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Abstract 

Mass Detection and False Positive Reduction in 

Mammographic Images 

Breast cancer is the most common type of cancer for women in America. Currently the 

most effective method for early detection of breast cancer is mammography. 

Mammography is the only widely accepted imaging method used for routine breast 

cancer screening. Masses are one of the important signs of breast cancer. However it is 

difficult to detect masses because masses have different size and shape and their features 

can be obscured or similar to the normal breast parenchyma. Reading mammograms is 

a demanding job for radiologists. A computer aided detection (CAD) system can 

provide a consistent second opinion to a radiologist and greatly improve the mass 

detection accuracy.   

In this thesis, a computer aided detection system is developed which can segment the 

breast region from the background in the whole mammographic image, detect the 

suspicious regions from the breast region and then classify the suspicious regions to 

mass or normal breast tissue. The suspicious regions in the full mammographic image 

can be found by contrast limited adaptive histogram equalization and thresholding. 

These suspicious regions can be masses or normal breast tissue (false positives). To 

reduce the number of false positives in mass detection, a feature selection and 

classification approach using particle swarm optimization (PSO) and support vector 

machine (SVM) is proposed. Firstly, texture features are derived from the gray level co-

occurrence matrix (GLCM) of each suspicious region. A PSO and SVM based feature 

selection is proposed to determine the significant features. The significant features 

found by PSO-SVM based feature selection are used by the SVM classifier to classify 

the suspicious region to mass or normal breast tissue.    

One advantage of the proposed mass detection system is that it can detect different types 

of masses, including spiculated, circumscribed and ill-defined masses from the whole 

mammographic image. The number of false positives in mass detection can be reduced 

by the PSO and SVM based feature selection and mass classification method proposed 
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in this thesis. Experimental results show that the proposed PSO-SVM based feature 

selection technique can find the significant features that can improve the classification 

accuracy of SVM and perform better than other widely used feature selection methods. 

The proposed mass classification approach using PSO and SVM has better or 

comparable performance when compared to other state-of-the-art mass classification 

techniques, using sensitivity and specificity as the evaluation criteria.  

In order to perform accurate image segmentation of the mass from the suspicious region, 

a mass segmentation method by PSO based image clustering is proposed. Two new 

fitness functions are proposed which can improve the performance of image clustering 

by generating more compact clusters and larger inter-cluster distance. The proposed 

PSO based image clustering, with the new fitness function, can improve the 

segmentation of the mass from mammographic image. It has been shown 

experimentally that PSO based image clustering can have better mass segmentation 

performance when compared to K-means, a widely used clustering technique.   
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CHAPTER 1 
 

Introduction  
 

Breast cancer is the most common cancer among women in Australia [1].  According 

to Cancer Council Australia, the risk of being diagnosed with breast cancer by the age 

85 is 1 in 8 for women [1].  A recent study by the American Cancer Society shows that 

between one in eight and one in twelve women in the United States will develop breast 

cancer during their life-time [2].  Mammography is currently the most effective method 

in the early detection of breast cancer [3]. Reading mammograms is a demanding job 

for radiologists.  Even expert radiologists can miss a significant portion of abnormalities 

[4,5]. Computer Aided Detection (CAD) system can be used as a second reader. By 

using CAD detection systems as an aid, the radiologists’ accuracy of detection of breast 

cancer has been improved [6,7,8].  

This chapter will cover the basic concept of mammography, different types of 

mammography, importance of computer aided detection, the objectives and outline of 

this thesis. 

1.1 Introduction to Mammography 

There are several imaging techniques for examination of the breast, including magnetic 

resonance imaging, ultrasound imaging, and X-ray imaging [9]. Mammography is a 

specific type of imaging that examines the breast by using a low-dose X-ray system. 

Mammography is currently the most effective method for early detection of breast 
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cancer. Currently it is the only widely accepted imaging method for routine breast 

cancer screening [9].  

 There are two types of mammography: screening mammography and diagnostic 

mammography. Screening mammography is performed to detect breast cancer in an 

asymptomatic population [10]. Screening mammography generally consists of four 

views: with two views of each breast: the craniocaudal (CC) view (top to bottom view) 

and the mediolateral-oblique (MLO) view (side view taken at an angle). Figure 1.1 

shows the CC view and MLO view of a mammogram [11]. 

      

  (a) CC view       (b) MLO view 

Figure 1.1: CC view and MLO view of mammogram [11]. 

The purpose of diagnostic mammography is to examine a patient who has already 

demonstrated abnormal clinical findings. Similar to screening mammography, each 

breast examined using diagnostic mammography may also have two views. Diagnostic 

mammography is often performed as a follow-up examination of an abnormal screening 

mammography to determine whether area of concern on the screening examination 

needs additional breast imaging or a biopsy to determine whether the woman has breast 

cancer [10]. 
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 It is a demanding task for radiologists to interpret the results of mammograms 

because mammograms generally have low contrast. According to research in [12], 

double reading of mammograms can provide effective screening and high sensitivity. 

Double reading means that two radiologists will read the same mammograms.  

However, the workload and costs for double reading are high. Computer aided detection 

(CAD) can be used to aid the radiologists to interpret the mammogram. With the help 

of CAD, only one radiologist is needed to read the mammogram and the CAD can 

provide the second opinion to the radiologist. Previous research by Brem et al. [13] 

indicates that the use of CAD significantly improved the detection of breast cancer by 

increasing the radiologist’s sensitivity by 21.2%.  

1.2 Abnormalities in Mammogram 

There are many different types of mammographic abnormality which include masses, 

micro-calcifications, architectural distortion and asymmetry [14] (see Figure 1.2).  

         
(a) Mass                   (b) Calcifications      (c)  Architectural    (d) Asymmetry 
          distortion 
 

Figure 1.2: Different Types of mammographic abnormality. 

 A breast mass is a generic term to indicate a localized swelling or lump in the 

breast. A mass is defined as a space-occupying lesion seen in at least two different 

projections [15]. Masses are characterized by their shape and margin characteristics 

[16,17]. Calcifications are tiny deposits of calcium, which appear as small bright spots 

on the mammogram. They are characterized by their type and distribution properties 
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[16]. Micro-calcifications usually form clusters and individual micro-calcifications can 

range from twenty to several hundred microns in diameter [18].  For architectural 

distortion, the normal architecture is distorted with no definite mass visible. This 

includes spiculations radiating from a point, and focal retraction or distortion of the edge 

of the parenchyma [15,16]. Although there are many types of abnormalities, in a 

majority of cases, the abnormalities are either micro-calcifications or masses [18].  

Detection of mammographic abnormality is difficult because there is a large variability 

in the appearance of abnormalities and abnormalities are often occluded or hidden in 

dense breast tissue. Mass detection is generally more difficult than the detection of 

micro-calcifications because the features of mass can be obscured or similar to normal 

breast parenchyma [19].  

 There are three types of masses in a mammogram: circumscribed, spiculated and 

ill-defined masses [14]. Figure 1.3 shows the three types of masses. The images are 

taken from the mini-MIAS mammographic database and the characters in bracket in 

Figure 1.3 represent the filename of the mammogram image in the mini-MIAS database. 

The left hand side of the figure shows the original image in the mini-MIAS 

mammogram database while the right hand side shows the image with the mass 

enclosed in a white circle. The center of the circle represents the centroid of the mass 

and the radius of the circle represents the size of the mass. The center and radius of the 

circle are provided as ground truth information in the mini-MIAS database. 
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    (a) Circumscribed mass (mdb023) 

      
    (b) Spiculated mass (mdb181) 

      
    (c) Ill-defined mass (mdb032) 

Figure 1.3: Three types of mass.  
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1.3 Computer Aided Detection 

Computer-aided detection (CAD) systems have been used to help radiologists in 

detecting mammographic lesions that may indicate the presence of breast cancer. The 

metrics used to report the performance of detection algorithms are sensitivity and the 

number of false positives per image (FPI). Sensitivity is defined as the number of true 

positive marks divided by the number of lesions. A true-positive mark is a mark made 

by the CAD system that corresponds to the location of a lesion. A false-positive mark 

is a mark made by the CAD system that does not correspond to the location of a lesion 

[16]. Most detection algorithms consist of two stages. In the first stage, the aim is to 

detect suspicious lesions at a high sensitivity. In the second stage, the aim is to reduce 

the number of false positives without a significant decrease in sensitivity. The first stage 

is designed to have a very high sensitivity and a large number of false positives are 

acceptable since stage 2 can be used to reduce the number of false positives. It should 

be noted that regions labeled as suspicious by the detection algorithms are not 

necessarily malignant. The classification of detected regions into malignant or benign 

categories is a different problem.  The purpose of a CAD system is to identify the 

suspicious regions which can be breast cancer lesions or normal tissue. The output of a 

CAD system can be marks or regions of interest [15]. Also CAD systems act only as a 

second reader and the final decision is made by the radiologist. Recent research has 

shown that CAD detection systems, when used as an aid, have improved radiologists’ 

accuracy of detection of breast cancer [13].  As described in earlier section, there are 

many types of abnormalities but in a majority of cases, the abnormalities are either 

micro-calcifications or masses [18]. Mass detection is generally more difficult than the 

detection of micro-calcifications [19]. This thesis will cover mass detection, false 

positive reduction and mass segmentation. The proposed false positive reduction and 
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mass segmentation algorithms are developed by using particle swarm optimization 

(PSO).   

   

1.4 Contributions 

Computer-aided detection (CAD) systems have been used to help radiologists in 

detecting mammographic lesions that may indicate the presence of breast cancer. 

Research in mammographic mass detection has been done for many years. However 

much previous research has been done on a single type of mass. A method is proposed 

in this thesis which can detect different types of mass from a mammographic image. 

Also the proposed mass detection technique does not depend on the size, shape and 

boundary of the masses. 

 Another contribution is to reduce the number of false positives in mass detection. 

A particle swarm optimization (PSO) based feature selection is proposed to find the 

significant features that can improve classification accuracy. The proposed PSO based 

feature selection method has been shown to perform better than or similar to other 

conventional feature selection methods when it is applied in mass classification. Finally 

this thesis demonstrates how PSO can be used to improve false positive reduction in 

mass detection and how PSO based image clustering can improve mass segmentation.  

This thesis has shown that PSO based feature selection can find significant features that 

can improve mass classification accuracy. The mass segmentation approach using PSO 

based clustering can have better performance than mass segmentation using k-means 

clustering.  

 Another main contribution of this thesis is to show how particle swarm 

optimization (PSO) can improve the performance of mass detection, classification and 
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segmentation. A PSO based feature selection method is proposed to select significant 

features for mass classification which can be used to improve mass classification 

accuracy and reduce the number of false positives in mass detection. For mass 

segmentation, a PSO based image clustering technique with new fitness functions is 

used. Experimental result shows that PSO based image clustering has better mass 

segmentation performance when compared to k-means clustering. 

 

1.5 Organization of This Thesis 

The organization of this thesis is as follows. This chapter describes the concepts of 

mammography and abnormalities in a mammogram. My contributions to this thesis are 

also described. Chapter 2 provides a review of previous research work in mass detection 

and false positive reduction. Chapter 3 describes the mass detection method used in this 

thesis. Chapter 4 shows how particle swarm optimization (PSO) can be used in 

parameter tuning, feature selection and mass classification. Chapter 5 shows how mass 

segmentation can be done by using PSO based image clustering. Finally Chapter 6 

contains the conclusion of this thesis. 
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CHAPTER 2 
 
Review of Mass Detection and False Positive 
Reduction Techniques  

 

2.1 Introduction 

A mass is defined as a space-occupying lesion seen in at least two different projections 

[15]. A breast mass is a generic term to indicate a localized swelling, protuberance, or 

lump in the breast [18]. Radiologists characterize masses by their shape and margin 

properties. A number of researchers have worked on different methods for detecting 

masses in mammograms. Masses with spiculated margins have a very high likelihood 

of malignancy and thus some methods have been developed specifically for the 

detection of spiculated masses. A spiculated mass is characterized by lines radiating 

from the margins of a mass [20]. A Computer-Aided Diagnosis (CAD) system is a set 

of automatic or semi-automatic tools developed to assist radiologists in the detection 

and/or classification of mammographic abnormalities [18,21,22]. The use of CAD in 

the interpretation of screening mammograms can increase the detection of early-stage 

malignancies [22]. However, the main drawback of CAD systems is the significant 

number of false positive detections [23].  

 The first part of this chapter is focused on the review of mass detection techniques. 

Some previous research publications distinguish between mass detection and mass 
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segmentation algorithms. Mass detection is defined as the identification of potential 

lesions within the parenchymal background. Usually these methods generate a marker 

or prompt at a suspicious region in a mammogram. Mass segmentation is defined as a 

method able to detect the precise outline of the potential lesion [18]. However, some 

algorithms have been developed that can develop mass detection and segmentation at 

the same time. According to research by A. Oliver et al. [18], there are three possible 

outputs for mass detection/segmentation algorithms: 

 detection and/or segmentation of potential lesions; 

 classification of detected lesion as mass or not mass (also referred as false 

positive reduction algorithms); 

 classification of lesions as benign or malignant mass. 

 In this thesis, mass detection and segmentation, and false positive reduction 

algorithms will be covered. While the proposed mass detection approach in this thesis 

can perform both mass detection and segmentation, the priority in this thesis is to 

perform accurate mass detection. Once the potential lesions have been found, mass 

segmentation can be applied to a window surrounding the suspicious region to obtain 

accurate mass boundary. A PSO based clustering algorithm is proposed in this thesis to 

perform mass segmentation.   

 To improve the mass detection accuracy, false positive algorithms can be applied 

to classify the potential lesions as mass or not mass. In this thesis, a PSO based feature 

selection and classification approach is used for false positive reduction. By using the 

significant features found by PSO based feature selection instead of using all features, 

it can improve the classification accuracy of mass detection.     
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 In section 2.2, a review of mass detection techniques is provided. In the first stage 

of mass detection, the main objective is to detect suspicious regions on the mammogram 

with high sensitivity and a large number of false positives can be accepted [18]. In the 

second stage, the suspicious region will be classified as mass or normal tissue. The 

purpose is to reduce the number of false positives. A review of false positive reduction 

techniques is given in section 2.3.  

  

2.2 Review of Mass detection techniques 

Most mass detection algorithms consist of two stages [16]:  

 stage 1: detection of suspicious regions on the mammogram,  

 stage 2: classification of suspicious regions as mass or normal tissue.  

The objective of the first stage is detection of mass with very high sensitivity. A large 

number of false positives is acceptable in the first stage since they are expected to be 

removed by false positive reduction in stage 2.  According to M. P. Sampat et al. [16], 

mass detection algorithms for stage 1 detection can generally be considered to be of two 

types, pixel based or region based. They are discussed in sections 2.2.1 and 2.2.2 

respectively. 

2.2.1 Pixel-based Detection Methods 

In pixel-based methods, features are extracted for each pixel and they are then classified 

as suspicious or normal. Features are extracted from the local neighborhood of each 

pixel. In the next step pixels are classified as suspicious or not. This may be done by 

simply applying a threshold to the feature image or by using sophisticated classification 

techniques. Finally, suspicious pixels are grouped together into regions, generally by 
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collecting connected pixels [16]. It should be noted that regions labeled as suspicious 

by the detection algorithms are not necessarily malignant. The purpose of mass 

detection is to find the locations of the suspicious regions.  

 Some detection methods are developed for a special type of mass. As spiculated 

masses have high chance of malignancy, many researchers concentrated on spiculated 

masses. Since spiculated masses are characterized by spicules radiating in all directions, 

edge orientations at each pixel are often used for mass detection. Each pixel is 

represented by a feature vector that represents the strongest edge orientation at the pixel.  

 Kegelmeyer et al. [24] used the standard deviation of a local edge orientation 

histogram (ALOE) and the output of four spatial filters that are a subset of Laws texture 

features to detect speculated masses. The idea of using the ALOE feature is that a 

normal mammogram exhibits a tissue structure that radiates in a particular orientation. 

A spiculated mass would change this trend and thus normal tissue would have edge 

orientations in a particular direction, whereas in suspicious regions containing 

spiculated lesions, edges would exist in many different orientations. Karssemeijer 

and te Brake [25] detected stellate distortions by a statistical analysis of a map of pixel 

orientations. The orientation at each pixel was computed from the response of three 

filter kernels, which are second-order, directional derivatives of a Gaussian kernel in 

three different directions. These filters form a non-orthogonal basis. They used the 

relation that at a particular scale, the output at any orientation can be expressed as a 

weighted sum of the responses of the filters. This relation was used to determine the 

orientation at each pixel and two features for each pixel were derived by a statistical 

analysis of these pixel orientation maps. The pixels were then classified as suspicious 

or normal. 
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 Liu et al. [26] point out that in general, it is difficult to estimate the size of the 

neighborhood that should be used to compute the local features of spiculated masses. 

To address this problem Liu et al. [26] developed a multiresolution algorithm for the 

detection of spiculated masses. They generated a multiresolution representation of a 

mammogram using the discrete wavelet transform. They extracted four features at each 

resolution for each pixel. The detection was carried out in a top-down manner from the 

coarsest resolution to the finer resolutions. If a positive detection was made and a pixel 

was classified as abnormal, no feature extraction and detection were needed at the 

corresponding pixels at all finer resolutions 

 Other researchers have also worked on other types of masses. Li et al. [27] 

developed a two-step process for detection of masses. In the first step, adaptive gray-

level thresholding was used to obtain an initial segmentation of suspicious regions. The 

segmentation was iteratively improved using a multiresolution Markov random field 

(MRF)–based segmentation method. The algorithm was first applied at the coarsest 

resolution and the output was refined at the next finer resolution. A fuzzy binary 

decision tree was used to classify the segmented regions as masses or normal tissue 

using features based on shape, region size, and contrast. 

 Matsubara et al. [28] developed an adaptive thresholding technique for mass 

detection. Histogram analysis technique was used to divide mammograms into three 

categories ranging from fatty to dense tissue. Potential masses were detected using 

multiple threshold values based on the category of the mammogram. The number of 

false positives was reduced by using features such as circularity, area, and standard 

deviation. 

 Li et al. [29] developed a method for lesion site selection using stochastic model–

based segmentation technique. A finite generalized Gaussian mixture distribution was 
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used to model histograms of mammograms. The expectation maximization algorithm 

[30] was used to determine the parameters of the model. The segmentation was achieved 

by classifying pixels using a new Bayesian relaxation labeling technique.  

 The advantage of using pixel-based methods is that one has a large number of 

samples to train a classifier. However, the disadvantage of pixel-based methods is that  

the spatial arrangement of the pixels is not considered and  this is a very important factor 

to discriminate masses from normal tissue. A different set of features would be required 

to describe different mass types. It is computationally intensive. Most pixel-based 

methods must subsample images before detection [16]. 

  

2.2.2 Region-based Detection Methods 

In region based detection methods, regions of interest are first extracted by a 

segmentation or filtering technique. Features are then extracted for each region and the 

region is classified as suspicious or normal. These features are designed to describe 

important diagnostic information like shape and texture of the extracted regions 

 A number of these methods are based on the idea of matched filtering. In these 

approaches, the filter is used as a model for a mass. The output of the filtered image will 

be high near the center of the tumor masses. Often the N largest outputs are selected as 

possible suspicious regions. This is followed by the extraction of ROIs around the N 

largest peaks. Features are extracted from the ROI, and the ROIs are classified as 

containing a mass or normal tissue. In the region-based methods, features are extracted 

for each region.  

 Brzakovic et al. [31] use a two-stage multiresolution approach for detection of 

masses. First they identified suspicious ROIs using Gaussian pyramids and a pyramid 
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linking technique based on the intensity of edge links. Edges were linked across various 

levels of resolution. This was followed by a classification stage, where the ROIs were 

classified as malignant, benign, or normal on the basis of features like shape descriptors, 

edge descriptors, and area. 

 Petrick et al. [32] developed a two-stage algorithm for the enhancement of 

suspicious objects. In the first stage, they proposed an adaptive density-weighted 

contrast-enhancement (DWCE) filter to enhance objects and suppress background 

structures. The central idea of this filtering technique was that it used the density value 

of each pixel to weight its local contrast. In the first stage, the DWCE filter and a simple 

edge detector (Laplacian of Gaussian) were used to extract ROIs containing potential 

masses. In the second stage, the DWCE was reapplied to the ROI. Finally, to reduce the 

number of false positives, they used a set of texture features for classifying detected 

objects as masses or normal. They further improved the detection algorithm by adding 

an object-based region growing algorithm [33]. 

 Polakowski et al. [34] used a single difference of Gaussian (DoG) filter to detect 

masses. The DoG filter was designed to match masses that were approximately 1 cm in 

diameter. ROIs were selected from the filtered image. They used nine features based on 

size, contrast, circularity and Laws texture features to reduce the number of false 

positives and to then classify ROIs as malignant or normal. 

 The DoG filter, which is a band-pass filter, has been used by several researchers 

for the preliminary task of detection of potential masses in an image. The DoG filter 

must be matched to the size of the mass. Since the size of masses varies, a number of 

DoG filters would be required, which would increase the computational complexity. 

Since the size of a potential mass is not known a priori, several researchers have used 

multiscale region-based methods for the detection of masses [16]. 
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 Belloti et al. [35] used an edge-based segmentation algorithm to separate the 

suspicious regions. Second order measures obtained from the co-occurrence matrices 

were used to describe the texture of the region. Artificial neural network was used in 

the classification step.  

 Kobatake et al. [36] modeled masses as rounded convex regions and developed 

an ‘‘iris filter’’ to enhance and detect masses. The iris filter was applied to a gradient 

image that was generated by Perwitt-type operators. The output of the filter was 

computed by measuring the average convergence of the gradient over the region of 

support of the filter. The peaks of the output of the filter were selected as centers of 

tumor candidates. The filter was then re-applied locally to detect the boundaries of 

candidate masses. Finally, texture features were computed from the candidates and were 

used to reduce false-positives. One of the advantages of using this filter was that the 

output of the filter would be constant regardless of the contrast between a rounded 

convex region and the background  [16]. 

 Qian et al. [37] developed a multiresolution and multi-orientation wavelet 

transform for the detection of masses and spiculation analysis. They observed that 

traditional wavelet transforms cannot extract directional information, which is crucial 

for a spiculation detection task and thus, they introduced a directional wavelet 

transform. An input image was decomposed into two output images using the 

directional wavelet transform. One was a smoothed version of the original image and 

was used to segment the boundary of the mass. The second contained the high-

frequency information and was used for directional feature extraction. The key ideas of 

the method were that at coarser resolutions, features such as the central mass region can 

be easily detected, whereas at finer resolutions, detailed directional features such as 

spicules can be localized. 



17 
 

 Some researchers have developed region-based methods that are focused on the 

detection of masses with particular margin characteristics, such as circumscribed or 

spiculated masses. Lai et al. [38] developed a simple template matching algorithm to 

detect circumscribed masses only. They enhanced images using a modified median 

filtering technique to remove background noise. To cope with variations in the size of 

masses, templates with various radii were used. Normalized cross-correlation was used 

to measure the similarity between a potential mass and the template. This particular 

metric was chosen since it is invariant to the size of the template and the average 

brightness of the image. 

 Groshong and Kegelmeyer [39] used the circular Hough transform [40] for the 

detection of circumscribed lesions. A point in the three dimensional Hough domain 

maps to a circle in the image domain. They computed an edge image using a canny 

operator and selected a subset of the edges based on length and intensity. This subset of 

edges was the input to a circular Hough transform. Two features were extracted from 

the Hough domain for each pixel and ultimately these were classified as either 

belonging to a mass or normal tissue. 

 Zhang et al. [41] noted that the presence of spiculated lesions led to changes in 

the local mammographic texture. They proposed that such a change could be detected 

in the Hough domain, which is computed using the Hough transform. They partitioned 

an image into overlapping ROIs and computed the Hough transform for each ROI. The 

Hough domain of each ROI was thresholded to detect local changes in mammographic 

texture and to determine the presence or absence of a spiculated mass. 

 Region-based methods have a number of advantages. In contrast to pixel-based 

methods, region-based detection takes into account the spatial information. Also, the 

features are directly correlated to important diagnostic information like the shape and 
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margin of extracted regions. They are computationally less intensive than pixel-based 

methods. The main disadvantage is that if a classifier is used, there are fewer samples 

for training the classifier as compared to the pixel based methods [16]. 

  

2.3 Review of False Positive Reduction Techniques 

The purpose of the second stage in mass detection is to reduce the number of false 

positives produced in the first stage. The suspicious regions are classified as mass or 

normal tissue. A review of the false positive reduction methods in mass detection is 

given below. 

 Te Brake et al. [42] defined a number of features to discriminate between lesions 

and normal tissue that were designed to capture image characteristics like intensity, iso-

density, location, and contrast. Angelini et al. [43] had tested and compared the 

performance of different image representations for mass classification. Instead of 

extracting features from the suspicious regions, the features are embodied by the image 

representation used to encode the suspicious regions. The best result was given by the 

pixel image representation, using SVM as classifier, with 90% sensitivity and 94% 

specificity. Christoyianni [44] used the GLCM [45] texture features and MLP and 

obtained 85% sensitivity and 83% specificity. Wei et al. [46] developed a classifier 

using texture features and linear discriminant analysis for this task. They computed 

multiresolution texture features from spatial gray-level dependence matrices. Wei et al. 

[47] also investigated the use of global and local multiresolution texture features for this 

task and for reducing the number of false-positive detections on a set of manually 

extracted ROI. Sahiner et al. [48] proposed a convolution neural network for this task. 

They extracted texture features from the ROIs. Petrosian et al. [49] used the GLCM 
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texture features and a modified decision tree classifier and obtained 76% sensitivity and 

64% specificity.  Kupinski and Giger [50] studied a regularized neural network for this 

task. Masses were detected using the bilateral subtraction scheme. Features based on 

geometry intensity and the gradients of potential lesions were extracted. They also 

evaluated the effectiveness to minimize overtraining. Mutual information and a sub-

region hotelling observer have also been tested for this classification problem. Tourassi 

et al. [51] had applied template matching scheme based on the mutual information and 

obtained 90% sensitivity and 65% specificity. Junior et al. [52] had applied Diversity 

Index in a spatial approach to reduce the number of false positives in mass detection. 

The computed measures are classified by Support Vector Machine (SVM) and the best 

result of true negative rate is 75.8% and true positive rate is 93.5%.   Hussain et al. [53] 

used the Gabor filter bank to extract the most representative and discriminative textual 

properties of masses present at different orientations and scales. SVM with Gaussian 

kernel is used for classification of ROIs as masses and normal tissues. The area under 

the ROC curve (AZ) is used as the performance criterion. The best result for AZ is 0.96.  

 In this thesis, a mass classification method using particle swarm optimization 

(PSO) based feature selection is proposed. It can find the significant features in mass 

classification. By using these significant features instead of the full set of features, better 

mass classification accuracy can be obtained when compared to other existing mass 

classification techniques. 
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CHAPTER 3 
 

Mass Detection Using CLAHE and 
Thresholding  
 

3.1 Introduction  

The purpose of mass detection is to identify the suspicious regions in a mammogram. 

Reading mammograms is a demanding job for radiologists. Computer Aided Detection 

(CAD) can be used as a second reader and helps the radiologists to make the final 

interpretation.  

 Threshold methods have been widely used for mass detection and/or 

segmentation. One approach is to obtain an initial rough detection of suspicious regions 

by thresholding and, in a subsequent step, the result is refined by using topological 

analysis [54].  Most of the thresholding algorithms are based on the grey-level value of 

the actual mammogram. For instance, Abdel-Dayem and El-Sakka [55] found the best 

threshold to detect masses based on minimizing the global fuzzy entropy of the image. 

In contrast, Matsubara et al. [56,57] used different threshold values depending on the 

type of tissue of the breast, which was analysed using histogram analysis. Özekes et al. 

[58] used directional thresholding to estimate the shape of the mass. The pixels of the 

mammogram were scanned in eight directions using various thresholds. Subsequently, 

a (circular) mass template was used to categorise the region as being a true mass. Sameti 

et al. [59,60] introduced neighboring information into the thresholding algorithm. They 
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first divided the image into a set of ROIs and, subsequently, a fuzzy membership was 

given to each pixel of the ROI. In each iteration an error value was calculated, updating 

also each membership value. In this process they took neighbouring values into account. 

 In other cases the thresholding is not applied directly to the mammographic 

image, but to an enhanced version of the original image. Ball et al. [61] applied 

thresholding to a contrast enhanced version of the mammogram. Kobatake and 

Murakami [62] applied an Iris filter designed to enhance rounded opacities and to be 

insensitive to thin anatomical structures. Using adaptive thresholding they detected 

round masses. A logical filter was used by Rocha et al. [63] to enhance the edges of the 

suspicious region. Subsequently, a thresholding value was found by using histogram 

information to find the edge of the lesion. 

 Instead of enhancing the image using filters, a different approach is to first extract 

some features from the image and threshold them in a posterior step. For instance, Heath 

and Bowyer [64] developed a new mass detection algorithm which was based on an 

Average Fraction Under the Minimum (AFUM) filter, which was designed to find the 

degree to which the surrounding region of a point radially decreases in intensity. The 

final step was to threshold the image to identify suspicious regions. Another example is 

the work of Gupta and Undrill [65] and Undrill et al. [66] who thresholded the 

mammograms by using Laws masks. Laine et al. [67] found the best scale to segment 

the lesions by using wavelet decomposition [68]. Another common approach is to 

threshold the result of an image subtraction. Polakowski et al. [69] found the edges in 

the image by subtracting two smoothed versions of the original mammogram, and 

subsequently thresholded this image. Two Gaussian filters with different standard 

deviation were used to smooth the original mammogram. Instead of subtracting two 
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blurred images of the mammogram, Kom et al. [70] subtracted from the original image 

a linearly transformed enhanced image. 

Many researchers only focused on one particular kind of mass, e.g. circumscribed 

lesions [38,39] and spiculated masses [25,26]. This thesis will propose a method which 

can detect different types of masses: circumscribed, speculated and ill-defined masses. 

The proposed mass detection method can be used for mass with any size and shape. It 

consists of four stages: 

 breast region extraction, 

 contrast limited adaptive histogram equalization (CLAHE), 

 thresholding after CLAHE, 

 false positive (FP) reduction by area and shape measure. 

In the fourth stage, FP reduction is done by using area and shape measure. In Chapter 

4 of this thesis, a particle swarm optimization (PSO) based selection and classification 

technique is proposed to further reduce the number of false positives. The details of the 

four stages of the proposed mass detection method are given in the following sections. 

3.2 Breast Region Extraction 

There are two main areas in a full mammographic image: breast region and non-breast 

region. The non-breast region can contain dark background and background objects 

which can include character labels and some artifacts. Some mammograms in mini-

MIAS database contain background objects with intensity higher than the breast region, 

or even higher than mass region, as shown in Figure 3.1(a). They may deteriorate the 

results of raw ROI extraction and final segmentation if they are segmented together with 

the breast region. Hence these background objects have to be removed before mass 

detection. The intensity threshold value that separates the foreground regions (regions 



23 
 

with high intensity) from the dark background has to be identified.  After thresholding, 

the area of each segmented object is found by counting the number of pixels in each 

object. As the breast region is the major region in the mammogram that occupies the 

largest area compared with the regions of other segmented objects, the segmented 

region with largest area was selected as breast region. 

 T. S. Subashini et al. [71] have used global thresholding to convert the 

mammographic image to the binary image and then perform breast region extraction. 

In this thesis, similar to Subashini’s work, a binary image is created from the 

mammographic image by thresholding. The threshold gray level value used is 14 in this 

thesis. After thresholding, the bright intensity object (with gray level value 255) with 

the maximum area will be the breast region and the non-breast region will contain some 

background objects such as character labels and artifacts. By choosing the bright object 

with the largest area after thresholding, the breast region can be segmented from the 

mammographic image. 

 The image in Figure 3.1(a) is taken from the mini-MIAS database [14]. In Figure 

3.1 (b), the white circle represents the ground truth data provided by the mini-MIAS 

database. The center of the circle represents the centroid of the mass. The circle will 

completely enclose the mass, with some normal breast tissue inside the circle. Both the 

center and radius of the circle are provided in the ground truth file of the mini-MIAS 

database. 
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     (a) Original mammographic image         (b) Image with mass ground truth circle 

 

(c) ROI image after breast region extraction 

Figure 3.1: Breast region extraction. 

    After breast region extraction, it can be seen from Figure 3.1 (c) that only the 

breast body remains. The character labels in the original image have been removed.  
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3.3 Contrast Limited Adaptive Histogram Equalization 

Adaptive histogram equalization (AHE) is a computer image processing technique used 

to improve contrast in images. Ordinary histogram equalization uses the same 

transformation derived from the image histogram to transform all pixels. This works 

well when the distribution of pixel values is similar throughout the image. However, 

when the image contains regions that are significantly lighter or darker than most of the 

image, the contrast in those regions will not be sufficiently enhanced. Adaptive 

histogram equalization (AHE) differs from ordinary histogram equalization in the 

respect that the adaptive method computes several histograms, each corresponding to a 

distinct section of the image, and uses them to redistribute the lightness values of the 

image. Adaptive histogram equalization (AHE) transforms each pixel with a 

transformation function derived from a neighbourhood region. It is suitable for 

improving the local contrast and enhancing the definitions of edges in each region of an 

image [72]. However, AHE has a tendency to over-amplify noise in relatively 

homogeneous regions of an image. A variant of adaptive histogram equalization called 

contrast limited adaptive histogram equalization (CLAHE) prevents this by limiting the 

amplification.  

 Contrast Limited AHE (CLAHE) differs from ordinary adaptive histogram 

equalization in its contrast limiting. This is achieved by limiting the contrast 

enhancement of AHE. For CLAHE, the contrast limiting procedure has to be applied 

for each neighbourhood from which a transformation function is derived. CLAHE was 

developed to prevent the over-amplification of noise that adaptive histogram 

equalization can give rise to. The contrast amplification in the vicinity of a given pixel 

value is given by the slope of the transformation function. This is proportional to the 
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slope of the neighbourhood cumulative distribution function (CDF) and therefore to the 

value of the histogram at that pixel value. CLAHE limits the amplification by clipping 

the histogram at a predefined value before computing the CDF. This limits the slope of 

the CDF and therefore of the transformation function. The value at which the histogram 

is clipped, the so-called clip limit, depends on the normalization of the histogram and 

thereby on the size of the neighbourhood region.  

      

Figure 3.2: CLAHE:  redistribute the part of the histogram that exceeds the clip limit 
equally among all histogram bins. [72] 

  
 It is advantageous not to discard the part of the histogram that exceeds the clip 

limit but to redistribute it equally among all histogram bins (Figure 3.2) [72]. The 

redistribution will push some bins over the clip limit again, resulting in an effective clip 

limit that is larger than the prescribed limit and the exact value of which depends on the 

image. If this is undesirable, the redistribution procedure can be repeated recursively 

until the excess is negligible [72]. 

 There are two parameters for CLAHE: the threshold for contrast limiting 

(clipLimit) and size of grid for histogram equalization (tileGridSize). Input image will 

be divided into equally sized rectangular tiles. The grid size (tileGridSize) defines the 

number of tiles in row and column [73]. In openCV, the default values for clipLimit is 

2 and tileGridSize is (8,8). 
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 The advantages of using CLAHE are that it is easy to use, uses simple calculation, 

and gives good output in local areas of the image. CLAHE has less noise and it can 

prevent brightness saturation that commonly happens in histogram equalization [74,75].  

 A mass is brighter than the surrounding breast tissue though it is not necessary to 

be the brightest area in the mammogram image. CLAHE will improve the contrast of a 

mass (see Figure 3.3) and thresholding can be used to extract the mass after CLAHE.  

           

             (a) ROI image before CLAHE                  (b) ROI image after CLAHE 

Figure 3.3: ROI image after CLAHE contrast enhancement. 

 

3.4 Mass Detection by Thresholding After CLAHE 

After CLAHE, the contrast of the mass will be improved. A thresholding operation is 

used to extract the mass from the surrounding tissues. There will be some false positives 

but they can be reduced in the later stage. 
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Figure 3.4: Image after CLAHE and thresholding. 

In Figure 3.4, the large white region in the top right hand corner is the pectoral muscle 

region after thresholding. Connected component labeling can be done by using the two 

openCV software library functions for C++:  findContours and drawContours [76].  

After connected component labeling, the perimeter and area of each region can be found 

by using openCV software library.  

 In the next stage, the number of false positives can be reduced by removing the 

bright areas that are too small and those regions that are very long and narrow.  

 

3.5 False Positive Reduction by Area and Shape Measure 

To reduce the number of false positives (FP) in Figure 3.4, two steps are used in false 

positives reduction. In the first step, the number of false positives can be reduced by 

removing regions with very small areas. In mini-MIAS database, according to its 

ground truth file, image with filename number mdb206 has the smallest radius of circle 

enclosing the mass. The number of pixels in the enclosing circle of mass for image 

mdb206 is used to determine the area threshold. Any suspicious region with  area less 

than this area threshold is not considered as mass. Another feature to reduce the number 
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of false positives is the shape measure. The shape measure is used to remove very long 

and narrow regions. The shape measure used is defined by the perimeter squared divided 

by the area of a region [77]. A threshold for this shape measure has to be chosen that 

will reject those regions which are very long and narrow. The threshold used for shape 

measure is 42 and is determined by experiment for the mini-MIAS database. If the shape 

measure calculated for a suspicious region exceeds 42, then the suspicious region is not 

considered as mass. Thirty-two images are selected randomly from the Mini-MIAS 

mammographic database for testing. Every image used for testing has at least one mass 

according to the ground truth file. In Figure 3.4, after applying false positive reduction 

by area and shape measure, the mass detection output has one mass and five false 

positives (see Figure 3.5(b)). Details of the test result are given in section 3.6. 

           

       (a) Original image with white ground           (b) Image after mass detection with  
             truth circle                                                     false positive reduction                                       

Figure 3.5: Mass detection output after FP reduction 

 While only the area and shape features are used in this chapter for false positive 

reduction, in the next chapter (Chapter 4), the number of false positives can be further 

reduced by using particle swarm optimization (PSO). 
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3.6 Experimental Result and Discussion 

Thirty-two images are randomly selected from the mini-MIAS mammographic 

database. Each of these selected images has at least one mass, as given by the ground 

truth file of the database. Of these thirty-two images, two of them contain two masses 

each. Each of the other thirty images has one mass. The sensitivity (true positive 

accuracy) of mass detection is 88.2 % and the false positives per image (FPI) is 5.66. 

The algorithm was implemented by C++ language using OpenCV library [76], 

 Table 3.1: Summary of output result of various mass detection methods 

Method 
True 
Positive % 

FPI 

This thesis 
88.2 5.66 

Li et al. [23] 
90 2 

Matsubarta et al [24] 
82 0.65 

Petrick et al. [28] 
90 4.4 

Belloti et al. [46] 
80 4.23 

Kobatake et al. [31] 
90.4 1.3 

Brzakovic et al. [27] 
85 _ 

Groshong et al. [34] 
80 1.34 

Karsemeijer et al. [21] 
90 1 

Liu et al. [22] 
84.2 1 

 

 The sensitivity and false positives per image (FPI) of the proposed mass 

detection method and other previous research work are compared in Table 3.1. 

In the column for method, the number in square bracket corresponds to the 
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reference number in the section References at the end of this thesis. The 

following points should be noted in Table 3.1. 

 Caution should be taken to compare different mass detection techniques using 

Table 3.1. Different methods may use different mammogram database and 

different number of images in testing. Even if the same mammogram database 

is used, different methods may choose different images from the database for 

testing.  

 The proposed mass detection method in this thesis has satisfactory sensitivity 

when compared to other methods in Table 3.1 but the FPI is a bit higher. It 

should be noted only simple false positive reduction techniques are used in the 

proposed method, namely the area and the shape feature. In order to reduce the 

FPI, a PSO based feature selection and classification technique is proposed in 

the Chapter 4 to reduce the number of false positives. The proposed PSO based 

feature selection and classification technique is a general approach and can also 

be applied to other mass detection methods to reduce the number of false 

positives.  

 Pectoral muscle removal has not been implemented in the proposed mass 

detection method. The false positives per image can be further reduced if 

pectoral muscle removal is implemented in the future. For some mammograms, 

if the pectoral region is very long and narrow, the pectoral muscle region has 

already been removed by the shape measure used but the simple shape measure 

proposed in the mass detection method cannot detect and remove all pectoral 

muscles in the mini-MIAS database. 

 The proposed mass detection method can detect three types of masses: 

spiculated, ill-defined and circumscribed with 88.2% sensitivity and 5.66 false 
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positives per image. It should be noted that some methods of mass detection in 

Table 3.1 are only designed to detect one type of mass. More details of mass 

detection algorithms which are designed to detect one type of mass only are 

given in Section 2.2 (section on review of mass detection techniques).    

 In this thesis, the degree of overlap [78] is used to determine whether the mass 

detection is successful. The degree of overlap is defined as the area of 

intersection of segmented object and ground truth mass divided by the area of 

union of segmented object and ground truth mass. If the ratio is over 0.3, then 

mass detection is successful. Otherwise the segmented object is regarded as a 

false positive. The low value of 0.3 is chosen because in mini-MIAS database, 

the ground truth of the mass is given as a circle which surrounds the mass instead 

of accurate mass boundary drawn by radiologists [78]. As a mass is not always 

circular, much of the area enclosed by the circle is normal breast tissue. It should 

be noted that the value for the degree of overlap (0.3 in this chapter) is used for 

mini-MIAS database only. For other mammographic database, another value has 

to be determined.  
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CHAPTER 4 
 

Mass Classification using Particle Swarm 
Optimization  

 

4.1 Introduction 

Many mass detection algorithms have the following two steps. In the first step, 

suspicious regions of interest (ROIs) are detected on the mammogram images by using 

some image processing techniques such as segmentation or thresholding. In the second 

step, one typical approach is to extract features from the suspicious regions. Classifiers 

can then be applied on these features to classify the regions as mass or normal tissue. 

This will reduce the number of false positives. A review of classification of suspicious 

regions as mass or normal tissue has been given in section 2.3. For the proposed mass 

detection method in Chapter 3, the area of mass and the shape measure are used to 

reduce the number of false positives in mass detection. In this chapter, particle swarm 

optimization (PSO) and support vector machine (SVM) are used to further reduce the 

number of false positives. 

 The regions of interests (ROIs) are extracted from the mini-MIAS mammographic 

database [14]. The ROIs can contain mass or normal tissue. The ROIs will be classified 

as mass or non-mass regions using texture features calculated from the gray level co-

occurrence matrix (GLCM) [45] and statistical features from the gray level histogram. 
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A PSO-based feature selection technique is proposed to select a smaller subset of 

significant features which can provide comparable or even better performance when 

compared to the full set of features. It has been shown experimentally that these 

significant features can have better sensitivity when compared to the full set of features. 

Also mass classification using the significant features has better or similar accuracy 

when compared to other existing mass classification techniques.  

 Feature selection using PSO has been used widely in different areas including 

classification problems [79,80] for UCI Repository [81], prediction of company 

financial crisis [82], gene selection in cancer classification [83] and classification of 

micro-calcification clusters in mammography [84, 85]. However, application of PSO-

SVM based feature selection and mass classification using texture features is not 

common. A PSO-SVM based feature selection and classification technique will be 

proposed in this chapter to improve the mass classification accuracy and improve false 

positive reduction. 

 

4.2 Feature Selection Using PSO and SVM 

4.2.1 Traditioal Classifcation Methods 

4.2.1.1 Support Vector Machine 

Support Vector Machine (SVM) [86,87] is a classifier that has robust and accurate 

classification performance in many different applications. Classifying data is a common 

task in machine learning. Suppose some given data points each belong to one of two 

classes, then the goal is to decide which class a new data point belongs to. In the case 

of support vector machines, a data point is viewed as a p-dimensional vector (a list of p 
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numbers), and we want to know whether we can separate such points with a (p-1)-

dimensional hyperplane. There are many hyperplanes that might classify the data. One 

reasonable choice as the best hyperplane is the one that represents the largest separation, 

or margin, between the two classes. So we choose the hyperplane such that the distance 

from it to the nearest data point on each side is maximized. If such a hyperplane exists, 

it is known as the maximum-margin hyperplane and the linear classifier it defines is 

known as a maximum margin classifier [86]. (see Figure 4.1) 

    

 

Figure 4.1: Maximum-margin hyperplane and margins for an SVM  with samples from 
two classes [86] 
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 In the linear case, the margin is defined by the distance of the hyperplane to the 

nearest of the positive and negative examples.  The formula for the output of a linear 

SVM is 

     (4.1) 

where  is the normal vector to the hyperplane and  is the input vector.  The 

separating hyperplane is the plane u=0.   

  If the training data are linearly separable, we can select two parallel hyperplanes that 

separate the two classes of data, so that the distance between them is as large as possible. 

The region bounded by these two hyperplanes is called the "margin", and the maximum-

margin hyperplane is the hyperplane that lies halfway between them. Geometrically, the 

distance between these two hyperplanes is  . The parameter  determines the offset 

of the hyperplane from the origin along the normal vector  [86] 

Maximizing margin can be expressed via the following optimization problem [87]: 

  (4.2) 

where  is the ith training example, and yi  is the correct output of the SVM for the 

ith training example. The value yi  is +1 for the positive examples in a class and –1 for 

the negative examples.  

Not all data sets are linearly separable.  There may be no hyperplane that splits the 

positive examples from the negative examples.  Cortes & Vapnik [88] suggested the 

following modification to the optimization problem: 
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where i are slack variables that permit margin failure and C is a parameter which 

trades off wide margin with a small number of margin failures.  

For non-linear classifiers, the output of a non-linear SVM is explicitly computed from 

the Lagrange multipliers: 

u y K x x bj
j

N

j j
1

( , ) ,      (4.4) 

where K is a kernel function that measures the similarity or distance between the input 

vector x and the stored training vector x j . The Lagrange multipliers i are  computed via 

a quadratic program. The following dual objective function is  quadratic in  
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 In Equation (4.4), K is a kernel and some common kernels include polynomial 

(homogeneous), polynomial (inhomogeneous), radial basis function (RBF) and 

hyperbolic tangent [86]. 

 Polynomial (homogeneous):  

 Polynomial (inhomogeneous):   

 RBF:  

 Hyperbolic tangent:  for some (not every) 

 

 For the above kernels, d,  c and  are kernel parameters. The performance of 

SVM depends on the selection of kernel, the kernel's parameters, and cost parameter C. 

The RBF kernel is used for testing in this chapter. This kernel nonlinearly maps samples 
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into a higher dimensional space and can handle the case when the relation between class 

labels and attributes is nonlinear. When RBF kernel is used, two parameters have to be 

properly chosen for good classification performance: the gamma ( ) parameter of the 

RBF kernel and the C parameter. 

 In this chapter, the SVM software implementation in OpenCV [76] software 

library is used. The SVM in OpenCV is based on LIBSVM [89]. The C-Support Vector 

Classification (C-SVC) type and the RBF kernel of LIBSVM are used. According to 

the recommendation of [90], the feature values are linearly scaled to the range of [0,1].  

The parameters C and   (gamma) of SVM (using RBF kernel) are chosen by using PSO 

to search for C and gamma ( ) that can provide the best fitness function value of PSO. 

The fitness function used is the classification accuracy of SVM in the training set, using 

leave one out (LOO) cross validation. 

4.2.1.2 J48 Classifier 

 J48 is an efficient implementation of the C4.5 [91] tree classifier that produces 

decision trees. The C4.5 is a classifier using binary trees based on the concept of 

information entropy computed in training data. In data mining, decision tree is a 

predictive model which can be used to represent both classifiers and regression models. 

When a decision tree is used for classification tasks, it is more appropriately referred to 

as a classification tree. Classification tree is used to classify an instance to a predefined 

set classes based on their attribute values. It is a flow-chart-like tree structure, where 

each internal note denotes a test on an attribute, each branch represents an outcome of 

the test, and leaf nodes represent classes or class distributions [91]. The complex 

decision in this model is broken up into a group of several simpler decisions to find out 
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the best solution [92] for the desired classification solution. Classification tree grows in 

a recursive manner by partitioning the training data.  

 In order to classify an unknown sample, the attribute values of the sample are 

tested against the classification tree. The unknown sample is routed down the tree 

according to the values of the attributes tested in consecutive nodes. When it reaches 

the leaf, the instance is classified according to the class assigned to the leaf. A path is 

traced from the root to a leaf node that holds the class prediction for that sample.    

4.2.1.3 K Nearest Neighbour Classifier 

 K Nearest Neighbour (kNN) [93] is one of the simplest instance based learning or 

lazy learning techniques that assumes all instances correspond to points in the n-

dimensional feature space. kNN is a supervised learning algorithm where the result of 

new instance query is classified based on majority of kNN category. The purpose of this 

algorithm is to classify a new object based on attributes and training samples. The 

learner only needs to store the examples, while the classifier does its work by observing 

the most similar examples of the example to be classified. The classifiers are only based 

on memory and do not use any model to fit. In order to classify an instance of a test data 

into the corresponding categories, kNN calculates the distance between the test data and 

each instance of training data set [94]. For example, let an arbitrary instance x be 

described by the feature vector a1(x), a2(x),…., an(x) , where ar(x) is the rth attribute of 

instance x. The Euclidean distance between two instances xi and xj is defined as d(xi, xj) 

where  
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 The algorithm then finds the k closest training instances to the test instances. The 

corresponding class with the highest frequency among k classes associated with these k 

training instances is the class mapped to the test data. The classification uses majority 

vote among the classification of the k objects. kNN algorithm used neighborhood 

classification as the prediction value of the new query instance.  

  

4.2.1.4 Artificial Neural Network 

Artificial Neural Networks (ANNs) have been widely used in the field of pattern 

recognition. The advantages of ANNs include their capability of self-learning, and their 

suitability to solve problems that are too complex for conventional techniques, or hard 

to find algorithmic solutions [19]. There are two common types of ANN classifiers for 

mammogram masses: the multilayer perceptron with backpropagation (MLP) and the 

radial basis function (RBF) network [19]. Christoyianni et al. [44] has reported that the 

MLP classifier performed better than RBF in mass classification accuracy but RBF 

networks have the advantage of fast learning rates. The main drawback of the MLP 

using backpropagation is the long training time 

    In this chapter, the implementation of MLP in the WEKA machine learning software 

library [95] is used. One hidden layer is used for the MLP.  The number of input units 

of MLP is equal to the number of features. As the output of MLP is either mass or non-

mass, the number of output units is one.  For MLP, the validation set size in neural 

network training is set to 50% of the training set, and other parameter settings of MLP 

follow the default parameter settings in WEKA library. 
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4.2.2 Particle Swarm Optimization 

PSO is a population based stochastic optimization technique modeled after the social 

behavior of bird flock [96]. In PSO, the algorithm maintains a population of particles, 

where each particle represents a potential solution to the optimization problem. Each 

particle is also assigned a randomized velocity. The particles are then flown through the 

problem space [96,97]. The aim of PSO is to find the particle position that results in the 

best evaluation of a given fitness function. 

 Each particle keeps track of the following information in the problem space: xi, 

the current position of the particle; vi, the current velocity of the particle, and yi, the 

personal best position of the particle which is the best position that it has achieved so 

far. This position yields the best fitness value for that particle. The fitness value of this 

position, called pbest, is also stored. 

 There are two approaches to PSO, namely local best (lbest) and global best 

(gbest). The difference is in the neighborhood topology used to exchange information 

among the particles. For the gbest model, the best particle is determined from the entire 

swarm. For the lbest model, a swarm is divided into overlapping neighborhoods of 

particles. For each neighborhood, a best particle is determined. The gbest PSO is a 

special case of lbest when the neighbourhood is the entire swarm.   

 Another best value that is tracked by the global version of the PSO is the overall 

best value, obtained so far by any particle in the population. The location of this overall 

best value is called yg. This location is also tracked by PSO. In this thesis, the gbest 

model of PSO is used. 
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 The PSO changes the velocity of each particle at each time step so that it moves 

toward its personal best and global best locations. The algorithm for implementing the 

global version of PSO is as follows [97]: 

1. Initialize a population of particles with random positions and velocities on a d-

dimensional problem space. 

2. For each particle, evaluate the desired optimization fitness function of d 

variables. 

3. Compare particle’s fitness evaluation with particle’s personal best value (yi). If 

current value is better than yi, then set yi value equal to the current value, and the 

personal best location equal to the current location in the d-dimensional space. 

4. Compare fitness evaluation with the population’s overall previous best value. If 

current value is better than global best value (yg), then reset global best position 

to the current particle’s position and yg to current particle’s value. 

5. Change the velocity and position of the particle according to Equations (4.7) and 

(4.8), respectively. 

            
(4.7) 

                                               (4.8) 

    where w is the inertia weight, c1 and c2 are the acceleration constants, and r1(t) 

    and r2(t) are random numbers generated in the range between 0 and 1. The 

    update strategy of the direction of motion of the individual particle in the   

    search  space  is  guided  by the velocity which  is dynamically adjusted     

    according to its  previous velocity, its personal best position found through its 

   individual experience, and the global best position obtained among all particles 
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   in  the  swarm, as shown in Figure 4.2. Velocity updates are also clamped to 

   prevent them from exploding, thereby causing premature convergence. 

6.   Loop to Step 2 until a termination criterion is met. The criterion is usually 

a sufficiently good fitness or a maximum number of iterations. In this chapter, 

the maximum number of iterations used for termination is 100.  

 For a complete run of the PSO algorithm, the number of computations 

required is the sum of the computations required to calculate the cost of a 

candidate solution (based on current position of the particles) and the  

computations required to update each particle’s velocity (Equation 4.7) and 

position (Equation 4.8). Both of these are directly proportional to the number of 

iterations. The computational complexity of evaluating the cost function 

depends on the particular cost function under consideration [98]. 

 

Figure 4.2 PSO: update strategy of direction of motion [99] 
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4.2.3 Parameters Tuning of SVM By PSO 

 Before feature selection, the parameters C and gamma ( ) of SVM, using the RBF 

kernel, are chosen by using PSO to search for values of C and  that can provide the 

best fitness function value, using all the available features. The classification accuracy 

of SVM is used as the fitness function for PSO. In the training set, leave one out (LOO) 

cross validation is used. The LOO cross validation is especially suitable for small 

training set as it can maximize the use of training data. The two values log2 C and log2  

are searched by PSO within the range from -10 to 10. Hence the actual range of C and  

  that can be found in the search is from 2-10 to 210.  

4.2.4 PSO Based Feature Selection 

Feature selection is an important data preprocessing technique which can be used to  

improve the classification accuracy and minimize the number of features selected. An 

excessive number of features or high dimensionality of the input feature space might 

cause data over-fitting. A large number of features can cause the problem of “the curse 

of dimensionality” and in some cases may decrease the predictive accuracy. Feature 

selection can be used to reduce the number of features by eliminating irrelevant and 

redundant features, and thus improve efficiency and/or classification performance 

[100]. Feature selection has been applied in pattern classification, data analysis, 

multimedia information retrieval, medical data processing, machine learning, and data 

mining applications [79].     

 Existing feature selection approaches can be broadly classified into two 

categories: filter and wrapper approaches. A filter approach is conducted as a 

preprocessing procedure and the search process is independent of a learning algorithm. 

In wrapper approaches, a learning algorithm is part of the evaluation function to 
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determine the goodness of the selected feature subset. Wrappers can usually achieve 

better results than filters while filters are more general and computationally less 

expensive than wrappers [101,102]. 

 A feature selection algorithm searches the attribute space of different feature 

combinations to reduce the number of features and simultaneously optimize the 

classification performance. In feature selection, for n features, the size of the search 

space is 2n. In most situations, it is impractical and time-consuming to conduct an 

exhaustive search [101,102]. Therefore, the search strategy is important in feature 

selection. Different search techniques have been applied to feature selection such as 

greedy search. The attribute space is searched greedily in one of the two directions, top 

to bottom or bottom to top.  At each stage, a local change is made to the current attribute 

subset by either adding or deleting a single attribute. For forward selection, the search 

is in the downward direction. It starts with no attributes and the attributes are added one 

at a time. For backward elimination, the search direction is upward. It starts with the 

full set and attributes are deleted one at a time. In forward selection, after tentatively 

adding each attribute that is not already in the current subset, the resulting set of 

attributes is evaluated. The effect of adding each attribute in turn is evaluated, the best 

one is chosen, and the process continues. The search will end if no attribute produces 

an improvement when added to the current subset. This greedy search procedure 

guarantees to find a locally, but not necessarily globally, optimal set of attributes. 

Backward elimination operates in a similar fashion. For best-first search, it does not just 

terminate when the performance starts to drop  but keeps a list of all attribute subsets 

evaluated so far, sorted in order of the performance measure, so that it can revisit an 

earlier configuration instead. Given enough time it will explore the entire space [95].  

The above mentioned searches might suffer from the problem of becoming stuck in 
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local optima and/or high computational cost [103,104]. Therefore, an efficient global 

search technique is needed to develop a good feature selection algorithm. 

 Evolutionary computation techniques are well-known for their global search 

ability, and have been applied to the feature selection problems. These include particle 

swarm optimization (PSO) [105,106], genetic algorithms (GAs) [107] and genetic 

programming (GP) [108]. Compared with GAs and GP, PSO is easier to implement, has 

fewer parameters, computationally less expensive, and can converge more quickly 

[109]. Feature selection problems have two goals, which are maximising the 

classification performance and minimising the number of features. These two objectives 

are usually conflicting and there is a trade-off between them. However, most of the 

existing FS approaches, including PSO based approaches, aim to maximise the 

classification performance only. In this thesis, PSO based feature selection is used to 

maximise the mass classification accuracy.  

  In mammography, many texture-based computer aided diagnostics systems have 

been proposed [110,111,112] which used a heuristic feature search based on GA 

approach for feature selection. In this chapter, PSO will be used in feature selection due 

to its well-known global search ability, less expensive computation and quicker 

convergence (when compared to GA and GP).  

 The original version of PSO described above operated in continuous space. The 

binary version of PSO (BPSO) has been developed for discrete problems [113] which 

can be used in feature selection. The velocity in BPSO represents the probability of an 

element in the position taking value 1. Equation (4.7) is used to update the velocity 

while xi, yi and yg are restricted to 1 or 0. A sigmoid function s(vi) is used to transform 

vi to the range of (0,1). BPSO updates the position of each particle according to the 

following formulae: 
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                            (4.9) 

 rand( ) is a random number selected from a uniform distribution in [0,1]. In this 

chapter, binary PSO (BPSO) is used to search for the feature subset in the training set. 

When  is 1, the feature corresponding to this bit position will be selected. When   

is 0, the feature will not be selected. SVM classifier is used to evaluate the feature 

subset using leave-one-out cross validation. The fitness function used in the proposed 

BPSO based approach is to maximize classification accuracy. The classification 

accuracy is given by  

         (4.10) 

where TP is the number of true positives, FN is the number of false negatives, TN is the 

number of true negatives and FP is the number of false positives. 

 The pseudo-code of feature selection using BPSO is shown below [114]. 

Begin 

 divide dataset into a training set and a test set; 

 randomly initialize the position and velocity of each particle; 

 While the stopping criterion is not met do    

  evaluate fitness of each particle using the error rate on the training set; 

  For i = 1 to population-size do  

   update the pbest of particle i; 

   update the gbest of particle i; 

  For i = 1 to population-size do  

   For d = 1 to number-of-available-features do 

    update the velocity of particle i; 

    update the position of particle i; 
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 calculate the classification accuracy of the selected feature subset on the test set; 

 return the position of gbest (the selected feature subset) 

  

4.3 Texture Features  
In Gray Level Co-occurrence matrix (GLCM), the texture context information is 

specified by the matrix of relative frequencies P(i, ,j, d, θ)  with which two neighboring 

pixels separated by distance d and along direction θ  occur on the image; one pixel with 

gray level i and the other with gray level j [19,45]. After the number of neighboring 

pixel pairs R used in computing a particular GLCM matrix is obtained, the matrix is 

normalized by dividing each entry by R, the normalizing constant [45]. For each ROI, 

eight texture features were derived from each GLCM [45,49,115]. The notation p(i ,j) 

is used to represent the (i, j)th entry in a normalized GLCM matrix and  p(i ,j)  is obtained 

by dividing each entry of the matrix P(i, j) by R [45].  represents  

where n is the number of gray levels per pixel.  

(4.11) 

 

(4.12) 

(4.13) 

(4.14) 

 

(4.15) 

 

 (4.16) 
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(4.17) 

(4.18) 

 (4.19) 

 (4.20) 

 (4.21) 

 (4.22) 

 
 where  , ,  and  are the means and standard deviations of the marginal 

distributions associated with P(i, j) / R, and R is the normalizing constant [45,49,115]. 

In finding the GLCM, d is set to 1 in this paper. Four directions are used for θ : 0, 45, 

90 and 135 degrees. Hence four features are generated for each feature, one for each 

matrix. Then the average and range of the four values of each feature are calculated. The 

range is defined as the difference between the maximum and minimum of the four values. 

Hence a total of sixteen texture features are found for each ROI. The statistics of the 

GLCM features are used instead of using the individual feature values of each matrix.   

In addition to the 16 GLCM features, seven statistical features are derived from the 

gray level histogram of each ROI. The seven features are mean, standard deviation, 

uniformity, entropy, smoothness, skew and kurtosis [8, 32]. In the equations below, g 

represents the gray level value of a pixel, L is the number of gray levels in a pixel (256 

for 8 bits gray level in this paper) and P(g) is the histogram probability of gray level 

value g.  
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 (4.23) 

 
(4.24) 

 (4.25) 

 (4.26) 

 (4.27) 

 (4.28) 

 (4.29) 

A total of 23 features are used based on GLCM and gray level histogram. The BPSO-

SVM based feature selection technique is then used to select the most significant features 

from the 23 features. 

 

4.4 Experimental Results 

4.4.1 Experimental Setup 

The mini-MIAS Mammographic Database is provided by the Mammographic Image 

Analysis Society in UK [14]. The mammograms are digitized at 200 micron pixel edge 

and have a resolution 1024 x 1024. The types of abnormality in the database include 

calcification, masses, architectural distortion and asymmetry. Mammograms which do 

not contain any abnormality (classified as normal) are also provided. 
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  One hundred and twenty ROIs were extracted from the images in the mini-MIAS 

database. The approach of extracting ROIs from the mammogram database is based on 

[43].  All the crops containing a mass are resized to a fixed size of 128 x 128 pixels. 

The resizing of variable size ROI to a fixed size region has been used in other research 

paper on mass classification [43]. 44 of the 120 ROIs contain mass and 76 of them 

contain normal tissue only. For ROIs which contain mass, the mass can be benign or 

malignant. Three types of masses were used in this chapter: circumscribed, spiculated 

and ill-defined masses. Five-fold stratified cross validation is used in testing. The 120 

ROIs are divided into five equal sets. Four sets are used as a training set and the 

remaining set as a test set. Hence there are 96 ROIs in the training set and 24 ROIs in 

the test set. Feature selection by BPSO-SVM is done using the training set only. Then 

only the significant features obtained from feature selection are used to train the 

classifier, using the training set only. The trained classifier is then used to classify the 

test set using the significant features. The above process is repeated by using another 

set of data as a test set and the other four sets as a training set. Every ROI is used in the 

test set once only. The average classification accuracy of the five test sets is calculated. 

 In BPSO-SVM based feature selection, SVM is used to evaluate the feature subset 

in the training set. The classification accuracy of the feature subset on the training set is 

evaluated using SVM and LOO cross validation. Once the significant features have been 

found by the BPSO-SVM technique, only the significant features are used in the training 

set to train the classifier. Note that 5-fold cross validation is used to calculate the 

classification accuracy of the SVM on the test set while LOO cross validation is used 

to evaluate the feature subset found by BPSO-SVM in the training set. The PSO based 

parameters tuning for SVM and the BPSO-SVM feature selection method were 

implemented using C++ language and OpenCV software library [76]. The BPSO based 
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feature selection method is compared with other wrapper based feature selection 

methods which are all available in the WEKA machine learning workbench [95]. The 

wrapper subset evaluation technique used is SVM. The three different search techniques 

in WEKA library used to find feature subsets include stepwise forward selection, 

stepwise backward selection and best first search [95].  

4.4.2 Experimental Results and Discussion 

In Table 4.1, 4.2 and 4.3, the values of specificity, sensitivity and overall accuracy are 

all measured in the test set, using 5-fold cross validation. The notation “BPSO-SVM” 

refers to the proposed method in this chapter. Sensitivity, specificity and overall 

accuracy are defined as follows [95]: 

(4.30 ) 

 

(4.31 ) 

 

(4.32 ) 

 
  

 where TP is the number of true positives, FN is the number of false negatives, TN 

is the number of true negatives and FP is the number of false positives.  

 For Table 4.1 and 4.2, the following test condition is used: 

 120 ROIs are extracted from the images in mini-MIAS database for testing 

(details are given in section 4.4.1); 

 23 texture features are extracted from the ROI (details of 23 texture features are 

given in Section 4.3); 

 five-fold cross validation is used in testing; 



53 
 

 for Table 4.1, SVM is used as classifier; 

 for Table 4.2, feature selection is used for BPSO-SVM and other classifiers do 

not use feature selection. 

 Table 4.1: Comparison of feature selection methods using SVM as classifier 

Feature Selection 
Method 

Specificity 
% 

Sensitivity 
% 

Accuracy 
% 

BPSO-SVM 
97.33 97.78 97.50 

All Features 
96.05 88.64 93.33 

Stepwise forward 
search 

96.10 85.84 92.50 

Stepwise backward 
search 

94.76 88.34 92.50 

Best first search 
96.10 88.06 93.32 

  

 Table 4.1 shows that BPSO-SVM feature selection method has better specificity, 

sensitivity and overall accuracy when compared to stepwise forward search, stepwise 

backward search and best first search method. 

 Table 4.2: Comparison of classification methods using BPSO-SVM (with feature 

selection) and other classifiers without feature selection 

Classifier 
Specificity 
% 

Sensitivity 
% 

Accuracy 
% 

BPSO-SVM + SVM 
97.33 97.78 97.50 

SVM (all features) 
96.05 88.64 93.33 

MLP 
94.76 83.12 90.82 

J48 (decision tree) 
89.58 88.34 89.16 

KNN (K=3) 
97.42 86.40 93.34 
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 In Table 4.2, except the proposed method, all the other classifiers shown were 

used to classify the test set without using feature selection. For the MLP, J48 and KNN 

classifiers, their implementations in the WEKA machine learning software library [95] 

are used. From Table 4.2, when all the twenty-three features are used, SVM has the best 

sensitivity when compared to multi-layer perceptron (MLP), J48 decision tree and KNN 

classifiers. In mass classification, sensitivity is usually regarded as a more important 

parameter than specificity. Also when all the features are used, SVM has better accuracy 

when compared to MLP and J48 and SVM has the same overall accuracy as KNN. From 

Table 4.2, by comparing the result of BPSO-SVM and SVM, it shows that instead of 

using all available features, a subset of significant features after feature selection can 

improve the performance of SVM in specificity, sensitivity and accuracy. 

Table 4.3: Comparison of proposed BPSO-SVM based classification and other existing 

mammogram mass classification techniques 

Classification method 
Specificity 
% 

Sensitivity 
% 

BPSO-SVM + SVM 
97.33 97.78 

Angelini et al. [58] 
94.00 90.00 

Christoyianni et al. [59] 
83.05 86.66 

Sahiner et al. [40] 
69.00 90.00 

Petrosian et al. [57] 
64.00 76.00 

Tourassi et al. [42] 
65.00 90.00 
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Table 4.3 compares the performance of the proposed BPSO-SVM method with 

other existing mammogram mass classification techniques. It should be noted that some 

methods in Table 4.3 used different mammographic database in testing. However, the 

specificity and sensitivity of the proposed method in this chapter show good and 

encouraging result when compared to other existing methods. 

 

4.5 Conclusion 

The objective of this chapter is to demonstrate the good performance of the proposed 

feature selection and mass classification approach using BPSO and SVM. PSO is used 

to search for the optimal parameters C and gamma of SVM, using the RBF kernel. Then 

BPSO-SVM feature selection technique is used to find the significant features in the 

training set. Finally SVM is used to classify the test set, using the significant features 

only. The experimental results show that the proposed BPSO-SVM feature selection 

method can have better result than other widely used feature selection methods when it 

is applied to mammogram mass classification. By using features from GLCM and gray 

level histogram, a small number of significant features found by BPSO-SVM can have 

better performance in classification accuracy than the full set of features in mass 

classification. Also the proposed mass classification approach has better performance 

when compared to other existing mass classification techniques. The proposed 

classification approach using PSO and SVM can achieve 97.78% sensitivity and 

97.33% specificity on the test set using 5-fold cross validation. 
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CHAPTER 5 
 

Image Clustering by Particle Swarm 
Optimization 
 

5.1 Introduction to  Clustering 

Clustering refers to the process of grouping samples so that the samples are similar 

within each group. The groups are called clusters [77]. Clustering algorithms are used 

in many applications, such as pattern recognition, image analysis, data mining, machine 

learning and image segmentation.  

 Clustering methods have been widely used in image segmentation [65], and also 

for mass detection and/or segmentation. Clustering algorithms can be hierarchical or 

partitional [116]. In hierarchical clustering, the output is a tree showing a sequence of 

clustering, with each cluster being a partition of the data set. Partitional clustering 

algorithms attempt to decompose the data set directly into a set of disjoint clusters [116]. 

They try to optimize certain criteria such as square-error function. Hierarchical methods 

can be more accurate, but in general they are too slow for large datasets. For applications 

involving large datasets, partitional clustering algorithms are used. However there are 

two main disadvantages of partitional algorithms: the number of regions in the image 

has to be determined before clustering and partitional clustering algorithms do not use 

spatial information inherent to the image. 
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 The k-means algorithm is a widely used partitional clustering method [117]. Its 

advantages are simple implementation and low complexity.  However there are two 

problems of k-means algorithm, the lack of spatial constraints and the assumption of 

constant intensity in each cluster [20]. To overcome these two problems, an adaptive 

clustering algorithm for segmentation was introduced by Pappas [118]. Pappas used a  

generalization of K-means clustering algorithm to separate the pixels into clusters based 

on their intensity and their relative location. Li et al. [119] used local adaptive 

thresholding to segment mammographic image into parts belonging to same classes and 

adaptive clustering to refine the segmentation. Sahiner et al. [120] used k-means 

clustering algorithm followed by object selection to detect initial mass shape within the 

region of interest (ROI). The ROI contains the breast masses and the location of ROI is 

identified by radiologist. After initial mass shape detection, an active contour 

segmentation method is used to refine the boundaries of the segmented mass. 

 The Fuzzy C-Means (FCM) algorithm [121] is an extension of the k-Means 

algorithm which allows each pattern of the image to be associated with every cluster 

using a fuzzy membership function. Velthuizen [122] used FCM to group pixels with 

similar grey-level values in the original images. Chen and Lee [123] used it over the set 

of local features extracted from the application of a multi-resolution wavelet transform 

and Markov Random Fields (MRF) analysis [124].  

 According to Fu and Mui [125], threshold methods are considered as partitional 

clustering methods. Threshold methods have been widely used for mass detection 

and/or segmentation. A review of various threshold methods used in mass detection 

and/or segmentation has been discussed in section 3.1. 

 Recently particle swarm optimization (PSO) [96,126] has been applied to image 

clustering [127,128]. It has been shown in [127] that PSO-based image clustering can 
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have better performance than K-means. M. Omran et al. [127] has applied PSO image 

clustering to classify three types of images which include synthesized, MRI and satellite 

images. His experimental result showed that PSO clustering can perform better in 

minimizing intra-distance and maximizing inter-distance than ISO-DATA algorithm. 

The ISODAT algorithm is an implementation of the K-means approach, which uses 

Euclidean distance as the similarity measure to cluster pixels into different spectral 

classes [127]. 

 In PSO-based clustering, the design of good fitness function for PSO is important 

to ensure the quality of clustering. Various fitness functions have been proposed for 

PSO based clustering [127,128,129]. In this chapter, two new fitness functions are 

proposed that can provide good quality of image clustering. The improved fitness 

functions can provide more compact clusters and larger separation between the cluster 

centroids when compared to k-means clustering. 

 In this chapter, the performance PSO based clustering will be compared with k-

means clustering using mammographic images from the mini-MIAS database. The 

theory of the k-means and PSO clustering will be covered in section 5.2 and 5.3 

respectively. Two new fitness functions for PSO clustering will be proposed in section 

5.3. It can be shown in section 5.4 that the two proposed new fitness functions for PSO 

clustering can improve the result of mass segmentation. Also the test result in section 

5.4 shows that PSO clustering has better mass segmentation performance when 

compared to k-means clustering. 

5.2 K-MEANS Clustering 

K-means clustering [130] groups data vectors into a predefined number of clusters, 

based on the Euclidean distance as similarity measure. Data vectors within a cluster 
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have small Euclidean distance from one another, and are associated with the centroid 

vector, which represents the mean of the data vectors that belong to the cluster. 

 The standard k-means algorithm is summarized as follows [131]: 

1. k initial cluster centroids (k=3 in this example) are randomly generated within the 

data domain (the three cluster centroids are shown as circles in Figure 5.1). 

 

Figure 5.1: K-means algorithm: initialization of randomized centroids [131] 

 

2. For each data vector, assign the vector to the class with the closest cluster center, 

using the Euclidean distance between the data vector and the centroid. k clusters (k = 3 

in this example) are created by associating every observation with the nearest mean.  

 

Figure 5.2: K-means algorithm: association with nearest centroid [131] 

 

3. Re-calculate each cluster’s centroid vector, which represents the mean of the data 

vectors that belong to the cluster.  
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Figure 5.3: K-means algorithm: re-calculation of centroids [131] 

 

4. Repeat steps 2 and 3 until a stopping criterion is satisfied.  

 

Figure 5.4: K-means algorithm: repeat until a stopping criterion is satisfied [131] 

 

 For image clustering, a data vector represents a pixel of the image. The K-means 

clustering has the following two main advantages [116]. It is easy to implement and the 

time complexity is only O(n) (where n is the number of data points), which makes it 

suitable for large data sets. However, its performance is heavily dependent on the initial 

conditions. This often causes K-means to converge to suboptimal solutions.  

5.3 PSO-Based Image Clustering 

The general theory of PSO has been covered in section 4.2.2 and will not be repeated 

here. This section will describe how PSO can be used in image clustering. 

 To facilitate the explanation, the following notations will be used: 

 Np denotes the number of image pixels to be clustered  
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 Nc denotes the number of clusters to be formed 

 zp denotes the p-th pixel 

 mj denotes the mean of cluster j 

 Cj denotes the subset of pixel vectors that form cluster  j 

 |Cj| denotes the number of pixels in cluster j 

 Cij  denotes cluster j of particle i. 

 In PSO-based image clustering, a single particle represents the Nc cluster means. 

Each particle xi is constructed as xi = (mi1, …, mij, …, miNc) where mij refers to the j-th 

cluster centroid vector of the i-th particle. The quality of each particle is measured by 

the fitness function. 

 In this chapter, the PSO based clustering algorithm proposed in [127] is used. It 

can be summarized below: 

1. Initialize each particle to contain Nc randomly selected cluster means. 

2. For  t = 1 to tmax  (maximum number of iterations) 

(a) For each particle i 

- For each pixel zp   

     Calculate d(zp, mij) for all clusters Cij  

     Assign zp to Cij where  
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   d(zp, mij) represents the Euclidean distance between the p-th pixel zp 

   and the centroid of j-th cluster  of  particle  i . 

- Calculate the fitness function f(xi(t),Z) where Z is a matrix representing the 

assignment of pixels to clusters of particle i. 

(b) Update the personal best and the global best positions. 

(c) Update the cluster centroids using Equations (5.1) and (5.2). 

     (5.1) 

                                          (5.2) 

 Equations (5.1) and (5.2) are the same as Equations (4.7) and (4.8) and are repeated 

here for convenience of reference. Details of the equations are found in Chapter 4. 

 The fitness function proposed in [127,128] uses the following three evaluation 

criteria: quantization error, intra-cluster distance and inter-cluster separation. 

 The quantization error Je   is defined below: 

        (5.3) 

where d(zp,mj) represents the Euclidean distance between the p-th pixel zp and the 

centroid of j-th cluster  mj.  

The intra-cluster distance is measured by  which is defined in [127,128] as 

       (5.4) 

Z is a matrix representing the assignment of pixels to clusters of particle i. A smaller 

value of   means the clusters are more compact. 
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 Another measure of quality is the inter-cluster separation.  It is measured by the 

minimum Euclidean distance between any pair of clusters and is defined below: 

          (5.5) 

The above three criteria have been used by [128] to form the fitness function as shown 

by Equation (5.6).  

 

                                                                                      (5.6) 

where w1, w2 and w3 are user defined constants and determine the relative weights of 

intra-cluster distance ( ), inter-cluster separation (dmin) and quantization error (Je) 

in the fitness function. zmax is the maximum pixel value in the image set, which is 255 

for 8-bit grayscale image used in this chapter. One objective of the fitness function in 

Equation (5.6) is to minimize the intra-cluster distance ( ) and the quantization error 

( ). The two objectives are to make the clusters compact and maximize the inter-cluster 

separation (dmin) so that the clusters are well separated. 

 However, a recent research paper [132] has pointed out a problem with the use of 

quantization error Je as defined by Equation (5.3) in data clustering. In Equation (5.3), 

for every cluster, it first calculates the average distance of the pixels of a cluster to its 

cluster centroid. Then it takes the average distances of all clusters and calculate another 

average, which is denoted by Je.  In [132], Esmin et al. pointed out that a cluster with 

just one data vector will influence the final result as much as another cluster with many 

data vectors. For example, suppose that one of the particle’s clusters has one data vector 

that is very close to the centroid, and another cluster has many data vectors that are not 

so close to the centroid. This is not a very good solution, but giving the same weight to 

the cluster with one data vector as the cluster with many data vectors can make it seem 
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to be a good solution [132]. To solve this problem, [132] proposed another equation 

which gives a higher weighting to the cluster with many data vectors in the calculation 

of the fitness function. In this thesis, the modified quantization error proposed by [132] 

is called the weighted quantization error Je2. 

       (5.7) 

where No is the number of data vectors to be clustered. 

 The paper in [132] used the weighted quantization error Je2 alone to cluster three 

benchmark data sets from the UCI repository of Machine Learning Databases. It 

reported that the use of Je2 in clustering improved the performance when compared to 

data clustering using Je alone. In this chapter, Je2 is first used alone in clustering of 

natural images and its performance is compared to k-means using the three evaluation 

criteria: intra-cluster distance ( ), quantization error (Je) and inter-cluster separation 

(dmin) . When Je2  is used alone in the fitness function, it gives better result in quantization 

error when compared to k-means. However, k-means method provides better result in 

inter-cluster separation. To solve this problem and enhance the performance in inter-

cluster separation of PSO-based clustering, this thesis proposes that Je2 should not be 

used alone in the fitness function for PSO-based image clustering. This thesis proposes 

a new fitness function similar to Equation (5.6) used by Omran et al. in [128] but 

replaces Je by Je2, as given by the equation below. 

    

             (5.8) 

where  Je2 is given by Equation (5.7). 
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 The proposed new fitness function in Equation (5.8) will improve the fitness 

function used by Esmin et al. in [132] (which uses weighted quantization error only)  as 

shown by the experimental result. Equation (5.8) will also improve the fitness function 

used by Omran et al. in [128] (which uses Equation (5.6)) as [132] has shown that Je2 

solves the problem of Je in clustering. This paper shows that Je2 should be used together 

with  and dmin to obtain both compact clusters and large inter-cluster separation.   

 The second new fitness function proposed in this chapter uses the mean square-

error (MSE) defined by   

        (5.9) 

where n is the total number of pixels in the image, zp is the p-th pixel, K is the number 

of clusters, mj is the centroid of the j-th cluster Cj. MSE is a measure of the compactness 

of the clusters [133] and represents the mean squared distance of the pixels from its 

associated cluster centroid.  

 It should be noted that MSE defined by Equation (5.9) does not have the problem 

of Je  as described above. A cluster with one data vector will not influence the result as 

much as another cluster with many data vectors. For example, if one of the particle’s 

clusters has one pixel that is very close to the centroid, and another cluster has many 

pixels that are not so close to the centroid, the MSE in Equation (5.9) will correctly give 

a large error value.  

 Using MSE alone in PSO clustering will generally give good performance in  

and Je but slightly worse performance in dmin when compared to k-means, as shown by 

experimental results in Section 5.4. To improve the performance in inter-cluster 

separation, MSE is used together with  and dmin in the fitness function   below. 
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   (5.10) 

 

5.4 Results and Discussion 

5.4.1 Image Clustering Using Standard Test Images 

The two new fitness functions f2 and f3 in Equations (5.8) and (5.10) are used in the 

PSO-based image clustering algorithm. The PSO based image clustering algorithm has 

been applied to three grayscale images: Lena, Pepper and Airplane. The performance is 

measured by the following three criteria: intra-cluster distance ( ), quantization 

error (Je) and inter-cluster distance (dmin). These three criteria have been used in 

[127,128]. The performance of PSO-based clustering is then compared to the k-means 

algorithm. 

 For all the experiments, the choice of the parameters for PSO-based clustering is 

based on the recommendation of previous research publications. The following 

parameters are used for PSO-based clustering: 

 Number of particles = 20 

 Number of iterations for termination  = 150 

 Number of clusters = 5  

 Acceleration constants  c1 and c2 = 2 

 The number of particles used is problem-dependent. The common choice of 

number of particles varies from 20 to 50 [97, 134]. In all experiments of this chapter, 

20 particles are used for PSO clustering as smaller number of particles can reduce 
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computation time and 20 particles can provide good clustering performance in this paper 

when compared with k-means. The number of clusters is chosen to be 5 for both k-

means and PSO clustering to allow a fair comparison of their performance.   

 For the inertia weight w, the initial weight value is 0.9 and w decreases linearly 

with the number of iterations. The final value is 0.4 when the termination condition (150 

iterations) is reached. By linearly decreasing the inertia weight from a relatively large 

value to a small value through the course of the PSO run, the PSO tends to have more 

global search ability at the beginning of run while having more local search ability near 

the end of the run [135,136]. The acceleration constants c1 and c2 are both set to 2. The 

settings of acceleration constants and the inertia weight are based on the 

recommendation by [136]. 

 For k-means algorithm, the number of iterations is 3000. This is chosen to equal 

the number of fitness function evaluations in PSO based clustering (20 particles and 150 

iterations will give 3000 fitness function evaluations). 

 For fitness functions f2 and f3 in PSO clustering, each fitness function consists of 

three sub-objectives. The weighting of each sub-objective (w1, w2 and w3) that provides 

best performance is determined empirically in this chapter. The research work of Omran 

et al. [128] is used to guide the choice of the weights of the three sub-objectives. The 

new fitness function proposed in Equation 5.8 is similar to the fitness function in 

Equation 5.6 used by Omran et al. but replaces the quantization error in Equation 5.6 

by weighted quantization error in Equation 5.8. Omran et al. had tried different 

combinations of the three weights values for the sub-objectives empirically and his 

result is that weights of  w1 =0.1,  w2 = 0.1 and w3 = 0.8 result in the smallest quantization 

error, shortest intra-distances and largest inter-distances for MRI image [128].  These 
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sub-objectives weights values are also used in the testing of all images in this chapter. 

To eliminate the tuning of these weight values, multi-objective optimization approach 

can be used [128,137]. 

 All data in Table 5.1 to 5.5 below are the averages of 25 program runs. The 

numbers after the ± symbols in the tables represent the standard deviation. 

 By comparing Table 5.1 and 5.2, PSO clustering using , dmin, and Je2 together 

can give more compact clusters (smaller ) and larger inter-cluster separation for 

all the three images while the performance with respect to Je is comparable. 

 By comparing Tables 5.2 and 5.5, PSO clustering using , dmin and Je2 together 

can give better performance than k-means for image Pepper for all the three evaluation 

criteria. For images Lena and Airplane, PSO clustering has better performance than k-

means with respect to  and dmin while PSO has slightly higher quantization error Je  

than k-means. However, their performance with respect to Je is still comparable. The 

big improvement of PSO clustering in  and dmin shows that by using , dmin and 

Je2 together, more compact clusters and larger inter-cluster separation can be achieved. 

  Table 5.1: PSO-based clustering using weighted quantization error only 

Images Intra-cluster 
distance  

Quantization 
error Je 

Inter-cluster 
distance  

Pepper 10.9006 ±1.0487 9.6045±0.1473 30.2707±0.9067 
Lena 10.2972±0.1532 8.4037±0.0047 27.0092±0.0307 
Airplane 15.9973±0.0183 9.1213±0.0110 13.2569±0.3834 
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Table 5.2: PSO-based clustering using intra-cluster distance, inter-cluster distance and 
weighted quantization error with w1=0.1, w2=0.1,w3=0.8 

Images Intra-cluster 
distance  

Quantization 
error Je 

Inter-cluster 
distance  

Pepper 10.9006 ±1.0487 9.6045±0.1473 30.2707±0.9067 
Lena 10.2972±0.1532 8.4037±0.0047 27.0092±0.0307 
Airplane 15.9973±0.0183 9.1213±0.0110 13.2569±0.3834 

 

TABLE 5.3: PSO-BASED CLUSTERING USING MSE  ONLY  

Images Intra-cluster 
distance  

Quantization 
error Je 

Inter-cluster 
distance  

Pepper 10.2567 ±0.2182 9.7898±0.0521 31.7022±0.5417 
Lena 9.6387±0.1311 8.4393±0.0036 29.1630±0.1793 
Airplane 15.8544±0.0388 9.7643±0.0114 18.7229±0.0941 

 

TABLE 5.4:  PSO-BASED CLUSTERING USING INTRA-CLUSTER DISTANCE, INTER-CLUSTER 
DISTANCE & MSE 

Images Intra-cluster 
distance  

Quantization 
error Je 

Inter-cluster 
distance  

Pepper 10.2110 ±0.0009 9.7692±0.0007 33.8947±0.0226 
Lena 9.3937±0.0555 8.4455±0.0009 30.8199±0.0210 
Airplane 10.8355±0.0893 9.8273±0.0373 39.5477±0.4057 

 

TABLE 5.5:  K-MEANS CLUSTERING  

Images Intra-cluster 
distance  

Quantization error 
Je 

Inter-cluster 
distance  

Pepper 13.0798 ±1.9485 10.0068±0.2643 32.4692±0.1867 
Lena 9.7053±0.4377 8.4432±0.0042 29.3819±0.1248 
Airplane 15.6241±0.2511 9.8564±0.0986 20.0633±1.5214 

 

 By comparing Table 5.3 and 5.5, for the three images under test, PSO clustering 

using MSE alone generally can provide more compact clusters as the values for    

and  Je  are generally smaller.  However, PSO clustering using MSE alone have smaller 

inter-cluster separation when compared to k-means. To improve the performance in 

inter-cluster separation, MSE will be used together with   and dmin   in the fitness 

function f3 (Equation (5.10)). 
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 By comparing Tables 5.3 and 5.4, PSO clustering using  ,  dmin  and MSE 

together will give better performance in intra-cluster distance and inter-cluster 

separation when compared to PSO clustering using MSE alone. The performance in Je 

is comparable for both methods.   

 By comparing Tables 5.4 and 5.5, PSO clustering using  ,   dmin  and MSE 

together have better performance than k-means for all the three images in all evaluation 

criteria except for Lena image, where the quantization error for the PSO clustering is 

only slightly worse than Je  for k-means . Hence, it can be concluded that PSO clustering 

using  ,  dmin  and MSE together perform better than k-means by giving more 

compact clusters and larger inter-cluster separation. 

  By comparing Tables 5.2 and 5.4, PSO clustering using f3 is more robust than 

PSO clustering using f2. PSO clustering using f3 can produce nearly same results over 

repeated runs when compared to clustering using f2. In Table 5.4 (using f3), all data have 

very small standard deviation when compared to results in Table 5.2 (using  f2).   

 The conclusion from the experiments is that both PSO clustering methods, using 

either fitness functions f2 or f3, can give more compact clusters and larger inter-cluster 

separation when compared to k-means.  
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5.4.2 Mass Segmentation Using PSO Based Image Clustering 

There are different types of image segmentation techniques which include amplitude 

thresholding, component labelling, boundary-based approaches, temmplate approaches, 

texture segmentation, region based approaches and clustering [138]. It should be noted 

that the objective of mass detection is to find the location of suspicious regions.  For 

some masses, the mass boundary found by mass detection may not be very accurate. 

Once the suspicious region for the mass is found, more accurate mass segmentation can 

be applied to a window surrounding the suspicious region. Clustering is one common 

approach of image segmentation. In this section, PSO based image clustering is used 

for mass segmentation and its performance is compared to k-means, a widely used 

clustering method.   

 The parameters of PSO based clustering used in this section are as follows: 

 Number of particles = 20 

 Number of iterations for termination  = 100 

 Number of clusters = 4  

 Acceleration constants  c1 and c2 = 2 

 For the inertia weight w, the initial weight value is 0.9 and w decreases linearly 

with the number of iterations. The final value is 0.4 when the termination condition (100 

iterations) is reached.  

 For k-means clustering, the same number of clusters (four) is used in order to 

compare the performance of PSO based clustering with k-means. All software 

algorithms are implemented in C++ using the OpenCV software library. 



72 
 

 To perform mass segmentation, a square window is used to enclose the mass. The 

center of the square window is the centroid of the mass given by the ground truth data 

of the mini-MIAS mammogram database. The window size is 128 x 128 pixels. All the 

mass images are extracted from the mini-MIAS mammogram database [14].  

 The objective of this section is to show that PSO based clustering can have better 

mass segmentation performance when compared to k-means clustering. The ground 

truth data of the mini-MIAS database is used to extract the windows of mass images for 

image segmentation.  It is also possible to use the output of mass detection method in 

Chapter 3 to generate the window of image for segmentation. The centroid of the 

suspicious region can be used as the center of the window. The size of the suspicious 

region can be used to determine the square window size. The square window size should 

be big enough to enclose the whole suspicious region, together with some normal tissue 

surrounding the suspicious region. 

 In Figure 5.5, the third column from the left represents the output image after PSO 

based image clustering while the fourth column represents the output image after k-

means clustering. The cluster with the brightest intensity represents the mass region. 

From Figure 5.5 above, it can be observed that for k-means clustering, the mass merges 

with neighbouring normal tissue for mdb021 (Figure 5.1 (b)), mdb023 (Figure 5.1 (c)) 

and mdb204 (Figure 5.1 (e)). For PSO clustering, there is a small amount of merging 

for mdb010 (Figure 5.1 (a)). K-means has merging problem of mass and normal tissue 

in three images while PSO clustering has merging problem in one  image (Figure 5.1 

(a)). Moreover, the degree of merging problem for K-means is more serious in the three 

images, especially for mdb204. 
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(a) Mass image of mdb010, ground truth circle, outputs of PSO and K-means clustering  

          

(b) Mass image of mdb021, ground truth circle, outputs of PSO and K-means clustering 

          

(c) Mass image of mdb023, ground truth circle, outputs of PSO and K-means clustering 

          

(d) Mass image of mdb202, ground truth circle, outputs of PSO and K-means clustering 

          

(e) Mass image of mdb204, ground truth circle, outputs of PSO and K-means clustering 

Figure 5.5: Mass segmentation using PSO clustering and K-means 
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   Details of locations of merging of mass and neighbouring normal tisuue are 

given below for each image: 

 mdb010 (Figure 5.1 (a)): Minor merging of mass and normal tissue near 

bottom right hand corner of the mass for PSO clustering. 

 mdb021 (Figure 5.1 (b)): merging of mass and normal tissue at the top left 

corner and bottom right corner of the mass for k-means. 

 mdb023 (Figure 5.1 (c)): merging of mass and normal tissue at the bottom of 

the mass for k-means. It can be seen as a long tail at the bottom. 

 mdb204 (Figure 5.1 (e)): merging of mass and normal tissue at the bottom 

right hand corner of the mass for k-means. The merging problem is serious for 

this image. 

 For the five images tested in Figure 5.1, for k-means clustering, three images have 

the problem of merging of mass and neighbouring normal tissue. For PSO clustering, 

only one image has a small amount of merging. From Figure 5.1, it can be seen that 

PSO based image clustering has better performance in mass segmentation when 

compared to k-means as far as the merging of mass and neighbouring normal tissue is 

concerned. For mini-MIAS database, detailed mass boundary is not given in the ground 

truth file. Instead, the radius of the circle which encloses the mass is given. The center 

of the circle is the centroid of the mass. It should be noted that there is normal breast 

tissue inside the circle because the mass is usually not circular, especially for spiculated 

and ill-defined masses. 

 While PSO clustering has better performance in mass segmentation, k-means is 

more efficient and the time complexity of k-means is only O(n) (where n is the number 

of data points) [117]. For a complete run of the PSO algorithm, the number of 

computations required is the sum of the computations required to calculate the cost of 

a candidate solution (based on current position of the particles) and the computations 
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required to update each particle’s velocity and position. Both of these are directly 

proportional to the number of iterations [98]. However, in mammographic mass 

classification, it is more important to have good mass segmentation performance in 

order to assist the radiologist to determine if a suspicious region is mass or normal 

tissue. 

 

5.5 Conclusion 

This chapter has proposed two fitness functions that can improve PSO-based image 

clustering. This thesis shows that when the modified quantization error proposed in 

[132], called weighted quantization error (Je2) in this thesis, is used alone in image 

clustering, its performance in inter-cluster distance is worse than k-means though it can 

give smaller quantization error. To solve this problem, the first proposed fitness 

function uses Je2 together with intra-cluster distance (  and inter-cluster separation 

(dmin) to improve clustering quality. In the second proposed fitness function, the mean 

square-error is used together with   and dmin. Experimental results show that PSO-

based image clustering, using the two proposed new fitness functions, can have more 

compact clusters and larger inter-cluster separation when compared to k-means 

clustering. 

 The PSO based image clustering can be used to perform mass segmentation. 

Using the proposed new fitness function which include the weighted quantization error, 

intra-cluster distance and inter-cluster separation, it has been shown that PSO clustering 

has better mass segmentation performance for the mini-MIAS mammogram database 

when compared to k-means clustering. 
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CHAPTER 6 
 

Conclusion and Future Work 

 
Masses and micro-calcifications are two major types of mammographic abnormalities 

[18]. The objective of mass detection is to find locations of suspicious regions with high 

sensitivity and small number of false positives per image. Mass detection is generally 

more difficult than the detection of micro-calcifications because mass can have various 

size and shape. Also the features of mass can be obscured or similar to normal breast 

parenchyma [19]. In this thesis, a mass detection method is proposed to detect three 

different types of masses: circumscribed, spiculated and ill-defined masses. Then 

particle swarm optimization (PSO) based mass classification technique is proposed to 

classify the suspicious regions into masses or normal tissue. The objective is to reduce 

the number of false positives in mass detection.  Finally a PSO based image clustering 

technique is proposed for mass segmentation which can have better segmentation 

performance when compared to k-means clustering.  

6.1 Mass Detection 

The proposed mass detection method can detect three difference types of masses: 

circumscribed, spiculated and ill-defined. Masses of different size and shape can be 
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detected. The method is based on contrast enhancement by contrast limited adaptive 

histogram equalization, thresholding, false positives reduction by area and shape 

measure.  It has comparable performance with other existing mass detection techniques. 

The proposed method has a sensitivity of 88.2% with the number of false positives per 

image (FPI) equal to 5.66.  The FPI can be reduced by using the PSO based mass 

classification technique proposed in this thesis. 

6.2 Mass Classification by PSO and SVM 

This thesis proposes an effective method to classify the suspicious regions (ROI) of 

mammograms into mass and normal breast tissue regions by using PSO based feature 

selection and support vector machine (SVM). PSO is used to search for the optimal 

parameters C and gamma of SVM, using the RBF kernel. Twenty-three texture features 

were derived from the gray level co-occurrence matrix (GLCM) and gray level 

histogram of each ROI. Feature selection based on binary PSO (BPSO) and SVM is 

used to find the significant texture features in the training set. Then SVM is used to 

classify the test set, using the significant features only. Experimental results show that 

the proposed BPSO-SVM feature selection method can have better result when 

compared to other widely used feature selection techniques in mass classification.  Also 

a small number of significant features found by the BPSO-SVM feature selection can 

have better mass classification accuracy than the full set of features. The proposed 

BPSO-SVM mass classification approach has better or comparable sensitivity & 

specificity when compared to other existing mass classification techniques. The 

proposed PSO based mass classification method can achieve 97.78% sensitivity and 

97.33% specificity on the test set selected from the mini-MIAS database using 5-fold 

cross validation. 
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6.3 PSO Based Image Clustering and Mass Segmentation 

This thesis proposes two new fitness functions which can improve the performance of 

PSO based image clustering. The first fitness function is based on weighted quantization 

error, intra-cluster distance and inter-cluster separation. The second fitness function is 

based on mean square error, intra-cluster distance and inter-cluster separation.  Two 

experiments are performed to demonstrate that PSO based image clustering performs 

better than k-means, a widely used clustering algorithm. For the first experiment, three 

standard test images are used which include Lena, Pepper and Airplane. The 

performance of clustering is evaluated by the following three criteria: quantization 

error, intra-cluster distance and inter-cluster distance. It can be shown experimentally 

that PSO based image clustering, using the proposed fitness functions, can perform 

better than k-means by generating more compact clusters and larger inter-cluster 

separation. 

 In the second experiment, mammographic images from the mini-MIAS 

mammogram database are used. The test images are generated by manually cropping a 

square window which completely surrounds the mass in the mammogram image. The 

centroid and the size of the mass are provided by the ground truth file in the mini-MIAS 

database. The new fitness function used for PSO image clustering is based on weighted 

quantization error, intra-cluster distance and inter-cluster distance. Experimental results 

show that PSO based image clustering can give better performance in mass 

segmentation when compared to k-means clustering. For k-means clustering, there is 

more merging of the mass and its neighboring normal breast tissue.   



79 
 

6.4 Future Work 

For mass detection, pectoral muscle removal can be implemented in the future. S. M. 

Kwok et al. [139] had developed a method for automatic segmentation of the pectoral 

muscle on the mediolateral oblique views of mammograms. The pectoral boundary is 

approximated with a straight line. The line is then iteratively refined to a curve which 

can accurately delineate an enclosed pectoral region. The removal of pectoral muscle 

will reduce the number of false positives per image. 

 For particle swarm optimization based image clustering and k-means clustering, 

the number of clusters is chosen to be four for mammographic mass segmentation in 

this thesis. S. Ray and R. H. Turi [140] had proposed an automatic method to determine 

the number of clusters in image clustering. They used a simple validity measure based 

on the inter-cluster and intra-cluster distance to determine the number of clusters. The 

procedure involves producing all the segmented images from two clusters up to kmax 

clusters, where kmax is an upper limit on the number of clusters. The validity measure is 

then calculated to determine which is the best clustering by finding the minimum value 

for the measure. The validity measure has been tested for synthetic images and some 

standard natural images. This approach can be tested for mammographic images in the 

future.  

 For mammographic mass segmentation, in this thesis, it has been shown that PSO 

based image clustering can have better performance than k-means clustering. The Fuzzy 

C-Means (FCM) algorithm [121] is another popular clustering method which has been 

used in image segmentation. FCM is an extension of the k-means algorithm which 

allows each pattern of the image to be associated with every cluster using a fuzzy 
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membership function. FCM will be applied in mass segmentation and its performance 

will be compared with PSO based image clustering. 
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