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Abstract 

Cardiovascular disease is one of the leading causes of death in Canada. Atherosclerosis is 

considered the primary cause for cardiovascular disease. Optical coherence tomography (OCT) 

provides a means to minimally invasive imaging and assessment of textural features of 

atherosclerotic plaque. However, detecting atherosclerotic plaque by visual inspection from 

Optical Coherence Tomography (OCT) images is usually difficult. Therefore we 

developed unsupervised segmentation algorithms to automatically detect atherosclerosis plaque 

from OCT images. We used three different clustering methods to identify atherosclerotic plaque 

automatically from OCT images. Our method involves data preprocessing of raw OCT images, 

feature selection and texture feature extraction using the Spatial Gray Level Dependence Matrix 

method (SGLDM), and the application of three different clustering techniques: K-means, Fuzzy 

C-means and Gustafson-Kessel algorithms to segment the plaque regions from OCT images and 

to map the cluster regions (background, vascular tissue, OCT degraded signal region and 

Atherosclerosis plaque) from the feature-space back to the original preprocessed OCT image. 

We validated our results by comparing our segmented OCT images with actual photographic 

images of vascular tissue with plaque.  
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Chapter 1 Introduction 

 
1.1 Motivation 

Recent studies show that over 40% of Canadians aged 20 to 79 have unhealthy level of total 

cholesterol, which is the cause of several health problems [1]. Cardiovascular disease is one of 

the main causes of premature death in many countries, accounting for 29% of deaths in Canada 

annually [1]. The main cause of acute coronary syndrome and sudden cardiac death is 

Atherosclerosis [2].  

Optical Coherence Tomography is a new image modality which generates real-time tomographic 

images from back-scattered light. It is showing promise for image acquisition in cardiovascular 

disease applications. Compared to intra vascular ultrasound it has a good resolution, safety and 

potential in clinical applications. 

This research is a continuation of earlier work performed to identify vascular plaque from OCT 

images using a hard partition clustering technique. These hard partitioning methods; however, 

experience difficulty in dealing with ambiguous images that are usually encountered in medical 

applications. To overcome this issue we employed two more advanced clustering techniques that 

are suitable for dealing with ambiguous images. 

 

1.1 Problem Statement  

Detection of Atherosclerotic plaque from optical coherence tomography (OCT) images is 

difficult, therefore a method to detect the existence of these malformations within an OCT image 

is needed in order to identify them in early stages. This can be achieved by using an 

unsupervised texture-based segmentation method. Such method obtains the statistical texture 
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features (Spatial Gray Level Dependence Matrix) from an image; perform image segmentation in 

feature-domain. 

 

1.2 Thesis Structure 

In Chapter 2, the basic principles of Atherosclerotic disease are discussed. We define basic 

concepts including: anatomy of the artery, causes, effects and types of Atherosclerosis, its Risk 

factors, imaging techniques used in Atherosclerosis, and the animal model used for our acquired 

Optical Coherence Tomography images. 

Chapter 3 describes the Optical Coherence Tomography method, its basic mechanism, different 

types of Optical Coherence Tomography systems, and its application in the catheter field best 

known as Intravascular OCT, which is compared with other imaging techniques to define its 

capabilities in the imaging field. The OCT machine used to obtain the images that we used in this 

work is cited at the end of the chapter. 

Chapter 4 defines the texture based segmentation of our images, which includes preprocessing of 

the OCT raw image, an SGLDM statistical feature extraction, followed by feature normalization 

and the overview of our tree clustering methods used to classify our OCT images: K-means, 

Fuzzy c-means and Gustafson-Kessel Algorithms. 

Chapter 5 fully describes our Vascular Plaque Detection of OCT images method; including the 

results that we obtained from our three different clustering algorithms.  

Finally Chapter 6 summarizes our Conclusions and future work. 
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Chapter 2 Atherosclerosis 

 
2.1 Introduction 

Due to the advances in surgical procedures, drug therapies and prevention efforts, cardiovascular 

death rate in Canada has been decreased from 75% to nearly 40% during the last decade 

[1].However heart disease and stroke are two of the three leading causes of death in Canada [1]. 

Approximately 70,000 strokes occur in Canada every year, or one every 7 minutes. Almost 

16,000 Canadians die each year as a result of a heart attack, which constitute a 29% of all deaths 

in Canada [1]. The risk factors of heart attack or stroke (smoking, alcohol, physical inactivity, 

obesity, high blood pressure, high blood cholesterol, diabetes) affect nine in ten Canadians, 

which correspond 90% of the population in the country [1].  

Cardiovascular diseases are the clinical consequences of Arteriosclerosis, and they are still the 

main cause of morbidity and mortality in the western world [3].Atherosclerosis, which is the 

most common type of Arteriosclerosis, represents the root cause of stroke, heart attack, heart 

failure, and sudden cardiac death [2]. Atherosclerosis usually attacks arteries (especially 

coronary arteries which are very narrow and are easily obstructed by plaque) [4], causing 

obstruction of blood flow which can leads to angina, myocardial infarction, heart failure, sudden 

death, or stroke [4]. The development of Atherosclerosis within the artery wall is a multifactorial 

and multipart progressive condition [5], which is difficult to track during early stages of the 

illness due to the asymptomatic and silent nature of the disease. The lack of more substantial 

lipid lowering treatments and the inability to completely characterize atherosclerosis lesions in 

individual patients [2] are some of the limitations that are faced by the medicine nowadays. 
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2.2 Anatomy of the Artery 

Arteries are vessels that carry blood away the heart (mostly oxygenated blood, with exception of 

pulmonary artery which carries deoxygenated blood from the heart to the lungs to become 

oxygenated) [6]. Arterial walls have a thick structure in order to manage the high pressure 

produced by ventricular contraction of the heart [6]. The main arteries in the human body are the 

aorta, which distributes oxygenated blood to the systemic circulatory system, and the pulmonary 

artery that is responsible of carrying blood to the pulmonary system [6].  

Arterial physiology consists of 3 different tunicas (layers): endothelium (also called intima), 

media, and adventitia [5].  Endothelium, also referred as “intima”, is the innermost layer formed 

by endothelium cells [6], which are responsible of lining the interior surface of blood vessels, 

fluid filtration, and blood clotting. Media is the middle layer of the artery, composed of a layer of 

smooth muscle and a layer of elastic tissue [6]. As the thickest layer, is responsible of the blood 

pressure (changes in diameter when the artery dilates and contracts due to the heart pressure) [6]. 

The outermost layer, Adventitia, is composed by fibrous connective tissue, which covers and 

protects the artery structure, bringing support to the artery wall to avoid tearing [6]. 

 

 

Figure 2-1 Anatomy of the Artery. 
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2.3 Definition 

There is a main difference between the terms Arteriosclerosis and Atherosclerosis:  

Arteriosclerosis is derived from the Greek “arterio” meaning artery, and sclerosis which mean 

hardening [3], is a chronic lesion affecting long segments of the arterial tree in a diffuse way, 

composed by a combination of hypertrophic (enlargement of cells), and fibrous changes in the 

entire thickness of the arterial wall [4]. The media and adventitia are commonly affected by this 

disease process [4]. Atherosclerosis is derived from the Greek “athera” meaning porridge or 

gruel, and sclerosis which mean hardening [7], and is a special case of Arteriosclerosis used to 

describe atheroma (accumulation of fatty substances, cholesterol, cells, calcium, and fibrin, a 

hard material that helps to coagulate the blood [8]) on the artery. Atherosclerosis is a lesion 

which forms plaque of atheroma inside the blood vessels, resulting in obstruction of blood flow. 

The endothelium and media are commonly affected by this disease [4]. 

 

 2.4 Causes and Effects of Atherosclerosis 

Atherosclerosis plaque (Atheroma) is comprised of fatty substances, cholesterol (Low-density 

Lipoprotein (LDL), and Very Low-Density Lipoprotein (VLDL)), cells (and their secretory 

products), calcium, and fibrin (a tough material found normally in the blood to help clot the 

blood) [8].  

Fatty core starts to form the atheroma within the lumen of the artery, covering cells around it, 

and then forming fibrous cap (connective tissue) and calcium. As a result of this process, the 

artery wall thickens, the artery’s diameter is reduced, and blood flow and oxygen delivery are 

decreased [8]. Because the atheroma is hard and the medical word for hardness is “sclerosis”, the 

disease is called Atherosclerosis [4]. 
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Depending on the artery affected by the illness, Atherosclerosis can cause different diseases. 

When coronary arteries are affected, the obstruction of blood flow that supply the heart muscle 

can generate angina or myocardial infarction. If it blocks the carotid arteries that supply the brain 

a stroke is produced, kidney disease if it blocks the renal arteries, and gangrene if it blocks the 

peripheral arteries that supply the limbs [8].Atherosclerosis mainly affects large and medium-

sized arteries; however it is not known why some arteries are more vulnerable than others to 

develop atherosclerosis lesions. The arteries commonly affected by atherosclerosis include the 

following: 

Aorta: the initiation of the plaque is characterized by the accumulation of cholesterol and fatty 

lipids within the deeper part of the intima [4]. During the following stages the plasma 

concentration in this area starts to increase its thickness. When the Atheroma within the Aorta is 

advanced, it can cause an Aneurysm (an alteration of the media wall due to degeneration 

produced by atheroma) [4]. Atherosclerosis lesions within the Aorta are usually most marked at 

the lower end before bifurcation into the iliac arteries [4].  

Coronary Arteries: the obstructive atheromatous disease involved in these arteries is usually 

asymptomatic, leading to angina and culminates in fatal or non-fatal heart attacks without 

previous symptomatic manifestations [4]. Male population between the ages of 40 and 55, and 

women until the age of 55 (hormonal status cardio protection of women ends during menopause) 

are more susceptible to suffer heart attacks [4].The coronary arteries have a unique flow pattern 

as they are empty during cardiac systole (process in which blood is driven out of the heart), and 

fill only during diastole (process in which the heart refills with blood after systole) [4].  
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Carotid Arteries: when the medium-sized arteries that irrigates the brain with oxygenated blood, 

get blocked by atheromatous disease, a stroke is produced, causing sudden death or a big damage 

in the nervous system [4]. Stroke can affect male and female population aged 45-60 [4], making 

this problem one of the most dangerous consequences of Atherosclerosis disease. 

Iliac and Leg Arteries: gangrene or amputations are the more severe causes produced by the 

obstruction in the iliac, and leg arteries. The lack of blood supply causes intermittent pain in the 

calf muscle during a brisk walk, and this condition is referred to as intermittent claudication [4]. 

Arteries of the Upper Limbs: include the subclavian and brachial arteries and medium-sized 

arteries similar to the ones in the legs or the carotid arteries of the head [4]. Atherosclerosis is not 

usually seen in these arteries. The kidney arteries circulate the entire blood volume to be filtered 

by the kidney [4]. Atherosclerosis lesions in the arteries were relatively rare compared to the 

involvement of the coronary and carotid arteries. 
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2.5 Types of Atherosclerosis Disease 

2.5.1 Non-progressive Atherosclerosis 

The development of Atherosclerosis can be divided in 2 main stages: Non progressive 

Atherosclerosis, and Progressive Atherosclerosis.  

Type I (Adaptive Initial Thickening) 

This is the earliest vascular change described microscopically, which is found in at least 30% of 

neonates at birth [2]. The intima of human arteries contains resident smooth muscle cells (SMCs) 

often as early as first year of life [7]. 

Type II (Fatty Streaks) 

This lesion starts when extracellular lipids (activated by risk factors such as high cholesterol, 

smoking, hypertension, obesity, insulin resistance, etc. [5]), and adhesion molecules begin to 

accumulate in the intima, as a result of the dysfunction of the endothelium [3] (initiated by 

turbulence of blood flow). The inflammatory process begins with the adherence of leukocytes 

(immune system cells), especially monocytes (a larger version of leukocytes) in the intima [4]. 

When the lipid accumulation is not big enough, the leukocytes begin to accumulate lipids and 

transform them into foam cells (also called macrophages, which are anti-inflammatory white 

blood cells). Fatty Streaks do not cause symptoms, can evolve in more complex lesions or even 

disappear [7].  

2.5.2 Progressive Atherosclerosis 

Type III (Pathologic Intimal Thickening) 

When the lipid accumulation (fatty streaks) does not disappear, it grows up into intermediate 

lesions, due to the attraction of numerous leukocytes (monocytes) [3]. Called the intermediate 

lesion, this lesion type is characterized by lipid pools located near the medial wall, in areas that 
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generally lack smooth muscle cells (due to the apoptosis of foam cells produced by the down 

regulated degeneration of the fatty streaks by the leukocytes) [2].  

The luminal surfaces, however, is mostly rich in smooth muscle cells and often accompanied by 

infiltrating foam cells [2]. Another characteristic of these lesions is micro calcification [2].  

Type IV (Fibroatheromas) 

Fibroatheromas (vulnerable plaques) are the first of the advanced lesions, this lesion is 

characterized by an acellular necrotic lipid core [2] (produced when a foam cell (macrophage) 

die and its content is released [3]) attracting more macrophages from the bloodstream, and 

creating the core in the depth of the plaque [3], surrounded by fibrous tissue. 

Type V (Plaque Stability) 

This lesion is characterized by the migration of smooth muscle cells to the affected lesion, 

overgrowing the foam cells, and forming a layer of collagen called fibrous cap [3]. The fibrous 

cap (considered as stable plaque) has a critical role in harboring the contents of the necrotic core, 

and its integrity is one of the defining influences on plaque stability [2]. 

Type VI (Thrombosis) 

This is the last chronological lesion followed by atherosclerosis. In this stage the artery wall 

thickens, the artery diameter is reduced, and the blood flow is decreased [8]. The endothelial 

cells (due to degeneration of this layer) covering the fibrous cap become extremely thin, fragile 

and susceptible to erosion [5]. As a result the endothelial layer is injured and the released 

material exposed to the flowing blood starts the sudden formation of a blood clot (thrombosis) 

[6] that blocks the lumen of the artery. Plaque rupture is the main process responsible for 

myocardial infarction and stroke [3]. 
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2.6 Risk Factors of Atherosclerosis 

The main cause of Atherosclerosis formation remains unclear; the common risk factors that 

contribute to the development of Atherosclerosis are the following: 

More-significant Risk Factors 

High cholesterol, high blood pressure, and cigarette smoking are considered the most influential 

risk factors; a person who has all three of these risk factors is eight times more likely to develop 

atherosclerosis [8]. 

Hypertension 

High blood pressure [Hypertension] is a major risk factor for heart disease, especially stroke [9]. 

Hypertension is a disease in which the blood pressure in the arteries is elevated, forcing the heart 

to work harder to be able to pump blood through the blood vessels [9]. Pressure levels under 120 

(systolic: when the heart contracts and pushes out the blood)/ 80 (diastolic: when heart relaxes 

between beats) are categorized at low risk, and blood pressure levels over 140+/90 are 

considered at high risk and should be stabilized by a health care provider [9]; however the 

increase in mortality begins at blood pressure levels above 115/75 [2]. For all this reasons 

Hypertension is associated with morphologic alterations of the endothelium (degeneration, and 

malfunctioning), systolic and diastolic heart measures contributes in the same way to increase the 

risk of cardiovascular events [2].  

Dyslipidemia 

Referred as High blood cholesterol, this disease is also considered as a major risk factor for heart 

disease and stroke, by making more difficult the blood flow through the organism, and producing 

circulatory problems [9]. Cholesterol is composed by 2 main types: Low-density lipoprotein 

(LDL) better known as bad cholesterol, and High-density lipoprotein (HDL) called good 



11 
 

cholesterol. Both cholesterol types are used by the organism to produce cell membranes, vitamin 

D and hormones [9].  

However the presence of LDL high levels in the blood contributes to the buildup of plaque in the 

artery walls (narrow the arteries and cause Atherosclerosis). On the other hand HDL cholesterol 

helps the organism to take away LDL cholesterol from the artery walls [9].Triglycerides (a type 

of fat that is found in the blood) are also associated with hypertension, obesity, low HDL levels, 

and elevated LDL in the blood [2]. 

Cigarette Smoking 

Smoking is a risk factor that contributes to the build of plaque in the artery walls, increases the 

presence of blood clots, reduces the levels of oxygen in the blood, and affects the circulatory 

system by increasing the blood pressure [9]. Both active and passive cigarette smoke exposure 

predispose to cardiovascular events [2]. 

This is the most important modifiable risk factor for the development of cardiovascular disease, 

it can be a reversible; the cessation of smoking leads to a decreased incidence of cardiovascular 

events beginning as early as within 6 months of smoking termination [2]. 

Diabetes Mellitus 

Diabetes is a disease produced when the human body does not produce enough insulin (a 

hormone that breaks down sugar for energy), or does not use all the insulin that is produced [9]. 

This disease increases the risk of high blood pressure (hypertension), atherosclerosis, coronary 

artery disease and stroke, especially when the blood sugar levels are poorly controlled [9]. The 

insulin resistance is a component of diabetes that comprises increased risk for atherosclerotic 

disease [2]. 

There are 3 types of Diabetes: 
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Type 1 Diabetes: this kind of Diabetes is developed in young people (>30), is characterized for a 

malfunctioning of pancreas; it does not longer produce insulin. 10% of people with diabetes have 

Type1 [9]. 

Type 2 Diabetes: this is produced when the body does not produce enough insulin, or does not 

use it in a proper manner. This diabetes is followed by obesity and is affecting 90% of the people 

with diabetes [9]. 

Gestational Diabetes: occurs in 2~4% of women during pregnancy, and disappear after the birth 

of the baby. However, the presence of this diabetes can increase the risk of mother and baby to 

develop diabetes later in life [9]. 

Physical Inactivity 

This is a minor modifiable risk factor for coronary heart disease, and a habit of regular exercise 

reduces the risk [2]. Regular exercise helps to prevent and control a good amount of diseases, 

such as hypertension (reduce blood pressure), high blood cholesterol (by increasing HDL 

cholesterol), diabetes type 2 (insulin resistance) and obesity (decrease in body weight) [2]. A 

minimum of 30 minutes of moderate intensity physical activity per day most day of the week, or 

a minimum of 20 minutes of vigorous intensity physical activity 3 days a week can reduce the 

risk of heart diseases [2]. 

Stressful Lifestyle 

Stress can increase the risk of heart disease and stroke, and by combining it with other risk 

factors it can enhance the probability of having heart related problems [4]. Prolonged high stress 

levels may produce higher blood cholesterol (by overeating, consuming alcohol, and smoking), 

increased blood pressure (people who are prone to anger), and atherosclerosis. Long term stress 

exposure can also lead to mental health problems such as depression and anxiety [9]. 
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Gender 

Men over the age of 45, and women over the age of 55 or postmenopausal women are at greater 

risk of heart disease [9]. 

Less-significant Risk Factors 

Heredity, advanced age, and racial background are considered as less-significant risk factors [8]. 

Ethnicity 

First nation’s people, African or South Asian descent are more likely to have high blood pressure 

and diabetes, and therefore are at greater risk of heart disease and stroke than the general 

population [9]. 

Familial Predisposition 

A family history of sudden coronary death before age 50 places the individual at high risk [2]. 

However undefined genetic factors play a major role in the predisposition for the development of 

heart disease and stroke. 

Age 

Heart disease and stroke is more prevalent in the elderly. The disease starts in most male 

populations after the age of 40 and after age 55 in women [4]. Atherosclerosis is a silent 

asymptomatic disease; it takes 10-15 years for lesions to grow sufficiently to obstruct vessels [4]. 

In many patients, the disease advances slowly between the age of 50 and 70 without causing 

symptoms. In women, often after age 75, cardiovascular disease culminates in obstruction of an 

artery, heart attack, or death [4]. 
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2.7 Imaging techniques used in Atherosclerosis 

Atherosclerosis is a chronic disease, that progress slowly and present significant symptoms, it 

cannot be tracked during early stages, but it can be monitored in early stages by diagnostic 

imaging processes, prior to clinical manifestations of the disease [5].  

In 1971 Born implemented the first real time catheter cardiac system based on a set of phased-

array ultrasound transducers within the cardiac chambers. By the end of 1988 Yock miniaturized 

a single transducer system that was introduced within coronary arteries, opening by this way the 

catheter-based imaging technology field. Nowadays new images modalities are still emerging 

from new developments, device improvements, and the application of new energy sources. 

The most common imaging modalities used in Atherosclerosis imaging are the following: 

Angiography 

First performed in humans in 1958, this traditional method is used to visualize arteries, veins and 

heart chambers, [2]. Angiography is an invasive technique that provides in vivo high resolution 

images. In this imaging method a contrast agent is applied in the area to enhance the medium, 

which is imaged using an x-ray based technique (fluoroscopy) [2]. Angiography provides 

detailed anatomic imaging, but no functional assessment. In Atherosclerosis estimation cannot 

detect all the plaque in the luminal segment [2]. 

Intravascular Ultrasound 

This technique provides extremely high resolution cross-sectional images, permits direct arterial 

vascular wall imaging through the use of high frequency ultrasound. This kind of ultrasound is 

typically performed at 20-40 MHz, which allows resolutions of approximately 150-200 μm [2]. 
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In comparison with conventional angiography, IVUS allows tomographic assessment of lumen 

area, plaque size, distribution and composition of the plaque [5]. However interpretation still 

relies on visual inspection, and different tissue components appear quite similar [5]. 

Computed Tomography 

This imaging procedure use special x-ray equipment to create a series of scans of areas inside the 

body. Fast gated helical CT (i.e. multi detector CT) can detect exactly the quantity of calcium in 

atherosclerosis lesions. Atherosclerotic calcifications are frequent in acute lesions; however 

high-risk plaques often lack calcium [2]. 

Magnetic Resonance Imaging 

MRI is a non-invasive imaging technique that uses magnetic radio waves to take image of the 

body, is definitely superior to other imaging modalities in distinguishing soft tissue contrast [5]. 

Allows early detection of plaque formation, but cannot provide any information about the actual 

risk of plaque rupture [5]. 

Intravascular Optical Coherence Tomography 

Intravascular OCT is a light-based invasive imaging modality, based in a low-coherence 

interferometry. It generates cross-sectional 2-dimensional images from emitted and reflected 

near-infrared light [2]. It has a superior resolution of about 4-20 μm compared to IVUS but 

limited tissue penetration of 2-3 mm [2]. Allowing improved plaque characterization and 

histology-grade definition of microstructure of coronary plaque [2]. Thin fibrous cap, lipid pool, 

and macrophage infiltration can be accurately detected by OCT [2].  It uses a caterer to be able to 

reach the medium that is going to be imaged; however since light emission is highly attenuated 

by blood, it should be displaced during OCT imaging by applying contrast flushes or with an 

angioplasty balloon [2].  
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Near-infrared Spectroscopy (NIRS) 

This technique is based on organic molecules that absorb and scatter light to different degrees at 

various wavelengths (800-2500 nm) measuring the proportion of light that is returned from the 

sample. This method allows obtaining the chemical characterization of coronary artery plaques 

(chemo gram which display the probability of lipid core plaque) [2]. Although this technique has 

demonstrated the feasibility, accuracy, and safety in humans, needs larger studies to be able to 

apply it in clinical practice [2]. 

 

2.8 Animal Model used for our acquired OCT images 

Since Atherosclerosis is a chronic and multifactorial disease is not possible to sequentially 

characterize lesions in an individual patient [5]. In addition for ethical reasons, experimental 

studies of atherosclerosis in patients with cardiovascular disease cannot be conducted easily [5]. 

For that reason appropriate animal models are employed to perform both ex vivo and in vivo 

experimentations that help to delineate the pathogenesis of atherosclerotic lesions [5] and their 

potential treatment.  

Watanabe heritable hyperlipidemic (WHHL) rabbits have a similar lipoprotein metabolism as 

humans. These strains of rabbits imitate human familial hypercholesterolemia [5] with an 

accumulation of cholesterol-rich particles in VLDL and intermediate density lipoprotein classes, 

as well as in low-density lipoprotein (LDL). [5]The rabbit model used as a reference in this work 

came from vascular samples of atherosclerotic plaques taken from myocardial infarction prone 

Watanabe heritable hyperlipidemic rabbits (WHHLMI).  
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These samples were obtained from segmented tissue subdivided into 20~30 mm length sections 

extending from the ascending aorta to the external iliac artery by colleagues at the Institute of 

Bio diagnostics, National Research Council Canada, in Winnipeg.  

 

 

Figure 2-2 Sample from abdominal aorta tissue of a WHHLMI rabbit 

 

This work was approved by the local animal care committee at Institute for Biodiagnostics, 

National Research Council Canada. Arterial samples harvested from seven WHHLMI rabbits 

aged 309 days, 316 days, 330 days, 332 days, 360 days, 450 days, 480 days, 577 days, 655 days 

and 666 days were obtained.  
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CHAPTER 3 Optical Coherence Tomography 

 

3.1 Introduction 

Imaging technology allows us to improve diagnosis of the pathology and pathogenesis of certain 

diseases. Imaging technologies like MRI (magnetic resonance imaging), CT (computed 

tomography), and PET (position emission tomography) have been used in the clinical practice to 

improve diagnostic medicine during the last decades [10]; however none of them has imaging 

resolution beyond millimeter range. 

On the other hand microscopic imaging techniques such as confocal microscopy and 

Fluorescence microscopy have a very high resolution (microns), but a lack of penetration depth 

and an ease to obtain images in real time [10]. 

Optical Coherence Tomography is an imaging technique that incorporates near-infrared light and 

advanced optical engineering to produce high-resolution cross sectional images [11].  This 

technique is the optical analogue of intravascular ultrasound; but it uses light instead of 

mechanical waves (sound) [12], giving an excellent spatial resolution, and providing also a 

cross-sectional image like IVUS (intravascular ultrasound) [13].The principles of optical 

coherence tomography (OCT) are based on optical interferometry.   

Since its invention in the late 1980s and early 1990s, OCT enabled the visualization of the 

internal microstructure in biological systems with a similar resolution approaching that of 

histology [10]. In 1991 after the introduction of 2-dimensional transverse scanning (B-scan) of 

the retina by Fujimoto, OCT expanded to numerous biomedical and clinical applications [14] 

such as gastrointestinal endoscopy, coronary Atherosclerosis, Dermatology, Laryngology, 

Dentistry, Pulmonary medicine, Gynecology, and Urology [10]. 
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First-generation OCT systems were based on time-domain interferometry, this OCT modality 

employed a broadband light source between 1250 and 1350 nm, and a penetration depth of ≤4 

mm for image reconstruction [12].  

 

3.2 Optical Coherence Tomography 

3.2.1 Definition 

Optical Coherence Tomography is an optical non-invasive imaging modality of superficial tissue 

layers at almost microscopic resolution [15], it uses optical reflections of an infrared source 

which is returned from tissue and analyzed as a cross-sectional image [16].   

Near-infrared light with a typical wavelength of 1310 nm is emitted toward a sample. 

Information from the echo delay (time for the light to be reflected back) and the intensity of 

backscattered light from internal microstructures with varying optical properties within the 

sample are used to create the OCT images [11].This image modality allows imaging of tissue 

pathology in situ and in real time with resolutions of 1-15 μm, one to two orders of magnitude 

finer than conventional ultrasound [10]. 

 

3.3 Basic Mechanism of OCT 

OCT echo time delay cannot be measured electronically due to the high speed of light [17]. For 

that reason OCT performs correlation or interference between light that is coming back 

(backscattered) from the sample, and light that has travelled a known distance (or time delay) 

thought a reference path [10].  A beam splitter is used to divide the light from the source into two 

paths: a reference path that directs the light to a reference mirror, and a sample path that directs 

the light into the sample and collects the backscattered light [10]. The interference signal that is 
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returning from both paths is recombined and measured by a photodetector; the sum of the 

reference and sample fields is called interferogram [10]. The electronic signals detected at the 

photo detector are processed into an A-scan (a longitudinal/axial range sample) which represents 

the location of the backscattered light from the imaged tissue based on the information obtained 

from the reference mirror [10] [18]. Multiple A-scans are acquired and assembled by a computer 

into a two-dimensional cross-sectional image (tomogram) termed B-scan [10]. Finally OCT 

displays the tomogram in real time using a false color scale, which represents the amount of light 

backscattered at different depths of the imaged tissue corresponding to different anatomic 

structures [18]. High reflectivity microstructures are displayed in bright colors (red to white), and 

minimal or no reflectivity microstructures are displayed in dim colors (blue to black) [18]. 

 

3.4 Different types of OCT systems 

3.4.1 Time-Domain OCT (TD-OCT) 

Time domain Optical Coherence Tomography (TD-OCT) was the first version of OCT 

developed and widely used during the early 1990s due to its simple construction, and low cost 

[10], is composed by a mirror located at the reference arm which is moved at calibrated distances 

to produce known echo delays [14]. Just as mentioned before, the interferometer uses a beam 

splitter to divide the light into two paths; the reflected signals from the sample and reference 

arms are recombined and the interference pattern is measured by a photodetector. The output of 

the photodetector is demodulated by analog electronics or sampled by a fast A/D converter [10]. 

TD-OCT mechanical scanning process limits the frame rate at which images can be acquired 

(15.6-20 frames/sec) and the pullback speed (2.0-3.0 mm/sec).  The maximum imaging depth of 

TD-OCT is 1.0 to 2.0 mm, depending on tissue type, with axial and lateral resolutions of 15 and 
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25 μm, respectively [11] (could be lower depends on spectral width of white light source). 

Broadband width light sources are required to obtain a high axial resolution (since axial 

resolution is inversely proportional to the bandwidth of the light source), and transverse 

resolution is determined by the diffraction limited spot size of the focused optical beam (spot 

size is inversely proportional to the numerical aperture) [10]. 

However time-domain OCT systems need further improvement in speed; they are physically 

limited by the optical delay in the reference arm producing a trade-off between the imaging 

speed acquisition and sensitivity to alignment changes [14]. 

 

 

 

 

Figure 3-1 Schematic of a basic TD-OCT system 
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3.4.2 Frequency-Domain OCT (FD-OCT) 

TD-OCT systems scans the length of the reference arm of an interferometer in order to obtain a 

depth profile, as a result, depth information can be obtained by detecting the interference signal 

as function of wavelength. In Frequency-domain OCT (FD-OCT) this same result is achieved 

and improved with a broadband source or a swept source laser, and a spectrometer in the detector 

arm (all echo delays are acquired simultaneously) improving the detection sensitivity, phase 

stability, and making the imaging speed faster and suitable to investigate fast dynamical 

biological systems [10]. However the penetration depth and resolution of FD-OCT systems do 

not differ significantly from those of TD-OCT systems [11]. FD-OCT can acquire images at line 

rates at least 10 times faster (80 to 110 frames per second) than TD-OCT, without loss of image 

quality [11]. 

There are 2 types of FD-OCT systems that differ in their method of data extraction from the 

interferometer: optical frequency domain imaging also known as spectral domain OCT (SD-

OCT), and swept-source OCT (SS-OCT) [14]. 

 

Spectral Domain OCT (SD-OCT) 

Spectral domain OCT (SD-OCT) systems use a broadband continuous wave light source, the 

reference arm length is fixed at a position that match the position of the sample [10], and the 

spectral interference pattern (interferogram) between the light returning from the reference arm 

and all depths within the sample is dispersed by a spectrometer and collected simultaneously on 

a photo detector array or charge-coupled device (CCD) [10].  
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Swept-Source OCT (SS-OCT) 

The broadband light source used in conventional TD-OCT systems is replaced by a novel 

wavelength-swept laser. This light source has a narrow spectral output that can be turned 

electrically over a wide band of wavelengths typically 1260 to 1360 nm (same spectral band as 

TD-OCT) [11]. As the wavelength of the laser steps (sweeps), reflections from refractive-index 

discontinuities at different depths are encoded in the frequencies of the interference signs that 

they generate [11]. During the next stage a depth scan is reconstructed by Fourier transformation 

of the interference signals recorded during a single sweep of the laser [11]. Axial and depth 

resolution are determined by the bandwidth of the laser and the width of its wavelength sweep 

[11]. In the case of SS-OCT, the source has narrow instantaneous linewidth which is rapidly 

swept in wavelength [10], and the spectral interference pattern is detected on a single or small 

number of photo detectors as a function of time [10]. As in SD-OCT, the reference arm length is 

also fixed in SS-OCT [10].  

In both subdivisions of FDOCT (SD-OCT and SS-OCT), the spectral interference pattern 

encoded in its spectral frequency content the entire depth-resolved structure of the sample at the 

position of the focal spot [10], and the A-scan are obtained by using an inverse Fourier transform 

[10]. 
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3.5 Clinical Applications of OCT 

1) OCT is used in hazardous or impossible standard excisional biopsy. Applications include 

tissues such as the eye, arteries, or nervous tissues [10]. OCT guides excisional biopsy to reduce 

the number of biopsies that are required, and to improve sensitivity of sample errors [10].  

2) OCT is used for guidance of interventional procedures. Using catheter, endoscopic (using an 

endoscope to examine a hollow organ or cavity), laparoscopic (small incision surgery performed 

far from its location), or needle delivery devices to see beneath the tissue surface [10]. 

 

3.6 IV OCT 

The main goal of cardiovascular research is to detect pathological symptoms of vulnerable 

plaques before its development, for that reason Intravascular imaging is perhaps the second most 

developed clinical OCT Application [19]. Intravascular Optical Coherence Tomography (IV 

OCT) is an invasive microscopic imaging technique that has been developed for the 

identification of vulnerable plaque [10]. Since can be implemented through an optical fiber is 

easily adaptable to coronary catheters (flexible narrow tube) to acquire images of the arterial 

pathology [10]. The light wavelength ranges from 1250 to 1350, which minimizes the absorption 

of light by hemoglobin, lipids, proteins and water within the arterial cavity [13]; however IV-

OCT must be performed in a blood-free environment (infrared light is unable to penetrate red 

blood cells) using a bolus injection of contrast [13]. IV-OCT has the same mechanism as 

traditional OCT systems; the light from the light source is divided in two pads; one going to the 

arterial wall (sample) and the other one towards a mirror. The intensity of interference signal (a 

pattern of high and low intensities) is then measured by a photo detector, and used to create 

images [13].Intravascular OCT provides high resolution images with near histological detail; its 
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axial resolution range around 10–20 μm (compared to 100–200 μm with IVUS), and the lateral 

resolution is typically 25-30 μm (compared to 200-300 μm with IVUS), approximately 10 times 

greater than intravascular ultrasound systems, allowing a better identification of coronary 

features such as calcium, lipid pool, and thin-cap fibro atheroma [13] [20]. Nevertheless IV-OCT 

tissue penetration depth range is 1-3 mm, which is limited in comparison with IVUS 4-8 mm 

penetration depth [13] [20].Several studies in vitro and in vivo reported the high accuracy OCT 

systems to detect, and identify tissue components that are present in vulnerable plaques [21] [19], 

lipid pools, calcific and fibrous components, and superficial calcified nodules [20]. OCT is also 

used to image the surface of stented (a procedure in which a tube is placed into an artery to hold 

it open) and non-stented segments; providing a high resolution, but low penetration depth [20]. 

However IV OCT is unable to measure the plaque volume and media contour in most of the 

coronary segments (long segments) [20]. 
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3.7 Imaging techniques used in intravascular imaging 

Coronary angiography has long been accepted as the gold standard for coronary artery imaging 

[22], in this technique a contrast agent is inserted within the arterial cavity to allow the imaging 

of its walls by using x-ray techniques such as fluorescence. However, Angiography only shows 

the luminal narrowing caused by coronary plaques [20]; cannot detect structures beneath those 

plaques, making this technique unable to detect vulnerable or high-risk atherosclerotic plaques 

[22].   

Such limitations lead to the application of new techniques capable of detect and characterize 

plaque composition, in an effort to identify plaque progression and vulnerability. Introduced in 

the late 1980s, Intravascular Ultrasound (IVUS) is the only diagnostic tool used in interventional 

cardiology to image inside the walls of coronary arteries [10]. IVUS is an invasive ultrasound 

technique used in intravascular imaging. This technique employs high-frequency sound waves 

between 30-45 MHz; these high frequencies are transmitted with minimal absorption in 

biological tissues, and make possible to image inner layers of coronary arteries, allowing a better 

understanding of atherosclerosis plaque formation and progression [10]. However images 

obtained by IVUS are difficult to interpret for many non-specialists; and the information 

provided by the plaque types are difficult to apply in the therapeutic field [10]. 

Intravascular Optical Coherence Tomography (IV-OCT) is a catheter-based imaging technique 

capable to produce high-resolution intravascular images by the employment of near-infrared 

light [12]. In comparison with other coronary imaging modalities like IVUS, OCT shows a 

higher resolution; it can detect plaque, discerning fibrous or calcified plaque morphologies, lipid-

rich plaque regions, internal and external elastic laminae, and intimal hyperplasia (cell 

proliferation within the intima) [22].  
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3.8 OCT system used to acquire our OCT images 

The Optical Coherence Tomography images used in this work come from a Sweep source OCT 

(SS-OCT) system, which is located in the Institute of Biodiagnostics, National Research Council 

of Canada (NRC-IBD) in Winnipeg. 

 

 

Figure 3-2 OCT system, it uses a narrow bandwidth frequency swept laser light source of 1310 nm, with a 

sweep rate of 30 kHz and a sweep range of 110nm, which provides an axial resolution of approximately 12 μm 

in air.  
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CHAPTER 4 Texture based Segmentation of OCT images 

 

4.1 Introduction 

Medical Analysis and diagnosis have been improved in recent years by the employment of 

images analysis techniques. Image segmentation is a process that helps to identify and separate 

regions of interest within the image, helping medical applications to localize pathological 

regions, to monitor progression of diseases, and analyze anatomical structures [23]. 

Classification is one elemental part of pattern recognition systems, which can be supervised 

(labeled training samples are available) or unsupervised (there are not input observations 

available) [24]. Clustering which is an unsupervised classification technique, is frequently used 

in image segmentation [23]; it groups a set number of data points into clusters which share the 

same similarities (common properties), and points belonging to different clusters are dissimilar 

to other clusters [25]. There exist two kinds of clustering: hard partition (each data point is 

assigned only to one cluster), and fuzzy partition (each data point has a membership degree to 

each class). Their application depends on the kind of image and application that is used during 

the classification; however Fuzzy clustering is more appropriate for data partition with 

overlapping clusters [25]. The advantage of clustering technique applications for medical image 

segmentation is that they do not require the presence of prior information (training sets), which 

in most of the cases is not previously available in clinical datasets [23].  
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The unsupervised techniques used in our research employ three different classification 

Algorithms: K-means (used in earlier work [28]), Fuzzy C-means, and Gustafson-Kessel 

Algorithm.  

Every algorithm is characterized by the following basic steps, which were used earlier [28], and 

can be part of any clustering algorithm: 

 

1) Data preprocessing: this step is assumed to be done before the clustering task, is used to 

preprocess our raw data (patterns to be used) [26]. 

2) Feature selection: in this step the preprocessed data (patterns) are converted in features; which 

contains only relevant information [27].  

3) Feature Normalization: the features obtained in the last step are normalized, and the extracted 

features are mapped back to the original preprocessed data. 

4) Application of a clustering algorithm: in this step one of the 3 clustering algorithms (K-means, 

Fuzzy c-means, Gustafson-Kessel) is employed to classify the features obtained in the last step 

[26]. 

 

 

 

 

 

 

 



30 
 

4.2 OCT vascular images preprocessing  

The sample raw OCT images used in this research show different scales of intensities, due the 

presence of different dynamic ranges. For that reason to reach an acceptable level of 

standardized intensity, an image normalization step was employed to regularize the distribution 

of the intensities within the image and to enhance the contrast of some regions of interest [28]. 

To set fixed intensity values (0-255) of the image, Min-Max normalization was applied. This 

method preserves the relationships of the original data values, taking out the outliers (points that 

lie very far from the mean of the random variable [29]) that are not within the range [30] by 

computing the following formula: 

 

𝑖𝑚𝑎𝑔𝑒 =
min(𝑖𝑚𝑎𝑔𝑒)

max(image)−min(image)
𝑥255                                               (4.1) 

 

To enhance image quality an automatic segmentation step is performed after normalization [28]. 

 

 4.2.1 Raw OCT image vs Preprocessed OCT image comparison.  

 

 (a)               (b) 

Figure 4-1 OCT images of vascular tissue with Atherosclerosis (a) raw OCT image (b) preprocessed OCT image, taken 

from a 10 month old WHHLML rabbit at 140th B-scan. 
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                         (a)                    (b) 

Figure 4-2 OCT images of vascular tissue with Atherosclerosis (a) raw OCT image (b) preprocessed OCT image, taken 

from a 10 month old WHHLML rabbit at 290th B-scan. 

 

                         (a)                    (b) 

Figure 4-3 OCT images of vascular tissue with Atherosclerosis (a) raw OCT image (b) preprocessed OCT image, taken 

from a 19 month old WHHLML rabbit at 180th B-scan. 

   

                          (a)                   (b) 

Figure 4-4 OCT images of vascular tissue with Atherosclerosis (a) raw OCT image (b) preprocessed OCT image, taken 

from a 12 month old WHHLML rabbit at 120th B-scan. 
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(a)                  (b) 

Figure 4-5 OCT images of vascular tissue with Atherosclerosis (a) raw OCT image (b) preprocessed OCT image, taken 

from a 12 month old WHHLML rabbit at 190th B-scan. 

 

4.3 SGLDM statistical feature extraction 

Since is not possible to use raw data directly into the classifier due to software and hardware 

limitations, a feature extraction step has to be applied. This step reduce the data that is measured 

by selecting high information features or properties (a dimensionality reduction process), which 

are going to simplify the classification step [31] [29]. For feature extraction we used texture 

characterization to reduce the image complexity by getting the gray level pixels of every image 

region [29]. Textural features contain important information about the spatial (statistical) 

distribution of gray-level variations within the image (first order statistic features); showing 

structural distribution of surfaces and how they are related within the environment (second order 

statistics features) [29] [32]. Second order statistics can be obtained by using a Spatial Gray 

Level Dependence Matrix (SGLDM) method. This technique was proposed by Haralick’s [32], 

and is based on the probability that two pixels (pixels are considered in pairs) (k, l) and (m, n) 

with a relative distance d and a relative orientation θ (angle) have gray level intensities i and j 

[33]. This probability density function is denoted by P (i, j, d, θ), and is widely used for different 

kinds of images and applications, including plaque feature extraction [33].  
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Using the SGLDM method in our OCT images, we selected 9 features, with a distance equal to 

1, and 2 different orientations: 0° (horizontal direction), and 90° (vertical direction), which gave 

us a total of 18 features [28]. 

                                                                  90° 

 

                                                                                   0° 

                                                                                             

 

                                                             Figure 4-6 Orientations used in our SGLDM step 

Each combination of d and θ a two-dimensional histogram is defined using the following 

formulas [29]: 

Horizontal direction: 

0°:  P (I (i, j) =I1, I (i±d, j) = I2                                                                                                            (4.2)                            

Vertical direction: 

90°:  P (I (i, j) =I1, I (i, j±d) = I2                                                                                                          (4.3) 

 

=
𝑛𝑢𝑚𝑏𝑒𝑟𝑜𝑓𝑝𝑎𝑖𝑟𝑠𝑜𝑓𝑝𝑖𝑥𝑒𝑙𝑠𝑎𝑡𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑑𝑤𝑖𝑡ℎ𝑣𝑎𝑙𝑢𝑒𝑠(I1,I2)

𝑡𝑜𝑡𝑎𝑙𝑛𝑢𝑚𝑏𝑒𝑟𝑜𝑓𝑝𝑜𝑠𝑠𝑖𝑏𝑙𝑒𝑝𝑎𝑖𝑟𝑠
                               (4.4)            

where: 

I1=current pair of pixels. 

I2= neighboring pair of pixels.  

d= distance. 

 

For each of these histograms a co-occurrence (spatial dependence) matrix is generated [29]. 
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Example of SGLDM matrix: 

Let I (i, j) be a 3x3 image array, with d=1, and θ=0°: 

 

I= [
2 0 1
0 2 2
1 1 0

] 

 

Ng =3 (I (i, j) ϵ {0, 1, 2}; where Ng refers to the number of gray levels in the image array [29]. 

 

The co-occurrence matrix for a pair (d, θ) is defined as the Ng X Ng matrix [29]: 

 

 

A= 
1

𝑅
[

𝜂(0,0) 𝜂(0,1) 𝜂(0,2)
𝜂(1,0) 𝜂(1,1) 𝜂(1,2)
𝜂(2,0) 𝜂(2,1) 𝜂(2,2)

] 

 

 

Where η (I1, I2) is the number of pixel pairs with a relative location (d, θ), and R is the number of 

possible pixel pairs obtained from the image array [29]. Therefore the probability of having a 

pair of pixels with certain gray levels is defined by:   
1

𝑅
 η (I1, I2) = P (I1, I2) [29]. 

 

 

A
0
 (d=1) =

1

8
 [
0 1 1
1 2 0
1 0 2

] 
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The upper image array A shows the number of times that a pair of pixels with certain gray 

intensity levels, a relative distance d=1, and orientation θ=0° is founded within the image array I 

[29]. 

After we obtained the probabilities of occurrence of gray levels with respect to spatial pixel 

position (SGLDM matrices), we can now obtain the texture measures proposed by Haralick’s 

[29]; some of them explain a physical interpretation of the texture property. However most of 

them do not represent any quantification property, but they still provide important discriminatory 

information that is helpful to enhance features during the classification stage [29]. 
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4.3.1 Haralick’s Features and their mathematical expressions 

Table 4.1 SGLDM features for 0° orientation. 

Feature 

number 

Name Formula 

 

𝑓1 

Angular Second Moment: is a measure for 

homogeneity of the image [27]. 
∑∑(𝑃(𝑖, 𝑗))2

𝑗𝑖

 

 

𝑓2 

 

Variance 

 

∑∑(𝑖 − 𝜇)2

𝑗𝑖

𝑃(𝑖, 𝑗) 

 

𝑓3 

 

Sum (Difference) Average 

 

∑ 𝑖𝑃𝑥+(−)𝑦
(𝑖)

2𝑁𝑥−2(𝑁𝑔−1)

𝑖=0

 

 

𝑓4 

 

Sum Variance 

 

∑ (𝑖 − 𝑓3)2𝑃𝑥+𝑦

2𝑁𝑔−2

𝑖=0

(𝑖) 

 

𝑓5 

 

Sum Entropy 

 

− ∑ 𝑃𝑥+𝑦(𝑖)𝑙𝑜𝑔𝑃𝑥+𝑦(𝑖)

2𝑁𝑔−2

𝑖=0

 

 

𝑓6 

Entropy: is a measure of randomness and 

takes low values for smooth images [29]. 

 

 

∑∑𝑃(𝑖, 𝑗)𝑙𝑜𝑔𝑃(𝑖, 𝑗) ≡ 𝐻𝑥𝑦

𝑗𝑖

 

 

𝑓7 

 

Difference Variance 

 

∑ (𝑖 − 𝑓3)2
𝑁𝑔−1

𝑖=0

𝑃𝑥−𝑦(𝑖) 

 

 

𝑓8 

 

 

Difference Entropy 

 

 

− ∑ 𝑃𝑥−𝑦(𝑖) log 𝑃𝑥−𝑦(𝑖)

𝑁𝑔−1

𝑖=0

 

 

 

 

 

 

𝑓9 

 

 

 

 

Information Measure II of correlation 

√1 − exp(2(𝐻𝑥𝑦
2 − 𝐻𝑥𝑦)) 

where 

𝐻𝑥𝑦
2 =∑ ∑ 𝑃𝑥(𝑖)𝑃𝑦(𝑗)log(𝑃𝑥(𝑖)𝑃𝑦𝑖𝑗 (𝑗)) 

𝑃𝑦(𝑗) =∑𝑃(𝑖, 𝑗)

𝑖
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Table 4.2 SGLDM features for 90° orientation. 

Feature 

number 

Name Formula 

 

𝑓1 

Angular Second Moment: is a measure for 

homogeneity of the image [27]. 
∑∑(𝑃(𝑖, 𝑗))2

𝑗𝑖

 

 

𝑓2 

 

Variance 

 

∑∑(𝑖 − 𝜇)2

𝑗𝑖

𝑃(𝑖, 𝑗) 

 

𝑓3 

 

Sum (Difference) Average 

 

∑ 𝑖𝑃𝑥+(−)𝑦
(𝑖)

2𝑁𝑥−2(𝑁𝑔−1)

𝑖=0

 

 

𝑓4 

 

Sum Variance 

 

∑ (𝑖 − 𝑓3)2𝑃𝑥+𝑦

2𝑁𝑔−2

𝑖=0

(𝑖) 

 

𝑓5 

 

Sum Entropy 

 

− ∑ 𝑃𝑥+𝑦(𝑖)𝑙𝑜𝑔𝑃𝑥+𝑦(𝑖)

2𝑁𝑔−2

𝑖=0

 

 

𝑓6 

Entropy: is a measure of randomness and 

takes low values for smooth images [29]. 

 

 

∑∑𝑃(𝑖, 𝑗)𝑙𝑜𝑔𝑃(𝑖, 𝑗) ≡ 𝐻𝑥𝑦

𝑗𝑖

 

 

𝑓7 

 

Difference Variance 

 

∑ (𝑖 − 𝑓3)2
𝑁𝑔−1

𝑖=0

𝑃𝑥−𝑦(𝑖) 

 

 

𝑓8 

 

 

Difference Entropy 

 

 

− ∑ 𝑃𝑥−𝑦(𝑖) log 𝑃𝑥−𝑦(𝑖)

𝑁𝑔−1

𝑖=0

 

 

 

 

 

 

𝑓9 

 

 

 

 

Information Measure II of correlation 

√1 − exp(2(𝐻𝑥𝑦
2 − 𝐻𝑥𝑦)) 

where 

𝐻𝑥𝑦
2 =∑ ∑ 𝑃𝑥(𝑖)𝑃𝑦(𝑗)log(𝑃𝑥(𝑖)𝑃𝑦𝑖𝑗 (𝑗)) 

𝑃𝑦(𝑗) =∑𝑃(𝑖, 𝑗)

𝑖
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where: 

P (i, j) is the (i, j) th entry in the normalized SGLDM = P (I, j)/R, where R is a normalized 

constant. 

𝑃𝑥(𝑖), is the ith entry in the marginal probability matrix obtained by summing the rows of p (i, j) 

=∑ 𝑃(𝑖, 𝑗)
𝑁𝑔
𝑗=1  [33]. 

Ng is the number of gray level in the image array [33]. 

𝑃𝑦(i) = ∑ 𝑝(𝑖, 𝑗)
𝑁𝑔
𝑖=1  [33]. 

𝑃𝑥+𝑦(𝑘) = ∑ ∑ 𝑝(𝑖, 𝑗), 𝑘 = 2,3, … .2𝑁𝑔.
𝑁𝑔
𝑗=1

𝑁𝑔
𝑖=1

𝑖+𝑗=𝑘

 [33]. 

𝑃𝑥−𝑦(𝑘) = ∑ ∑ 𝑝(𝑖, 𝑗), 𝑘 = 0,1, … .𝑁𝑔 − 1.
𝑁𝑔
𝑗=1

𝑁𝑔
𝑖=1

|𝑖−𝑗|=𝑘

 [33]. 
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4.4 Feature Normalization 

After feature extraction, a normalization step is applied to the 18 feature vectors to stabilize their 

intensity levels within a range; this allows features to have the same level of influence during the 

classification process [28]. The following formula is employed to perform this task:  

 

𝑥 =
𝑥−�̅�

𝜎
                                                        (4.5) 

Table 4.3 Feature Normalization formula values. 

�̂� Normalized value 

x Raw feature vector 

�̅� Sample mean 

σ Standard deviation 

 

 

4.5 Partition Clustering Methods 

 

Image segmentation is one of the most important image analysis techniques used in many 

medical imaging applications [34], its main goal is to divide an image array into different regions 

that accentuate specific features within the data.  

There exist different classical segmentation approaches including: thresholding, region 

extraction, edge detection and clustering [33] [34]. Thresholding, which is the simplest one 

among them, lack of sensitivity and specificity whenever objects with similar intensities or 

colors are present within the image [34]. Edge detection methods are fast, but sensitive to 

background noise; they cannot link together fragmented contours.  
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Region detection methods are more consistent and stable than thresholding and edge detection; 

however, they require further development to allow them to handle image occlusion problems 

[34]. Clustering offers a good standard for classification, by assigning the data points (objects) of 

our OCT images in a particular cluster center with objects that share the same similarities.  

4.5.1 Basic Concepts  

Data set 

There exist different kinds of data: quantitative (numerical), qualitative (categorical), and a 

mixture of both [35]. Our Research is dealing with quantitative data, which define the values of 

the objects within our image array. 

Similarity Methods 

Similarity is an important step used to perform a classification [25], in metric space it is also 

referred as distance norm [35], which measure the distance from a data point to a prototype (this 

prototype or cluster center is not known at the beginning of the clustering procedure, but an 

approximation is obtained after the first iteration); the smaller the distance the greater the 

similarity between these two points [25]. There exist different kinds of distance norms which 

influences the clustering criterion by changing its measure dissimilarity [35]: 

1) Euclidean distance: this is the most commonly used distance measure [25], works with 

spherical shape clusters (surfaces of constant membership) [35]. 

2) City block distance: this distance is always greater or equal to zero; measurement would 

be zero for identical points, and high for dissimilar points. 

3) Diagonal distance and Mahalanobis distance: these distances are used when ellipsoidal 

clusters are present (clusters with data points agglomerated in the axes), these distances 
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tend to be more efficient for the detection of outliers. Mahalanobis distance can detect 

clusters of spherical and diagonal shape. 

Outlier definition 

An outlier is a data point which is numerically far from the rest of the data points [25]. This kind 

of data is usually founded wherever a measurement error occurs within the image array; however 

they can be discarded during the preprocessing stage. Generally outliers represent the sample 

minimum or maximum depending on their location. 

Classification of Partitioned clustering methods 

There are two different approaches in Partitioned clustering techniques crisp (hard) clustering 

and fuzzy clustering. Hard partition clustering works with a clear defined boundary within 

clusters; an object can only be part of one cluster at a time (K-means clustering principle). 

Nevertheless, in real life, boundaries between clusters cannot be clearly defined. In Fuzzy 

partition clustering, objects have a level of membership within each cluster, and may belong to 

more than one cluster [33]. This technique becomes very useful for classification of overlapping 

objects, where boundaries within clusters are difficult to estimate. 

 

4.6 K-means Algorithm 

The first classification method used is called K-means; this unsupervised classification method 

was used earlier [28], and is applied to the 18 feature vectors after the normalization step. As 

mentioned before clustering techniques are used to identify groups with similar characteristics, to 

discover the distributions of different patterns within the image [34]. In comparison with [28], 

the partition groups (clusters) that we used to classify the dataset are now 4: air, OCT degraded 

signal, atherosclerotic plaque and healthy tissue, this added cluster allows better characterization 

of our OCT images. After we applied the classification method using the 4 clusters, we mapped 
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our results back to the original image [28]. K-means, which is a hard clustering method, assigns 

every data point from the feature space to one of the possible clusters; points belonging to the 

same cluster are similar in some sense, and points belonging to different clusters are dissimilar 

[25]. To quantify the similarity between two objects a Euclidean distance measure is used. In 

Euclidean measure the distance D between two patterns �̅�  (pattern) and 𝑧̅  (cluster center) is 

defined by 𝐷 = ‖�̅� − 𝑧̅‖[25]. The smaller the distance is, the better the similarity is and vice 

versa [25]. 

 

4.6.1 K-means steps 

K-means algorithm works as follows: 

1) Compute the mean of each cluster as the centroid of that cluster [23] (initialize a set of c 

cluster centers) [34]. 

2) Assign each data point to its closest cluster by calculating the distances (Euclidean 

distance) among the data point and all cluster centroids [23] (assign every data point to its 

closest cluster center, and re-compute the centers) [34]. 

3) Keep the iteration process until the sum of square error of each cluster can no longer be 

reduced (until the centers of the clusters stop changing) [23] [34]. 

 

𝑱 = ∑ ∑ 𝒅𝒊𝒋
𝟐𝑪

𝒋=𝟏𝒊𝝐𝑨𝒊                                                     (4.6) 

where: 

𝐴𝑖= set of data points. 

J= objective function. 

𝑑𝑖𝑗
2 = Euclidean distance. 
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𝑥𝑖= d-dimensional measured data. 

𝑐𝑗=the d-dimensional cluster center. 

 

4.7 Fuzzy C-means Algorithm 

The first fuzzy partition method used to detect atherosclerosis plaque within our OCT images is 

Fuzzy C-means; this unsupervised clustering method proposed by Dunn and Bezdek [36] works 

the same way as K-means, but allows a data point to have a membership degree to each cluster 

[37]. As a result the data point will be considered to be part of the cluster in which it obtained the 

highest membership value [38]. Fuzzy c-means requires that the sum of memberships of every 

point equals one [35]. 

 

𝑈 = [
1.0 1.0
0.0 0.0


1.0 0.8
0.0 0.2


0.5 0.5
0.5 0.5


0.2 0.0
0.8 1.0


0.0 0.0
1.0 1.0

] 

Figure 4-7 Fuzzy c-means data set example: In this example points a5 and a6 got a membership degree of 0.5, 

due to the fact that they are located in the middle of both clusters. 
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Fuzzy c-means algorithm tries to minimize the objective function described by the following 

formula:   

𝐽 = ∑ ∑ 𝜇𝑖𝑗
𝑘𝐶

𝑗=1
𝑁
𝑖=1 𝑑𝑖𝑗

2                                                      (5.1) 

The Euclidean distance:                                            

𝑑𝑖𝑗 = ‖𝑥𝑖 − 𝑐𝑗‖
2
(5.2)                                           

where: 

J= objective function. 

k= fuzziness constant equal to 2. 

µ𝑖𝑗= degree of membership of feature vector xi in the cluster j. 

𝑥𝑖= d-dimensional measured data. 

𝑐𝑗= the d-dimensional cluster center. 

N=number of data points. 

C= number of classes. 

𝑑𝑖𝑗= distance norm between the data point and a cluster center. 

𝑐𝑖= cluster centers. 

4.7.1 Fuzzy c-means steps 

Step 1: randomly choose c objects as the initial cluster centers. 

𝐶𝑖 =
∑ 𝑢𝑖𝑗

𝑘 𝑥𝑖
𝑁
𝑗=1

∑ 𝑢𝑖𝑗
𝑘𝑁

𝑗=1

                                                           (5.3) 

Step 2: calculate the fuzzy membership 

𝝁𝒊𝒋 =
𝟏

∑ (
‖𝒙𝒊−𝒄𝒋‖

‖𝒙𝒊−𝒄𝒎‖
)

𝟐
(𝒌−𝟏)

𝑪
𝒎=𝟏

=
𝟏

∑ (
𝒅
𝒊𝒋 𝑨

𝒅
𝒊𝒎 𝑨

)

𝟐
(𝒌−𝟏)

𝑪
𝒎=𝟏

                                   (5.4) 

Step 3: compute new cluster center according to equation (5.3) 

Step 4: Repeat until converge. 
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4.7.2 Fuzzy C-means Parameters 

1) Number of clusters (c): this is the only parameter that should be available a priori; however, in 

real data clustering this parameter is usually not available, for that reason an assumption about 

the number of cluster must be made by a cluster validation (cluster Validity index) or iterative 

merging technique [35]. 

2) Fuzziness Parameter (k): also referred as the weighting exponent, this parameter influences 

the fuzziness of the partition clustering, and can considerably affect the result of clustering. As k 

gets closer to 1 the partition clustering becomes hard (like K-means), and clusters do not overlap 

with each other, as k →∞ (k>1) the partition clustering becomes fuzzy, allowing overlapping of 

clusters. The standard value for the fuzziness parameter is k=2, which usually works for some of 

the cases [35].  Currently there is not generally accepted criterion to support the selection of the 

fuzziness parameter in FCM. This parameter can be individually adjusted according to the 

sample, and the distance metric (Euclidean or city block distance) that is used. However, too 

small (e.g. 1.1) or too large (e.g. 4) values of k will cause a weakening in cluster quality. As we 

observed in our research, for city block distance, the range of m should be in the interval of [1.5, 

2.5], and for Euclidean distance the range of m should be in the interval of [2, 4]. Selection of the 

fuzziness parameter is a complex process, and the accurate selection of the optimal parameter is 

subjective. 

3) Termination Criterion: the fuzzy c-means algorithm stops the iteration process once the 

distance between 2 successive iterations is smaller than the termination parameter ϵ=0.001, or 

once the algorithm reach a certain number of iterations (100 iterations limit was used in our 

algorithm) [35]. 
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4.7.3 Fuzzy C-means Segmentation Scheme 

Following the same procedure as our hard partition clustering method (K-means), our fuzzy c-

means clustering is also divided into the next steps: 

1) Data preprocessing: As mentioned before OCT images possess a low contrast within 

boundaries; making difficult to differentiate during visual inspection of photographic images. 

The application of min-max normalization was used to change the range of pixel intensity values 

to overcome drawbacks occasioned by noise during the image acquisition step, and to enhance 

the image contrast.  

2) Feature selection: during this stage we used the SGLDM technique to extract the statistical 

texture features vectors for every data point (object); every object is constituted by a vector 

containing the 18 features that were used in our method. 

3) Feature Normalization: after the feature extraction phase, we applied a normalization step to 

stabilize our feature vectors before the employment of the fuzzy clustering classification. 

4) Clustering: we employed Fuzzy c-means clustering method, the number of classes was set to 4 

(background, vascular tissue, OCT degraded signal region and Atherosclerosis plaque), and the fuzzy 

index k was empirically set to two. 
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4.8 Gustafson-Kessel Algorithm 

The second fuzzy partition method used to detect atherosclerosis plaque within our OCT images 

is Gustafson-Kessel; this unsupervised clustering method works the same way as Fuzzy c-means, 

but allows each cluster to possess its individual distance measure norm (Ai). As a result the 

algorithm can detect clusters of different geometrical shapes by adapting the distance norm 

according to the topological distribution of data.   

Gustafson-Kessel algorithm tries to minimize the objective function described by the following 

formula:   

𝐽 = ∑ ∑ 𝜇𝑖𝑗
𝑘𝐶

𝑗=1
𝑁
𝑖=1 𝑑𝑖𝑗𝐴𝑖

2                                                     (5.5) 

𝑑𝑖𝑗
2  is: 

𝑑𝑖𝑗𝐴𝑖
2 = (𝑥𝑖 − 𝑐𝑗)𝑇𝐴𝑖(𝑥𝑖 − 𝑐𝑗)                                               (5.6) 

where: 

J= objective function. 

k= fuzziness constant equal to 2. 

µ𝑖𝑗= = degree of membership of feature vector xi in the cluster j. 

𝑥𝑖= d-dimensional measured data. 

𝑐𝑗= the d-dimensional cluster center. 

N=number of data points. 

C= number of classes. 

𝑑𝑖𝑗𝐴𝑖= adaptive distance norm. 

𝐴𝑖= norm inducing matrix. 
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4.8.1 Gustafson-Kessel steps 

Step 1: randomly choose c objects as the initial cluster centers: 

𝑐𝑖 =
∑ 𝑢𝑖𝑗

𝑘 𝑥𝑖
𝑁
𝑗=1

∑ 𝑢𝑖𝑗
𝑘𝑁

𝑗=1

                                                           (5.7) 

Step 2: Compute the cluster covariance matrices: 

𝐹𝑖 =
∑ 𝑢𝑖𝑗

𝑘 ∗𝑁
𝑗=1 (𝑥𝑖−𝑐𝑗)(𝑥𝑖−𝑐𝑗)

𝑇

∑ 𝑢𝑖𝑗
𝑘𝑁

𝑗=1

                                                      (5.8) 

Step 3: Compute the distances: 

𝑑𝑖𝑗𝐴𝑖
2 =(𝑥𝑖 − 𝑐𝑗)𝑇⌊𝜌𝑖𝑑𝑒𝑡(𝐹𝑖)

1/𝑛𝐹𝑖
−1⌋(𝑥𝑖 − 𝑐𝑗)                               (5.9) 

 

 

Step 4: calculate the fuzzy membership: 

𝜇𝑖𝑗 =
1

∑ (
𝑑𝑖𝑗𝐴𝑖
𝑑𝑖𝑗𝐴𝑚

)

2
(𝑘−1)𝐶

𝑚=1

                                           (5.10) 

Step 5: compute new cluster center according to equation (5.7) 

Step 6: Repeat until converge 
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4.8.2 Gustafson-Kessel Parameters 

1) Number of clusters (c): this is the only parameter that should be available a priori; however, in 

real data clustering this parameter is usually not available, for that reason an assumption about 

the number of cluster must be made by a cluster validation or iterative merging technique [35]. 

2) Fuzziness Parameter (k): also referred as the weighting exponent, this parameter influences 

the fuzziness of the partition clustering; as k gets closer to 1 the partition clustering becomes 

hard (like K-means), as k →∞ the partition clustering becomes fuzzy. The most common value 

for the fuzziness parameter is k=2 [35]. 

3) Termination Criterion: the fuzzy c-means algorithm stops the iteration process once the 

distance between 2 successive iterations is smaller than the termination parameter ϵ=0.001, or 

once the algorithm reach a certain number of iterations (100 iterations limit was used in our 

algorithm) [35]. 

4) Weighting Parameter: is a parameter used for the covariance matrix, the value employed in 

our algorithm was 1e-7. 

5) Condition number threshold: is the maximal ratio between the maximum and minimum 

eigenvalues of the covariance matrix, which contain information about the orientation and shape 

of the clusters [39]. To avoid numerical problems in the covariance matrix (eigenvalues=0), we 

used maximal ratio of 10e15 [40]. 
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4.8.3 Gustafson-Kessel Segmentation Scheme 

Following the same procedure as Fuzzy c-means, our Gustafson-Kessel clustering is also divided 

into the next steps: 

1) Data preprocessing: As mentioned before OCT images possess a low contrast within 

boundaries; making difficult to differentiate during visual inspection of photographic images. 

The application of min-max normalization was used to change the range of pixel intensity values 

to overcome drawbacks occasioned by noise during the image acquisition step, and to enhance 

the image contrast.  

2) Feature selection: during this stage we used the SGLDM technique to extract the statistical 

texture features vectors for every data point (object); every object is constituted by a vector 

containing the 22 features that were used in our method (9 features corresponding to 0° and 90° 

orientations). 

3) Feature Normalization: after the feature extraction phase, we applied a normalization step to 

stabilize our feature vectors before the employment of the fuzzy clustering classification. 

4) Classification: we employed Gustafson-Kessel clustering method, the number of classes was 

set to 4 (background, vascular tissue, OCT degraded signal region and Atherosclerosis plaque), a fuzzy 

index k=2, a beta parameter of 10e15, and a gamma parameter of 1e-7. 
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4.9 Clustering Techniques Similarities and Dissimilarities. 

Hard partition, and Fuzzy partition algorithms, shares the same principles and basis; however, 

they differ in some important aspects; some of them are summarized in the following table: 

 

Table 4.4 Clustering Methods Comparison. 

 

 

Method 

 

 

Metric 

 

Prior 

Knowledge 

 

Computation 

time 

 

Cluster 

Shapes 

 

Outliers 

detection 

 

Overlapping 

data point 

detection 

 

K-means 

 

Euclidean 

 

Number of 

clusters 

 

Low 

 

spherical 

 

Bad 

 

bad 

 

Fuzzy c-means 

 

Euclidean 

 

Number of 

clusters 

 

Low-Average 

 

spherical 

 

Average 

 

good 

 

 

Gustafson-Kessel 

 

Mahalanobis 

 

Number of 

clusters 

 

Average-High 

 

Spherical, 

and 

diagonal 

 

Good 

 

good 

 

 

 

 

 

 

 

 

 

 



52 
 

CHAPTER 5 Vascular Plaque Detection of OCT Images 

 

5.1 Introduction 

Clustering methods are useful to classify big data sets into a small number of groups or 

categories based on similarities to facilitate their analysis [41].  

For our Atherosclerosis detection process, clustering techniques were used to identify relevant 

knowledge within the data samples; this knowledge is categorized in four different clusters: air, 

tissue, plaque and the degraded OCT signal. The main basis of clustering techniques is to find 

the cluster centers, which determine how to group the data vectors into the nearest or most 

similar cluster [41].  

 

The clustering techniques reviewed are: 

1) K-means Algorithm: a hard partition clustering technique that tries to find the cluster 

centers by minimizing a cost function of distance measure. Every data point is 

categorized in only one cluster at a time. 

2) Fuzzy c-means Algorithm: a fuzzy partition clustering technique that works the same 

way as K-means, but in this method every data point can be categorized in every cluster 

to a degree specified by a membership function. 

3) Gustafson-Kessel Algorithm: a fuzzy partition clustering technique, which is an 

improved version of Fuzzy c-means. This method involves the same fuzzy basis of Fuzzy 

c-means, but allows us to detect different geometrical shapes within the data set, by 

employing an adaptive distance norm for each cluster [42]. 

 



53 
 

5.2 Implementation 

As mentioned before the data set is categorized in 4 different clusters: air (yellow), tissue (red), 

plaque (blue) and degraded OCT signal (green). The visual representation of our results shows 

the OCT photographic image of vascular tissue, the raw OCT image, the preprocessed OCT 

image, K-means algorithm displaying the 4 different clusters, K-means plaque detection over 

preprocessed image, Fuzzy c-means algorithm displaying the 4 different clusters, Fuzzy c-means 

plaque detection over preprocessed image, Gustafson-Kessel algorithm displaying the 4 different 

clusters, Gustafson-Kessel plaque detection over preprocessed image respectively. The distance 

metric (similarity) used in these clustering techniques is Euclidean distance for K-means and 

Fuzzy c-means, and Mahalanobis distance for Gustafson-Kessel clustering Technique. 

The set of medical samples used in this research consist of vascular samples of atherosclerotic 

plaques taken from myocardial infarction prone Watanabe heritable hyperlipidemic (WHHL) 

rabbits. These samples were obtained from segmented tissue subdivided into 20~30 mm length 

sections extending from the ascending aorta to the external iliac artery by colleagues at the 

Institute of Biodiagnostics, National Research Council Canada, in Winnipeg. Arterial samples 

from rabbits aged 309 and 577 were tested in this research. 
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5.3 Clustering Techniques Window Sizes 

The window size determines the resolution of our images; smaller windows do more statistical 

calculation, and produce better results; however, the textures information is reduced, and the 

computation time becomes the bottle neck of the process. 

(a) (b) (c)      

(d)     (e) 

(f)      (g) 

(h)     (i) 

 
Figure 5-1 (a) photographic image of vascular tissue with atherosclerosis plaque from a 10 month old WHHLML rabbit at 100

th
 B-scan, (b) raw 

OCT image from a 10 month old WHHLML rabbit at 100
th

 B-scan, (c) preprocessed OCT from a 10 month old WHHLML rabbit at 100
th

 B-scan, 

(d) K-means Algorithm showing 4 different clusters with a 16x16 windows size, (e) K-means plaque detection over preprocessed OCT image, (f) 

Fuzzy c-means Algorithm showing 4 different clusters with a 16x16 windows size, (g) Fuzzy c-means plaque detection over preprocessed OCT 

image, (h) Gustafson-Kessel Algorithm showing 4 different clusters with a 16x16 windows size, (i) Gustafson-Kessel plaque detection over 

preprocessed OCT image. 
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Our three clustering techniques are compared with the actual OCT photographic image; these 

methods show a good detection of the plaque section, which gain more resolution according to 

the windows size. 
 

(a)  (b) (c)    

(d)     (e) 

(f)      (g) 

                             (h)     (i) 

 
Figure 5-2 (a) photographic image of vascular tissue with atherosclerosis plaque from a 10 month old WHHLML rabbit at 100

th
 B-scan, (b) raw 

OCT image from a 10 month old WHHLML rabbit at 100
th

 B-scan, (c) preprocessed OCT from a 10 month old WHHLML rabbit at 100
th

 B-scan, 

(d) K-means Algorithm showing 4 different clusters with a 8x8 windows size, (e) K-means plaque detection over preprocessed OCT image, (f) 

Fuzzy c-means Algorithm showing 4 different clusters with a 8x8 windows size, (g) Fuzzy c-means plaque detection over preprocessed OCT image, 

(h) Gustafson-Kessel Algorithm showing 4 different clusters with a 8x8 windows size, (i) Gustafson-Kessel plaque detection over preprocessed 

OCT image. 
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Our three clustering techniques are compared with the actual OCT photographic image; these 

methods show a good detection of the plaque section, which gain more resolution according to 

the windows size. 
 

(a)  (b) (c) 

(d)      (e) 

 (f)       (g) 

(h)      (i) 

 

 
Figure 5-3 (a) photographic image of vascular tissue with atherosclerosis plaque from a 10 month old WHHLML rabbit at 150

th
 B-scan, (b) raw 

OCT image from a 10 month old WHHLML rabbit at 150
th

 B-scan, (c) preprocessed OCT from a 10 month old WHHLML rabbit at 150
th

 B-scan, 

(d) K-means Algorithm showing 4 different clusters with a 64x64 windows size, (e) K-means plaque detection over preprocessed OCT image, (f) 

Fuzzy c-means Algorithm showing 4 different clusters with a 64x64 windows size, (g) Fuzzy c-means plaque detection over preprocessed OCT 

image, (h) Gustafson-Kessel Algorithm showing 4 different clusters with a 64x64 windows size, (i) Gustafson-Kessel plaque detection over 

preprocessed OCT image. 
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Our three clustering techniques are compared with the actual OCT photographic image; these 

methods show a good detection of the plaque section, which gain more resolution according to 

the windows size. 
 

(a)  (b) (c)            

(d)     (e) 

(f)      (g) 

(h)     (i) 

 

 

 
Figure 5-4 (a) photographic image of vascular tissue with atherosclerosis plaque from a 10 month old WHHLML rabbit at 150

th
 B-scan, (b) raw 

OCT image from a 10 month old WHHLML rabbit at 150
th

 B-scan, (c) preprocessed OCT from a 10 month old WHHLML rabbit at 150
th

 B-scan, 

(d) K-means Algorithm showing 4 different clusters with a 32x32 windows size, (e) K-means plaque detection over preprocessed OCT image, (f) 

Fuzzy c-means Algorithm showing 4 different clusters with a 32x32 windows size, (g) Fuzzy c-means plaque detection over preprocessed OCT 

image, (h) Gustafson-Kessel Algorithm showing 4 different clusters with a 32x32 windows size, (i) Gustafson-Kessel plaque detection over 

preprocessed OCT image. 
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Our three clustering techniques are compared with the actual OCT photographic image; these 

methods show a good detection of the plaque section, which gain more resolution according to 

the windows size. 
 

(a)  (b) (c) 

(d)      (e) 

(f)      (g) 

(h)    (i) 

 

 

 
Figure 5-5 (a) photographic image of vascular tissue with atherosclerosis plaque from a 10 month old WHHLML rabbit at 250

th
 B-scan, (b) raw 

OCT image from a 10 month old WHHLML rabbit at 250
th

 B-scan, (c) preprocessed OCT from a 10 month old WHHLML rabbit at 250
th

 B-scan, 

(d) K-means Algorithm showing 4 different clusters with a 32x32 windows size, (e) K-means plaque detection over preprocessed OCT image, (f) 

Fuzzy c-means Algorithm showing 4 different clusters with a 32x32 windows size, (g) Fuzzy c-means plaque detection over preprocessed OCT 

image, (h) Gustafson-Kessel Algorithm showing 4 different clusters with a 32x32 windows size, (i) Gustafson-Kessel plaque detection over 

preprocessed OCT image. 
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Our three clustering techniques are compared with the actual OCT photographic image; these 

methods show a good detection of the plaque section, which gain more resolution according to 

the windows size. 

 

(a)  (b) (c)         

(d)      (e) 

(f)       (g) 

(h)     (i) 

 

 

 
Figure 5-6 (a) photographic image of vascular tissue with atherosclerosis plaque from a 10 month old WHHLML rabbit at 250

th
 B-scan, (b) raw 

OCT image from a 10 month old WHHLML rabbit at 250
th

 B-scan, (c) preprocessed OCT from a 10 month old WHHLML rabbit at 250
th

 B-scan, 

(d) K-means Algorithm showing 4 different clusters with a 16x16 windows size, (e) K-means plaque detection over preprocessed OCT image, (f) 

Fuzzy c-means Algorithm showing 4 different clusters with a 16x16 windows size, (g) Fuzzy c-means plaque detection over preprocessed OCT 

image, (h) Gustafson-Kessel Algorithm showing 4 different clusters with a 16x16 windows size, (i) Gustafson-Kessel plaque detection over 

preprocessed OCT image. 
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Our three clustering techniques are compared with the actual OCT photographic image; these 

methods show a good detection of the plaque section, which gain more resolution according to 

the windows size. 
 

 

(a)  (b) (c) 

(d)      (e) 

(f)       (g) 

                        (h)      (i) 

 

 
Figure 5-7 (a) photographic image of vascular tissue with atherosclerosis plaque from a 10 month old WHHLML rabbit at 250

th
 B-scan, (b) raw 

OCT image from a 10 month old WHHLML rabbit at 250
th

 B-scan, (c) preprocessed OCT from a 10 month old WHHLML rabbit at 250
th

 B-scan, 

(d) K-means Algorithm showing 4 different clusters with a 8x8 windows size, (e) K-means plaque detection over preprocessed OCT image, (f) 

Fuzzy c-means Algorithm showing 4 different clusters with a 8x8 windows size, (g) Fuzzy c-means plaque detection over preprocessed OCT image, 

(h) Gustafson-Kessel Algorithm showing 4 different clusters with a 8x8 windows size, (i) Gustafson-Kessel plaque detection over preprocessed 

OCT image. 
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Our three clustering techniques are compared with the actual OCT photographic image; these 

methods show a good detection of the plaque section, which gain more resolution according to 

the windows size. 
 

(a)  (b) (c) 

(d)      (e) 

(f)       (g) 

                                (h)       (i) 

 

 

 
Figure 5-8 (a) photographic image of vascular tissue with atherosclerosis plaque from a 19 month old WHHLML rabbit at 130

th
 B-scan, (b) raw 

OCT image from a 19 month old WHHLML rabbit at 130
th

 B-scan, (c) preprocessed OCT from a 19 month old WHHLML rabbit at 130
th

 B-scan, 

(d) K-means Algorithm showing 4 different clusters with a 32x32 windows size, (e) K-means plaque detection over preprocessed OCT image, (f) 

Fuzzy c-means Algorithm showing 4 different clusters with a 32x32 windows size, (g) Fuzzy c-means plaque detection over preprocessed OCT 

image, (h) Gustafson-Kessel Algorithm showing 4 different clusters with a 32x32 windows size, (i) Gustafson-Kessel plaque detection over 

preprocessed OCT image. 
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Our three clustering techniques are compared with the actual OCT photographic image; these 

methods show a good detection of the plaque section, which gain more resolution according to 

the windows size. 
 

(a)  (b) (c) 

(d)      (e) 

(f)       (g) 

(h)     (i) 

 

 
Figure 5-9 (a) photographic image of vascular tissue with atherosclerosis plaque from a 19 month old WHHLML rabbit at 130

th
 B-scan, (b) raw 

OCT image from a 19 month old WHHLML rabbit at 130
th

 B-scan, (c) preprocessed OCT from a 19 month old WHHLML rabbit at 130
th

 B-scan, 

(d) K-means Algorithm showing 4 different clusters with a 16x16 windows size, (e) K-means plaque detection over preprocessed OCT image, (f) 

Fuzzy c-means Algorithm showing 4 different clusters with a 16x16 windows size, (g) Fuzzy c-means plaque detection over preprocessed OCT 

image, (h) Gustafson-Kessel Algorithm showing 4 different clusters with a 16x16 windows size, (i) Gustafson-Kessel plaque detection over 

preprocessed OCT image. 
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Our three clustering techniques are compared with the actual OCT photographic image; these 

methods show a good detection of the plaque section, which gain more resolution according to 

the windows size. 

 

(a)  (b) (c) 

(d)      (e) 

(f)       (g) 

(h)      (i) 

 

 
Figure 5-10 (a) photographic image of vascular tissue with atherosclerosis plaque from a 19 month old WHHLML rabbit at 130

th
 B-scan, (b) raw 

OCT image from a 19 month old WHHLML rabbit at 130
th

 B-scan, (c) preprocessed OCT from a 19 month old WHHLML rabbit at 130
th

 B-scan, 

(d) K-means Algorithm showing 4 different clusters with a 8x8 windows size, (e) K-means plaque detection over preprocessed OCT image, (f) 

Fuzzy c-means Algorithm showing 4 different clusters with a 8x8 windows size, (g) Fuzzy c-means plaque detection over preprocessed OCT image, 

(h) Gustafson-Kessel Algorithm showing 4 different clusters with a 8x8 windows size, (i) Gustafson-Kessel plaque detection over preprocessed 

OCT image. 
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Our three clustering techniques are compared with the actual OCT photographic image; these 

methods show a good detection of the plaque section, which gain more resolution according to 

the windows size. 
 

(a)  (b) (c)  

(d)      (e) 

 (f)       (g) 

 (h)     (i) 

 

 
Figure 5-11 (a) photographic image of vascular tissue with atherosclerosis plaque from a 19 month old WHHLML rabbit at 150

th
 B-scan, (b) raw 

OCT image from a 19 month old WHHLML rabbit at 150
th

 B-scan, (c) preprocessed OCT from a 19 month old WHHLML rabbit at 150
th

 B-scan, 

(d) K-means Algorithm showing 4 different clusters with a 16x16 windows size, (e) K-means plaque detection over preprocessed OCT image, (f) 

Fuzzy c-means Algorithm showing 4 different clusters with a 16x16 windows size, (g) Fuzzy c-means plaque detection over preprocessed OCT 

image, (h) Gustafson-Kessel Algorithm showing 4 different clusters with a 16x16 windows size, (i) Gustafson-Kessel plaque detection over 

preprocessed OCT image. 
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Our three clustering techniques are compared with the actual OCT photographic image; these 

methods show a good detection of the plaque section, which gain more resolution according to 

the windows size. 

 

(a)  (b) (c) 

(d)      (e) 

(f)       (g) 

(h)     (i) 

 

 
Figure 5-12 (a) photographic image of vascular tissue with atherosclerosis plaque from a 19 month old WHHLML rabbit at 150

th
 B-scan, (b) raw 

OCT image from a 19 month old WHHLML rabbit at 150
th

 B-scan, (c) preprocessed OCT from a 19 month old WHHLML rabbit at 150
th

 B-scan, 

(d) K-means Algorithm showing 4 different clusters with a 8x8 windows size, (e) K-means plaque detection over preprocessed OCT image, (f) 

Fuzzy c-means Algorithm showing 4 different clusters with a 8x8 windows size, (g) Fuzzy c-means plaque detection over preprocessed OCT image, 

(h) Gustafson-Kessel Algorithm showing 4 different clusters with a 8x8 windows size, (i) Gustafson-Kessel plaque detection over preprocessed 

OCT image. 
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Our three clustering techniques are compared with the actual OCT photographic image; these 

methods show a good detection of the plaque section, which gain more resolution according to 

the windows size. 

 

(a)  (b) (c)             

(d)      (e) 

(f)       (g) 

(h)     (i) 

 

 

 
Figure 5-13 (a) photographic image of vascular tissue with atherosclerosis plaque from a 19 month old WHHLML rabbit at 200

th
 B-scan, (b) raw 

OCT image from a 19 month old WHHLML rabbit at 200
th

 B-scan, (c) preprocessed OCT from a 19 month old WHHLML rabbit at 200
th

 B-scan, 

(d) K-means Algorithm showing 4 different clusters with a 64x64 windows size, (e) K-means plaque detection over preprocessed OCT image, (f) 

Fuzzy c-means Algorithm showing 4 different clusters with a 64x64 windows size, (g) Fuzzy c-means plaque detection over preprocessed OCT 

image, (h) Gustafson-Kessel Algorithm showing 4 different clusters with a 64x64 windows size, (i) Gustafson-Kessel plaque detection over 

preprocessed OCT image. 
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Our three clustering techniques are compared with the actual OCT photographic image; these 

methods show a good detection of the plaque section, which gain more resolution according to 

the windows size. 
 

(a)  (b) (c) 

(d)      (e) 

(f)       (g) 

                                (h)     (i) 

 

 
Figure 5-14 (a) photographic image of vascular tissue with atherosclerosis plaque from a 19 month old WHHLML rabbit at 200

th
 B-scan, (b) raw 

OCT image from a 19 month old WHHLML rabbit at 200
th

 B-scan, (c) preprocessed OCT from a 19 month old WHHLML rabbit at 200
th

 B-scan, 

(d) K-means Algorithm showing 4 different clusters with a 32x32 windows size, (e) K-means plaque detection over preprocessed OCT image, (f) 

Fuzzy c-means Algorithm showing 4 different clusters with a 32x32 windows size, (g) Fuzzy c-means plaque detection over preprocessed OCT 

image, (h) Gustafson-Kessel Algorithm showing 4 different clusters with a 32x32 windows size, (i) Gustafson-Kessel plaque detection over 

preprocessed OCT image. 

 



68 
 

Our three clustering techniques are compared with the actual OCT photographic image; these 

methods show a good detection of the plaque section, which gain more resolution according to 

the windows size. 
 

(a)  (b) (c)          

(d)      (e) 

(f)       (g) 

                                (h)      (i) 

 

 

 
Figure 5-15 (a) photographic image of vascular tissue with atherosclerosis plaque from a 19 month old WHHLML rabbit at 200

th
 B-scan, (b) raw 

OCT image from a 19 month old WHHLML rabbit at 200
th

 B-scan, (c) preprocessed OCT from a 19 month old WHHLML rabbit at 200
th

 B-scan, 

(d) K-means Algorithm showing 4 different clusters with a 8x8 windows size, (e) K-means plaque detection over preprocessed OCT image, (f) 

Fuzzy c-means Algorithm showing 4 different clusters with a 8x8 windows size, (g) Fuzzy c-means plaque detection over preprocessed OCT image, 

(h) Gustafson-Kessel Algorithm showing 4 different clusters with a 8x8 windows size, (i) Gustafson-Kessel plaque detection over preprocessed 

OCT image. 
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5.4 K-means segmentation Results 

The results that we got after K-means classification stage were compared with the actual 

photographic OCT image. The highlighted blue area shows the atherosclerosis plaque that is 

present within each sample, the green part represents the OCT reflectance, the red part represents 

the healthy tissue, and finally the yellow part represents the air. 

 

                   (a)             (b)   

                   (c)              (d) 

                   (e)  

 

Figure 5-16 OCT images of vascular tissue with Atherosclerosis: (a) photographic image of vascular tissue with 

atherosclerosis from a 10 month old WHHLML rabbit, (b) raw OCT image from a 10 month old WHHLML rabbit at 

140th B-scan, (c) preprocessed OCT image from a 10 month old WHHLML rabbit at 140th B-scan, (d) K-means 

classification results showing 4 different clusters with a 64x64 windows size, (e) K-means plaque detection over 

preprocessed OCT image. 
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  (a)           (b) 

                    (c)           (d) 

                    (e)  

 

Figure 5-17 OCT images of vascular tissue with Atherosclerosis: (a) photographic image of vascular tissue with 

atherosclerosis from a 10 month old WHHLML rabbit, (b) raw OCT image from a 10 month old WHHLML rabbit at 

290th B-scan, (c) preprocessed OCT image from a 10 month old WHHLML rabbit at 290th B-scan, (d) K-means 

classification results showing 4 different clusters with a 64x64 windows size, (e) K-means plaque detection over 

preprocessed OCT image. 
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5.5 Fuzzy c-means segmentation Results 

The results that we got after Fuzzy c-means classification stage were compared with the actual 

photographic OCT image. The highlighted blue area shows the atherosclerosis plaque that is 

present within each sample, the green part represents the OCT reflectance, the red part represents 

the healthy tissue, and finally the yellow part represents the air. 

 (a)              (b) 

             (c)             (d) 

             (e)                                                

Figure 5-18 OCT images of vascular tissue with Atherosclerosis: (a) photographic image of vascular tissue with 

atherosclerosis from a 10 month old WHHLML rabbit, (b) raw OCT image from a 10 month old WHHLML rabbit at 

100th B-scan , (c) preprocessed OCT image from a 10 month old WHHLML rabbit at 100th B-scan, (d) Fuzzy c-means 

classification results showing 4 different clusters with a 64x64 windows size, (e) Fuzzy c-means plaque detection over 

preprocessed OCT image. 
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                   (a)               (b) 

                    (c)             (d) 

                   (e)  

 

Figure 5-19 OCT images of vascular tissue with Atherosclerosis: (a) photographic image of vascular tissue with 

atherosclerosis from a 10 month old WHHLML rabbit, (b) raw OCT image from a 10 month old WHHLML rabbit at 

140th B-scan, (c) preprocessed OCT image from a 10 month old WHHLML rabbit at 140th B-scan, (d) Fuzzy c-means 

classification results showing 4 different clusters with a 64x64 windows size, (e) Fuzzy c-means plaque detection over 

preprocessed OCT image. 
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                          (a)                 (b) 

                         (c)              (d)                          

                         (e)  

Figure 5-20 OCT images of vascular tissue with Atherosclerosis: (a) photographic image of vascular tissue with 

atherosclerosis from a 10 month old WHHLML rabbit (b) raw OCT image from a 10 month old WHHLML rabbit at 

190th B-scan, (c) preprocessed OCT image taken from a 10 month old WHHLML rabbit at 190th B-scan, (d) Fuzzy c-

means classification results showing 4 different clusters with a 64x64 windows size, (e) Fuzzy c-means plaque detection 

over preprocessed OCT image. 
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                           (a)               (b) 

                   (c)               (d) 

                   (e)  

Figure 5-21 OCT images of vascular tissue with Atherosclerosis: (a) photographic image of vascular tissue with 

atherosclerosis from a 10 month old WHHLML rabbit, (b) raw OCT image from a 10 month old WHHLML rabbit at 

250th B-scan, (c) preprocessed OCT image from a 10 month old WHHLML rabbit at 250th B-scan, (d) Fuzzy c-means 

classification results showing 4 different clusters with a 64x64 windows size, (e) Fuzzy c-means plaque detection over 

preprocessed OCT image. 
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  (a)           (b) 

 

                    (c)           (d) 

 

                    (e)  

 

Figure 5-22 OCT images of vascular tissue with Atherosclerosis: (a) photographic image of vascular tissue with 

atherosclerosis from a 10 month old WHHLML rabbit, (b) raw OCT image from a 10 month old WHHLML rabbit at 

290th B-scan, (c) preprocessed OCT image from a 10 month old WHHLML rabbit at 290th B-scan, (d) Fuzzy c-means 

classification results showing 4 different clusters with a 64x64 windows size, (e) Fuzzy c-means plaque detection over 

preprocessed OCT image. 
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5.6 Gustafson-Kessel segmentation Results 

The results that we got after Gustafson-Kessel classification stage were compared with the actual 

photographic OCT image. The highlighted blue area shows the atherosclerosis plaque that is 

present within each sample, the green part represents the OCT degraded signal, the red part 

represents the healthy tissue, and finally the yellow part represents the air. 

 

  (a)               (b) 

             (c)              (d) 

                         (e)                                              

Figure 5-23 OCT images of vascular tissue with Atherosclerosis: (a) photographic image of vascular tissue with 

atherosclerosis from a 10 month old WHHLML rabbit, (b) raw OCT image from a 10 month old WHHLML rabbit at 

100th B-scan, (c) preprocessed OCT image from a 10 month old WHHLML rabbit at 100th B-scan, (d) Gustafson-Kessel 

classification results showing 4 different clusters with a 64x64 windows size, (e) Gustafson-Kessel plaque detection over 

preprocessed OCT image. 
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                   (a)               (b) 

                   (c)              (d) 

                   (e)  

Figure 5-24 OCT images of vascular tissue with Atherosclerosis: (a) photographic image of vascular tissue with 

atherosclerosis from a 10 month old WHHLML rabbit, (b) raw OCT image from a 10 month old WHHLML rabbit at 

140th B-scan, (c) preprocessed OCT image taken from a 10 month old WHHLML rabbit at 140th B-scan, (d) Gustafson-

Kessel classification results showing 4 different clusters with a 64x64 windows size, (e) Gustafson-Kessel plaque detection 

over preprocessed OCT image. 
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                          (a)                   (b) 

                           (c)              (d)                          

                          (e)  

Figure 5-25 OCT images of vascular tissue with Atherosclerosis: (a) photographic image of vascular tissue with 

atherosclerosis from a 10 month old WHHLML rabbit, (b) raw OCT image from a 10 month old WHHLML rabbit at 

190th B-scan, (c) preprocessed OCT image, from a 10 month old WHHLML rabbit at 190th B-scan, (d) Gustafson-Kessel 

classification results showing 4 different clusters with a 64x64 windows size, (e) Gustafson-Kessel plaque detection over 

preprocessed OCT image. 
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                            (a)                  (b) 

                    (c)                  (d) 

                    (e)  

Figure 5-26 OCT images of vascular tissue with Atherosclerosis: (a) photographic image of vascular tissue with 

atherosclerosis from a 10 month old WHHLML rabbit, (b) raw OCT image from a 10 month old WHHLML rabbit at 

250th B-scan, (c) preprocessed OCT image from a 10 month old WHHLML rabbit at 250th B-scan, (d) Gustafson-Kessel 

classification results showing 4 different clusters with a 64x64 windows size, (e) Gustafson-Kessel plaque detection over 

preprocessed OCT image. 
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 (a)           (b) 

                    (c)           (d) 

                    (e)  

 

Figure 5-27 OCT images of vascular tissue with Atherosclerosis: (a) photographic image of vascular tissue with 

atherosclerosis from a 10 month old WHHLML rabbit, (b) raw OCT image from a 10 month old WHHLML rabbit at 

290th B-scan, (c) preprocessed OCT image taken from a 10 month old WHHLML rabbit at 290th B-scan, (d) Gustafson-

Kessel classification results showing 4 different clusters with a 64x64 windows size, (e) Gustafson-Kessel plaque detection 

over preprocessed OCT image. 
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5.7 K-means, Fuzzy c-means, and Gustafson-Kessel Algorithms comparison. 

K-means, Fuzzy c-means, and Gustafson-Kessel Algorithms do not requires labeled data, or 

domain knowledge [43], the only a priori information required is the number of clusters. 

Clustering algorithms initialize the cluster centers in a random way, for that reason the 

performance of the process produced by the initial cluster centers can vary at every run. 

Within the three methods described, K-means possess the fastest computation time; nevertheless 

cannot detect outliers in an efficient way as Fuzzy c-means [43], which is one of the simplest and 

commonly used clustering methods used in image analysis. Fuzzy c-means produce close results 

to K-means clustering, but requires more computation time, due to the fact that calculates the 

membership of every data point within each cluster. This characteristic makes Fuzzy c-means 

ideal to work with overlapping data points.  

Gustafson-Kessel which is an improved version of Fuzzy c-means can handle in a better way 

clusters of different shapes, sizes, and densities [44], but at a cost of a higher computation time 

compared to Fuzzy c-means. This method is also very sensitive to initialization, since its 

adaptable norm inducing matrix is estimated from the covariance matrix [45]. So is suggested to 

run several times this algorithm in order to get the desired output [41].  
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The windows size selection determines the computation time for every algorithm: 

Table 5.1 Computation time comparison. 

Clustering 

Method 

 

64x64 windows 

size 

 

32x32 windows 

size 

 

16x16 windows 

size 

 

8x8 windows 

size 

K-means  

1.5 seconds 

 

2 seconds 

 

7 seconds 

 

10 seconds 

Fuzzy c-means  

2 seconds 

(33% more than 

K-means) 

 

2.5 seconds 

(25% more than 

K-means) 

 

10 seconds 

(43% more than 

K-means) 

 

15 seconds 

(50% more than 

K-means) 

Gustafson-

Kessel 

 

2.5 seconds 

(70% more than 

K-means) 

 

3 seconds 

(50% more than 

K-means) 

 

13 seconds 

(86% more than 

K-means) 

 

20 seconds 

(the double of  

K-means) 

 

The computation times were obtained from a typical desktop computer, were measured in 

seconds, and correspond to the running time of each algorithm. 
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CHAPTER 6 Conclusions and future work 

 

The work presented in this thesis comprised the implementation of three diferent clustering 

Algorithms used to perform an Unsupervised Classification of Atherosclerotic vascular tissue, 

our results showed a good detection of the 4 different clusters (air, tissue, degraded OCT signal, 

and plaque) within our medical samples, showing worthy support when compared to actual 

photograpic images. 

This process was started with a preprocessing of raw OCT images, followed by a feature 

extraction process performed by the SGLDM method, which uses a extraction of texture features 

based on statistical properties. A max-min normalization was performed to stabilize intensity 

levels within a range. After normalization we employed our three different unsupervised 

clustering technique to classify the data points into our 4 different clusters. As mentioned in 

previous chapters, each of the three methods showed different advantages, and disadvantages. 

Finally we compared our results with the actual OCT images medical samples. 

This work can be potentially used in the clinical field, and one of its future work 

implementations would be: 

1. Parallelizing the algorithm using graphics processing unit (GPU) to further reduce the 

computation time and thereby implementing our algorithm in real time. 

2. Applying adaptive wavelet based window  to improve the resolution of our segmentation.  
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Appendix 

 

MATLAB (matrix laboratory) is a high-level language, which allows matrix manipulations, 

implementation of algorithms, and numerical functions. The following Appendix contains the 

MATLAB code that was used for the development of the soft partition clustering techniques. 

The script code in this research includes: 

1) Fuzzy c-means Algorithm. 

2) Gustafson-Kessel Algorithm. 
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Soft Clustering Techniques (MATLAB script) 

 

 

%%%%%%%%%%%%%%% Fuzzy C-means Algorithm %%%%%%%%%%%%%%% 

 

  
%%--------- data set ---------------------------------------------------%% 

%%----------------------------------------------------------------------%% 
%  
%  
data= c1_train;      %reads data that we get from the segmentation part. 
data=mean(data,2);   %taking the mean of the data. 
data.X=data; 

  

  
%%--------- parameters -------------------------------------------------%% 
c=4; %number of clusters 
m=2; %weighting exponent which determines the fuzziness of the clusters  

     (default value is 2). 
tol=1e-6; %termination tolerance of the clustering method (default value is  

     0.001). 
ro=ones(1,c); %determinants row vector (default is one for each cluster). 
 

U= double(bsxfun(@eq, U, max(U, [], 2))); 
 cluster1=U(:,1);          %cluster 1 centers. 
 cluster2=U(:,2);          %cluster 2 centers. 
 cluster3=U(:,3);          %cluster 3 centers. 
 cluster4=U(:,4);          %cluster 4 centers. 

  
 figure 
 mat1 = vec2mat(cluster1,57); 
 mat_new1= kron(mat1,ones(64))'; 
 imagesc(mat_new1)                                   %displays cluster 1 

  

  

  
 figure 
 mat2 = vec2mat(cluster2,57); 
 mat_new2= kron(mat2,ones(64))'; 
 imagesc(mat_new2)                                   %displays cluster 2 

  

  
 figure 
 mat3 = vec2mat(cluster3,57); 
 mat_new3= kron(mat3,ones(64))'; 
 imagesc(mat_new3)                                   %displays cluster 3 

  

  
 figure 
 mat4 = vec2mat(cluster4,57); 
 mat_new4= kron(mat4,ones(64))'; 
 imagesc(mat_new4)                                   %displays cluster 4 
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%%%%%%%%%%%%%%% Gustafson-Kessel Clustering %%%%%%%%%%%%%%% 

  

 
%%--------- data set ------------------------------------------------------%% 

  
data = c1_train;            %reads data that we get from the segmentation                                                                                                                            

                        part. 
image =data;                %converts data in double precision type. 
clusterNum = 4;             %number of clusters (air, plaque, and tissue). 
m = 2;                      %weighting exponent for the partition matrix U  

                             which determines the fuzziness of the clusters  

                            (default value is 2). 
tol = 0.001;                %minimum amount of improvement; termination  

                             tolerance of the clustering method (default  
                             value is 0.001). 

beta = 10e15;               %condition number threshold. 
gamma = 1e-7;               %weighting parameter for covariance. 

  

  
%%--------- Calling GK function -------------------------------------------%% 

  
[U,V,F] = gk3(image,clusterNum,m,tol,beta,gamma); 

 
threshold=0.5; 
if U >threshold; 
end 
U= double(bsxfun(@eq, U, max(U, [], 2))); 
cluster1=U(:,1);          %cluster 1 centers. 
cluster2=U(:,2);          %cluster 2 centers. 
cluster3=U(:,3);          %cluster 3 centers. 
cluster4=U(:,4);          %cluster 4 centers. 

  
figure 
mat1 = vec2mat(cluster1,57); 
mat_new1= kron(mat1,ones(64))'; 
imagesc(mat_new1)  

  
figure 
mat2 = vec2mat(cluster2,57); 
mat_new2= kron(mat2,ones(64))'; 
imagesc(mat_new2)  

  
figure 
mat3 = vec2mat(cluster3,57); 
mat_new3= kron(mat3,ones(64))'; 
imagesc(mat_new3)  

  
figure 
mat4 = vec2mat(cluster4,57); 
mat_new4= kron(mat4,ones(64))'; 
imagesc(mat_new4)  

 

 



87 
 

References 

 

[1] “Heart and Stroke Foundations: Statistics”, 2011. [Online].Available:   

http://www.heartandstroke.com/site/c.ikIQLcMWJtE/b.3484021/k.7C85/Heart_Disease.htm 

[Accessed 01 02 2013] 

[2] Taylor, Allen J, Villines, Todd C, “Atherosclerosis clinical perspectives through imaging”, 

2013, Springer, pp ix, 3, 4, 5, 14, 19, 20. 

[3] Frank C. Mooren,”Encyclopedia of Exercise Medicine in Health and Disease”, Volume 1, 

2012, Springer, pp 93, 94 

[4] M. Gabriel Khan, “Encyclopedia of Heart disease”, 2
nd

 Ed., 2010, Springer, pp 36, 141, 155, 

156, 160, 162. 

[5] Wick, Georg, Grundtman, Cecilia, “Inflammation and Atherosclerosis”, 2012, Springer, pp 

19, 20, 31, 133, 139, 583, 586, 587, 588, 589, 591 

[6] Marc D. Gellman, J. Rick Turner, “Encyclopedia of Behavioral Medicine”, New York, 2013, 

Springer, pp 128 

[7] Stefan O., Walter R.”Encyclopedia of Molecular Pharmacology”, 2
nd

 ed., 2008, Springer, pp 

224, 225. 

[8] Jeffrey K., John D., Bruce C., “Encyclopedia of Clinical Neuropsychology”, Volume 1, 2011, 

Springer, pp 278, 279 

[9] “Heart and Stroke Foundations: Statistics”, 2011. [Online].Available:  

http://www.heartandstroke.com/site/c.ikIQLcMWJtE/b.3484043/k.C55/Heart_disease__Risk_fac

tors_you_cant_control.htm  

[Accessed 13 02 2013] 

[10] Wolfgang Drexler, James Fujimoto, “Optical coherence tomography technology and 

applications”, March 2008, Springer, pp 5, 27, 29, 30, 31, 49, 52, 75, 76, 458, 698, 902, 1086, 

1304. 

[11] Masamichi Takano, Kyoichi Mizuno, “Current Cardiovascular Imaging Reports”, August 

2009, Volume 2, Issue 4, Springer, pp 275,276. 

[12] Dimitris Karnabatidis, Konstantinos Katsanos, “Cardio Vascular and interventional 

Radiology”, December 2011, Volume 34, Issue 6, Springer, pp 1172, 1173. 



88 
 

[13] Luca Saba, Joao Miguel Sanches, Luis Mendes Pedro, “Multi-modality atherosclerosis 

imaging and diagnosis”, 2014, Springer, pp 8, 377 

[14] Hiram Bezerra, Marco A. Costa, Giulio Guagliumi, “Intracoronary optical coherence 

tomography a comprehensive review”2009, Vol. 2, American college of cardiology, pp 1, 2. 

[15] Manfred Schwab, “Encyclopedic reference of cancer”, 2001, Springer, pp 652. 

[16] Mehmet Cilingiroglu, Karem Ozer, “Current Atherosclerosis Reports”, 2006, Volume 8, 

Issue 2, Springer, pp 141. 

[17] Nirlep A. Patel, Debra L. Stamper, Mark Brezinski, “Review of the ability of optical 

coherence tomography to characterize plaque, including a comparison with Intravascular 

Ultrasound”, January 2005, Volume 28, Issue 1, pp 3. 

[18] Fernando Arevalo, “Retinal angiography and optical coherence tomography”, 2009, 

Springer, pp 223. 

[19] Yamaguchi T., Terashima M., Akasaka T., “Safety and Feasibility of an Intravascular 

Optical Coherence Tomography Image Wire System in the Clinical Setting”, the American 

Journal of Cardiology, Volume 101, Issue 5, 1 March 2008, pages 562-567. 

[20] Peter Lanzer, Eric J. Topol, “Pan vascular medicine: integrated clinical Management”, 

2002, Springer, pp 1419, 1420, 1421, 1423. 

[21] Aoki H., Kubo T., Orii M., “Optical Coherence Tomography Features of Attenuated plaques 

detected by grayscale-intravascular ultrasound”, the American Journal of Cardiology, Volume 

109, Issue 7, Supplement, 1 April 2012. 

[22] Brian MacNeill, Brett Bouma, Hiroshi Yabushita, “Intravascular optical coherence 

tomography: cellular imaging”, July/August 2005, Volume 12, Issue 4, Journal of Nuclear 

Cardiology, Springer, pp 461. 

[23] Jasjit S., David Wilson, S. Laxminarayan, “Handbook of biomedical image analysis”, 2005, 

Volume II: Segmentation Models Part B, pp 267, 268, 278. 

[24] Bertrand Clarke, Ernest Fokoue, Hao Helen Zhang, “Principles and theory for data mining 

and machine learning”, 2009, edit. Springer, pp 405. 

[25] Sanghamita Bandyopadhyay, Sriparna Saha, “Unsupervised classification: Similarity 

Measures, Classical and Metaheuristic Approaches, and Applications”, 2013, Springer, pp VII 

(preface), 1, 8, 9, 10, 11, 61, 68. 

[26] Maria Halkidi, Yannis Batistakis, Michalis Vazirgiannis, “On clustering validation 

techniques”, December 2001, Volume 17, Issue 2-3, Journal of Intelligent Information systems, 

pp 107, 108, 112 

[27] Nicolaides A., Beach K., Kyriacou E., Pattichis C., “Ultrasound and carotid bifurcation 

atherosclerosis”, 2012, Springer, pp 223, 235, 236. 



89 
 

[28] Ammu Prakash, Mark Hewko, Michael Sowa, Sherif Sherif, “Detection of Atherosclerotic 

Plaque from Optical Coherence Tomography images using Texture-based Segmentation”, STM, 

Vol 7, No. 1, October 29 2014, pp 21, 22, 23, 24, 25. 

[29] Sergios Theodoridis, Konstantinos Koutroumbas, “Pattern Recognition”, 2009, Academic 

Press, pp 275, 412, 414, 416, 417. 

[30] Jiawei Han, Micheline Kamber, “Data mining concepts and techniques”, April 6 2006, 2
nd

 

Edition, Morgan Kaufmann, pp 71. 

[31] Richard O. Duda, Peter E. Hart, David G. Stork, “Pattern Classification”, November 9 2000, 

2
nd

 Edition, Wiley-Interscience, pp 4, 605. 

[32] R. Haralick, K. Shanmugam, H. Dinstein, “Textural Features for Image Classification”, 

November 1973, IEEE Systems, Man, and Cybernetics Society, pp 611. 

[33] Jia Luo, “Soft computing in Information Communication Technology”, 2012, Volume 1, 

Springer, pp 27, 28. 

[34] Yaochu Jin, Lipo Wang, “Fuzzy Systems in Bioinformatics and Computational Biology”, 

April 15 2009, Springer, pp 257. 

[35] R. Babuska, “Fuzzy and Neural Control”, Delft University of Technology, October 2001, pp 

50, 60, 64, 65 

[36] Bezdek J., Ehrlich R., Full W., “FCM the fuzzy c-means clustering algorithm”, Computers 

and Geosciences, 1984, Vol. 10, No. 2-3,  pp 191-203. 

[37]Omatu S., Neves J., Corchado Rodriguez J., “Distributed computing and artificial 

intelligence”, Volume 217, 2013, Springer, pp 190. 

[38] Majumdar D. Ghosh A., Kumar Kole D., “Application of Fuzzy C-means clustering method 

to classify Wheat Leaf images based on the presence of rust Disease”, Indian Institute of 

Technology, 2015, Springer, pp 282. 

[39] Balasko B., Abonyi J., Feil B., “Fuzzy clustering and Data analysis toolbox: for use with 

MATLAB”, pp 22. 

[40] R. Babuska, P.J. van der Veen, U. Kaymak, “Improved Covariance estimation for 

Gustafson-Kessel”, Fuzzy Systems, Proceedings of the 2002 IEEE International Conference, 

Volume 2, pp 2. 

[41] Hammouda K., Karray F., “A comparative study of data clustering techniques”, University 

of Waterloo, Ontario, Canada 2000, pp 1, 7. 

[42] Dovzan D., Skrjanc I., “Recursive clustering based on a Gustafson-Kessel Algorithm”, 

Evolving Systems, 23 December 2010, Springer-Verlag, pp 16. 

[43] Panda S., Sahu S., Jena P., “Comparing Fuzzy C-means and K-means clustering techniques: 

a comprehensive study”, Dept. of Computer Science and Engineering, Odisha India, 2012, pp 

451. 



90 
 

[44] Verma H., Agrawal R. K., “Intuitionistic Gustafson-Kessel algorithm for segmentation of 

MRI Brain image”, School of Computer and Systems Sciences, Jawaharlal Nehru University, 

New Delhi, India, pp 133, 134.[44] Dovzan D., Skrjanc I., “Recursive clustering based on a 

Gustafson-Kessel Algorithm”, Evolving Systems, 23 December 2010, Springer-Verlag, pp 16. 

[45] Raghu Krishnapuram, Jongwoo Kim, “A note on the Gustafson-Kessel and adaptive Fuzzy 

Clustering Algorithms”, IEEE Transactions on Fuzzy Systems, Vol. 7, No. 4, August 1999, pp 

459. 

 


