
 

Improved Framework for Monitoring Land-cover Changes by Using Remote Sensing Technology: 

From unsupervised and supervised, to targeted approaches 

 

 

 

 

By 

 

Su Ye 

 

 

 

A thesis submitted to the School of Environmental Studies 

In conformity with the requirements for 

Degree of Masters of Environmental Studies (MES) 

 

 

 

 

Queen’s University 

Kingston, Ontario, Canada 

(May, 2015) 

 

Copyright © Su Ye, 2015 

 



ii 

 

 

 

 

 

 

 

 

“We live on an island surrounded by a sea of ignorance. As our island of 

knowledge grows, so does the shore of our ignorance.” 

                                                                                                                    - John A. Wheeler 
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Abstract 

Land-cover change monitoring has remained at the forefront of interest in environmental science 

and sustainability research for many years. Digital change detection, which mainly relies on remote-

sensing technology, has been widely applied to encompass the quantification of dynamic land-cover 

change. A variety of digital change detection techniques can be categorized into unsupervised and 

supervised approaches depending on the availability of reference data.  Traditional unsupervised and 

supervised approaches both suffer certain issues which may lead to unreliable results of change 

discrimination. This thesis seeks to advance current methodology of digital change detection in order to 

better address the complexity of practical land cover monitoring.   

Unsupervised methods are firstly investigated in the first manuscript under the condition of the 

unavailability of reference data. To deal with ambiguous definitions of ‘change’ and ‘no change’ existing 

in past research, an objective categorization system of ‘interested’ and ‘irrelevant’ change is constructed 

according to the nature of the considered scene of a given urban region.  An advantageous unsupervised 

change detection procedure is hereby developed to separate these interested and irrelevant changes by 

fully exploiting the complementary attributes of luminance and saturation.  

In the second manuscript, a new and more applicable approach called ‘targeted change detection’ 

is described to improve change-detection techniques when reference data is available. In the proposed 

targeted approach, only reference data for targeted types are required with the goal of identifying only 

interested changes and discarding other classes, and thus the drawbacks of uncertainties and tedious 

sampling in the supervised approach can be addressed. An efficient algorithm for targeted change 

detection and its operational workflow are presented. Two very different study cases are used to 

demonstrate the proposed procedure with the results both showing the higher accuracy of our proposed 

method compared with other potential targeted change-detection methods. 
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Chapter 1: Introduction 

1.1 Land-cover change 

About 2,000 years ago, the Greek philosopher, Heraclitus, noted “you cannot step into the same 

river twice” (Müller-Merbach, 2006). Our surroundings, including the atmosphere, bodies of 

water and land, are changing constantly. A significant section of present-day research has 

concentrated on change of land as an important environmental transitional process; land is the 

place where almost all socioeconomic activities are being undertaken to provide essential natural 

resources like fiber, food and water for human beings. 

Natural environmental systems are subjected to ever-changing processes: some 

modifications are slight and hardly discernible to the human eye while others are significant and 

directly influence the well-being of mankind. The concept of land-cover change has been 

variously defined in the literature which might lead to confusions in practical monitoring tasks. 

Therefore, it is imperative to clearly define land-cover change before conducting a systematic 

survey.  A well-defined categorical system of land-cover change based on it's affecting natural 

resources (Kennedy et al., 2009) is given in Table 1.1 below.  Generally, they can be separated 

into two groups: intra-class (4, 5, 6) and extra-class change (1, 2, 3) according to whether land 

cover class changes. Extra-class change usually receives more attention in land change research, 

while intra-class changes are of interest in some research as well. The type of change being 

sought often influences the selection of the appropriate strategy for extracting information on 

change (Kennedy et al., 2009).  
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Table 1.1 Categories of land cover change according to the process or threat influencing natural 

attributes or indicators from Kennedy et al. (2009) 

Land change type Process of interest/Threat 

(1) Change in patch-shape/size of 

related cover types 

Vegetative expansion, infilling, or encroachment, erosion 

(2) Change in width or character of 

narrow, linear features 

Visitor use of paths or roads, flooding effects on stream 

vegetation; dynamics of terrestrial and submerged near-store 

aquatic vegetation 

(3) Abrupt changes in state of cover Disturbance, human-mediated development, land management 

(4) Slow changes in cover types or 

species composition 

Succession, competition, eutrophication, exotic species invasion 

(5) Slow changes in condition of a 

single cover type 

Climate-related changes in vegetative productivity, slowly-

spreading forest mortality caused by insect or diseases, changes 

in moisture regime. 

(6) Changes in timing or extent of 

seasonal process 

Snow cover dynamics, vegetation phenology 

 

The cause for land-cover change might be natural or anthropogenic. In ancient times, 

nature was the major factor contributing towards land changes; however, today the changes are 

more likely owing to human involvement. In recent years, the overuse of natural resources to 

supply a rapidly growing economy and population has caused the unanticipated degradation of 

our land with threats to the structure and function of ecosystems. Typical land-change issues 

calling for most concerns nowadays are such as urbanization (Vlahov and Galea, 2002), 

deforestation (Shukla et al., 1990), snow cover melting (Nicholls and Cazenave, 2010). 

To meet current challenges, sustainable land management has been strongly emphasized 

to advocate sustaining ecosystem service and livelihood while integrating land, water, 
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biodiversity, and environmental management of land (Bank, 2006). Previous practices on 

sustainable land management include the regional projects such as Chesapeake Bay Program 

(Boesch et al., 2001) in United States of America or Three-North Forest Shelterbelt Program in 

China (Hanjie and Hao, 2003), as well as global collaborations such as the Kyoto Protocol 

offering incentives to encourage sustainable land-use practices promoting the storage of carbon 

on land (Ellis, 2013).  Land-cover change detection is the first step in which critical land 

information for environmental analysis and policy making can be provided. Therefore, a careful 

design for change detection is preliminary for achieving any effective land management project. 

1.2 Digital change detection 

Digital change detection is “the process of quantifying temporal phenomena from multi-

date imagery that is most commonly acquired by satellite-based multi-spectral sensors” (Coppin 

et al., 2004). This scientific literature has revealed that compared with visual change detection, 

digital change detection not only offers a more consistent and repeatable procedure, but that it 

more efficiently incorporates features from the non-optical parts of the electromagnetic spectrum 

(Coppin et al., 2004).   

The goal of a common digital change detection project is to label a geographic unit with 

‘change’ or ‘no change’ through implementing a classification procedure; sometimes this result 

would also include information on land change. Referenced on the most common categorization 

in solving classification problems, change-detection techniques can be summarized as belonging 

to either supervised or unsupervised approaches according to the use of instance to direct 

classification procedure (Bruzzone and Prieto, 2000; Bruzzone and Prieto, 2002; Fernandez-

Prieto and Marconcini, 2011; Volpi et al., 2012).   

Unsupervised change detection is a group of spontaneous methods for classifying change 

type without aids of instance (Bruzzone and Prieto, 2000; Bovolo et al., 2012). In order to 
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partition the data into several well organized parts, it often follows the principle of maximizing 

within-category similarity while minimizing between-category similarity. Those types of 

approaches are completely free of user manipulation and are able to quickly give users very 

general information on ‘where change occurs’. Conversely, supervised approaches require labeled 

training samples as reference data and assign pixels in satellite images to different categories in 

terms of their similarity to training samples of each change category. Benefiting from using 

different categories of training samples, supervised approaches can provide richer land-cover 

change information regarding what type of ongoing land change is occurring, although suffering 

the limitations of training sample collection. 

1.3 The issue of uncertainties 

In physical geography, uncertainty is generally viewed as an expression of our inability to 

resolve a unique and causal physical process, either in principle or in practice (Brown, 2004). 

Uncertainty pervades all our attempts to ascertain reality, with respect to characterizing our land 

surface status and change, due to the complexity of environmental systems as well as our limited 

understanding of those topics. The sources for uncertainties with relevance to the environmental 

problem can be manifested in two main flavors: epistemic uncertainty and linguistic ambiguity 

(Regan et al., 2002).  

In the specific practice of digital change detection, epistemic uncertainty mainly refers to 

measurement uncertainty and model uncertainty relative to using remote sensing technology as an 

inductive tool for providing inference. Measurement uncertainties arise from the imperfection in 

observational techniques, for example, two bi-temporal image comparisons are often interfered 

with by the variation of measuring situations such as the differences in atmospheric conditions, 

angle of the Sun, and seasonal variation (Chen et al., 2013). Such noisy effects are often unknown 

or too complex to quantify in the process of data analysis, and become more serious with more 
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detailed description of classes. Model uncertainties originate from an imperfect mathematical 

model for change identification, which fails to take full use of information such as spatial or 

temporal relationship inherent in the geographic data, or involves too much parameterization. 

Linguistic uncertainty describes the inexactness and vagueness introduced by 

terminology which is usually closely tied with our limited conceptualization and understanding. 

For example, in unsupervised change detection, the offered binary results termed as ‘change’ and 

‘no change’ (Bruzzone and Prieto, 2000; Bovolo et al., 2008; Ghosh et al., 2009) are ambiguous, 

as nothing in an environmental system stays unchanged, from moment to moment, if viewed from 

a perspective of philosophy. Likewise, supervised change detection defines ’changes’ as 

transitions between two land-cover types, which renders a methodological drawback to deal with 

the changes reflected in images caused by other interference factors, such as radiometric variation 

or fluctuation in measuring tools; therefore, it is not reasonable to put them into either ‘land cover 

type transition’ or ‘no change’ categories, as they hold drastically different mechanisms of 

occurrence. 

While environmental scientists may be aware of the uncertainty, end users and decision 

makers typically underestimate it and disregard ignorance (Foody and Atkinson, 2002), which 

may lead to erroneous and misleading interpretation. Therefore, although it is not a case that a 

magical method exists to remove all these uncertainties, it is arguably necessary to reduce 

uncertainty if possible when a change-detection method is being developed. 

1.4 Research Objective 

The major goal of the current work is to develop improved land-cover change detection 

frameworks both conceptually and methodologically in order to better manage uncertainty in 

change detection and provide insights on how to improve the precision and robustness of current 

change-detection techniques through probabilistic assessment. Bearing the complexity and 
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variability of the real world in mind, this thesis also aims to increase the practicality of the 

proposed framework by integrating specific environmental monitoring objectives and scene 

information of a land monitoring project. 

More specifically, two main research objectives addressed in separate manuscripts are 

identified: 

1. To enhance the efficiency of unsupervised change detection in the event of analyst non-

familiarity with the geographical area or insufficient knowledge of the actual surface 

cover types. 

2. To improve the practicality of the current supervised change-detection approach and 

simplify its procedure under the condition of the availability of training data.  

1.5 Thesis format and organization 

This thesis is presented in a manuscript format. Chapter 2 contains a comprehensive 

literature review of key concepts, critical steps, and popular techniques in digital change 

detection. Chapter 3 is a manuscript on an unsupervised urban change detection procedure by 

using luminance and saturation from multispectral images, which aims to improve urban change 

detection under the condition of unavailability of reference information. Chapter 4 introduces a 

novel targeted change-detection model as well as its application framework to improve traditional 

supervised methods; two study cases are utilized to display the performance of the proposed 

targeted change-detection procedures. Chapter 5 presents the major conclusions in the context of 

the first four chapters, and recommendations for future work.  
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Chapter 2: Literature Review 

Although some points might be mentioned again in Chapter 3 and 4, this chapter provides 

a systematic and thorough overview of digital change detection in the literature. Section 2.1 

mainly reviews preliminary knowledge and concepts for digital change detection, which can 

contribute to readers understanding of the subsequent contexts. Section 2.2 introduces the basic 

steps for a digital change-detection project. Section 2.3 reviews a variety of existing change-

detection methods with their cons and pros. 

2.1 Key concepts in digital change detection 

Land cover vs land use 

In environmental research, people often use the term Land cover, or Land use to 

characterize the category or status of one land. Occasionally these two concepts are used 

interchangeably to describe land surface change. However, the  definitions of the two concepts 

are slightly different in the practical land-related research: Land use is defined in terms of 

syndromes of human activities such as agriculture, forestry, and building construction that alter 

land surface processes including biogeochemistry, hydrology, and biodiversity (Ellis and Pontius, 

2007); Land cover refers to “the observed physical cover on the Earth’s surface” or explicitly 

geographic features according to a holistic definition given by the Food and Agriculture 

Organization (FAO) (Sombroek and Sims, 1995). Remote sensing data do not record activity 

directly and thus hardly recognize land-use types without aids of other auxiliary data sources, but 

can represent land-cover characterization used as a reference base for human activity 

investigation including land-use study (Di Gregorio, 2005). Because the primary tool is satellite 

imaging in this thesis, the scope of this thesis focuses on only land cover, more specifically, how 

to use satellite images to characterize the transition between different land-cover types.  
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Remote sensing 

The Oxford dictionary’s definition of remote sensing is “the scanning of the Earth by 

satellite or high-flying aircraft in order to obtain information about it”.  The information here 

usually refers to the measurement of electromagnetic energy. The energy originates from the Sun 

or from a source associated with the sensor, such as a laser or radio emitter; it can also be emitted 

directly from the material because of its temperature (Kennedy et al., 2009). The physical and 

chemical properties of a given material cause it to absorb, reflect and emit electromagnetic energy 

differentially in different parts of the electromagnetic spectrum (Schott, 2007; Verbyla, 1995) 

which can be captured by satellite or aircraft sensors and often stored as the format of digital 

images. Therefore, the change of spectral information in remote-sensing images can be used to 

infer both intra-class and extra-class land-cover change. Using remote-sensing technology for 

land-cover change investigation and inventory has the following advantages: (1) saving economic 

costs for land surveying; (2) providing quantitative, spatially explicit, and representative digital 

data ready for computer manipulation; (3) access to historical as well as the most up-to-date land 

information.  

 

Pixel 

A pixel, referring to smallest square element in the image, is the basic unit of remote 

sensing image analysis for exploiting land information (Coppin et al., 2004; Hussain et al., 2013). 

The basic premise for pixel-based change detection is that the pattern of a certain ongoing change 

leads to a certain pattern of numerical difference between two corresponding pixels from bi-

temporal images. Due to its simplicity and straightforwardness, Pixel has become a widely-used 

unit for comparing two images in change detection since the early use of remote sensing images 

(Tewkesbury et al., 2015). In recent years, another conception ‘object’ emerged as an alternate 

unit for approaching spatial information (Walter, 2004; Hay and Castilla, 2008; Blaschke, 2010). 
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But pixel-based analysis is still recognized as the dominated approach in the present-day remote 

sensing community, and thus is adopted as the only processing unit in this thesis. 

 

Feature 

The term feature here, different from ‘geographical features’ mentioned before, is a very 

critical concept derived from pattern recognition area for remote-sensing image analysis. Feature 

means the measurable quantities that make targeted patterns are different with each other 

(Theodoridis and Koutroumbas, 2008). Therefore, land-cover change patterns can be recognized 

through analyzing feature value differences. There are generally three categories of features for 

pixel-based comparison: spectral, color, and texture. Spectral features refer to numerical values 

from original spectral bands and are the most widely used feature for change detection (Im and 

Jensen, 2005; Yuan et al., 2005; Mertes et al., 2015).  Color features are those features generated 

from arithmetic manipulation of spectral bands. The most representative color feature is 

Normalized Difference Vegetation Index (NDVI) which is often employed to detect vegetation 

change (Lunetta et al., 2006). In Chapter 3, the applied features of luminance and saturation 

belong to the category of color features as well. Texture features, such as Grey-Level Co-

occurrence Matrix, recently have been applied to some change-detection applications such as 

disaster monitoring (Tomowski et al., 2010).  The selection of candidate features from feature 

pool is much more problem- and domain-dependent (Duda et al., 1999), and thus requires 

analysts to have full understanding to our monitoring objective as well as prior knowledge of 

physical attributes of the considered land covers and specific monitoring objectives.  

 

Feature space 

Feature space is a space that is used to plot pixels. Every dimension in feature space 

represents each feature. The pixel position in feature space is decided by all chosen feature values 
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of this pixel. Figure 2.1 is an example used to give a more intuitive understanding on how 

different land-cover classes are separated in feature space. Provided that the features have been 

designed to provide good discrimination, it is expected that pixels would form groups in 

multispectral space corresponding to various ground cover types (such as ‘vegetation’, ‘soil’, and 

‘water’ in Figure 2.1), the size and shapes of the groups being dependent upon various cover 

types, noise, and topographic effects (Richards and Richards, 1999).  

 

Figure 2.1 Illustration of a two-dimensional feature space showing its relation to the spectral 

reflectance characteristics of different land cover types (Richards and Richards, 1999) 

 

Training samples 

Training samples are representative, or prototype pixels, from each of the desired classes 

that can be used to analyze unseen data. Training sets for each class can be established by using 

site visits, maps, air photographs, or even photo-interpretation of a color composite product 

formed from the image data (Richards and Richards, 1999). The term ‘reference data’ is 

sometimes used interchangeably for ‘training samples’. The collection of qualified training 
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samples is tedious and challenging, always requiring analyst’s in-depth knowledge on the land-

cover types in the study area or field investigation. 

 

Classification 

Once features and training samples (if needed) are selected, Classification (or 

recognition) procedure is ready to use for grouping geographic units into several well-defined 

categories. Classification outputs are formulated by the predefined class system. There are two 

different class systems in the change detection problem - a binary system and a ‘from-to’ system 

– corresponding to the outputs of unsupervised and supervised approaches. For binary types, 

there are only two broad types (‘change’ and ‘no change’) to be classified; for ‘from-to’ change 

types, it can provide more detailed information about transition between two land-cover types, 

such as ‘from forest to agriculture’  based on a land-cover classification system. Another similar 

term commonly used in this thesis, Classifier, refers to a group of mathematical tools for 

implementing in classification such as the terms ‘thresholding’, ‘fuzzy clustering’, ‘Expectation 

maximization’, ‘Support vector machine’ and ‘Support vector domain descriptor’ in the following 

context.  

 

Classification fusion 

Classification fusion, or classifier fusion, refers to combining several different 

classification outputs on the same target to get a more reliable result. The idea originates from the 

observation that in different classification designs (including different feature selections or 

different classification algorithms), although one of the designs might yield the best performance, 

the sets of patterns classified incorrectly by the use of such different designs would not 

necessarily overlap (Kittler et al., 1998). There are a variety of fusion methods in use, including 

Majority voting (Du et al., 2012), Bayes fusion (Duda et al., 1999) and Dempster-Shafer (D-S) 
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evidence theory (Hegarat-Mascle et al., 1997). Bayes fusion, as the commonest fusion approach, 

is employed as the primary fusion strategy to improve classification results in both Chapter 3 and 

4.  

2.2 Steps in a digital change detection project 

A remote sensing change-detection project involves three broad sequential stages: pre-

processing, change-detection technique and accuracy assessment (Lu et al., 2004; Hussain et al., 

2013; Tewkesbury et al., 2015). 

 

Figure 2.2 Steps of a digital change-detection project 

 

The steps of preprocessing include image data acquisition and image preprocessing 

(Kennedy et al., 2009). Image data acquisition works with four primary considerations, including 

type, time, quality, and cost of imagery. These considerations ensure better resource attributes, 

monitoring objectives, and a more economical project budget. A thorough discussion on these 

aspects is beyond the scope of the present research; however, Kennedy et al. (2009) provided a 

detailed explanation on appropriate procedures for image selection in remote sensing. Image 

preprocessing mainly refers to two components: image registration which transforms different 
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sets of data into one coordinate system, and radiometric normalization which minimizes 

radiometric differences among images caused by inconsistencies of acquisition conditions (Yang 

and Lo, 2000). 

Once two images have been pre-processed, many computational techniques are available 

for detecting land-cover change. Most researchers agree that a universal change detection 

technique does not yet exist, leaving end-users with an increasingly difficult task of selecting a 

suitable approach (Tewkesbury et al., 2015). Most of this thesis is concerned with the design of 

the change-detection techniques under different conditions. The detailed review on change-

detection techniques will be presented in Section 2.3. 

For the accuracy assessment stage, some standard techniques have been developed 

(Gopal and Woodcock, 1994; Stehman and Czaplewski, 1998). Error is typically quantified by 

comparing the map to independent labeled reference data at a sample of location that is believed 

to accurately reflect the ground truth. Sources of reference data include field visits, very high-

resolution images, or aerial photo interpretation.  The similarity between a change detection result 

and the reference data is often measured by the error matrix (see Figure 2.3). In the error matrix, 

the columns represent the reference data, while the rows represent the classified data. Several 

important statistics can be extracted from the error matrix: overall accuracy, producer’s accuracy 

and user’s accuracy (Morisette and Khorram, 2000). Producer’s accuracy is the number of 

samples correctly classified for a given column divided by the total for that column; user’s 

accuracy is the number of samples correctly classified for a given row divided by the total for that 

row (Morisette and Khorram, 2000); overall accuracy is the number of total samples correctly 

classified divided by the total reference samples. Sometimes, the Kappa statistic are used as a 

measure of agreement or accuracy after adjustment for chance. The Kappa statistic is computed 

as (Congalton, 1991): 
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𝐾 =

𝑁 ∑ 𝑥𝑖𝑖
𝑟
𝑖=1 − ∑ (𝑥𝑖+ ∗ 𝑥+𝑖)𝑟

𝑖=1

𝑁2 − ∑ (𝑥𝑖+ ∗ 𝑥+𝑖)𝑟
𝑖=1

 (2.1) 

where 𝑟 is the number of rows in the matrix, 𝑥𝑖𝑖 is the number of observations in row 𝑖 and 

column 𝑖, 𝑥𝑖+ and 𝑥+𝑖 are the marginal totals of row 𝑖 and column 𝑖, respectively, and 𝑁 is the 

total number of observations. 

 

 

Figure 2.3 Example of error matrix: a case of binary change detection (‘change’ and ‘no change’) 

Based on a modification of Accuracy assessment table given by Morisette and Khorram (2000) 

 

2.3 Change detection techniques 

2.3.1 Unsupervised change detection 
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Image differencing is one of the most common techniques for unsupervised change 

detection. Due to its operational simplicity, this technique has been widely used when reference 

information is not available. The basic premise of image differencing is very simple: the physical 

status of land area can be characterized by certain features derived from the remotely sensed data; 

the larger its deviating values from means of unchanged classes appear to be, the more likely it is 

that the change has occurred. At the early stages of technique development, mainly original 

spectral features are used for differencing (Ridd and Liu, 1998; Sohl, 1999; Liu et al., 2004). In 

recent years, the indices for comparison have expanded into color or texture features. For 

example, Coudray et al. (2011) subtracted the features of the NDVI to identify vegetative land-

cover change detection; Tomowski et al. (2010) differenced texture indices to detect the region 

destroyed by disaster. Moreover, a more evolved type of detection system based on combining 

difference images from multiple feature indices has been established, such as the work done by 

Le Hégarat-Mascle and Seltz (2004) and Jin et al. (2013). The proposed framework in Chapter 3 

adopts this advanced strategy, too.  

Generally speaking, for any sub-method from image differencing, the question of how to 

select a reasonable threshold to separate ‘change’ and ‘no change’ is always a critical issue (Sohl, 

1999; Rogerson, 2002; Lu et al., 2004; Hussain et al., 2013). Traditional trial-and-error manual 

procedure is proved to be very tedious as well as limited by analyst’s subjective judgment. A 

more scientific method by manipulating the mean and standard deviation of the difference images 

was developed to determine threshold (Ridd and Liu, 1998; Rogan and Chen, 2004). However, 

this method is based on the assumption that values in the differencing image are normally 

distributed with a unimodal histogram. This assumption can be easily violated when there are 

multiple noise or error types. To achieve a robust and accurate thresholding selection, a novel, 

robust algorithm was developed recently for unimodal histograms, the T-point algorithm 
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(Coudray et al., 2010), and will be selected as the primary tool for solving the problem of 

thresholding in this thesis (see Appendix A).  

Unsupervised change vector analysis (CVA) is another broad category of unsupervised 

change-detection methods (the term ‘unsupervised’ is used to distinguish from ‘supervised 

CVA’). Like image differencing, this method basically relies on pixel-by-pixel feature 

differencing. The distinction between these two techniques is that image differencing only 

considers one feature for every differencing phase and thus has several difference layers 

corresponding to candidate features, while change vector analysis subtracts all the candidate 

feature values for one time into a change-vector layer.  

A critical issue of change vector analysis is how to manipulate a change-vector layer to 

accurately extract land-cover change information. Chen et al. (2003) proposed to use a method 

called ‘Double-Window Flexible Pace Search’ (DFPS) for determining a threshold of the 

magnitude of change vector, namely Euclidean norm, to separate change vectors into ‘change’ 

and ‘no change’.  Bovolo and Bruzzone (2007) developed a more advanced method based on a 

polar coordinate system for change vector, whereby changed area can be identified from both 

magnitude and a single angular direction. More widely, clustering techniques are applied to solve 

the problem of classifying pixels of change-vector layer. For example, Ghosh et al. (2009) used a 

powerful clustering technique called fuzzy c-means (FCM) which can label pixels based on a 

fuzzy measure to represent a degree of a pixel belonging to one class; Bruzzone and Prieto (2000) 

applied Expectation Maximization (EM) algorithm to implement two-class clustering, and more 

creatively employed a Markov Random Fields (MRFs) framework to enhance EM clustering 

results with less salt-and pepper noise by modeling pixels’ spatial dependence accuracy. 

2.3.2 Supervised change detection 

Post-classification comparison is one of the most well-established and widely-used 

detection techniques, which finds change by comparing the thematic classification maps of two 
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dates.  To understand this standard procedure of post-classification comparison, readers are 

referred to the benchmarking work done by Yuan et al. (2005). The advantage of post-

classification comparison is its ability to provide exhaustive land cover/change investigation 

which has potential to be baseline land information for subsequent environmental research. For 

example, Ji et al. (2006) generated Land Consumption Indices (LCI) from the results of the post-

classification technique to characterize urban sprawl across jurisdictional boundaries and time 

periods. Another distinctive advantage of this technique is that it allows the comparison between 

multi-sensor images or in different radiometric condition because the maps are produced 

independently (Coppin et al., 2004; Tewkesbury et al., 2015). The major issue of post-

classification comparison is it's high dependence on individual classification error rates (Lu et al., 

2004). For example, given that two discrete classification procedures of input images both 

holding an accuracy of 80 percent, theoretical accuracy of post-classification change maps 

combining these two images becomes only 64 percent (0.8*0.8) due to error propagation. One 

way for approaching this issue is using a more advanced classification procedure to increase 

single image classification accuracy. For example, Nemmour and Chibani (2006) applied a novel 

classifier, as well as a support vector machine (SVM), to improve single-image classification 

procedures in change detection. However, because the accuracy of single classification is always 

restricted by various factors such as training sample selection and image quality, the goal of 

improving discrete classification may not be easily reached from a practical view.   

Supervised change vector analysis (CVA) is a technique for interpreting change based on 

the change vector layer. The difference between unsupervised and supervised CVA is that 

supervised CVA uses training samples from different land cover transition types to classify 

change vectors, while unsupervised CVA applies a completely automatic classification on the 

change vector layer. Compared with post-classification comparison, only one classification stage 

in change vector analysis can effectively address the issue of compounded errors. However, the 
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performance of the technique is seriously limited when separating two different pairs of features 

which retains the same difference value (Tewkesbury et al., 2015), due to a lack of a baseline 

reference vector.  

The last supervised technique introduced is direct classification. Direct classification 

firstly stacks multi-temporal data for implementing classification. So, given the images with 

bands taken at two times, their stack data have bands whereby the change-detection procedure 

will be implemented. The advantage of this method is the thorough consideration of both 

temporal and spatial correlation of two-layer pixels. However, the implementation of this method 

needs a horrendously complicated training sample set, whose number roughly equals to the 

square of the number of land cover types. 
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Table 2.1 An overview of common change-detection techniques 

Category Technique Description Advantage Limitation Examples 

Unsupervised  Image 

differencing 

Features are 

numerically 

compared to 

identify change 

- Simple to 

implement 

- Easy to interpret 

results (Lu et al., 

2004) 

- Highly relies on 

threshold 

selection 

Urban environment 

(Ridd and Liu, 1998), 

Vegetation change 

detection (Coulter et 

al., 2011), 

Disaster monitoring 

by texture indices 

(Tomowski et al., 

2010) 

 

Unsupervised 

CVA 

Unsupervised 

classification on 

the layer of 

difference 

feature vector 

- Only one 

classification stage  

- Change-vector 

layer is well-

constructed for 

applying a variety 

of clustering 

techniques  

- Does not use 

baseline vector 

information 

(Tewkesbury et 

al., 2015) 

- Dependent on 

Radiometric 

normalization 

Magnitude of change 

vectors (Chen* et al., 

2004), 

Fuzzy clustering 

(Ghosh et al., 2009), 

EM clustering 

(Bruzzone and Prieto, 

2000), 

Semisupervised SVM 

(Bovolo et al., 2008), 

Kernel-based 

approach (Volpi et al., 

2012) 

Supervised Post-

classification 

The comparison 

of two thematic 

classification 

map to identify 

- Radiometric 

normalization is 

unnecessary  

- The impact of 

- Compounded 

error produced 

by combining 

two discrete 

Metropolitan area 

(Yuan et al., 2005), 

Watershed analysis 

(Miller et al., 1998),  
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class transition using multi-sensor 

images is 

minimized 

 

classification 

maps 

Characterizing urban 

sprawl 

(Ji et al., 2006) 

Supervised 

CVA 

Supervised 

classification on 

the layer of 

difference 

feature vector  

- Only one 

classification stage 

- Produce detailed 

change detection 

(Hussain et al., 

2013) 

- Does not use 

baseline 

reference vector 

information 

- Dependent on 

Radiometric 

normalization 

 

Using classifier of 

Support vector 

domain description 

(Bovolo et al., 2010) 

Direct 

classification 

A data stack 

combining two 

bi-temporal 

images is 

classified 

directly  

- Both temporal and 

spatial correlation 

are exploited 

(Bruzzone et al., 

2004) 

- Radiometric 

normalization is 

not needed 

- Difficulty in 

labeling the 

change classes 

Multiple classifier 

system on image stack 

(Bruzzone et al., 

2004), 

Applying 

classification in PCA-

enhanced data stack 

(Deng et al., 2008) 

Using local transition 

probability models 

(Liu et al., 2008) 

2.3.3 Targeted change detection 

Apart from unsupervised and supervised techniques, this thesis involves another 

advantageous approach, termed hereby as ‘targeted change detection’. It is relatively a very 

young research area. Although there have been some similar efforts in single-image classification 

referred as ‘targeted land cover classification’ (Marconcini et al., 2014) or ‘targeted 
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classification’ (Muñoz-Marí et al., 2010; Sakla et al., 2011), to our best knowledge, only 

Fernandez-Prieto and Marconcini (2011) contributes a target-based approach to dealing with the 

digital change-detection problem.  Unfortunately, the iterative optimization of Markov Random 

Fields in his method is inapplicable to large-area data processing.  Besides, the limited 

perspective only from computational algorithms in their work left a gap for systematically 

investigating targeted change detection from the view of practical land monitoring. In this thesis, 

targeted change detection can be defined as 

 an approach for change-detection techniques in land-cover change science devoted 

to extracting, analyzing and modeling only specific patterns of land-cover change 

formulated by a practical monitoring objective, so as to accommodate a better 

focus on the important land-change information and avoid meaningless efforts for 

others. 

More specifically, the task of targeted change detection in remote-sensing image processing is 

described as  

 one or few specific land-cover change classes are first defined by users as their 

‘targeted change’ through giving exclusively training samples associated with 

these classes. By generalizing from the given training samples, our technique is 

required to find all the pixels with the label of ‘targeted change’ while discarding 

the pixels with other change classes. 

Strictly speaking, targeted change detection can be treated as an improved supervised approach 

because it still relies on training samples. However, these two approaches are considered to be 

different for their very distinct computation methods (targeted approaches rely on a group of 

techniques called ‘one-class’ classifier while supervised approaches just use common full-class 

classifiers) as well as different classification objectives (targeted approaches identify ‘targeted’ 

and ‘background’ information while supervised approaches give ‘from-to’ information). 
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Therefore, targeted change detection is treated as the third approach in the current research 

comparable to unsupervised and supervised change detection. 
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Chapter 3: An Unsupervised Urban Change Detection Procedure by 

Using Luminance and Saturation for Multispectral Remotely Sensed 

Images 

Abstract:  

Unsupervised change-detection techniques have been widely employed in remote-sensing area 

when suitable reference data is not available. Image (or Index) differencing is one of the most 

commonly used methods due to its simplicity. However, past applications of image differencing 

were often inefficient in separating interested and irrelevant change due to the lack of steps for 

feature selection and integration of contextual information. To address these issues, we propose a 

novel unsupervised procedure which uses two complementary features, namely luminance and 

saturation extracted from multispectral images, and combines T-point thresholding, Bayes fusion 

and Markov Random Fields. Through a case study, the performance of our proposed procedure 

was compared with three other unsupervised change-detection methods including Principle 

Component Analysis (PCA), Fuzzy c-means (FCM), and Expectation Maximum-Markov 

Random Field (EM-MRF). The change detection results from our proposed method are more 

compact with less noise than those from other methods over urban areas. The quantitative 

accuracy assessment indicates that the overall accuracy and Kappa statistic of our proposed 

procedure are 95.1% and 83.3%, respectively, which are significantly higher than the other three 

unsupervised change detection methods.  
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3.1 Introduction 

There is a growing interest in monitoring land use/cover change as it provides up-to-date 

information for many applications. Employing remote-sensing technology has been critical for 

keeping track of land use/cover transition at a variety of spatial scales (Rogan and Chen, 2004; 

Hussain et al., 2013). Compared with traditional monitoring methods (such as field surveying), 

RS-based change detection can better allow for processing large areas, producing quantitative 

results and offering repeatable procedures (Coppin et al., 2004). 

Numerous state-of-the-art approaches have been developed to analyze RS imagery for 

change detection. These methods are usually categorized into supervised and unsupervised 

methods, according to the availability of adequate reference data (Bruzzone and Prieto, 2000; 

Bruzzone and Prieto, 2002; Fernandez-Prieto and Marconcini, 2011).  The advantage of 

supervised change detection is the capability of labeling the type of change (the detailed ‘from-to’ 

information) based on given training samples.  However, the generation of suitable multi-

temporal reference data to characterize all the classes is usually a difficult task, especially for 

historical images (Lu et al., 2004). Compared with supervised methods, unsupervised ones can be 

much more cost-effective since no reference data are required. In spite of being unable to offer 

the information on categories of land transition, the changed/no-change detection is often 

acceptable for many practical applications (Hussain et al., 2013). 

Image differencing (or index differencing) is one of the most commonly used methods 

for unsupervised change detection (Bruzzone and Prieto, 2002; Rogerson, 2002; Lu et al., 2004). 

Compared with other unsupervised approaches, such as Principle Component Analysis (Deng et 

al., 2008) or clustering algorithms (Bruzzone and Prieto, 2000), image differencing is much 

cheaper computationally, and it is easier to interpret its results (Lu et al., 2004; Hussain et al., 

2013).  The basic idea for image differencing stems from the fact that the physical status of land 

area can be characterized by certain feature indices derived from the remotely sensed data; when 
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we analyze targeted features from bi-temporal images, the larger its deviating values from means 

of unchanged class appear to be, the more likely it is that change has occurred in the 

corresponding area. The useful features for image differencing can be defined as digital number 

in a single spectral band, vegetation indexes (Singh, 1989), principle component (Deng et al., 

2008) or texture index (Tomowski et al., 2010).  Feature-differencing values of interested areas 

are usually passed to a thresholding strategy to separate ‘no-change’ and ‘changed’ class for the 

final result map.   

However, image or index differencing often exhibits inconsistent performances, as it 

makes its decision relying only on single feature analysis. For most urban change-detection tasks, 

when single feature differencing is applied, we may have (a) interested change information 

corresponding to transition between different land-cover types which are usually of interest and 

(b) irrelavant change identification due to other factors, such as seasonal growth or local 

illumination variance. In the complicated practical scenes, clusters of interested and irrelavant 

changes are sometimes mixed together in the feature space; thus, we are unable to completely 

separate them by using a single thresholding value. In this sense, fusion techniques merging 

multiple difference images have been introduced to improve detection accuracy (Le Hégarat-

Mascle and Seltz, 2004; Du et al., 2012), because different features might offer complementary 

information about the patterns to be classified (Kittler et al., 1998) .  

The second issue with traditional image differencing is that global analysis of difference 

image fails to account for local spatial information influencing the reliability of final result. To 

address this issue, one solution is to incorporate the direct difference of certain texture indices for 

change detection (Li and Leung, 2002; Tomowski et al., 2010). Another method is applying 

Markov Random Fields (MRFs) models (Bruzzone and Prieto, 2000; Kasetkasem and Varshney, 

2002; Zhang et al., 2007; Benedek and Szirányi, 2009), which has experimentally demonstrated 

to be advantageous in exploiting the spatial-contextual information contained in the difference 
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image because of its well-established mathematical foundation. These models assume that the 

feature value at each pixel relies on the values of only its neighboring pixels, and can 

simultaneously ensure the consistency of the class labels with local extent and spatial smoothness 

through interaction between neighboring pixels (Benedek and Szirányi, 2009).  

Based on the aforementioned remarks, we propose a novel methodology for unsupervised 

change-detection methodology relying on the combination of multiple features. The general 

scheme of proposed method consisted of five steps: (1) automatic radiometric normalization for 

preprocessing; (2) two relatively independent feature extraction, i.e. luminance and saturation, are 

chosen to perform the specific urban change-detection work; (3) the T-point algorithm is 

conducted to get reasonable thresholding values for each feature image; (4) Naïve Bayes is then 

adopted to combine two feature classification results based on the probability density function for 

each class; (5) as the last step, MRFs framework is responsible for integrating spatial-contextual 

information and generating the final map.  

This paper is organized into four parts. In the second section, we mainly address the 

detailed description of the steps involved in our proposed procedure. In the section on 

experimental result, the outcomes of exploring single feature are presented to show their 

relationship first; both qualitative and quantitative comparison between our method and other 

three previous unsupervised approaches are presented after; the final section discusses our work 

and a conclusion is given.  

3.2 Proposed method 

The overall schema for the proposed procedure is given in Figure 3.1. Each component is 

described in detail in the following. 
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Figure 3.1 Schematic representation of the proposed unsupervised procedure for land cover 

change detection 

3.2.1 Radiometric Normalization 

Reflectance properties of pixels are affected by various illumination or atmospheric 

effects, requiring radiometric normalization (RN) before pixel-by-pixel comparison. The method 

of Pseudo-Invariant Features (PIF) (Sohl, 1999; Im and Jensen, 2005) has been commonly used 

for RN in the previous research, which builds a regression relationship of two scenes based on the 
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‘no-change’ pixels from manual sampling. However, from our view, the manual selection of 

Pseudo-Invariant pixels goes against the principle of unsupervised techniques.  In this paper, a 

two-fold regression procedure is introduced to automatically accomplish relative radiometric 

normalization: first we apply Image Regression (IR) (Yang and Lo, 2000) to estimate the linear 

regression relationship on the pixels of whole image, and get the initial difference image; then we 

implement T-point thresholding to separate the unchanged set from the differencing image 

obtained by the first regression, and finally we derive the final linear regression equation based on 

the unchanged pixels after thresholding.  

3.2.2 HSL Color Space and feature generation 

HSL (or HSI, HSV) color representation, an alternate to others (e.g. RGB color model), is 

considered more intuitive to human perception than others, and has been applied for many 

previous image processing tasks (Zhang and Wang, 2000; Hu et al., 2005; Dhandra et al., 2006). 

More importantly, using such color representation can effectively reduce inter-band correlation 

(Gillespie et al., 1986; Lei, 1999) through separating three relatively independent parts: 

luminance, hue, and saturation.  

Luminance (‘L’) is the brightness descriptor, which is utilized to represent the total 

amount of lightness. Hue (H) and saturation (S) jointly describe the color of an image: ‘H’ 

represents the dominant wavelength in the spectral distribution; ‘S’ represents a measure of the 

purity of the color (Dhandra et al., 2006). Hue value is often very unstable when the saturation is 

low (Cheng et al., 2001; Dhandra et al., 2006), probably leading to numerous errors with any type 

of thresholding strategy because of the inconsistent shape of the histogram. Accordingly, only 

saturation is selected in our method to represent color information.     

There are two other similar methods of generating color features for options, HSI and 

HSV color models. HSI is considered to have the highest correlation, because its saturation is 

defined without being standardized; the difference between HSL and HSV is that a decrease in 
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HSL in saturation results in a loss of color strength while maintaining the same visual brightness, 

whereas in HSV a reduction in saturation causes the visual brightness to increase. From our view, 

HSL is more suitable than HSV for the proposed modal because there is less correlation between 

the components, since a good independence level among features is the basic assumption for the 

subsequent Bayes fusion.  

3.2.3 Image differencing and thresholding 

Direct pixel-by-pixel differencing results are implemented in our procedure instead of 

traditional absolute differencing (Bruzzone and Prieto, 2000; Le Hégarat-Mascle and Seltz, 

2004), in case of the issue of asymmetrical change occurring in many practical scenes. 

Differencing values can be negative or positive, producing two tails in the histogram (Figure 3.2). 

We divide the histogram curve of difference image into left and right side by highest peak of 

histogram.  For each side, the T-point algorithm (Coudray et al., 2010) was used to determine the 

change threshold.  The T-point algorithm, developed specifically for unimodal histogram through 

finding the best fitting lines for each part, has been proved to be more effective for urban areas 

based on our previous tests (Chen et al., 2014). It is easy to find two decision boundary, i.e. one 

negative threshold (NT) and one positive threshold (PT), separating the feature space into three 

classes 𝜔𝑖: negative change (NC), positive change (PC) and unchanged class (UC).   
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Figure 3.2 Illustration of two-sided T-point algorithm applied in the proposed technique 

 

 

3.2.4 Bayes fusion 

Data fusion is applied in order to fuse the two class maps corresponding to luminance and 

saturation features after applying the two-sided T-point algorithm. Generally, there are two 

common types for fusing two independent data band: the first type is based on the crisp output 

produced by each dataset, such as majority voting or ‘and/or’ operation; the second type produces 

the fuzzy output for each band first, and then combines them following some rules, which is often 

viewed as a better way to handle uncertainty and imprecision (Grant et al., 2008). The Bayes 

fusion in our proposed method belongs to the second type. 

For Bayes fusion, there are nine possible cases 𝑙𝑘 for the joint labels (𝐿) based on three 

change results (negative change 𝜔𝑛𝑐, positive change 𝜔𝑝𝑐 ,  and no change 𝜔𝑢𝑐) for each feature. 

Let a vector 𝑥=(𝑥𝑙𝑢 , 𝑥𝑠𝑎) denote the signature of a pixel, where 𝑥𝑙𝑢 is its luminance value, 𝑥𝑠𝑎 is 

its saturation value. Since the luminance and saturation bands are approximately independent as 
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the property of HSL color space, according to Naïve Bayes fusion theory (Kuncheva, 2004), the 

expression for the combined probability that 𝐿 will take on 𝑥(𝑥𝑙𝑢, 𝑥𝑠𝑎) can be  written as: 

𝑝(𝐿 = 𝑙𝑘|𝑥) ∝  𝑝(𝑥𝑙𝑢|𝐿 = 𝑙𝑘)𝑝(𝑥𝑠𝑎|𝐿 = 𝑙𝑘) ∗ 𝑝(𝐿 = 𝑙𝑘) (3.1) 

,where 𝑝(𝑥𝑙𝑢|𝐿 = 𝑙𝑘)  and 𝑝(𝑥𝑠𝑎|𝐿 = 𝑙𝑘) are posterior probability conditioned on the combined 

class 𝑙𝑘, 𝑝(𝐿 = 𝑙𝑘) is the priori probability function based on occurrence of 𝑙𝑘. As luminance and 

saturation are independent with each other, the equation (1) can be written as: 

𝑝(𝐿 = 𝑙𝑘|𝑥) ∝  𝑝(𝐿 = 𝑙𝑘) ∗ 𝑝(𝑥𝑙𝑢| 𝜔𝑖(𝑙𝑢))𝑝(𝑥𝑠𝑎| 𝜔𝑖(𝑠𝑎)) (3.2) 

 where 𝑝(𝑥𝑙𝑢| 𝜔𝑖(𝑙𝑢)) and 𝑝(𝑥𝑠𝑎| 𝜔𝑖(𝑠𝑎)) are posterior probability given on the class based on 

each separated feature. The final change-detection result of pixel 𝑥 is assigned to the class that 

maximizes the discriminant function (3.2). For posterior probability, we can model it by defining 

the probability density functions (PDFs) for each class; for the component of prior probability and 

the combined probability for both posterior and prior probability, a Markov-based approach will 

be applied to give optimal estimations. We talk about these two components respectively in 

section 3.2.5 and 3.2.6. 

3.2.5 Modeling probability density functions (PDFs) 

It is usually easy to define the PDFs of the ‘no-change’ class (by using normal 

distribution with 𝜇 = 0 since we have normalized every original band), while modeling the 

‘change' class provides a challenging task as the nature of the changes is unknown. To define 

normalized PDFs for each class, we follow the previous work done by Le Hégarat-Mascle and 

Seltz (2004) and make some modifications for our two-sided thresholding scene.  Several 

properties should be met for our specific application: 

 i). When the absolute values of feature index values increase, 𝑝(𝑥| 𝜔𝑛𝑐) and 𝑝(𝑥| 𝜔𝑝𝑐) 

increases, 𝑝(𝑥| 𝜔𝑢𝑐) decreases; 
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ii). The highest probability density for a class, 𝑝(𝑥 = 𝑥𝑚𝑖𝑛| 𝜔𝑛𝑐), 𝑝(𝑥 = 𝑥𝑚𝑎𝑥| 𝜔𝑝𝑐) and 

𝑝(𝑥 = 0| 𝜔𝑢𝑐) should be equal to 1 after normalization, where 𝑥𝑚𝑖𝑛 is the 𝑥 value of the first 

non-zero point in the histogram of the difference image, 𝑥𝑚𝑎𝑥  is that of the last non-zero point; 

iii). 𝑝(𝑥 = 𝑁𝑇| 𝜔𝑛𝑐) and 𝑝(𝑥 = 𝑁𝑇| 𝜔𝑢𝑐),  𝑝(𝑥 = 𝑃𝑇| 𝜔𝑝𝑐) and 𝑝(𝑥 = 𝑃𝑇| 𝜔𝑢𝑐)  

should be equal to each other, guaranteeing the probabilities of the dominated class in its own 

region are larger than those in other classes, where 𝑁𝑇 is the negative threshold, 𝑃𝑇 is the 

positive threshold. 

The distribution of  𝜔𝑢𝑐 can be given by Le Hégarat-Mascle and Seltz (2004): 

 
𝑝(𝑥| 𝜔𝑢𝑐) = exp {

−𝑦2

2�̂�𝑢𝑐
2} (3.3) 

 

where �̂�𝑢𝑐 can be obtained by estimating the standard deviation of all the pixels in the unchanged 

class. For the probability of density of  𝜔𝑝𝑐 and  𝜔𝑛𝑐, we used a normalized sigmoid for each, 

which has the advantage of being an increasing function ((Le Hégarat-Mascle and Seltz, 2004). 

3.2.6 Markov Random Fields 

Markov Random Fields (MRFs) assumes that the prior probability of each pixel is 

uniquely determined by its local conditional probabilities. We define the neighbor system of the 

pixel 𝑥 with coordinates (𝑠, 𝑡) as a first-order spatial neighborhood 𝑁 (𝑠, 𝑡) = {(±1,

0), (0, ±1)}. The prior probability for pixel 𝑥(𝑠, 𝑡) belonging to a certain class 𝑙𝑖 is only 

dependent on its neighborhood 𝑁(𝑠, 𝑡),  and can be calculated as: 

 
𝑝(𝐿(𝑠,𝑡) = 𝑙𝑖) = 𝑝(𝐿(𝑠,𝑡) = 𝑙𝑖|𝐿𝑁(𝑠,𝑡)) =

1

𝑍
exp (−𝑈(𝐿(𝑠,𝑡) = 𝑙𝑖|𝐿𝑁(𝑠,𝑡))) 

(3.4) 

where 𝑈(𝐿(𝑠,𝑡) = 𝑙𝑖|𝐿𝑁(𝑠,𝑡)) is the Gibbs energy function for priori probability at the pixel(𝑠, 𝑡), 

and 𝑍 is a normalizing factor 𝑍 = 1/ ∑ 𝑝(𝐿(𝑠,𝑡) = 𝑙𝑖)𝑙𝑖∈𝐿(𝑠,𝑡)
. 𝑈(𝐿(𝑠,𝑡) = 𝑙𝑖|𝐿𝑁(𝑠,𝑡)) can be 

characterized by the agreement in class labels between each pixel and its spatial neighbor by 
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Kronecker delta function (Bruzzone and Prieto, 2000). The optimal label �̂� can be obtained when 

the sum of the energy function of priori and posterior probability components over the all the 

pixels reaches the minimum. We apply a widely-used optimization algorithm, Iterative 

Conditional Modes (ICM) (Bruzzone and Prieto, 2000; Zhang et al., 2007; Li et al., 2011), to 

minimize the energy term. 

3.2.7 Final Map Generation 

As the result, we can get a nine-class classification result after MRFs modeling. There is 

no reference data to further confirm the detailed changed type (‘from-to’ information) for these 

nine subclasses. However, based on the assumption that only the overlap of luminance and 

saturation change can be the change that we are interested in, an unsupervised grouping strategy 

(Table 3.1) is used to get the final ‘change/no-change’ results. 

Table 3.1 Grouping strategy for final change-detection map based on the prior assumption that 

the change only occurs when both saturation and luminance change 

                                                Subclass Names 

‘Change class’:  𝒍𝟏(𝜔𝑝𝑐(𝑙𝑢), 𝜔𝑝𝑐(𝑠𝑎)),  𝒍𝟐(𝜔𝑛𝑐(𝑙𝑢), 𝜔𝑝𝑐(𝑠𝑎)), 𝒍𝟑(𝜔𝑝𝑐(𝑙𝑢), 𝜔𝑛𝑐(𝑠𝑎)), 

𝒍𝟒(𝜔𝑛𝑐(𝑙𝑢), 𝜔𝑛𝑐(𝑠𝑎)) 

‘No-change class’: 𝒍𝟓(𝜔𝑢𝑐(𝑙𝑢), 𝜔𝑝𝑐(𝑠𝑎)), 𝒍𝟔(𝜔𝑢𝑐(𝑙𝑢), 𝜔𝑛𝑐(𝑠𝑎)), 𝒍𝟕(𝜔𝑝𝑐(𝑙𝑢), 𝜔𝑢𝑐(𝑠𝑎)), 

𝒍𝟖(𝜔𝑛𝑐(𝑙𝑢), 𝜔𝑢𝑐(𝑠𝑎)), 𝒍𝟗(𝜔𝑢𝑐(𝑙𝑢), 𝜔𝑢𝑐(𝑠𝑎)) 

 

 

 

3.3 Experiments and Results 

3.3.1 Study data and area 
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Our study area covers the main part of the City of Kingston located in Eastern Ontario, 

Canada where the St. Lawrence River flows out of Lake Ontario. The data consisted of two co-

registered bi-temporal images and were respectively acquired by the Landsat-5 Thematic Mapper 

(TM) sensor in August 1990 and the Landsat-7 Enhanced Thematic Mapper Plus (ETM+) sensor 

in August 2001 (Figure 3.5 (1) and (2)). With about 120,000 urban populations, the study area has 

both urban and rural land cover types. The urban area is located in the southern part of the study 

area adjacent to Lake Ontario. The northern part of the study area is mainly composed of 

agriculture land along with open space and forest. The dominant land cover types include ‘built-

up area’, ‘grass’, ‘forest’ and ‘water’. From 1990 to 2001, the city of Kingston has experienced a 

moderate growth of urban land expansion and vegetation change, making it an ideal case for 

testing the effectiveness of the proposed procedure for urban change detection. 

3.3.2 Exploring Luminance and Saturation bands for Urban Land-cover change 

detection 

The key technique for the proposed procedure is the feature selection. The ideal feature 

groups should have perfect complementary attributes that can exclude ‘irrelevant changes’, while 

keeping most of the real changes that we are interested in.  Most urban change detection only 

focuses on the change in land cover types. They can be viewed as ‘interested change’ in this 

specific practical scene; change within one land cover class is considered to be ‘irrelevant 

change’ in our experiment.  

Figure 3.3 shows single feature thresholding results after T-point algorithm and their 

fusion results for a small subset of the study area. The luminance image (Figure 3.3 c) can detect 

most of the conversion between built-up area and other land cover types. However, it over-detects 

some unchanged built-up area such as the region of ‘A’ in the Figure 3.3c. Similarly, for 

saturation thresholding results (Figure 3.3d), there are some false detections such as the ‘B’ 

region, which are actually inter-class vegetation changes. In addition, the saturation thresholding 
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result alone is likely to miss some important changes between built-up area and vegetation (such 

as ‘C’ region in Figure 3.3d). Figure 3.3e shows that the use of the strategy of Naïve Bayes for 

fusion can redetect some missed changes (such as ‘C’ region) and exclude false changes (such as 

‘A’ region and ‘B’ region). For the last step, MRFs procedure allows detected objects to be more 

compact, and increases reliability of detection (Figure 3.3f) 

 

Figure 3.3 Examples of detection results for a small subset from steps in the proposed procedure. 

a) the subset image acquired in 1991, b)  the subset image acquired and 2001, c) the detection 

result from thresholding the luminance band, d) the detection result from thresholding the 

saturation band, e) the detection result after Bayes fusion of thresholding results in c) and d), and 

f) the detection result after Markov Random Field smoothing the results in e). Changed pixels are 

highlighted as red. 

 

Figure 3.4 is a boxplot based on manual samples from different change of interested and 

irrelevant changes, to quantitatively confirm that luminance and saturation are complementary. 
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There are five land cover types in our area of change: Built-up Area (B), Trees (T), Grass land 

(G), Barren land (A) and Water (W). Our change of interest is the transition between any two of 

these five classes, such as from Tree to Built-up Area (T->B). We selected five representative 

change types of interest in our study region for making boxplot: A->B, T->B, G->A, G->T, W-

>G. For irrelevant change in our study area, we think they are mainly caused by local different 

reflectance (low reflectance to high reflectance, LR->HR), quality change of water (QC) or inter-

class changes of vegetation (IC).  

 

Figure 3.4 Box plots of feature (luminance and saturation) statistics from sampled pixels, which 

consisted (1) 62 pixels from Barren land to Built-up area (A->B); (2) 33 pixels of Trees to Built-

up area (T->B); (3) 57 pixels of Grass land to Barren land (G->A); (4) 55 pixels of Grass land to 

Trees (G->T); (5) 64 pixels of Water to Grass land (W->G); (6) 35 pixels of low reflectance to 
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high reflectance (LR->HR); (7) 32 pixels of inter-class change of vegetation (IC); (8) 32 pixels of 

water quality change (QC). Positive Threshold (PT) and Negative Threshold (NT) were obtained 

by the T-point algorithm. 

 

For every type of change, a certain number of sampling pixels are collected according to 

visual interpretation. The statistics of sampling change classes on each feature band are shown 

together in the boxplot; the positive (PT) and negative threshold (NT) obtained by T-point 

algorithm are given to show their relationship with those change classes. The boxplot indicates 

that luminance thresholding is good at identifying the irrelevant change IC and QC because more 

than 75% of them fall within the ‘No-change’ region; saturation thresholding performs well in 

LR->HR; all the change types have at least 50% accurate detection rates for both two features.  

This result exhibits the potential of separating change of interest from all the changes by fusing 

the changed parts of luminance and saturation. 

3.3.3 Evaluation 

 

The goal in this section is to quantitatively and qualitatively present comparative analysis 

of the proposed procedure with the other three common unsupervised change-detection methods 

from the literature, including two context-insensitive techniques (namely PCA and FCM) and one 

context-sensitive technique (namely EM-MRF). 

1) Principle Component Analysis (PCA) 

Principle Component Analysis is based on transformation of the multivariate data 

to several uncorrelated bands. First, we merged the first three bands of two Landsat 

images into six bands and then applied PC transform (Deng et al., 2008). The changed 

information is usually considered to be in the second component. Since the histogram 

distribution of the second band presents a unimodal pattern, two-sided T-point 

thresholding is used for separating changed and unchanged region. 



 

47 

 

2) Fuzzy c-means (FCM) 

Clustering is one of most common unsupervised techniques for image 

classification. A powerful technique from the clustering family called fuzzy c-means has 

been adopted for unsupervised change detection (Ghosh et al., 2009). This method is 

often considered to be more suitable than hard-membership approach for handling mixed 

pattern (Ghosh et al., 2011). It tries to find the best label for every pixel based on a fuzzy 

measure to represent a degree of a pixel belonging to one class. The final classification 

result can be estimated when an objective error function is minimized.  

3) Expectation Maximum-Markov Random Field (EM-MRF) 

Following Bruzzone and Prieto’s framework (2000), an EM-MRF framework is 

constructed. This method first characterizes the density function of changed and 

unchanged classes after EM clustering. The final change mask can be obtained when the 

general energy reaches the minimum based on MRFs model. To minimize the energy 

term, we use the same ICM algorithm in our proposed procedure.    

 

Figure 3.5 shows the change-detection maps from three previous methods and our 

proposed method over the whole interested area for qualitative comparison. It is clear that PCA 

and FCM, as context-insensitive methods, both caused a certain amount of salt-and-pepper 

noises; among the three methods, FCM performed the worst as it labelled an almost unchanged 

region of water as change. EM-MRF and our method, as context-sensitive methods, could obtain 

similar results with a low noise level. 
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Figure 3.5 The multi-temporal Landsat TM images (1 and 2) and the change detection results 

from the different unsupervised change-detection approaches (3 to 6).  The changed pixels are 

shown in Red. The five yellow dashed rectangles in (1) are the subareas that are illustrated in 

Figure 3.6. 
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Figure 3.6 shows the examples of five subsets with different change types and the 

detection results from three unsupervised method and our proposed method. We crop five sub-

images with representative area of 50*50 pixels for each from original images and different 

detection maps in Figure 3.6. From the result, our proposed method can generally outperform the 

other three methods over the different change types. Especially for the irrelevant type of local 

reflectance change and water quality change, PCA, FCM, EM-MRF all easily over-detect falsely, 

while our proposed method can keep them out for the final results (Figure 3.6b and Figure 3.6c). 

The only exception among all the examples is the case of barren land<->built-up area (Figure 

3.6e). This is because we think the transition of built-up area to barren land with extremely 

smooth surface usually fails to hold distinguishing change on our saturation level, as their 

materials are similar, which affects the performance. 
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         Figure 3.6 The subsets and change-detection results of four unsupervised for different 

subset scenes (The detected changes from different methods are shown in red): (a) 

vegetation<->built-up area; (b) local reflectance change and vegetation<->built-up 

area; (c) unchanged water body with different quality; (d) water<->barren land; (e) 

barren land<->built-up area 

 

Table 3.2 is the result of the quantitative evaluation for the detection results from four 

methods using Im & Jensen’s evaluating framework (2005). A total of 800 sample points were 

randomly located within the study area. The reference data are acquired from Google Earth with 

the help of expert interpretation and field survey. Each subset (or pixel) is first spatially matched 

with the corresponding high spatial resolution image. The change type included in each pixel is 

then checked by manual interpretation. Based on the reference data, 141 sample pixels are 

categorized into ‘changed’ and 659 are labeled as ‘unchanged’.  To compare the change detection 
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accuracy of four techniques, The error matrix and the corresponding overall accuracy and Kappa 

statistic as well as user’s and producer’s accuracy are calculated (Story and Congalton, 1986; 

Congalton, 1991). Table 3.2 lists the error matrix derived for each method.   From the result listed 

in Table 3.2, overall accuracy and Kappa statistic for our proposed method are 95.1% and 83.3%, 

both are the highest among four methods. EM-MRF is ranked the second and FCM and PCA 

perform the poorest based on the overall accuracy. When we look at the accuracy for individual 

classes, the performance of our proposed method is also the best among four methods for both 

‘change’ and ‘no-change’ classes. However, compared with the individual user’s and producer’s 

accuracy of ‘no-change’ class, the accuracy of ‘change’ class from our proposed method are 

much higher than the corresponding individual accuracy of PCA, FCM and EM-MRF. The better 

performance of our proposed method clearly indicates the benefit of the complementary feature 

selection in our proposed method for urban change detection.  

 

 

Table 3.2 Error matrixes for change detection results from Principle Component Analysis, Fuzzy 

c-means, Expectation Maximum-Markov Random Fields and the proposed method 

  Classification 

data 
Reference Data 

  Change No change Row total 

User's 

(%) 

PCA:  Overall accuracy=83.8% Kappa statistic: 50.6%  

Map 
data 

Change 100 41 141 70.9 

No change 89 570 659 86.5 

Column total 189 611 800 - 

Producer's (%) 52.9 93.3 - - 

      FCM: Overall accuracy=82.0% Kappa statistic: 46.6% 

Map 
data 

Change 98 43 141 69.5 

No change 101 558 659 84.7 

Column total 199 601 800 - 

Producer's (%) 49.2 85.6 - - 
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  Classification 

data 
Reference Data 

  Change No change Row total 

User's 

(%) 

EM-MRF: Overall accuracy=91.9% Kappa statistic: 73.1% 

Map 
data 

Change 116 25 141 82.3 

No change 40 619 659 93.9 

Column total 156 644 800 - 

Producer's (%) 74.4 96.1 - - 

      Proposed: Overall accuracy=95.1% Kappa statistic: 83.3% 

Map 
data 

Change 122 19 141 86.5 

No change 20 639 659 97.0 

Column total 142 658 800 - 

Producer's (%) 85.9 97.1 - - 

 

3.4 Discussion and Conclusion 

This paper addresses the detection of land-cover change from the bi-temporal remote-

sensing images. The proposed procedure mainly uses information from a very novel group of 

observations: luminance and saturation. Their nature for identifying different types of change 

occurred in urban area has been exploited; a procedure based on combining the two features is 

created by integrating automatic radiometric normalization, T-point thresholding, Bayes fusion 

and Markov Random Field. For overall accuracy assessment, the proposed procedure is superior 

over three earlier referenced unsupervised methods. 

The key component for our proposed model is feature design. We think the best feature 

number should be two because more features would greatly increase computation for MRFs 

modeling (e.g. three features will produce 27 initial classes for implementing MRFs). An efficient 

procedure for designing features should include the consideration of both (1) feature 

independence and (2) separability of our change of interest from multiple changes. Since our 

features are derived from HSL color model, their independence can be guaranteed for the 
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subsequent Bayes classifier fusion; both visual and quantitative tests in our paper have indicated 

their perfect complementary nature for identifying only change of interest while keeping 

irrelevant types excluded.  

  

Luminance feature is mainly contaminated by low reflectance to high reflectance (LR-

>HR), which mostly occurs for the built-up area, such as the example of ‘A’ region in Figure 3.3. 

This can be explained by the fact that human activities often modify the surface of the built-up 

area (such as roof or road renovation), which results in reflectance change. The saturation feature 

easily results in false inclusion of inter-class changes of vegetation (IC) and water quality change 

(QC) as these two irrelevant changes mainly modify the color information of the land surface and 

slightly affect the reflectance level. Generally, saturation is less affected by local-reflectance 

changes since such changes are considered to exert roughly equivalent influences on three bands.   

The results from the experiments indicate that the proposed procedure offers measureable 

advantages over the earlier unsupervised change detection (Figure 3.5 and 3.6). The traditional 

techniques, such as FCM and EM-MRF, select changed pixels based only on the ‘measureable 

distances’ to the center of changed and unchanged class, without any step for feature selection. 

This would lead to some errors. For example, if change is determined based on spectral bands 

(such as Red, Green and Blue band), the irrelevant change of varied local illumination would 

exert changed magnitude for all the feature bands. As a result, some unchanged land cover has a 

high variance of pixel values with large distances to the center of general unchanged class in the 

feature space, and thus is easy to be falsely classified as a change class. Although the PCA 

transform can be thought of as a method based on feature selection (the second component is 

chosen), it is not efficient since there is only one feature used for change detection.  

It is noteworthy that the task of feature selection is problem-dependent, and heavily relies 

on the knowledge of the application domain. The proposed method is only tested for urban 
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change-detection; for other applications such as forest damage or wetland monitoring, the 

complementary nature of lightness and saturation cannot be guaranteed since ‘interested change’ 

and ‘irrelevant change’ need to be redefined.  For future research, the exploitation of more change 

features and introduction of supervised frameworks remains to meet a variety of application 

scenes. 
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Chapter 4: A Targeted Change-detection Procedure by Combining 

Change Vector Analysis and Post-classification Approach 

Abstract 

 

In remote sensing, conventional supervised change-detection methods usually require 

effective training data for multiple change types. This paper introduces a more flexible and 

efficient procedure that seeks to identify only the changes that users are interested in, here after 

referred to as ‘targeted change detection’.  Based on an effective one-class classifier ‘Support 

Vector Domain Description (SVDD)’- a novel algorithm named ‘Three-layer SVDD Fusion 

(TLSF)’ is developed specifically for targeted change detection The proposed algorithm 

combines one-class classification generated from change vector map, as well as before- and after-

change images in order to get a more reliable detection result. In addition, this paper introduces a 

detailed workflow for implementing this algorithm.  This workflow has been applied to two case 

studies with different practical monitoring objectives: urban expansion and forest fire assessment. 

The experiment results of these two study cases show that the overall accuracy of our proposed 

algorithm yields superior results (Kappa statistics are 86.3% and 87.8% for Case 1 and 2, 

respectively), compared to applying SVDD by change vector analysis and post-classification 

comparison.  

4.1 Introduction 

Satellite-based approaches have emerged as an effective way to detect and classify 

different types of changes occurring over land surfaces (Rogan and Chen, 2004; Hussain et al., 

2013; Sinha and Kumar, 2013; Benedek et al., 2015). A variety of change-detection techniques 
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based on remote-sensing technology have been developed (Lu et al., 2004; Blaschke, 2010; Chen 

et al., 2013; Hussain et al., 2013). Some methods, including image differencing (Metternicht, 

1999; Sinha and Kumar, 2013) and clustering-based methods (Bruzzone and Prieto, 2000), are 

relatively easy to implement because no training data is needed (Chen et al., 2012), however 

these only provide limited binary change (‘change’ vs ‘no change’) information (Hussain et al., 

2013). Other supervised methods, such as the post-classification technique (Yuan et al., 2005; 

Silván-Cárdenas and Wang, 2014), supervised change vector analysis (Bovolo et al., 2008; He et 

al., 2011) and direct classification (Bruzzone et al., 2004; Nemmour and Chibani, 2006), can 

identify detailed change type as ‘from-to’ information by using given training samples, and thus 

are more preferable when reference information is available (Bruzzone et al., 2004).  

Despite the potential advantages, users are often confronted with the difficulty of 

gathering high-quality reference information for training when supervised methods are applied 

(Fernandez-Prieto and Marconcini, 2011). An effective training set for change detection should 

satisfy to (1) contain samples describing all the presented land-cover classes (Muñoz-Marí et al., 

2007); (2) sample both before-and after-changes images (Kennedy et al., 2009); (3) represent 

most intra-class variance. Acquisition of such exhaustive training data is often practically 

uneconomical and labor intensive. 

Moreover, our environmental system is constantly changing; nothing stays the same from 

moment to moment, causing a serious uncertainty issue when we try to identify real land-cover 

changes. The complexity of differences between bi-temporal images might be caused by land 

cover transition,  which is what people are usually interested in, but might also come  from 

interference factors such as changes in atmospheric conditions, sun angle, seasonal variation 

(Chen et al., 2013), or even fluctuation in the measurement tools. Discriminating between the 

desirable changes in traditional supervised change detection depends on the assumption that real 
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land-cover change holds higher changing magnitude (Johnson and Kasischke, 1998), which is 

often not true since some interference factors may yield large and inherently-patterned numerical 

differences in images too, leading to uncertainties in change detection. As a consequence, a great 

number of erroneous and misleading interpretations can exist when full-class detection results are 

given by the traditional supervised approach.   

The motivation of this paper originates from the fact that nowadays more and more 

application–oriented land monitoring tasks have a very clear and specific monitoring objective 

such as urban expansion, deforestation or disaster disturbance. Provided we narrow our focus on 

only change types that are of interest to users, the constraint of preparing exhaustive reference 

data can be relaxed as few change categories are required to be characterized, while the issue of 

irrelevant changes can be minimized since most of them can be grouped into a broad type 

‘background class’ without the necessity to explore the details. Such an advantageous procedure 

that aims to discriminate only one or several specific land change types has been termed as 

‘targeted change detection’ by Fernandez-Prieto and Marconcini (2011), who proposed a novel 

technique based on Expectation Maximization algorithm and Markov Random Fields to tackle the 

problem. Unfortunately, they investigated the problem more from a computation perspective, and 

the iterative optimization of Markov Random Fields used in their method is inapplicable to 

process remotely sensed data of a large area. 

Ideally, targeted change detection methods would outperform conventional supervised 

ones in most cases, due to their ability to fulfil change identification while gaining flexibility: 

even in the extreme case of full category detection, targeted detection still can reach the goal by 

applying a one-by-one strategy. However, in reality, the difficulty of classification based on an 

extremely incomplete training set renders targeted detection a major methodological challenge. 

Unlike supervised technique, which compares a measurement (probability, distance, similarity, 
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etc) for each class to decide the pixels’ label, the measurements for most classes are unknown in 

the scene of targeted change detection, which hinders a reliable discrimination of our target from 

the background. 

In order to overcome the problem, an algorithm called ‘Three-layer SVDD Fusion 

(TLSF)’ is proposed in this paper. The SVDD here, referred to ‘Support Vector Domain 

Description’, is introduced as a novel classifier for solving one-class classification in Section 3.1. 

In the remote-sensing community, the SVDD approach has been reported to be capable of 

generalizing effective description of targeted classification on a single image (Muñoz-Marí et al., 

2007; Sanchez-Hernandez et al., 2007; Sakla et al., 2011).  Inheriting all the related merits of 

SVM (Banerjee et al., 2006; Mountrakis et al., 2011; Shao and Lunetta, 2012; Löw et al., 2013), 

SVDD is appealing in light of (1) the non-parametric assumption on the data distribution; (2) 

fewer samples are needed; (3) good generation without overfitting. It is, therefore, selected as the 

primary means for targeted classification in our procedure.   

To further increase the reliability of the final map, our method improves the ‘comparison’ 

step in change detection by combining two complementary approaches, namely post-

classification approach and change vector analysis. Post-classification approach compares two 

thematic maps obtained by individually classifying before- and after-change images (Hussain et 

al., 2013). The limitation of this method is that the results are heavily contaminated by 

compounded errors caused by combining two inconsistent classification procedures due to a lack 

of consideration of their temporal correlation (Bruzzone et al., 2004; Tewkesbury et al., 2015). 

Conversely, change vector analysis only exploits temporal correlation of every pixel pair by 

subtracting their feature vectors. Because a baseline reference vector is ignored, change vector 

analysis is limited by its inefficiency in distinguishing two ambiguous feature pairs which are 

numerically different, but retain similar difference values (Tewkesbury et al., 2015). Previous 
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efforts in supervised change detection for combining temporal correlation and single-date 

classification such as direct classification (Bruzzone et al., 2004; Nemmour and Chibani, 2006) 

suffered from the large number of change types to be labelled (Tewkesbury et al., 2015). 

However, this concern does not exist any longer in target change detection since only targeted 

types need to be trained.  

The remainder of the paper is organized as follows: Section 4.3 presents a detailed 

description of TLSF algorithm; Section 4.4 discusses how to make TLSF accessible for practical 

scenes based on two benchmarking cases; Section 4.5 describes the results of our procedure 

compared with other possible solutions; Section 4.6 concludes the study. 

4.2 Study Area, satellite data and image preprocessing 

Two study cases have been considered: 

- The first study area is an urban region, the northern suburb of the City of 

Kingston located in Eastern Ontario, Canada. In the last twenty years, northern 

Kingston has experienced a certain level of urbanization: natural forests in the 

suburban area were converted to developed area for urban use, making it a good 

example for studying urban expansion.  To test our method, we use a pair of high-

resolution images of this area collected respectively in April of 2000 and May of 

2014 by the IKONOS satellite sensor, as shown in Figure 4.1(a). The imagery 

from 2014 has minor cloud covered, so we first applied a mask (Sawaya et al., 

2003) to mask out the cloud region (see Blue region in Figure 4,1(a)).  

- The second study area is an interior forest of the south-central Black Hills in 

western South Dakota, United States. On 24 August 2000, a human-caused Jasper 
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fire burned this forest. Two Landsat images, as shown in Figure 4.1 (b), collected 

before and after the fire were used. Band 3, 4 and 7 were selected as feature bands 

since pervious research has indicated that this band group was effective in 

investigating burned forest (Koutsias and Karteris, 2000). The characteristics of 

these images for our experiment are summarized in Table 4.1. 
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Figure 4.1 Multi-date satellite data used in this study: (a) is 4, 3, 2 false color composite of 

IKONOS; (b) is 3, 4, 7 false color composite of Landsat 7. The patches marked by ‘A’, ‘B’, ‘C’, 

‘D’ and ‘E’ in (a) are typical regions belonging to urban change or background classes discussed 

in section 4.5.1; ‘F’ in (b) is the main burned region discussed in section 4.5.2. ‘I’ and ‘II’ in 

Figure 4.1 (a) are respectively building and no-building urban areas, while ‘I’ and ‘II’ in Figure 

4.1 (b) correspond to medium and high burn severity, respectively. 
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Table 4.1 Characteristic of images applied to demonstrate our targeted change detection 

procedure. 

  Acquisition 

date 

Image Size 

(Pixels) 

Spatial 

resolution 

Applied spectral band  

Case Study 1 

(Urban 

expansion) 

Kingston 

City 

Apr., 2000 1191*1157 4.0 m Band 1 Blue; Band 2 

Green; Band 3 Red; Band 4 

NIR 

May, 2014 3.2 m 

Case Study 2 

(Forest fire) 

Black 

Hill 

Dec, 1999 

Sep, 2000 

2805*2651 30 m Band 3 Red; Band 4 Near 

Infrared; Band 7 mid-

infrared 

 

4.3 Three-layer SVDD Fusion (TLSF) Algorithm 

4.3.1 Support vector Domain Description 

The procedure of Support Vector Domain Description (SVDD) can be summarized as 

follows: starting with a training set belonging to targeted class denoted as {𝑥𝑖  ∈ ℝ𝑁, 𝑖 = 1, … , 𝑛} 

(𝑁 is the dimension number of original feature space), SVDD exploits a minimum enclosed 

hypersphere with radius 𝑅 and center 𝑎 that contains all training objects (see Figure 4.2). 

Considering that the training set may contain outliers due to sample error, a set of slack variables 

𝜉𝑖 > 0 are introduced. The objective function is (Tax and Duin, 1999, 2004): 

 min
𝑅,𝑎

 {𝑅2 + 𝐶 ∑ 𝜉𝑖

𝑖

} (4.1) 

which is constrained to  

 ‖𝜙(𝑥𝑖) − 𝑎‖2 ≤ 𝑅2 + 𝜉𝑖;  𝜉𝑖 ≥ 0   (4.2) 

where the parameter 𝐶 controls the trade-off between the volume of the hypersphere and the 

permitted errors, 𝜙 is a kernel function which transforms the original feature space into a high-
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dimensional Hilbert feature space to allow sampling data to be separated by a hypersphere 

(Camps-Valls et al., 2008).  The Radical Basis Function (RBF) has been reported to be the most 

suitable kernel for SVDD (Tax and Duin, 2004; Theissler and Dear, 2013), which is accordingly 

used for our work.  

The primal function of (4.1) can be solved through incorporating the constraints (4.2) 

with Lagrange multipliers as 

 𝐿(𝑅2, 𝑎, 𝛼𝑖 , 𝛾𝑖, 𝜉𝑖) =  𝑅2 + 𝐶 ∑ 𝜉𝑖𝑖 − ∑ (𝑅2 + 𝜉𝑖 − ‖𝜙(𝑥𝑖) − 𝑎‖2
𝑖 ) − ∑ 𝛾𝑖 𝜉𝑖𝑖  (4.3) 

where 𝛼𝑖  and 𝛾𝑖 are Lagrange multipliers. Through setting partial derivatives to zero, Equation 

(4.3) is then transformed to a new objective function with only Lagrange multiplier {𝛼𝑖}:  

 max
𝛼𝑖

{∑ 𝛼𝑖〈𝜙(𝑥𝑖), 𝜙(𝑥𝑖)〉

𝑖

− ∑ 𝛼𝑖𝛼𝑗〈𝜙(𝑥𝑖), 𝜙(𝑥𝑗)〉

𝑖,𝑗

} (4.4) 

Constrained to  

                                        i.   if ‖𝜙(𝑥𝑖) − 𝑎‖2 < 𝑅2,  𝛼𝑖 = 0 

  ii.   if ‖𝜙(𝑥𝑖) − 𝑎‖2 = 𝑅2, 0 < 𝛼𝑖 < 𝐶 

                                       iii. if ‖𝜙(𝑥𝑖) − 𝑎‖2 > 𝑅2,  𝛼𝑖 = 𝐶 

(4.5) 

where 〈𝜙(𝑥𝑖), 𝜙(𝑥𝑗)〉 is the inner product of 𝑥𝑖 and 𝑥𝑗 with kernel functions 𝜙. In order to get 

parameters {𝛼𝑖}, the SMO (Sequential minimal optimization) algorithm is applied (Platt, 1999) to 

solve this optimization problem. Once {𝛼𝑖} is obtained, 𝑅2, the distance from the center of the 

sphere to the boundary, can be calculated as: 

 𝑅2 = 〈𝜙(𝑥𝑘), 𝜙(𝑥𝑘)〉 − 2 ∑ 𝛼𝑖〈𝜙(𝑥𝑘), 𝜙(𝑥𝑖)〉

𝑖

+ ∑ 𝛼𝑖𝛼𝑗〈𝜙(𝑥𝑖), 𝜙(𝑥𝑗)〉

𝑖,𝑗

 (4.6) 
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where 𝑥𝑘 is any 𝑥 which has 𝛼𝑘 < 𝐶. Given a new test vector 𝑧, the decision function can be 

described as: we accept 𝑧 as the targeted class when the distance of 𝑧 to the center 𝑎  ‖𝑧 − 𝑎‖ 

satisfies (Tax and Duin, 2004)  

 ‖𝑧 − 𝑎‖2 = 〈𝜙(𝑧), 𝜙(𝑧)〉 − 2 ∑ 𝛼𝑖〈𝜙(𝑥𝑖), 𝜙(𝑧)〉

𝑖

+ ∑ 𝛼𝑖𝛼𝑗〈𝜙(𝑥𝑖), 𝜙(𝑥𝑗)〉

𝑖,𝑗

≤ 𝑅2  (4.7) 

For more detailed description of SVDD, we refer readers to the work done by (Tax and Duin, 

1999, 2004).  

 

Figure 4.2 Decision boundary (Hypersphere) of Support Vector Domain Description (SVDD) in 

high-dimension Hilbert feature space (only two features 𝑓1
𝐻 and 𝑓2

𝐻 are displayed) given by 

training samples: solid dots are the training samples within the hypersphere (‖𝜙(𝑥𝑖) − 𝑎‖2 <

𝑅2), hollow dots are the samples on or outside the boundary(‖𝜙(𝑥𝑖) − 𝑎‖2 ≥ 𝑅2). 𝑅, 𝑎 are 

respectively the radius and the center of hypersphere.  
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From Equation (4.5) we know only those training samples reaching ‖𝜙(𝑥𝑖) − 𝑎‖2 ≥ 𝑅2 

can influence the determination of decision function (otherwise multiplier 𝛼𝑖equals to zero). 

These training samples are referred to as support vectors in SVDD problem (Tax and Duin, 

2004), including those samples falling on the boundary (𝑆𝑉1, 𝑆𝑉2 and 𝑆𝑉3 in Figure 4.2) and 

outliers (𝑆𝑉4 and 𝑆𝑉5 in Figure 4.2), Support vector are often critical since they determine the 

boundary of the hypersphere (so the SVDD algorithm does not require a large number of training 

samples). An important quality indicator for a SVDD classifier we will utilize later is the number 

of support vectors. Producer’s error rate on targeted set 𝑃𝐸(𝑡𝑎𝑟) can be estimated through Leave-

One-Out estimation by this indicator (Tax and Duin, 2004): if a support vector is left out during 

training, a smaller description is found and this support point would be rejected by the new 

boundary function; then 𝑃𝐸(𝑡𝑎𝑟) should be less than or equal to the fraction of support vectors 

𝑛/𝑁 (𝑛 is the number of support vectors, 𝑁 is the number of training samples), that is 

 𝑃𝐸(𝑡𝑎𝑟) ≤ 𝑛/𝑁  (4.8) 

the inequality holds when more samples are on the boundary of hypersphere than is necessary for 

the description.  

4.3.2 Parameter selection for Support Vector Domain Description 

Based on the aforementioned remark, the performance of SVDD is contingent on the 

selection of two critical parameters, controller 𝐶 and the kernel width 𝜎 for RBF kernel 

(𝐾(𝑥𝑖 , 𝑥𝑗) = exp (−‖𝑥𝑖 − 𝑥𝑗‖
2

/2𝜎2)) (Tax and Duin, 2004; Sanchez-Hernandez et al., 2007; 

Sakla et al., 2011).  The parameter 𝐶 is related to the quality of the training sample, which can be 

calculated as (Tax, 2001):  

 𝐶 = 1/(𝜐 ∗ 𝑁) (4.9) 
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where 𝜐 is the percentage of outliers (such as 𝑆𝑉4 and 𝑆𝑉5 in Figure 4.1) and 𝑁 is the number of 

training samples. We use  𝜐 = 0.01 to compute 𝐶, which means assuming only 1% of training 

samples are those outliers. In reality, the varying value of 𝐶 will not significantly alter the 

detection result (Sakla et al., 2011). 

The tuning for parameter 𝜎 is more critical for the classification accuracy. A simple 

selection method is developed by leveraging the fraction of support vectors 𝑛/𝑁 that has been 

introduced. Figure 4.3 depicts the exemplary relationship between the fraction and 𝜎 based on the 

IKONOS imagery in Case Study 1: if 𝜎 is too small, the fraction is high, so 𝑃𝐸(𝑡𝑎𝑟) becomes 

high; if 𝜎 is too large, the fraction is small, so producer’s error on background class 𝑃𝐸(𝑏𝑘𝑑) is 

higher although 𝑃𝐸(𝑡𝑎𝑟) is decreased. A thresholding value 𝜃 was defined for the fraction value, 

acting as a controller between 𝑃𝐸(𝑡𝑎𝑟) and 𝑃𝐸(𝑏𝑘𝑑). We used  𝜃 = 0.15 since the initial testing 

result showed that our final results did not change much when the 𝜃 value was between 0.1 and 

0.2. The best value of 𝜎 can be obtained by a searching method for making 𝑛/𝑁 (y axis in Figure 

4.3) closest to 𝜃. The searching procedure is summarized as: we first tried a growing sequence 

𝜎𝑘 = 10−2, 10−1, … 106, 𝑘 = 1,2 … 9, when 𝑛𝜎𝑘
/𝑁 ≥ 𝜃, 𝑛𝜎𝑘+1

/𝑁 < 𝜃, the first searching 

stopped; then we set 𝜎𝑘 as the start and constructed a new growing sequence 𝜎𝑘
′ with an 

increment of 𝜎𝑘 𝜎𝑘
′ = 𝜎𝑘 , 2𝜎𝑘, 3𝜎𝑘, … , 𝜎𝑘+1, and once 𝑛𝜎𝑘

′/𝑁 < 𝜃, 𝜎𝑘
′ was  selected as the 

optimal 𝜎 and the searching stopped. 
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Figure 4.3 Fraction of support vectors (n/N) as a function of 𝝈 for three layers in TLSF algorithm 

in Case Study 1:  n is support vector number; N is training sample number 

4.3.3 Support Vector Dmain Description Probabilistic output 

Conventional SVDD only gives binary prediction: target and background classes. However, 

crispy output does not well accommodate uncertainty arising in the classification procedure. In 

order to get the probabilistic result of a given vector 𝑧 in SVDD, a sigmoid model was used for 

estimating membership probability (Platt, 1999): 

 𝑃(𝑦 = 𝑡𝑎𝑟|𝑧) = 1/(1 + exp(𝐴 ∗ 𝑓(𝑧) + 𝐵))  (4.10) 

where 𝑓(𝑧) is a function of 𝑧, 𝐴 and 𝐵 are two parameters to be estimated. The probability is 

associated with the distance of 𝑧 to the center 𝑎. So 𝑓(𝑧) are defined as √‖𝑧 − 𝑎‖ which can be 

calculated out by Equation (4.3). Two constraints are built up to obtain 𝐴 and 𝐵: (1)𝑃(𝑦 =

𝑡𝑎𝑟|𝑧 = 0) = 0.99 (𝑃 never equal to 1 in sigmoid function); (2) 𝑃(𝑦 = 𝑡𝑎𝑟|𝑧 = 𝑅) = 0.5 (𝑅 is 

the radius of hypersphere in the transformed Hilbert feature). Once 𝐴 and 𝐵 are determined, 

sigmoid function of 𝑃(𝑦 = 𝑡𝑎𝑟|𝑧)  is defined. Since all component probabilities should be 

summed up to 1, the probability for belonging to background (𝑏𝑘𝑑) class is easily obtained by: 
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 𝑃(𝑦 = 𝑏𝑘𝑑|𝑧) = 1 −  𝑃(𝑦 = 𝑡𝑎𝑟|𝑧)  (4.11) 

4.3.4 Fusion of probabilistic output 

The core of TLSF is combining targeted detection on two single-date images and their 

change vector map. Once users give sampled geographic sites for where certain targeted change 

type ‘C1->C2’occur, these sites can be used to find corresponding training pixels for the targeted 

sub-class in each layer, namely land type ‘C1’ in before-change layer (L1), land type ‘C2’ in 

after-change layer (L2) and transition type ‘C1->C2’ in change vector layer (L3). Given a pixel 

value 𝑧, the SVDD is implemented respectively in three layers following optimal parameter 

searching as being introduced, and with the probabilistic output (𝑃𝐿1(𝑦 = C1|𝑧), 

𝑃𝐿1(𝑦 = 𝑏𝑘𝑑|𝑧), 𝑃𝐿2(𝑦 = C2|𝑧), 𝑃𝐿2(𝑦 = 𝑏𝑘𝑑|𝑧), 𝑃𝐿3(𝑦 = C1−> C2|𝑧) and 𝑃𝐿3(𝑦 = 𝑏𝑘𝑑|𝑧)). 

We think one region is recognized as targeted change undergone if (1) the area is classified as 

targeted land classes at both two dates of satellite imagery, or (2) baseline vector at one date is 

targeted land class and the change vector is targeted transition type. So the problem can be stated 

as “finding region which is classified as targeted sub-class in any two of these three layers (or all 

of these three)”. Let us assume these three classification procedures are independent of each 

other. Although this assumption might be unrealistic, it will provide an adequate and workable 

approximation of the reality in many situations which may be more complex (Kittler et al., 1998). 

Bayes fusion (Kittler et al., 1998; Kuncheva, 2004) is employed to solve this classifier fusion 

problem: 
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 𝑃𝑓𝑖𝑛𝑎𝑙(𝑦 = 𝑡𝑎𝑟|𝑧)

= 𝑃𝐿1(𝑦 = C1|𝑧)𝑃𝐿2(𝑦 = C2|𝑧)𝑃𝐿3(𝑦 = C1−> C2|𝑧)  

+ 𝑃𝐿1(𝑦 = C1|𝑧)𝑃𝐿2(𝑦 = C2|𝑧)𝑃𝐿3(𝑦 = 𝑏𝑘𝑑|𝑧)

+ 𝑃𝐿1(𝑦 = C1|𝑧)𝑃𝐿2(𝑦 = 𝑏𝑘𝑑|𝑧)𝑃𝐿3(𝑦 = C1−> C2|𝑧)

+ 𝑃𝐿1(𝑦 = 𝑏𝑘𝑑|𝑧)𝑃𝐿2(𝑦 = C2|𝑧)𝑃𝐿3(𝑦 = C1−> C2|𝑧)  

(4.12) 

If the joint probability 𝑃𝑓𝑖𝑛𝑎𝑙(𝑦 = 𝑡𝑎𝑟|𝑧) is larger than 0.5, we accept 𝑧 as the class of 

targeted change as 𝑃𝑓𝑖𝑛𝑎𝑙(𝑦 = 𝑡𝑎𝑟|𝑧) + 𝑃𝑓𝑖𝑛𝑎𝑙(𝑦 = 𝑏𝑘𝑑|𝑧) = 1; otherwise, it is labeled as the 

class of background. Fig 4 (a) summarizes the steps of TLSF algorithm discussed above. 

 

4.4 Application of TLSF algorithm to study cases 

4.4.1 Image preprocessing 

IKONOS data of 2014 are resampled into 4-meter resolution. Both pairs of imagery were 

co-registered with an RMSE of 0.5 pixels. For radiometric normalization, an automatic procedure 

based on T-point thresholding algorithm was employed, which has been successfully applied in 

solving the problem of unsupervised normalization in our previous research (Chen and Ye, 2015; 

Ye et al., 2015).  

4.4.2 Target description from remotely sensed image 

In our proposed procedure, it is the users’ job to decide on the target description as the 

prior knowledge input to the machine to increase the applicability of the TLSF algorithm. Taking 

the example of our case studies, two levels of ‘from-to’ classes are defined as shown in Table 4.2. 

The classes on the information level are those categories of interested land-cover change that the 

users are actually interested in focusing on; spectral level separates the general information class  

into several sub-classes occurring in the study area that their change are near-similar with respect 
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to intensity values in their spectral bands. There are two options under consideration for how to 

apply target detection: one is doing just one classification based on the information class; another 

is using a one-by-one detection procedure on each spectral class, and then merging their results. 

The latter is chosen in our procedure because (1) the former approach suffers from overly intra-

class variation, making it difficult to find a boundary tightly describing the targeted cluster in the 

feature space; (2) spectral change information is sometime useful for the subsequent 

environmental research or policy making. So in targeted change detection, we first identify 

spectral change classes which are then joined to generate information classes as final output. 

Based on the aforementioned remarks, subclasses are defined for both cases. The main 

change in Case Study 1 is classified into two spectrally distinct subclasses: wild land->building 

(‘II’ in Figure 4.1(a)) and wild land->no-building urban land (‘I’ in Figure 4.1(a)); in Case Study 

2, a CBI (Composite Burn Index) map from the previous work on the same region (Chen et al., 

2011) will be used as reference map: since the field information was incorporated in Chen’s 

research, we think their final map is convincing. Combining the CBI map (Chen et al., 2011) and 

a thresholding system for CBI-based severity classification ((Miller and Thode, 2007) (Low 

severity: 0.1-1.24; Moderate severity: 1.25-2.24; High severity: 2.2.5-3.0), we can infer that the 

region is mainly dominated by moderate burned level (‘I’ in Figure 4.1(b)) and high severity (‘II’ 

in Figure 4.1(b)) – very different color signatures between these two subclasses can be seen from 

Figure 4.1(b). 
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Table 4.2 The two-level description of targeted change in the study cases 

 Objective Information Level Spectral Level 

Case 

Study 1 

Urban 

expansion 

detection 

From wild land to 

urban land  

(1) from vegetation to building;  

(2) from vegetation to no-building urban land 

(Roads, Parking sites, sidewalks, etc);  

Case 

Study 2 

Burned forest 

investigation 

From before-fire 

to Post-fire Forest  

(1) moderate-severity burned forest;  

(2) high-severity burned forest  

 

4.4.3 Training and testing sample acquisition 

For Case 1, a very-high resolution air photo (0.2m resolution) covering the Kingston area 

collected in the year of 2001 and images from Google Earth (https://www.google.com/earth/) 

help manual sample selection for targeted change type. For Case 2, we mainly rely on visual 

inspection assisted by a Composite Burn Index (CBI) map generated by Chen et al. (2011): 

Traditional random sampling methods might not be applicable for this targeted change-detection 

procedure because that would cause inadequate samples for the targeted class due to the relatively 

very small number of targeted change pixels. A modified stratified sampling strategy (Dai and 

Khorram, 1999) is herein applied: we first select a set of labelled pixels, then randomly chose 

pixels for training and testing from the data set. Spectral distinctions were considered when 

setting up training classes. Assuming that different classes would affect the overall accuracy 

equally, we selected the same number of testing samples for each class (Zhu and Woodcock, 

2014).   

The detailed training and assessing sample information for two sites are given in Table 

4.3 (v->b: from vegetation to building; v->n: from vegetation to no-building urban land; bkd: 

background; W->U: from wild land to urban land).   

https://www.google.com/earth/
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Table 4.3 Reference data information for each class 

 Initial labeled dataset (pixels)  Random sampling set for 

TLSF training (pixels) 

Random sampling set for 

assessment (pixels) 

Case 

Study 1 

v->b: 1000;v->n: 1000;  

bkd: 1000;  

v->b: 50; 

v->n: 50;  

bkd: 300; 

W->U: 300 (150 v->b; 150 v->n); 

Case 

Study 2 

High severity: 1000  

Middle severity: 1000  

Low or no severity (bkd): 1000  

High severity: 50  

Middle severity: 50  

High severity: 300  

Middle severity: 300  

Low or no severity (bkd): 300  

 

4.4.4 Merging strategy for combining several spectral change classes 

In a practical sense, users’ expectation for the final objective are different in these two 

cases: in Case Study 1, it is often unnecessary to distinguish spectral-level change, so a binary 

classification map is enough; in Case Study 2, users often care about spectral classes which 

includes meaningful severity level information. Two merging strategies are developed with 

respect to different scenarios:  

Merging strategy 1:  if only the identification on broad category of ‘targeted change’ is 

needed (Case Study 1), we can merge several spectral classes by a simple operation ‘or’ to 

produce a binary map (the region with any of spectral change classes occurring will be labeled 

‘targeted change’);   

Merging strategy 2: if the component spectral changes are of interests (Case Study 2), we 

label pixels with the spectral class which has the highest 𝑃𝑓𝑖𝑛𝑎𝑙(𝑦 = 𝑡𝑎𝑟𝑔𝑒𝑡 𝑐ℎ𝑎𝑛𝑔𝑒|𝑧) among 

all available spectral classes, and thus final component change map has 𝑛 + 1 classes (𝑛 is the 

number of spectral change classes) 

The workflow of applying TLSF following steps introduced in Section 4 is presented in 

Figure 4.4(b). The relationship between TLSF algorithm (Figure 4.4 (a)) and the practical 
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workflow (Figure 4.4(b)) can be depicted as: TLSF focuses on targeted change in spectral level; 

the workflow merges several spectral change classes into one final output to fulfill targeted 

change detection on the information level.  

 

Figure 4.4 Schematic representation of our proposed procedure: (a) Three-layer Support Vector 

Domain Description (TLSF) algorithm; (b) The operational workflow of TLSF algorithm 

4.5 Experiment Result and Discussion 

4.5.1 Case study 1: monitoring urban expansion 

Table 4.4 compares the performance of applying workflow based on our proposed Three-

layer SVDD Fusion (TLSF) algorithm and the other two methods of applying single-layer SVDD 

classification by the change vector analysis and post-classification technique. The results shows 

the change vector technique, which implements SVDD only in the change-vector layer, produces 

more commission errors for targeted change as producer’s accuracy is relatively low (82.0%) for 
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background; the Post-classification technique comparing two single-date classification maps 

likely produces omission errors for targeted change as only 74.0% producer’ accuracy for the 

target; lastly, the proposed method can get both high individual accuracy for target and 

background, and reach the best performance observed at 93.2% and 86.3% in terms of overall 

accuracy and Kappa statistics. 

Table 4.4 The accuracy assessment of targeted change detection in Case Study 1 by 

applying (1) change vector analysis; (2) post classification; (3) proposed Three-layer SVDD 

Fusion (TLSF) algorithm 

  Reference data 

    Target Background User's (%) 

1. Change vector: overall accuracy=86.5%; Kappa=73.0% 

Map Target 273 54 83.5 

Data Background 27 246 90.1 

 

Producer's (%) 91.0 82.0 - 

     2. Post classification: overall accuracy=86.2%; Kappa=72.3% 

Map Target 222 5 97.8 

Data Background 78 295 79.1 

 

Producer's (%) 74.0 98.3 - 

     3. TLSF algorithm: overall accuracy=93.2%; Kappa=86.3% 

Map Target 273 14 95.1 

Data Background 27 286 91.4 

  Producer's (%) 91.0 95.3 - 
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Figure 4.5 presents a detailed examination of targeted change detection results derived 

from the change vector, post-classification technique and TLSF algorithm on five patches 

highlighted in Figure 4.1(a). The SVDD detecting results on a single-date image are also shown 

in the figure (Column of ‘Wild land’ and ‘Urban land’) to present more details for each step.  The 

patch ‘A’ is a typical region of targeted land transition ‘wild land->urban area’, in which all three 

approaches perform well. ‘B’ and ‘C’ are the typical regions where post-classification 

comparison produces bad detection: the subfigures of ‘Post classification’ for these two patches 

are not well represented as ‘change vector’ or ‘TLSF’. The main reason is that there are 

individual errors on two singe-date inputs (see some missed detection of targeted class in Column 

of ‘Wild land’ and ‘Urban land’) which are compounded in the final change map. For Patches ‘D’ 

and ‘E’, we give examples of commission relative to change vector technique but for different 

reasons. The subfigure of ‘change vector’ in Patch D is a case of being impacted by ambiguous 

change vector with respect to irrelevant change such as ‘no-building urban->building urban land’ 

which holds the similar difference values with interested change. The errors in the patch E, we 

think, are mainly from the factor of misregistration. Lastly, the results in ‘TLSF’ column always 

appear to have the most homogeneous results with the least noise. 
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Figure 4.5 Comparison of SVDD-based targeted detection on different data layers and different 

comparison strategies. A-E are five typical regions defined in Figure 4.2 (a) White represents targeted 

classes in each layer; Black is background. The seven columns (left to right) are: (1) subset images of 

Kingston in 2000; (2) subset images of Kingston in 2001; (3) ‘wild land’ from the image in 2000; (4) 

‘urban land’ from the image in 2014; (5) targeted change type ‘from wild to urban land’ in change vector 

layer; (6) detecting result of post-classification technique combining column (3) and column (4); (7) 

detecting results of TLSF algorithm column (3), (4) and column (5). 

 

4.5.2 Case study 2: detecting forest fire severity 

In this case study, not only did we examine change vector analysis and the post-

classification technique, we also compared another reported method of quantifying burn severity 

called Relative delta Normalized Burn Ratio (RdNBR) (Miller and Thode, 2007) to gain a better 
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performance evaluation of our proposed method. RdNBR is a relative normalized index 

accounting for both pre-fire and post-fire vegetation status, thus allowing a group of constant 

thresholds to categorize different severity levels for most forest fire scenes (Miller and Thode, 

2007). 

Table 4.5 is the accuracy assessment for these four methods. In order to obtain the final 

probabilistic output of two spectral classes for all the techniques for comparison, we compute the 

product of SVDD probabilistic output from before- and after-change images for post-

classification comparison (if one of two probability outputs is less the 0.5, we denote the 

probability belonging to targeted change as zero), and simple probabilistic output in the change 

vector layer for the change-vector technique. Again, our method works the best versus the other 

three with the best overall accuracy of 91.9% and Kappa 87.8%. RdNBR performs worst in 

general. More specifically, RdNBR is difficult to accurately distinguish middle and low or no 

severity (49.0% relative with the producer’s accuracy for middle severity and 63.1% with respect 

to the user’s accuracy for low severity).   
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Table 4.5 The accuracy assessment of targeted change detection for Case study 2 by using (1) change 

vector analysis; (2) post classification; (3) TLSF algorithm; (4) RdNBR method 

  Reference Data   

    High severity Middle severity Low severity User's (%) 

1. Change vector: overall accuracy=88.9%; Kappa=83.3% 

 Map High severity 265 4 1 98.1 

Data Middle severity 0 245 9 96.5 

 

Low or no severity 35 51 290 77.1 

 

Producer's (%) 88.3 81.7 96.7 - 

      2. Post classification: overall accuracy=82.2%; Kappa=73.3% 

Map High severity 228 5 5 95.8 

Data Middle severity 0 217 0 100.0 

 

Low or no severity 72 78 295 66.3 

 

Producer's (%) 76.0 72.3 98.3 - 

      3. TLSF algorithm: overall accuracy=91.9%; Kappa=87.8% 

Map High severity 274 12 2 95.1 

Data Middle severity 0 255 0 100.0 

 

Low or no severity 26 33 298 83.5 

  Producer's (%) 91.3 85.0 99.3 - 

      

4. RdNBR method: overall accuracy=78.8%; Kappa=59.8% 

Map High severity 249 0 37 87.1 

Data Middle severity 50 147 0 74.6 

 Low or no severity 1 153 263 63.1 

  Producer's (%) 83.0 49.0 87.7 - 

 

Figure 4.6 gives the maps for the primary burn region derived by our method as well as 

RdNBR. RdNBR likely misses some middle-severity class such as ‘A’ region in Figure 4.6 (a). 

Besides, it falsely identifies some seasonal change due to different image collection seasons (see 

the salt-and-pepper noise around the burned region). Our proposed targeted change-detection 

procedure can well discriminate different levels of burn severity while discarding irrelevant 
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change such as seasonal variation. The advantages of the RdNBR method might be its complete 

independence on field data as an unsupervised approach. However, when just a very small 

number of training samples are given, our approach is much more advantageous as it can more 

accurately identify burned severity regions (spectral-level information). 

 

Figure 4.6 Comparison of forest fire severity classification map with Relative delta Normalized 

Burn Ratio method and our proposed TLSF algorithm based on ‘F’ patch in Figure 4.1.  
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4.6 Conclusion and discussion 

In this paper, we have proposed a novel algorithm called ‘Three-layer SVDD Fusion 

(TLSF)’ for targeted change detection. Two primary advantages of TSLF can be summarized as: 

(1) it is based on an advanced one-class classifier, Support vector domain descriptor (SVDD), 

which can make a good generation of the targeted class from very few training samples; (2) 

taking full advantages of simple category system in targeted scene, change vector analysis and 

post-classification technique are combined to derive a more reliable detecting results without 

increasing the computational complexity too much.  

Moreover, an operational scheme was constructed to direct audience for applying TLSF 

to multiple practical tasks. Two case studies were used to demonstrate the capability of the 

proposed scheme. These two cases focus on different types of study regions (urban and forestry), 

depend on different spectral resolution levels (high and middle resolution), and hold different 

requirements on final change mapping (Case 1 requires a generalized information class; Case 2 

needs detailed spectral change information), whereby we hope to exhibit the ability of our 

approach to handle complex real-world scenes. The two- spectral-class scheme in this paper can 

be expanded into n-spectral-class to present different spectral change description levels 

depending on the monitoring objective.  

Theoretical producer’s error for targeted change after fusion can be calculated as: 

PEfusion(Tar) ≤ (0.15 ∗ 0.15 ∗ 0.85 ∗ 3 + 0.15 ∗ 0.15 ∗ 0.15) = 6.075% according to 𝜃 =

0.15. The actual error rate in our experiment is slightly higher than the theoretical value. That is 

because the leave-one-out estimation proposed by Tax and Duin (2004) is biased due to assessing 

nothing other than the training set. However, we emphasize that applying an empirical 

thresholding 𝜃 is still a good way to find the best parameter 𝜎 for constructing SVDD classifier, 

especially when no background samples are given and cross-validation is not applicable. The 
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setting of 𝜃 might be arguable as it relies on different sample quality: in our case when we kept 

the sample variability as high as possible,  𝜃 in the range of 0.1 and 0.2 was shown to be 

effective; however it can be changed when users gives unrepresentative samples. Future research 

will explore quantifying the relationship between 𝜃 setting and training sample quality.  
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Chapter 5: General Discussion 

5.1 Revisit to unsupervised, supervised and targeted approaches from the 

perspective of ‘environmental sensing’ 

‘Environmental sensing’ here is a broad conception which refers to humanity's attempt to 

be aware of environmental patterns (Lein, 2011) so as to support the information requirement for 

effective environment management. Remote sensing, as the measurement and representation of 

the Earth's surface, is one of the most important means for our sensing of the environment. 

Although remote sensing has been long discussed as a highly automatic technology, delivering 

land information freeing human beings from tedious manual work, it is concluded in this thesis 

that the role of direct human involvement cannot be ignored in practical environmental sensing 

procedures. One reason is that direct engagement by human beings can reduce the complexity and 

uncertainty inherent to environmental studies through giving prior assumptions or empirical 

knowledge. Furthermore, humans are able to define the concepts of environmental patterns, 

formalize observation scales, chose measuring tools, and establish frameworks in order to 

address, what are, mostly human-induced environmental problems. The incorporation of human 

knowledge can allow the output of data manipulation better to resolve particular problems 

originating from the human dimension. 

Despite advancements in computer science and contributions made from the field, 

unsupervised and supervised methods nonetheless carry their implications for sensing our 

environment and are considered as two different strategies for bridging the gap between the 

human dimension and the machine: 
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 For the unsupervised approach, as no training sample is provided, the incorporation of 

domain knowledge is a central technique to guarantee performance. For example, in 

Chapter 3, a given urban region is firstly set as the only considered scene for our 

unsupervised research so that typical interested and irrelevant change types are well 

defined. Bearing the underlying characteristic of interested and irrelevant changes in 

mind, the step of feature selection as well as change extraction are achieved in a well-

directed manner, and hence enables reasonably successful change detection. Furthermore, 

a clearer definition of classes with less uncertainty contributes to an easier and more 

scientific accuracy assessment and results interpretation. 

 In contrast, the supervised approach involves human knowledge by introducing instances 

(training samples) that work as a conduit between the machine and our understanding of 

practical issues. Instances incorporate human knowledge directly from the analyst’s 

visual inspection on the samples, or indirectly from an analyst defining a priori category 

structure in place. By either way, a variety of practical needs and situations can be 

addressed in a well-directed manner.  

From the perspective of ‘environmental sensing’, target change detection can be thought 

as the improvement on the ‘conduit’ to allow human knowledge to be more effectively selected 

and conveyed. In targeted change detection, redundant human knowledge is omitted early in the 

phase of project design, which enables the facilitation of training sample collection, as well as the 

reduction of sensing objectives in the subsequent stage of data analysis.   

The conceptual figure for these three change-detection approaches on their ways to 

connect the human dimension and environment is shown in Figure 5.1.  
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Figure 5.1 The conceptual figure of three approaches in this thesis for their ways to bridge 

human and environment 

5.2 Comparing unsupervised, supervised and targeted change detection 

Unsupervised change detection is generally simpler to implement because it does not rely 

on any additional training sample information (Bruzzone and Prieto, 2000; Bovolo and Bruzzone, 

2007). This approach can quickly give users a very general picture of ongoing land-cover change 

in the study area as an outstanding benefit in some environmental research. Especially to some 

environmental workers who are not familiar with the scientific underpinning of remote-sensing 

techniques, a complete automatic method can save much effort of preparing training samples and 

detection result interpretation.  

When the reference information is available for generating training samples, the 

supervised approach exhibits advantages over the unsupervised one because it is capable of 

offering more detailed ‘from-to’ information on land cover transition types, which contributes to 

a more in-depth understanding of land status. Besides, the exhaustive training samples guide 
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classification procedures to yield the most reasonable label on every pixel. The major problem for 

supervised change detection is that the efficiency is often limited by the requirement of 

exhaustive training samples for each land cover/transition type, as well as uncertainties brought 

by mixing interested and irrelevant changes.   

In targeted change detection, the issue of uncertainty is greatly alleviated due to the 

substantially decreased complexity brought by ‘targeted - background’ simple class system.  The 

problem of training sample preparation is well addressed since only a small number of ‘targeted’ 

samples are required. The challenge for targeted change detection might be at the degraded 

classification accuracy caused by only a very limited number of samples. Although the proposed 

method can reach a relatively very high accuracy based on our experiments, the performance 

might not be guaranteed when the quality of sampling set is poor.  

The detailed comparisons among these three approaches are given in Table 5.1. 
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Table 5.1 The author’s qualitative assessment of unsupervised, supervised and targeted change 

detection on their performance and practicality (‘+  +  +  +  +’ represents ‘the strongest’; ‘+’ 

means ‘the weakest’) 

 Unsupervised change detection Supervised change detection Targeted change detection 

Independence 

on training 

samples 

 

+  +  +  +  + 

(Entirely independent on 

training samples) 

+ 

(limited by exhaustive training 

samples for all classes) 

+  +  +  + 

(Only requires training 

samples for interested change) 

 

Level of 

offered land-

change details  

  

+  + 

(Offers only binary 

information ‘change’ and 

‘no change’) 

+  +  +  +  + 

 (Gives the detailed ‘From-to’ 

change information) 

+  +  +  + 

 (Selectively  provides 

Targeted change and 

background classes) 

Ability to meet 

variability 

inherent to 

real world 

+ 

 (Cannot offer specific land-

cover change because of 

binary results) 

+  +    

(Restricted by the definition of 

land cover type; unable to 

identify intra-class change 

information)  

+  +  +  +  + 

 (Accessible  to any  change 

type as long as corresponding 

training samples are given) 

 

Detection 

accuracy level  

+  +  + 

(Relies on empirical 

assumption on the 

application scene ) 

+  +  +  +  +   

 (Provides the most reliable 

detection because training 

samples of full classes are 

given) 

+  +  +   

 (Possibly affected by an 

extremely incomplete training 

set) 

Awareness to 

multiple 

uncertainty 

+  +  

(Seriously impacted by 

ambiguous definition of 

‘change’ or ‘no change’) 

+  +  +  

(Limited by the blend of 

irrelevant and interested 

changes) 

+  +  +  +  +   

(The issue of uncertainties is 

minimized as most classes 

other than targeted change are 

classified as ‘background’) 
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5.3 Conclusion and recommendations 

This study was undertaken to examine digital change-detection methods from two 

general aspects: unsupervised and supervised approaches. Chapter 2 clarifies several key concepts 

and presents primary change-detection methods for land-cover change with their pros and cons in 

the literature. In order to address the drawbacks of current techniques, methodological 

improvement is proposed in Chapter 3 and Chapter 4 from these two aspects: 

(1) Non-instance: 

In Chapter 3, the primary ‘interested’ and ‘irrelevant changes’ are accordingly 

defined to replace the ambiguous definition of ‘change’ and ‘no change’ from the predefined 

urban scene. In order to successfully separate interested change from irrelevant change, a 

very novel group of features, namely luminance and saturation, is found in light of their 

perfect, complementary attribute. A workflow aiming to effectively utilize these two features 

is further developed by integrating automatic radiometric normalization, T-point 

thresholding, Bayes fusion, and Markov Random Field. From the experiment results, the 

proposed approach outperforms the other three common unsupervised methods in urban 

change detection. 

(2) Instance-based 

In chapter 4, traditional supervised change detection is improved by a relatively novel 

approach ‘targeted change detection’. A novel algorithm called ‘Three-layer SVDD Fusion 

(TLSF)’ is developed specifically for targeted change detection. Moreover, an operational 

scheme is developed to exhibit the ability of our approach to handle complex, real-world 

scenes. The experiment shows our proposed procedure can well perform the task of 

identifying only interested land-cover change and keep other change types discarded.    
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Apart from the recommendations made in the separated manuscripts, another two points 

can be considered for developing change-detection methods to better perform land monitoring in 

future: 

(1) As mentioned, our proposed unsupervised method might not be applicable to 

environmental scenes other than urban regions. This indicates that many other 

applications including deforestation, ice melting or wetland degradation require the 

design of their specific change-detection techniques too according to their different 

monitoring goals. The follow-up research can be made in an analogical manner to the 

workflow of Chapter 2 and explore the two questions for other specialized change-

detection scenes: the best feature groups extracted from remote-sensing images and the 

most suitable unsupervised algorithm. 

(2) The proposed targeted change-detection approach can be further expanded into an object-

based framework. Geographic Object based Image Analysis (GEOBIA) is a recent 

development in GIScience community. Because it analyzes environmental satellite 

imagery based on the unit of spatial or geographical objects rather than traditional pixels, 

richer information on the targeted change can be extracted including texture, shape, and 

spatial relationships with neighboring objects and ancillary spatial data for different 

spatial resolution (Hussain et al., 2013).  Thus, more accurate mapping of interested 

change is potentially achieved within such object-based framework by comparing multi-

dimensional land-cover change information. 
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Appendix A 

T-point algorithm 

T-point algorithm, which has been widely used in this thesis as an automatic thresholding 

method, is introduced in this appendix (Coudray et al., 2010). Inspired by Euler Number 

algorithm for signal change detection (Rosin, 2001), T-point thinks the slope for unchanged part 

in the histogram should be considerably steeper than changed part as the noise amount drops 

much more quickly than the signal. So two lines 𝑙1 and 𝑙2 can be used to approximate the whole 

descending slope after main peak with the range[𝑀, 𝐿] (‘M’ is the main peak in the histogram, ‘L’ 

is the first empty bin of the histogram). We scale the bin width of luminance and saturation to fit 

8 bitms (0-255), for easier data manipulation. Given that 𝑘 ∈ [𝑀, 𝐿], two lines could be 

represented as: 

 
ℎ̂𝑖(𝑘) = {

  𝑎1(𝑘) ∗ 𝑔𝑖 + 𝑏1(𝑘),   𝑖𝑓 𝑖 ∈ [𝑀, 𝑘]

𝑎2(𝑘) ∗ 𝑔𝑖 + 𝑏2(𝑘),   𝑖𝑓 𝑖 ∈ [𝑘, 𝐿]
 (A.4) 

, where 𝑔𝑖 is grey level 𝑖 as a parameter, ℎ̂𝑖(𝑘) is an estimation value using these two equations; 

𝑎1(𝑘), 𝑏1(𝑘) are the slope and the intersect of  𝑙1 ; 𝑎2(𝑘), 𝑏2(𝑘) are the slope and the intersect of  

𝑙2.  
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Figure A.1 T- point algorithm 

 

 

The best threshold is the point of abscissa that minimizes the total cost of this two regression 

lines. The simplified cost functions 𝜀1(𝑘) and 𝜀2(𝑘) for 𝑙1  and 𝑙2 and their sum 𝜀(𝑘) can be 

computed as (the errors in the given equations of Coudray et al’s publication have been 

corrected):  

 
𝜀1(𝑘) = ∑ ℎ𝑖

2

𝑘

𝑖=𝑀

−
(∑ ℎ𝑖

𝑘
𝑖=𝑀 )

2
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−
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𝑘
𝑖=𝑀 ) 2
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(A.2) 

 
 𝜀2(𝑘) = ∑ ℎ𝑖

2

𝐿

𝑖=𝑘

−
(∑ ℎ𝑖

𝐿
𝑖=𝑘+1 )2

𝐿 − 𝑘

−
((𝐿 − 𝑘)  ∗  ∑ (𝑔𝑖 ∗ ℎ𝑖) 𝐿

𝑖=𝑘+1 −  ∑ 𝑔𝑖
𝐿
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𝐿
𝑖=𝑘+1 ) 2
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2  −  (∑ 𝑔𝑖)

𝐿
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2
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𝑖=𝑘+1

 

(A.3) 

 𝜀(𝑘) = 𝜀1(𝑘) + 𝜀2(𝑘) (A.4) 
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 , where ℎ𝑖 is histogram value at bin 𝑖. All possible 𝜀(𝑘) are calculated on 𝑘 ∈ [𝑀, 𝐿]. T-point 

algorithm thinks 𝑘 is the optimal when 𝜀(𝑘) reach the minimum. 

 

Reference:  

Coudray, N., Buessler, J.-L., & Urban, J.-P. 2010. Robust threshold estimation for images with 

unimodal histograms. Pattern Recognition Letters, 31(9), 1010-1019.  

Rosin, P. L. 2001. Unimodal thresholding. Pattern recognition, 34(11), 2083-2096.  
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Appendix B 

Bayes Fusion 

Bayes fusion can be simply stated as: provided {𝑥1, . . , 𝑥𝑅}  is a measurement set of pixel from 𝑅 

classification results, 𝑝(𝑥𝑖|𝜔𝑘) is the posterior probability of 𝑥𝑖   belonging to class  𝜔𝑘 (𝑘 =

1, 2, 3, … , 𝑚), assuming all the classification procedures are independent, complete expression of 

a joint probability distribution of {𝑥1, . . , 𝑥𝑅}  belonging to class  𝜔𝑘 for one pixel is (Kittler et al., 

1998)  

 
𝑝(𝜔𝑘|𝑥1, … , 𝑥𝑅) =

𝑝(𝜔𝑘) ∏  𝑝(𝑥𝑖|𝜔𝑘)𝑅
𝑖=1

∑ 𝑝(𝜔𝑗) ∏  𝑝(𝑥𝑖|𝜔𝑘)𝑅
𝑖=1

𝑚
𝑗=1

 (B.5) 

, where 𝑝(𝜔𝑘) is the prior probability of 𝜔𝑘. Equation (1) can be often simplified as (applied in 

Chapter 3) 

 

 
𝑝(𝜔𝑘|𝑥1, … , 𝑥𝑅) ∝  𝑝(𝜔𝑘) ∏  𝑝(𝑥𝑖|𝜔𝑘)

𝑅

𝑖=1
 (B.2) 

When 𝑝(𝜔𝑘) is not considered, Equation (1) can be else simplified as (applied in Chapter 4): 

 
𝑝(𝜔𝑘|𝑥1, … , 𝑥𝑅) ∝  ∏  𝑝(𝑥𝑖|𝜔𝑘)

𝑅

𝑖=1
 (B.3) 

 

Reference: 

Kittler, J., Hatef, M., Duin, R. P., & Matas, J. 1998. On combining classifiers. IEEE Transactions 

on Pattern Analysis and Machine Intelligence, 20(3), 226-239.  

  


