proposed novel solutions to improve the overall performance of SAR-based CD algorithms.

For instance, we have proposed a deep neural network-based despeckling model (DM)

that effectively suppresses speckle noise and enhances the performance of the existing CD

methods. Specifically, the proposed despeckling methodology consists of two modules where

the first despeckling module passes the input SAR image through a series of convolutional

layers to suppress speckle noise and later feeds the resulting noise-reduced image to the

subsequent change detection module.

For change detection, we initiate a preclassification step employing the logarithmic ratio

operator and the hierarchical FCM algorithm. Subsequently, we utilise a layer attention

module that exploits correlations among multi-layer convolutions. This module produces



x

robust cascaded feature representations learned by the network. These robust representations

not only allow the proposed despeckling architecture to be resilient to multi-temporal SAR

acquired from one SAR imaging process (i.e., the same number of SAR images looks before

and after the change) but also enable it to deal with any combination of single or multi-look

images acquired prior and after the change. In addition to this despeckling model, we have

also developed a robust loss function that effectively suppresses the speckle noise, thereby

improving the change detection accuracy. Both the despeckling model and the proposed

noise-tolerant loss function are evaluated extensively on three public real SAR datasets,

achieving superior performance compared to existing state-of-the-art SAR CD methods in

all benchmark datasets.
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Chapter 1

Introduction

1.1 Background of Research Problem

Image-based change detection is one of the signi�cant �elds in remote sensing (RS) and

computer vision. RS change detection (CD) here refers to �nding differences in an area from

remotely sensed images captured for the same geographical region at different periods [4,

5]. Change detection has been widely used in many applications, such as deforestation

monitoring in the agricultural sector. Civilian applications of change detection include

monitoring urban area development and city extension. In the military, it is used in gathering

information about new military installations, movement of the enemy's military forces, and

damage assessment. In the areas of climate change, it has been used to monitor deforestation

and disasters [5, 6].

The RS CD process is vital in Earth Observation (EO) because it endeavours to distin-

guish the changed and unchanged pixels of multi-temporal EO images covering the same

geographical region but at different times. The multi-temporal images (images at differ-

ent times) should be co-registered to determine the correct position for each pixel in both

multi-temporal images before being inputted into the change detection method. The more

accurate the image registration process, the better the change detection performance [7–10].
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Once co-registered, the change map (a result of the change detection algorithm) can be easily

obtained using classical change detection methods by computing a difference image (DI),

simply the intensity difference between the two images.

However, change detection in EO is nontrivial owing to inherent challenges such as

co-registration errors, illumination variations, viewpoint, shadows, atmospheric effects

(e.g., presence of clouds, fog, etc.), and varying sensor characteristics. Moreover, surface

re�ectance from incoherent objects (such as vegetation) can adversely affect the performance

of optical CD algorithms. Synthetic aperture radar offers distinct advantages over optical

sensors for CD in EO because it is not affected by weather conditions, provides penetration

through clouds and vegetation, and offers sensitivity to small changes, making it capable

of detecting changes that may be missed by optical CD methods. This technique allows

us to remotely map the re�ectivity of objects or environments with high spatial resolution

through the transmission and reception of electromagnetic signals in the microwave spectrum,

which easily penetrates through clouds and provides all-weather day/night sensing capability,

making it suitable for applications related to disaster assessment (such as �ooding and

earthquake) [11, 5, 12]. However, SAR data suffers from speckle noise caused by random

interference between the coherent returns issued from the many scatterers on the earth's

surface. This speckle noise is the main challenge that affects CD accuracy. Eliminating the

noise will increase CD accuracy. Existing change detection methods struggle with this noise,

and despeckling it in the pre-processing step is necessary for this case [5, 12].

Therefore, a deep understanding of speckle �lters is essential to improve the accuracy of

existing change detection methods. Moreover, a change detection method should be robust

to the noise and identify the difference between relevant and irrelevant information in the

input images to detect the change. Although this challenge with change detection is not easy,

deep learning has recently been used to solve remote sensing and computer vision challenges

and achieve state-of-the-art results in these problems, such as image classi�cation and object
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detection. However, there are still many challenging problems for deep learning to solve.

One of these challenges is change detection. The traditional CD methods have misclassi�ed

changed and unchanged objects or pixels over two periods (multi-temporal). Deep learning is

expected to provide higher accuracy and low computational cost for SAR change detection.

1.2 Motivation and Research Questions

The advancement in satellite imaging technology, characterized by enhanced resolution and

capabilities, particularly the ability to collect data without physical contact, has sparked

increased interest among researchers in Earth's surface change detection. SAR change

detection aims to determine the difference between multi-temporal images for an exact

location [4, 2, 13]. Change detection techniques are broadly employed in several applications,

such as disaster assessment [14], environmental monitoring [15], land management [16], and

urban change analysis [17, 12]. SAR images are advantageous over optical images because

they can provide information about disasters in the darkness and all weather conditions.

However, SAR images suffer from speckle noise. This kind of noise heavily affects the

performance of change detection techniques. Research studies are trying to resolve this

challenge by despeckling noise or using deep learning SAR change detection methods. These

approaches still struggle with speckle noise, mainly when different noise levels exist between

pre-change and post-change SAR images. Addressing this challenge will enable us to provide

a clear change map image that can help us assess the disasters quickly. Moreover, it can,

in turn, support local governments in making effective and timely decisions to prevent or

mitigate material losses and lives.

The motivation for this research arises from the need to address the existing gaps in the

�eld of SAR change detection. Current research has encountered a speckle noise challenge

in the SAR change detection task. This study aims to �ll this void with two approaches: First,

does despeckling SAR images before changing detection methods enhance CD performance?
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Second, we explore different deep-learning approaches for SAR change detection. We

speci�cally try to address the question of whether deep learning can deal with speckle noise

without despeckling techniques as a pre-processing step. Finally, we investigate different

image registration-based feature detection algorithms to reduce the change detection error by

misregistering the two SAR images. By addressing these questions, we anticipate that our

research will advance our understanding of SAR change detection tasks.

1.3 Aims and Objectives

To explore and improve the performance of SAR change detection methods, we aim to

address the issue of speckle noise that adversely affects the accuracy of these methods. In

order to achieve this goal, the following speci�c objectives have been identi�ed:

• Review the literature and investigate different image registration techniques in re-

mote sensing image registration to reduce misregistration errors and improve change

detection accuracy.

• Evaluate the matching and registration process in existing methods for change detec-

tion.

• Review the literature and conduct experiments to evaluate the state-of-the-art algorithm

in SAR change detection.

• Develop a despeckling method based on deep learning to improve the accuracy of

change detection methods by reducing speckle noise.

• Evaluate and compare the performance of the proposed despeckling method with the

state-of-the-art despeckling methods.

• Develop a loss function for deep learning to reduce the in�uence of speckle noise and

improve the change detection performance.
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1.4 Thesis Overview

The thesis is broken into six chapters. These chapters are listed as the following:

Chapter One: Introduction: This chapter concentrates on the research background,

motivations and research questions, aims and objectives, problems, the structure of the

current thesis and publications and main contributions.

Chapter Two: Literature Review: This chapter discusses change detection and its types:

classical and deep learning change detection techniques. Image registration is discussed as

follows: classical and deep learning image registration techniques are used in producing

change detection. The image registration section also provides details about feature detectors

and then introduces the six famous feature detection and description methods. Feature

matching, outlier rejection, and performance evaluation are also described in Chapter 2.

Moreover, image denoising for optical images and image despeckling for SAR images are

reviewed. Remote sensing change detection is discussed in detail in optical image change

detection, SAR image change detection, and hybrid image change detection. Finally, the

summary of this chapter.

Chapter Three: Systematic Investigation of Image Registration for SAR Change

Detection: This chapter investigates the importance of image registration techniques in

enhancing change detection performance. Two SAR datasets are used for registration and

change detection tasks. The two datasets have large water areas, and changing areas are

small. Therefore, different pre-processing have been investigated for better change detection

accuracy. Four change detection methods have been compared with the SAR datasets. We

rely on the subject image assessment in this chapter because of the absence of a ground truth

label.
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Chapter Four: Enhanced Change Detection Performance Based on Deep Despeck-

ling of SAR Images: This chapter introduces our proposed despeckling model to enhance

the performance of the change detection methods. The proposed model is then compared

to different despeckling methods, including the state of the art methods. Two types of SAR

datasets have been used to train and test our proposed method in this chapter. Subsequently,

intensive experiments are performed over three real SAR datasets for change detection

tasks using four change detection methods, including the current state-of-the-art algorithms.

Following the results and discussion are presented. At the end of this chapter is the summary.

Chapter Five: Deep Learning-Based Change Detection for SAR Images:This chapter

explores deep learning networks that have been used in change detection. A proposed deep

learning method has been introduced, and robust loss function and better setting parameters

have been discussed for the proposed methods. The experiments have been done using three

SAR CD datasets. The results and discussion section compares our method with the state of

art methods.

Chapter Six: Conclusion and Future Work: This chapter offers a conclusion for the

research and outlines the contributions that this research has made. Any limitations faced

during this research are also presented. It also lists the future work that follows the research

done in this thesis.

1.5 Publications and Main Contributions

In this research, we have three main contributions.

• Chapter Three contribution and publication:

We investigated six image registration algorithms with different remote sensing datasets,

including SAR images. We have found that no algorithm can perform best on all SAR
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datasets. In addition, we use an Otsu with a 5x5 Gaussian �lter to remove the unwanted

information under the water surface in the Suez dataset. This pre-processing step

assists in identifying the small change for the ships in the image atT1 (pre-change) and

image atT2 (post-change). We published a Survey paper on this work entitled "Image

Registration Techniques and Applications: Comparative Study on Remote Sensing

Imagery" at the DeSE conference. This paper concludes that no singular algorithm

demonstrates superior performance across all datasets. However, after assessing the

average performance across the three datasets, it becomes evident that SIFT exhibits

the most robust performance [7].

• Chapter Four contribution and publication :

We developed a despeckling model (DM) based on a convolutional neural network

(CNN). It is trained on synthetic SAR datasets and tested on synthetic and real SAR

CD datasets. DM is able to suppress the speckle noise and improve the performance of

the change detection methods. A conference paper was published based on this work

for BCD-SGAI 2023. It is entitled "Deep Despeckling of SAR Images to Improve

Change Detection Performance" [18].

• Chapter Five contribution and publication:

Our proposed method adapts from LANTNet. We have proposed a tolerant loss

function that is more resistant to speckle noise. It improves the CD performance. It is

important to mention that combining the despeckling model and the CD loss function

has further enhanced the CD performance. This work was accepted by the IEEE

Access journal. The paper entitled "Enhanced Change Detection Performance Based

on Deep Despeckling of Synthetic Aperture Radar Images" [19].





Chapter 2

Literature Review

Remote sensing images have been developed and utilised across various research domains,

focusing on change detection. The application of remote sensing for change detection is

crucial for discerning alterations between two images captured at different times within the

same geographical area [13, 2]. This process holds signi�cance in diverse sectors, including

deforestation monitoring and damage assessment [4]. Remote sensing images serve as a valu-

able resource for observing the Earth's surface. In the context of denoising, optical satellite

images offer researchers frequent data for Earth's surface monitoring. However, this data is

susceptible to interference from darkness, clouds, and atmospheric conditions, necessitating

the collection of images during daylight and in favourable weather conditions [13].

In comparison, SAR images can work at night and are not affected by weather conditions,

darkness and clouds [20]. This characteristic gives SAR data an advantage over other RS data.

The limitation of SAR data is that it is in�uenced by speckle noise [21, 22]. Despeckling

this noise can improve the change detection result [23, 2, 24]. This chapter is structured as

follows: �rst, image registration, which is an essential step for change detection, is discussed,

and then image despeckling is also the fundamental step for change detection. The change

detection techniques are debated. Finally, the summary of this chapter is provided.
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2.1 Holistic Overview

Remote sensing change detection aims to identify the change between two multi-temporal

images for the same geographical region at different times [25, 4, 26]. It provides valuable

insights for various purposes, such as monitoring deforestation [4], detecting targets [27],

promoting agricultural progress [28], managing land [16], and analysing urban changes [17].

Moreover, the CD algorithms help to extract vital information to assess the change, especially

in case of natural disasters (e.g., earthquakes, �oods, droughts, and hurricanes [14, 29, 30]),

which in turn supports the local governments to make an effective and timely decision to

prevent or mitigate material losses and lives.

Change detection is a quantitative analysis technique used to identify and measure surface

changes in phenomena or objects over two distinct time periods [31]. It is a fundamental

technology within the �eld of earth observation. It aims to differentiate between changed

and unchanged pixels in multi-temporal remote sensing images captured from the same

geographic area but at different times [32, 33]. The primary objective of a change detection

system is to assign a binary label to each pixel based on a pair or series of co-registered

images. A positive label indicates that the corresponding pixel represents an area that has

changed, while a null label denotes an area that has remained unchanged (refer to Figures 2.1

and 2.2) [34]. Change detection is a powerful tool for various applications, including video

surveillance, urban area mapping, and other forms of multi-temporal analysis.

Let I1 andI2 be two co-registered images that cover the same geographical region and

have the same sizeW � H at different times,T1 andT2, respectively [4, 35]. The same sensor

captures both images. In the context of change detection, it is customary to convert both

images to grayscale prior to analysis, ensuring consistency in their representation throughout

the process.

I1 : X � Y � N (2.1)
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Fig. 2.1 Change detection problem

I2 : X � Y � N (2.2)

WhereX = [ 1;w] andY = [ 1;H].

I1(x;y) andI2(x;y) are the pixel Intensity values at coordinates (x, y). In typical change

detection methods, a change map can be obtained by a difference image operation based on

differencing or log-ratio functions. Both DI operations are de�ned in equations 2.3 and 2.4.

DI(x;y) = jI1(x;y) � I2(x;y)j (2.3)

DI(x;y) =

�
�
�
� log

�
I2(x;y)+ 1
I1(x;y)+ 1

� �
�
�
� (2.4)

The �nal analysis of the difference image (DI result is to obtain the change map. Obtaining

an accurate CM relies on several steps, including image registration, image denoising or

despeckling (depending on the data type, in optical image denoising is used, whereas, in

SAR images, image despeckling is used) and CD algorithms performance. These steps are

part of the change detection framework. They will be discussed in section 2.2.
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