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Abstract 

 Glaucoma is an irreversible ocular pathology, which causes 

permanent blindness if it is not treated properly. Despite the various 

technological advances, the reliability of glaucoma tests to diagnose the 

condition of its progression is remaining unacceptable. Physiologically, 

glaucoma progression is diagnosed by increased excavation of the optic 

cup. The objective of the proposed system is to develop a computer aided 

diagnosis system for early detection of glaucoma using fundus images. In 

this research work, Local Binary Pattern (LBP) and three unsupervised 

segmentation approaches; k-means clustering, Fuzzy C Means (FCM) 

clustering and Expectation-Maximization (EM) algorithm based glaucoma 

detection is proposed through the accurate measurement of Cup-to-Disc 

Ratio (CDR). It is composed of two main modules; Optic Disc (OD) 

segmentation and Optic Cup (OC) segmentation. 

LBP is a non parametric operator which describes the local spatial 

structure of an image. This property is utilized for the segmentation of OD 

region in the given fundus image. It is built by various sequential stages: 

Region Of Interest (ROI) extraction, OD localization, post processing and 

OD boundary by elliptical fitting. In the ROI extraction, the approximate 

OD region is extracted as ROI for further process based on the maximum 

pixel intensity value. The major intension of ROI extraction is to reduce 

the computational time as the fundus images are in very high resolution. 

Then, LBP feature map is created from the ROI image for OD localization. 

Finally, the appropriate OD region is segmented by performing further 

sequential operations such as post processing and elliptical fitting. For OC 

segmentation, three unsupervised segmentation approaches; k-means 

clustering, FCM, and EM algorithm are used. 
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The performance of the proposed glaucoma detection system is 

evaluated by using fundus images of normal and glaucomatous images. 

The automated measurement of CDR provides reliable glaucoma 

prognosis by performing improved OD and OC segmentation approaches. 

In this work, CDR is computed from the area of the segmented OD region 

by LBP and the area of the OC region by the unsupervised segmentation 

approaches. The quantitative evaluation of the proposed system is 

performed using the computed CDR with the gold standard CDR. Also, 

the performance of the system is evaluated using scatter plot and 

regression analysis. The results show that the proposed glaucoma detection 

system LBP and EM achieves satisfactory performance with absolute error 

of below 4%. 

 

 

 

Key words: Glaucoma detection, Local binary pattern, k-means clustering, 

Fuzzy C Means clustering and EM algorithm 
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CHAPTER 1 

INTRODUCTION 

1.1   Introduction 

 Glaucoma is the second leading progressive ocular disorder after cataract 

caused by degenerative Optic Nerve Head (ONH) structure. It causes irreversible 

vision loss if it is untreated on time. Despite the great amount of heterogeneous 

data that has become available for monitoring glaucoma, the performance of tests 

for early diagnosis is still insufficient to minimize the risk of visual loss and 

impairment. As glaucoma is asymptomatic, the patients are unaware until 

noticeable vision loss occurs. Due to its insidious nature, it is critical to detect 

glaucoma at the earliest. Moreover, early detection of glaucoma is particularly 

significant since it allows timely treatment to prevent major visual field loss and 

prolongs the effective years of usable vision. Among the various image structural 

cues for glaucoma detection, most of the clinician considered Cup-to-Disc Ratio 

(CDR) as a major factor. 

In this study, an automated and non-invasive system is developed for early 

glaucoma prognosis through the accurate measurement of CDR. CDR is defined 

as the ratio of the vertical height of the Optic Cup (OC) or the area of the OC to 

the vertical height of the Optic Disc (OD) or the area of the OD. However, the 

determination of the appropriate disc and cup area is very difficult due to the 

presence of blood vessel around them. Hence, texture spectrum model based 

Local Binary Pattern (LBP) is adapted for OD segmentation and three 

unsupervised clustering approaches; Expectation Maximization (EM), k-means 

and Fuzzy C-Means (FCM) are employed for OC segmentation. 
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1.2    Human Eye 

 In the optical sciences, the human eye is often compared to a camera 

(Wade 2007). Light reflected from an object is focused on the retina after passing 

through the cornea, pupil and lens, which is similar to light passing through the 

camera optics to the film or a sensor. A photoreceptor cell receives the incoming 

data which is dedicated for detecting light. The sensation of sight is produced 

when the information is transmitted to the brain via optic nerve from the retina. 

During the transmission, the information is processed in the retinal layers. A 

cross-section of the eye and the structures involved in the image formation are 

presented in Figure 1.1. There are three important features in the camera which 

can be seen analogous to the function of the eye: aperture, camera lens, and the 

camera sensor. In the eye behind the transparent cornea, the colored iris regulates 

the amount of light entering the eye by changing the size of the pupil. 

   

Figure 1.1 The anatomy of the human eye 

 In the dark, the pupil enlarges allowing the maximum amount of light 

to enter, and in the bright, the pupil becomes small preventing the eye from 

receiving an excess amount of light. This is similar to the way the camera 

regulates the amount of light entering the camera with the aperture. When the 

ciliary muscle is relaxed, the zonular fibers stretch the lens into the thin shape, 
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and the distant objects are in focus. This corresponds to the function of focal 

length, i.e. the distance between the lens and sensor when focusing the camera. If 

the eye is properly focused, the light passes through the vitreous gel to the 

camera sensor of the eye, which is the retina. 

 The surface of the retina is the only place in the body where blood 

vessels can be viewed directly and examined for pathological changes, such as 

those that occur with hypertension, diabetes mellitus, cataracts, and age-related 

macular disease. The optic disc is the site where the optic nerve exits the eyeball. 

Bundled together with the optic nerve are the central retinal artery branch of the 

ophthalmic artery and the central retinal vein. Branches of the central artery fan 

out to nourish the anterior surface of the retina and the central retinal vein drains 

blood from the retina through the optic disc. 

 The retina consists of transparent tissue of several layers of cells 

designated to absorb and convert the light into neural signals. Thus, the light has 

to travel through the retinal layers before it reaches the photoreceptor cells 

(Taylor 2007). During transmission from the photoreceptor cells to the optic 

nerve, the electric impulses are further processed in the inner layers of the retina. 

The detailed central vision is formed in the macula which is a highly light 

sensitive area, 5 to 6 mm in diameter in the central region of the retina (Forrester 

and Dick 2001). In the center of the macula is a round shaped area known as 

fovea, where the cones are almost exclusively found. 

 The cones are photoreceptor cells that are selectively sensitive to 

different wavelengths of light. Next to the macula is the beginning of optic nerve, 

from where the main artery and vein emerge in the retina. There are no normal 

retinal layers in this region, and therefore, the absence of photoreceptor cells 

results in a blind spot in the retina. The nutritional support to the retina is 

provided by the choroid and the two main capillary networks: the nerve fiber 
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layer network and the connecting neuron layer network (Taylor 2007). The 

capillary density increases towards the center region of the retina, and the most 

dense network is found in the macula, but the fovea itself is absent of capillaries. 

Therefore, the fovea is dependent on the choroidal blood supply from the 

vascular layer behind the retina. 

1.3   Glaucoma 

 Glaucoma is an eye disease characterized by the loss of retinal 

ganglion cells and their axons. Clinically, this loss becomes apparent by cupping, 

also called excavation, of the OD and concomitant visual field loss. There are 

many subgroups of glaucoma, separated by causes, genetics, or morphology, and 

within each group, there may be tens of different glaucoma types. Among which 

two main types are open-angle and angle-closure glaucoma. These are marked by 

an increase of Intra Ocular Pressure (IOP) or pressure inside the eye. Figure 1.2 

shows the vision with a normal and glaucomatous eye. 

 

  (a) (b) 

Figure 1.2 (a) Vision with normal eye (b) Vision with abnormal eye 
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1.3.1 Open Angle Glaucoma 

  Open-angle glaucoma is the most common form of glaucoma 

accounting for at least 90% of all glaucoma cases. It is also called primary or 

chronic glaucoma. Figure 1.3 shows the condition of open angle glaucoma. The 

risk of the development and progression of primary open-angle glaucoma 

increases with increasing IOP. It is characterized by chronic progressive optic 

neuropathy in which the optic disc and retinal nerve fiber layer show the 

particular morphological characteristics. It is a disease type in which other 

illnesses and congenital anomalies are absent and in which gonioscopy shows a 

normal anterior chamber angle. This is accompanied by progressive retinal 

ganglion cell loss and corresponding visual field defects.  

 In cases of discrepancies between optic nerve findings and visual field 

findings, if the optic disc is found to show pallor about the degree of cupping, the 

visual field, and optic nerve should be retested, and brain imaging studies should 

be conducted to detect intracranial diseases, etc. Moreover, among cases of 

primary open-angle glaucoma, genetic variations in myocilin or optineurin gene 

may be detected (Abe et al., 2006).  

 

Figure 1.3 Open-angle glaucoma  
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1.3.2 Angle Closure Glaucoma 

 Angle-closure glaucoma is a less common form of glaucoma. It is caused 

by blocked drainage canals, resulting in a sudden rise in intraocular pressure. It 

has a closed or narrow-angle between the iris and cornea, and it develops very 

quickly. The symptoms and damage for closed-angle glaucoma are usually very 

noticeable. It is also called acute glaucoma or narrow-angle glaucoma. Unlike 

open-angle glaucoma, angle-closure glaucoma is a result of the angle between the 

iris and cornea closing. Figure 1.4 shows the closed angle glaucoma. 

 

Figure 1.4 Angle-closure glaucoma 

1.3.3 Normal-Tension Glaucoma (NTG) 

 Third common type of glaucoma is normal tension glaucoma which is 

also called low tension or normal pressure glaucoma. In normal tension 

glaucoma, the optic nerve is damaged even though the eye pressure is not very 

high.  In this case, IOP constantly remains within the statistically determined 

normal range during the development and progression of glaucomatous optic 

neuropathy. However, this does not necessarily mean that abnormal IOP does not 

play a role in the development of optic neuropathy in normal-tension glaucoma. 
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 In many cases, moreover, as another etiological factor, findings 

indicate that factors independent of IOP such as circulatory damage may also 

play a role. As IOP is known to be subject to diurnal and seasonal fluctuations, it 

is often quite difficult to establish that it is always within the normal range and 

tests such as diurnal fluctuation measurements are frequently necessary. 

1.3.4 Congenital Glaucoma 

  This type of glaucoma occurs in babies when there is the incorrect or 

incomplete development of the eye's drainage canals during the prenatal period. 

This is a rare condition that may be inherited. When uncomplicated, 

microsurgery can often correct the structural defects. Other cases are treated with 

medication and surgery  

1.3.5 Other Types of Glaucoma 

 Apart from the above-described primary types of glaucoma, yet other 

variants of open angle and angle closure glaucoma also included.  

 Secondary Glaucoma 

 Pigmentary Glaucoma 

 Pseudoexfoliative Glaucoma 

 Traumatic Glaucoma 

 Neovascular Glaucoma 

 Irido Corneal Endothelial Syndrome (ICE) 
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1.4    Diagnosis for Glaucoma  

 Early detection is the key to protecting the vision from damage caused 

by glaucoma through regular and complete eye exams. A complete eye exam to 

detect glaucoma includes five common tests such as tonometry, 

Ophthalmoscopy, Perimetry, Gonioscopy, and Pachymetry.  

1.4.1 Tonometry 

 IOP in the eye is measured by using tonometer. During tonometry 

process, eye drops are used to numb the eye. Then, a doctor or technician uses a 

device called a tonometer to measure the inner pressure of the eye. A small 

amount of pressure is applied to the eye by a tiny device or by a warm puff of air. 

The range for normal pressure is 12 to 22 mm Hg. Most glaucoma cases are 

diagnosed with pressure exceeding 20 mm Hg. However, some people can have 

glaucoma at pressures between 12 to 22 mm Hg. Eye pressure is unique to each 

person. 

 1.4.2  Ophthalmoscopy 

 This diagnostic procedure using Ophthalmoscopy helps the doctor to 

examine the optic nerve for glaucoma damage. Eye drops are used to dilate the 

pupil so that the doctor can see through the eye to examine the shape and color of 

the optic nerve. The doctor will then use a small device with a light on the end to 

magnify the optic nerve. If the intraocular pressure is not within the normal range 

or if the optic nerve looks unusual, then two more glaucoma exams; perimetry 

and gonioscopy will be taken. 

1.4.3  Perimetry 

 Perimetry is a visual field test that produces a map of the complete 

field of vision. This test will help the doctor to determine whether your vision has 
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been affected by glaucoma or not. During this test, the patient will be asked to 

look straight ahead and then indicate when a moving light passes your peripheral 

vision. This helps to draw a "map" of the vision. 

1.4.4  Gonioscopy 

 This diagnostic exam helps to determine whether the angle where the 

iris meets the cornea is open and wide or narrow and closed. During the exam, 

eye drops are used to numb the eye. A handheld contact lens is gently placed on 

the eye. This contact lens has a mirror that shows the doctor if the angle between 

the iris and cornea is closed and blocked or wide and opened. 

1.4.5  Pachymetry 

 Pachymetry is a simple, painless test to measure the thickness of the 

cornea which is the clear window at the front of the eye. A probe called a 

pachymeter is gently placed on the front of the eye to measure its thickness. It 

can help the diagnosis because corneal thickness has the potential to influence the 

eye pressure readings.  

1.5   Imaging Technique 

 Retinal imaging is critical for diagnosing retinal diseases. The two 

primary retinal imaging techniques are fundus imaging and Optical Coherence 

Tomography (OCT) imaging. Fundus imaging is widely used for population-

based, large-scale detection of diabetic retinopathy, glaucoma, and age-related 

macular degeneration. OCT is widely used in the diagnosis and management of 

patients with diabetic retinopathy, macular degeneration, and inflammatory 

retinal diseases. The fundus image shows the morphological changes in optic 

disc, optic cup, and macula for a retina. Fundus imaging as the process whereby 

reflected light is used to obtain a two-dimensional representation                        
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of the three-dimensional, semitransparent, retinal tissues projected on the 

imaging plane. In this research work fundus imaging is used for the diagnosis of 

glaucoma detection. 

 A fundus camera is a device for photographing the retina. It is based on 

the indirect ophthalmoscope principle, where the observer's eye is replaced with a 

camera. A fundus camera is a specialized low power microscope with an attached 

camera designed to photograph the interior surface of the eye, including the 

retina, optic disc, macula, and posterior pole. A fundus camera is as shown in 

Figure 1.5. A typical camera views 30 to 50 degrees of retinal area, with a 

magnification of 2.5x and allows some modification of this relationship through 

zoom or auxiliary lenses from 15 degrees which provide 5x magnification to 140 

degrees with a wide angle lens which minimizes the image by half. The optics of 

a fundus camera is similar to those of an indirect ophthalmoscope, in that the 

observation and illumination systems follow dissimilar paths.  

 

Figure 1.5 Fundus camera 

 The observation light is focused via a series of lenses through a doughnut-

shaped aperture. It then passes through a central aperture to form an annulus, 

before passing through the camera objective lens and the cornea onto the retina. 

The light reflected from the retina passes through the un-illuminated hole in the 
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doughnut formed by the illumination system. As the light paths of the two 

systems are independent, there are minimal reflections of the light source 

captured in the formed image. The image forming rays continue towards the low 

powered telescopic eyepiece. 

 When the button is pressed to take a picture, a mirror interrupts the 

path of the illumination system that allows the light from the flash bulb to pass 

into the eye. Simultaneously, a mirror falls in front of the observation telescope, 

which redirects the light onto the capturing medium, irrespective of film or a 

digital charge-coupled device. Due to the eye's tendency to accommodation   

while looking through a telescope, it is imperative that the exiting verge is 

parallel for an in-focus image to be formed on the capturing medium. Figure 1.6 

shows a typical fundus image.  

 

Figure 1.6 Fundus Image 

 The diameters or areas of the optic cup and optic disc are helpful in 

identifying the CDR value. If this CDR exceeds 0.3, then it indicates the 

possibilities of the presence of glaucoma. To further enhance the diagnosis, the 

ophthalmologist assesses the condition and position of the blood vessels in the 
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optic disc region. If the blood vessels are shifted from the normal condition, then 

it is taken as glaucoma.  

1.6    Computer Aided Diagnosis 

 Computer Aided Diagnosis (CAD) may be defined as a diagnosis 

made by the clinicians who considered the results of the computer output as a 

“second opinion”. The computer output is derived from the quantitative analysis 

of diagnostic images. It is important to note that the computer is used only as a 

tool to provide additional information to clinicians, who will make the final 

decision. Therefore the basic concept of CAD is clearly different from that of 

“automated diagnosis”. The purpose of CAD based glaucoma diagnosis is to 

improve the diagnostic accuracy and also the consistency of clinician's image 

interpretation by using the computer output as a guide. The computer output can 

be very helpful for clinicians to made the subjective judgment. 

 Computerized schemes for CAD include three basic components 

which are based on three different technologies. The first component is image 

pre-processing; second one is the quantification of image features. The last one is 

data processing for the distinction between normal and abnormal patterns, based 

on the features obtained in the second step. 

1.7   Research Issues and limitations 

 Despite the various technological advances, the reliability of glaucoma 

tests to diagnose the condition of its progression is remaining unacceptable. 

Furthermore, the rate of glaucoma incidence is increasing due to the slow 

progression of the disease along with the lack of clear symptoms. Moreover, the 

patho physiology of glaucoma and its biological foundation and factors are not 

yet fully determined or understood. Therefore, novel directions are essential for 

improving the diagnostic flow and the understanding of the glaucoma 
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mechanism. The motivations behind the development of automated glaucoma 

detection rather than manual screening are as follows: 

 Presently, CDR evaluation is manually carried out by skilled 

ophthalmologists and expensive equipment such as Heidelberg 

Retinal Tomography (HRT). Manual screening for glaucoma at a 

larger scale is challenging as the availability of skilled manpower 

in ophthalmology is very low. 

 The CDR evaluation by an ophthalmologist is subjective, and the 

availability of HRT is very limited. Also, the manual analysis of 

glaucoma prognosis is fairly time-consuming, and the accuracy of 

parameter measurements varies between experts. Hence it tends to 

lead misinterpretation. 

 To minimize the risk of visual loss and impairment, early detection 

of glaucoma is needed.  

  To help the ophthalmologists, an intuitive, efficient and objective 

method for automatically classifying digital fundus images into either normal or 

glaucomatous types is proposed by automated CDR evaluation. In the case of 

diabetic patients, the OD and OC regions are merged. This leads to difficulties in 

segmenting OD and OC region by the proposed system which in turn affects the 

computation of CDR process. 

1.8 Research Aims and Objectives 

 The main objective of the proposed research work is to develop an 

early detection of glaucoma progression. In contrast to manual screening, 

automated measurement of CDR provides a reliable outcome in glaucoma 

prognosis by performing improved or accurate OD and OC segmentation 
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approaches. Thus the segmentation of OD and OC from retinal fundus images 

has become the need of the hour in recent decades. This demand has led to the 

development of several techniques to detect glaucoma in early stages. The 

research objectives are as follows:  

  Extensively review the available image segmentation schemes, 

identify the Local Binary Pattern (LBP) for OD segmentation and 

unsupervised clustering approaches such as k-means, FCM and EM 

for OC segmentation. These terms are related to the proposed 

algorithms. 

  Identify the Region Of Interest (ROI) which includes only the OD 

region from original RGB image. 

  Convert RGB to HSV (Hue, Saturation, and Value) color model 

and utilize the V channel for OD segmentation. 

  Localize and segment the OD region from the extracted ROI by 

employing LBP distribution followed by thresholding and 

morphological operations. 

  Employ unsupervised clustering approaches such as k-means, FCM 

and EM for OC segmentation. 

  Implement the proposed system using MATLAB  

  Measure the CDR from the segmented OD and OC region 

  Analyze the proposed system performance with ground truth CDR 

given by the experts.  
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1.9   Organization of the Thesis 

 The association of the thesis is the design of an automated glaucoma 

diagnosis system using retinal fundus images. This thesis is organized into six 

main chapters. The introduction to the anatomy of the eye is described in the first 

chapter. In addition to that, the motivation behinds the automated glaucoma 

diagnosis and the demands for automated glaucoma analysis system and its 

applications are discussed.  

 Chapter 2 describes the literature survey of various glaucoma diagnosis 

approaches along with statistics of glaucoma and risk factors for glaucoma. 

Chapter 3 deals with the mathematical background of LBP and unsupervised 

clustering approaches such as k-means, FCM, and EM.  

 The proposed glaucoma detection system based on LBP and 

unsupervised classification approaches are presented in chapter 4. LBP approach 

is adopted for OD segmentation, whereas texture features are used for OD 

identification. The three unsupervised approaches; k-means, FCM and EM, are 

considered for OC segmentation. 

  In chapter 5, the experimental results of the proposed system are 

demonstrated to validate the performance of the proposed glaucoma detection 

framework. The measured CDR is compared with ground truth CDR measures. 

Also, the performances of the unsupervised clustering approaches are analyzed. 

In addition to this, statistical analyses such as scatter plot and regression 

approaches are used to investigate the performance of the proposed glaucoma 

detection system. 

 Chapter 6 concludes this thesis, summarizing the main achievements 

based on the obtained experimental results, and suggesting areas for further 

investigation. 
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. CHAPTER 2 

LITERATURE SURVEY 

2.1    Introduction 

 This chapter discusses statistics about glaucoma, risk factors for 

glaucoma, and various techniques available for glaucoma detection using retinal 

fundus images. Blindness is the lack of visual perception due to neurological or 

physiological factors. The major causes of blindness are glaucoma, cataract, age-

related macular degeneration and corneal opacity. Among them, glaucoma is one 

of the irreversible blindness. An extensive literature survey has been done in 

connection with this research work, and some of them are outlined here.  

2.2    Glaucoma Statistics 

 Blindness is the condition of lacking visual perception due to the 

physiological or neurological factors. Among the various causes of blindness, 

glaucoma is one of the leading irreversible blindness worldwide, which is 

affecting approximately 70 million people after cataract (Thylefors et al., 1995). 

Also, it is the second leading cause of global blindness (Resnikoff et al., 2004) 

after cataract, largely due to Primary Open Angle Glaucoma (POAG). In 2002, it 

was estimated that 161 million individuals worldwide had the visual impairment, 

and 37 million were blind. Glaucoma was accounted for 12.3% of global 

blindness, while cataract was 47.8%.   

 In the least developed regions, the visual impairment from glaucoma 

weighs a heavier burden and affects adults more than children and women more 

than men (Resnikoff et al., 2004). By the year 2010, it was estimated that 60.5 

million people in the world with OAG and angle-closure glaucoma (ACG). By 

the year 2020, this number is predicted to increase to 79.6 million. The majority 
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(74%) of these individuals will have OAG. Bilateral blindness from glaucoma is 

projected to affect 8.4 million individuals worldwide by 2010 and greater than 11 

million by 2020. Globally, glaucoma is a significant cause of vision loss that 

disproportionately affects women and Asians (Quigley 2006).  The World Health 

Organization (WHO) have recently undertaken a further systematic review of all 

population-based surveys of blindness and low vision from 55 countries for the 

year 2002 and applied it to the 17 WHO epidemiological sub-regions (Resnikoff 

et al., 2004). The numbers of blind and with visual impairment by WHO region 

are given in Tables 2.1 and 2.2 (Resnikoff et al., 2004). 

Table 2.1 WHO estimation of global blindness (<3/60-NLP in the better eye with 

best correction) by WHO region for 2002 

WHO region 
Population 

(millions) 

Prevalence 

(%) 

Number of 

blind 

(millions) 

Blindness 

(%) 

Americans 853 0.3 2.4 7 

Europe 878 0.3 2.7 7 

Eastern 

Mediterranean 
503 0.8 4.0 11 

Africa 672 1.0 6.8 18 

South East 

Asia 
1591 0.7 11.6 32 

Western 

Pacific 
1717 0.5 9.3 25 

Total 6214 0.6 36.9 100 
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Table 2.2 WHO estimation of global visual impairment (<6/ 18-NLP in the better 

eye with best correction) by WHO region for 2002 

WHO region 
Population 

(millions) 

Prevalence 

(%) 

Number of 

blind 

(millions) 

Blindness 

(%) 

Americans 853 1.8 16 10 

Europe 878 1.8 16 10 

Eastern 

Mediterranean 
503 3.3 16 10 

Africa 672 4.0 27 17 

South East 

Asia 
1591 2.8 45 27 

Western 

Pacific 
1717 2.4 42 26 

Total 6214 2.6 161 100 

 

 From the Tables 2.1 and 2.2, it is observed that approximately 37 

million people are blind, and 124 million people have low vision. The prevalence 

of blindness varies from 0.2% in Western Europe and North America to 1.0% in 

Africa. Among 37 million blind people, 1.4 million are aged about 0–14 years, 

5.2 million are about 15–49 years, and 30.3 million are above 50 years, with 

women being affected more than men. The female to male blindness ratio varies 

from 1.5 to 2.2. The major causes of global blindness are a cataract, glaucoma, 

corneal scarring including trachoma, age-related macula degeneration, and 

diabetic retinopathy. Figure 2.1 shows the Causes of global blindness in 2002. 
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Figure 2.1 Causes of blindness in millions of people 

` The prevalence of visual impairment and blindness were determined 

for the six WHO regions for three age groups: 0-14 years, 15-49 years, and 50 

years and older, non-disaggregated by gender. These age groups are consistent 

with the available data sources and with the grouping used in WHO for similar 

estimates of prevalence. Smaller age groups were not considered because data 

given in the studies are adjusted by sample composition only for larger age 

groups, and smaller age groups would have much higher uncertainties. Gender 

stratification was not attempted given the inconsistencies of the data within 

regions and countries, the uncertainties in the gender stratification could lead to 

even higher uncertainties at a global level. Figure 2.2 and 2.3 shows the Global 

estimates of visual impairment and blindness in 2010 (Mariotti and Pascolini 

2012). 
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Figure 2.2 Global estimates of visual impairment 

 

Figure 2.3 Global estimates of blindness 
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2.3 Reviews on Primary Risk Factors for Glaucoma 

  There are various risk factors associated with the development of 

glaucoma disease in individuals with a healthy eye. IOP, age, family history, 

ethnicity, and myopia are the noted risk factors for the onset of glaucoma. 

Knowing the risk factors for glaucoma onset would not tell the certainty whether 

the individual encounter with glaucoma or not in future. However, it may help to 

estimate the possibility. 

2.3.1 Increased IOP 

 One of the significant and noticeable risk factor for glaucoma 

development is high IOP. In the past decade, two studies have provided insight 

into risk factors for developing glaucoma among patients with Ocular 

Hypertension (OHT). The Ocular Hypertension Treatment Study (OHTS) and the 

European Glaucoma Prevention Study (EGPS). They studied a large population 

of individuals with elevated IOP but normal visual fields and normal OD. The 

OHTS showed that the progression of glaucoma was reduced from 9.4 to 4.4% 

over five years if the IOP was reduced at least 20%. 

 The EGPS found that during follow-up, a higher IOP was associated 

with an increased risk of developing OAG (9% per mm Hg over a five year 

period) (Miglior et al., 2007). Both EGPS and OHTS reported that among 

patients with OHT, thin central cornea thickness was a risk factor for the 

development of glaucoma. However, the etiology for this increased risk is 

uncertain (Miglior et al., 2007, Gordon et al., 2002). They also reported that older 

baseline age, increased vertical CDR, and greater pattern standard deviations on 

the humphrey automated perimeter were predictive factors for OAG (Coleman et 

al., 2004, Gordon et al., 2002, Miglior et al., 2007). The EGPS and the early 

manifest glaucoma treatment trial found that long-term IOP fluctuations were not 
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associated with the progression of glaucoma (Miglior et al., 2007), while the 

AGIS study found an increased risk of glaucoma progression with increased 

long-term IOP fluctuation, especially in patients with low IOP (Caprioli  and 

Coleman 2008, Nouri-Mahdavi et al.,2004).  

 While increased IOP is a strong risk factor for the development of 

glaucoma, it must be remembered that many people with glaucoma have 

untreated IOPs of 21 mm Hg or less. In general, it is estimated that 

approximately 50% of POAG is of the normal tension variety. However, studies 

have found a wide range in the prevalence of normal tension glaucoma among 

individuals with OAG.  

2.3.2 Age 

  Studies consistently agree that increasing age is a risk factor for the 

development of glaucoma in general and patients with OHT. In a population of 

white individuals in Wisconsin, the prevalence of OAG in the group aged 43–54 

years was 0.9%, while it was significantly greater in individuals 75 years of age 

or older, at 4.7% (Klein et al., 1992). In the Barbados Eye Studies, the incidence 

of POAG was 2.2% for those aged 40–49 years at baseline and 7.9% for those 

greater than 70 years of age, with a relative risk of developing glaucoma of 3.8 

for the older age group (Leske et al., 2007). 

2.3.3 Family History 

 Family history has consistently been shown to be a risk factor for 

glaucoma (Klein et al., 2004). In the Barbados Family Study of OAG, 40% of 

probands had at least one affected family member, one in five siblings had OAG, 

and a quarter of the family members had definite or suspected glaucoma (Leske 

et al., 2001). Also, in the Rotterdam Glaucoma Study and the Baltimore Eye 

Survey, the risk of OAG was much higher for first-degree relatives (Tielsch et 
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al., 1994). Family history may reflect similarity in genes directly related to the 

development of glaucoma, or may reflect genetic similarity related to IOP or 

optic nerve anatomy that may influence the development of glaucoma. 

Alternatively, the family history may be a reflection of increased access to 

healthcare and eye exams and therefore associated with an increased chance of 

being detected or a shared environmental exposure. 

  If a person is having a family history of glaucoma, they have a greater 

risk of developing it. Glaucoma may have a genetic link, meaning there is a 

defect in one or more genes that may cause certain individuals to be more 

susceptible to the disease.   

2.3.4 Myopia 

 Although myopia is not classically included as a risk factor for 

glaucoma because of concerns over selection bias, prior clinic-based studies have 

identified myopia as a risk factor. The Blue Mountains Eye Study, a population- 

based study of white Australians, showed that moderate to high myopia was 

associated with a two to threefold increased risk of having glaucoma.  

  The risk was higher when spherical equivalent to 3.3 for moderate-to-

high myopia than for low myopia spherical equivalent to 2.3. A similar 

association was found in a European-derived population in the US (Wong et al., 

2003). There also appears to be an increased risk of glaucoma in myopic Chinese 

individuals. In another population-based study, Chinese with high myopia that is 

greater than 6 D refractive error were at higher risk of being diagnosed with 

glaucoma compared to the group consisting of all other refractive errors ( (Xu et 

al., 2007). The increased risk conferred by myopia does not appear to be related 

to IOP. Mechanisms for the relationship between myopia and glaucoma have 

included increased susceptibility of myopic nerves to glaucomatous damage, 
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shearing forces across the lamina cribrosa by the sclera, other connective tissue 

changes or a genetic link (Xu et al., 2007). 

2.3.5 Sex 

 The association of gender with an increased risk of glaucoma is a 

controversial issue. In the Barbados eye studies and the beaver dam eye study, 

there was no statistically significant increased risk with sex (Klein et al., 1992, 

Leske et al., 2007). In the Melbourne and Rotterdam studies there was a trend 

towards increased risk for OAG in males; however, this difference did not reach 

statistical significance, possibly due to small sample sizes (de Voogd et al., 2005, 

Mukesh et al., 2002). The eye disease prevalence research group found no 

difference between the prevalence of glaucoma between men and women for the 

white, black and Hispanic populations (Friedman et al., 2004). 

2.3.6 Ethnicity 

 Ethnicity is imperfectly defined, given the inconsistent application of 

variables that are sometimes used to define ethnicity, including language, skin 

color, and geographic residence, as well as the variability that exists within 

populations that are classically defined as one ethnicity (i.e., variability exists 

among “the Chinese”). Nonetheless, ethnicity is used as a gross representation of 

genetic or other unknown differences between populations, and trends regarding 

the relationship between ethnicity and glaucoma have been established.  

  It is clear that African descent is associated with a higher risk of 

developing glaucoma compared with individuals of European descent (Friedman 

et al., 2004, Leske et al., 1994, Quigley and Broman 2006, Tielsch et al., 1991). 

The estimated incidence of OAG is 2-5 times higher for individuals of African 

descent compared to their European-derived counterparts. Recently, results from 

nine years of follow-up from the Barbados Eye Studies showed that the nine-year 
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incidence of POAG was 4.4% in this population of individuals predominantly of 

African descent. When including cases of probable and definite POAG, the 

incidence rose to 9.4% (Leske et al., 2007). 

 Studies of European-derived populations show the five-year incidence 

of definite glaucoma to be 0.5–0.6% and 1.1–1.8% of definite and probable cases 

of OAG (de Voogd et al., 2005, Mukesh et al., 2002). The eye disease prevalence 

research group (Friedman et al., 2004) conducted a meta-analysis of several 

studies on the prevalence of OAG in the world and extrapolated that data to the 

United States Census population to estimate the prevalence in the United States. 

They approximated that 1.57 million whites and 398,000 individuals of African 

descent have glaucoma in the United States, and in 2020 approximately 3.36 

million Americans will have glaucoma, due to the rapidly aging population. The 

overall prevalence of OAG is 1.86%. 

 In every age group, there was a higher prevalence of OAG in 

individuals of African descent compared with European-derived individuals. It is 

uncertain why there is an increased risk of developing glaucoma among 

individuals of African descent, although genetic (Duggal et al., 2007) or 

environmental factors have been suggested. The prevalence of OAG in African 

Americans in the Baltimore Eye Survey was 4.2%, while it was 7% in the 

Africans of the Barbados Eye Study, and for the participants in the Barbados Eye 

Study with a mixed ancestry, it was 3.3%, suggesting an influence of ancestral 

factors. Among the subpopulations of people of African descent, the prevalence 

is variable: highest in St. Lucia and Ghana (8.8% and 7.7%, respectively) and 

lower in Tanzania and South Africa (4.2% and 2.9%, respectively) (Buhrmann et 

al 2000, Mason et al 1989, Ntim-Amponsah et al 2004, Rotchford and Johnson 

2002). Several factors could be involved with the higher risk conferred to 

Africans. Physiologic differences in the optic disc or thinner corneas compared 
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with their peers may be involved. Social differences including less access to 

health care may also be influential (Boland and Quigley 200).  

  Asians have a lower risk of OAG compared to individuals of African 

descent and show prevalence similar to those of European descent. The 

prevalence of POAG in a Chinese population in the Liwan District was 2.1%, 

similar to the prevalence seen in Chinese Singaporeans (Foster et al., 2000, He et 

al., 2006). The prevalence of OAG in Latinos appears to be higher than in 

European-derived individuals. In the Los Angeles Latino Eye Study (LALES), 

the prevalence of glaucoma in predominantly Mexican-derived Latinos was 

4.74%. Prevalence increased with age, with those 40–49 years of age having a 

prevalence of 1.32%, whereas for those greater than 80 years old it was 21.76%. 

An astounding 75% of individuals with OAG or OHT were previously 

undiagnosed (Varma et al., 2004).  

 Another study of Latinos found the overall prevalence of OAG to be 

1.97%, with an increased prevalence with age (0.50% for those 41–49 years old 

to 12.63% for those 80 years old). Also, in this study, similar to LALES, 62% of 

individuals were previously not diagnosed with OAG (Quigley et al., 2001). 

Native Americans have not been studied as extensively as other US populations, 

but one study of Northwest American Indians showed some surprising results. 

Individuals from three tribes from Oregon, Washington and Idaho had a 

prevalence of glaucoma of 6.2%, and all of the affected individuals had normal-

tension glaucoma (Mansberger et al., 2005).  

  There were no statistical differences in prevalence between males and 

females in European-derived, black or Hispanic ethnicities. The prevalence rates 

in Hispanics were not significantly different from those for European-derived 

adults, but had lower prevalence compared to blacks, with an odds ratio of 0.41. 
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Overall, the black subjects have almost three times the prevalence rates of 

European-derived individuals. 

2.4 Reviews on OD and OC Segmentation Approaches 

Automated OD segmentation is described using retinal fundus image 

(Morales et al., 2013). OD is segmented by mathematical morphological 

approach along with Principal Component Analysis (PCA). RGB fundus image is 

represented by gray scale image which is obtained by the use of principal 

components. OD contour is computed by a variant of the watershed 

transformation; stochastic watershed and geodesic transformations. 

OD segmentation of retinal fundus image is illustrated by template 

matching (Aquino et al., 2010). To obtain a circular OD boundary 

approximation, morphological and edge detection techniques followed by the 

circular Hough transform is performed. Then, a voting type algorithm is 

employed to obtain the required OD pixels within the OD region as initial 

information. Super pixel classification based OC and OD segmentation are 

presented for glaucoma screening (Cheng et al., 2013). Each Super pixel is 

classified into disc or non-disc by histograms, and center surrounds statistical 

features. In addition to the above features, local information is also extracted for 

OC segmentation. 

OD segmentation is explained using matched filter (Youssif et al., 

2008). To achieve OD segmentation, the direction of the vessels at the OD 

vicinity is matched by using simple matched filter. Simple and standard 2-

dimenasional Gaussian matched filter is employed for retinal vessel segmentation 

and vessels direction map creation. Finally, the OD center is computed by 

thinning vessels and filtered them using local intensity. Automated location 

finding system for OD, macula, and a vascular arch is presented using color 
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fundus images (Niemeijer et al., 2007). They are located by single point 

distribution model of the fundus image. To find the correct position, cost function 

based global and local cue are used. 

OD and OC segmentation is presented using convex hull based 

approach (Zhang et al., 2009). At first, ROI is localized, and variation level set 

algorithm is employed for OD segmentation. The segmented disc is reshaped by 

the direct least square fitting algorithm. OC is segmented by threshold 

initialization based level set approach, and its contour is obtained by convex hull. 

OD detection and segmentation is presented using circular transform (Lu 2011). 

It consists of four stages. Initially, the given retinal image is down-sampled at 0.3 

of its original size and then the median filter is adopted for speckle noise 

removal. Secondly, the circular transform is employed to obtain OD-specific 

image features and converted into OD map where the peak with the maximum 

amplitude lies exactly at the OD center. Thus the OD center located at the global 

peak within the converted OD map. Finally, OD boundary is found out by B-

spline fitting of the final OD boundary pixels.  

Deformable model based OD and OC detection is presented (Xu et al., 

2007) for glaucoma diagnosis using retinal fundus images. The deformable 

approach improves the snake algorithm corresponding with knowledge-based 

clustering and smoothing update. An adaptive morphological approach based OD 

segmentation is developed in color fundus images (Welfer et al., 2010). It is 

composed of two stages; OD detection and OD boundary detection. Initially, 

vessel arcades are used for OD detection by performing adaptive morphological 

operations. Then, appropriate OD boundary is identified by the watershed 

approach. 

FCM based OD and OC segmentation are presented using digital 

fundus images (Khalid et al., 2014). Only Green channel is subjected to FCM 
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clustering for OD and OC segmentation. Automated OD segmentation techniques 

are reviewed using three approaches (Muramatsu et al., 2011). They are active 

contour model, fuzzy c-mean clustering, and artificial neural network. An OD 

region localization approach is used for glaucoma detection (Zhang et al., 2010). 

Precisely determining the ROI of OD will produce a smaller initial image which 

takes much lesser time taken for process compared with an original image. The 

grid-based approach is adopted for earlier ROI localization in the Automatic cup-

to-disc Ratio measurement system for Glaucoma Detection and Analysis 

(ARGALI) system. 

OC region is localized using local patch reconstruction framework (Xu 

et al., 2014). On account of OC localization, two types of local patches such as 

grids and super pixels are used to show the variety and generalization ability of 

the framework. ORIGA clinical dataset is used for experimental evaluation, 

which comprises of 325 fundus images from a population-based study. An 

ensemble based approach is used for OD detection (Prentasic and Loncaric 

2015). On account of OD localization seven probability maps are created from 

seven approaches such as Hough transformation of vessels approach, pyramidal 

decomposition approach, vessel direction matched filtering approach, fuzzy 

convergence approach, brightness approach, log filtering approach and entropy 

approach. Thus the created probability map is used to find out the OD location by 

looking at the maximum value. 

OD region is localized using entropy of vascular directions (Mendonça 

et al., 2012). To calculate the entropy map of a retinal image, blood vessels must 

be segmented. The segmentation of retinal blood vessels is processed by 

combining the detection of centrelines and morphological reconstruction of the 

retinal fundus image. To obtain the vessel direction information, a matched 

filtering approach is applied. The green component of the original RGB image is 

sequentially processed with twelve 2-dimensional matched filters, each one 
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adapted to a specific vessel direction; the highest filtering output for a vessel 

point defines the direction of the vessel at that point. Finally, the OD is localized 

as the point with the maximal value of entropy.  

Harris corner detector is used for OD localization (Dehghani et al., 

2012). Initially, Harris corner detector is used for corner detection. Then 

threshold applied on the corners, and pruning method is used to extract corners. 

After that, a window is moved near the size of OD on the retina image and in 

each window, the number of corners is calculated. Finally, based on the number 

of corners in each window, the center of windows which has the most number of 

corners is used for localizing the OD center.  

Image processing approaches are used for OD segmentation (Geetha 

Ramani and Dhanapackiam 2014). It is composed of various sequential steps: 

green channel extraction, template creation, computation of cross-correlation, 

OD location detection, OD segmentation, and OD center and diameter detection. 

At the start of the process, the green channel is extracted from the RGB retinal 

fundus images because it has the high intensity at the OD region. Then template 

matching is performed to target image, which is used as a mask for detecting the 

similar regions in any given image. Cross-correlation coefficient between a 

source image and the template image is computed. The computed cross-

correlation coefficient matrix is used for the location of OD detection. 

Subsequently, the high correlation coefficient value is selected as the best match 

of a target image. The detected OD is marked by plot the rectangle around the 

target image using the bounding box in the source image. Finally, the 

morphological procedure is employed to segment out the OD from retinal image. 

A supervised gradient vector flow snake algorithm (SGVF) is used for 

OD detection (Hsiao et al., 2012). It consists of two stages: localization and 

segmentation. At a start of the OD localization process, illumination correction 
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operator is used to avoid uneven background intensity. Then illuminated image is 

smoothed by 5x5 sized average filters. Consequently, averaged image is then 

normalized into 0-255 intensity interval, whereas highest 5% intensity pixels are 

selected as OD centers. After identifying OD center, appropriate OD 

segmentation is taken place. The segmentation phase contains the canny edge 

detector, Hough transform, and SGVF snake which consist of GVF snake 

deformation and contour supervised classification stage. Both of Canny edge 

detector and Hough transform are used to obtain the edge map, which is served 

as the initial contour in the snake deformation processing. Finally, SGVF snake is 

extended for OD segmentation in each time of deformation iteration, so that the 

contour points can be classified and updated according to their corresponding 

feature information. 

Regional information is used for OD and OC boundary detection 

(Joshi et al., 2010). Initially, a coarse localisation of OD region is performed 

using intensity information from red channel of the retinal fundus image as it 

gives better OD contrast. Then image intensity is linearly transformed into the 

range of 0-1 and pixel around the value greater than 0.95 is selected as OD region 

for further processing. To remove blood vessel, the bottom-hat transform is used. 

Then region based active contour is used for OD boundary detection. Obtained 

OD region is transformed into Lab color space, and a channel is taken into 

account for OC segmentation. A morphological opening with a small circular 

element is carried out to smoothen small blood vessels present in the cup region. 

Finally, the dynamic threshold value is used for OC segmentation. 

Ellipse fitting and wavelet transform are used for automated OD 

localization (Pallawala et al., 2014). At a start of the process, the approximate 

location of the OD is estimated by Daubechies wavelet transform. Then intensity 

template is employed to construct an abstract representation of the OD. This 

abstract representation of the OD significantly reduces the processing area due to 
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increasing the computational efficiency. Next, an ellipse fitting procedure is 

applied to detect disc contour and to filter out difficult cases. Finally, a wavelet-

based high pass filter is used to remove undesirable edge noise and to enhance 

the detection of non-homogenous OD. OD detection algorithm is discussed using 

Ant colony optimization (ACO) (Pereira et al., 2013). For instance, the 

optimization technique known as ACO is a stochastic local search method that 

has been inspired by the foraging behavior of some ant species. On account of 

OD localization, ACO algorithm is applied preceded by anisotropic diffusion in 

retinal images. 

Region growing based OD segmentation is discussed for early 

detection of glaucoma (Priyadharshini et al., 2014). At the start of the 

segmentation of OD, preprocessing is performed whereas the input color fundus 

retinal image is converted into gray scale followed by adaptive histogram 

equalization process. To perform OD segmentation in next step blood vessels are 

removed. After blood vessels, detection vessels subtraction is performed 

followed by morphological operations such as dilation and erosion. Then blood 

vessels removed image is smoothened using median filtering. Finally, region 

growing algorithm is adopted, and segmented OD is obtained.  

Firefly algorithm based OD detection is discussed for glaucoma 

diagnosis (Rahebi and Hardalac 2015). Initially, a median filter is employed for 

random noise removal in retinal fundus image. Then firefly algorithm is applied 

for OD detection, which moves towards high-intensity pixel. OD and OC regions 

are segmented using fractal dimension (Lamani et al., 2013). At the start of the 

process Chan-These algorithm is adopted for ROI extraction, for which fractal 

dimension is determined. Finally, OD and OC are extracted using fractal features 

based on semi-variance approach. Gabor filter and phase portrait analysis are 

used for OD detection in retinal fundus image (Rangayyan et al., 2009). Initial 

detection of OD is performed by Gabor filter. Then phase portrait analysis is 



33 

 

 

 

adopted, whereas the geometrical patterns in such phase portraits are used for 

oriented texture characterization. 

Region growing concept is discussed for automated OD detection 

(Singh et al., 2014). It is composed of three stages: image processing, seed point 

initialization, and OD identification. The intensity of the retinal image is adjusted 

in image processing stage and also median filter is adopted for noise removal. 

The center of the OD is identified by double windowing approach. Finally, 

appropriate OD region is segmented out using region growing algorithm. 

OD and OC regions are segmented and analyzed for glaucoma (Sani 

and Dravin 2014). It is composed of three stages: preprocessing, OD 

segmentation and OC segmentation. In the stage of preprocessing the retinal 

fundus image is transformed into gray scale image by applying PCA. In the 

second stage, a stochastic watershed transformation is subjected for OD 

segmentation, whereas the probability density function of contours is build 

followed by centroid calculation using generalized distance function. The regions 

belonging to the OD will be light regions around darker regions. Therefore, the 

residue of a close-hole operator is calculated to obtain the regions that 

accomplish this condition. Subsequently, a threshold is applied to the resulting 

image to select the OD region. Finally, super pixel classification is employed for 

OC segmentation. 

Gradient method is analyzed for OC segmentation in retinal fundus 

images (Ingle and Mishra 2013). Initially, ROI region is extracted from input 

fundus image followed by RGB channel separation. For the further process, G 

channel is taken into the account. Eventually, the gradient approach is employed 

for OC segmentation. An approach for OD and incremental OC segmentation are 

discussed for retinal image analysis (Zade and Lokhande 2015). Active contour 

model is used for OD segmentation. It is developed by enhancing the C-V model 
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together with image info at the support domain around each contour purpose. The 

cup is modeled as a region enclosing pallor region and defined by a boundary 

passing through a sparse set of vessel bends called relevant bends. Incremental 

cup segmentation method is introduced for OC segmentation, which includes 3-D 

spline interpolation. Thus appearance and anatomical knowledge are considered 

by the glaucoma experts to determine cup region. 

Various techniques for OD and OC segmentation using retinal fundus 

images are reviewed (Thakur and Juneja 2014). Numerous approaches such as 

level set algorithm, gradient vector flow, super pixel classification and active 

contour modeling are used for OD and OC segmentation. The segmentation of 

OD region is discussed using various image processing techniques (Sun et al., 

2015). It is designed by implementing three stages. The first stage is the 

localization of OD region, whereas template matching and circle Hough 

transform are used to locate the OD. Secondly, PDE-based inpainting method is 

adopted for vessel inpainting, whereas vessel masks, morphological closing 

operation and mean pixels replacement method are used. Finally, Balloon Snake 

based texture analysis is employed for OD segmentation. 

OD localization is achieved by FCM in retinal fundus images 

(Padmanaban and Kannan 2013). On account of OD localization, initially, the 

RGB fundus image is separated into the red, green and blue channel. The green 

channel is further used to extract ROI. Finally, FCM is applied on obtained ROI 

image, and OD region is segmented out. PCA based system is discussed for OD 

segmentation (Morales et al., 2012). In the preprocessing stage, PCA is used to 

transform the retinal RGB image into gray scale. Then ROI is obtained from the 

gray scale image. After extracting ROI, the stochastic watershed algorithm is 

applied to it to segment out OD region. Then to remove unwanted OD contour, 

the circular fit is adopted using Kasa’s algorithm. Particle swarm optimization 

(PSO) based OD localization and segmentation approach is discussed using 
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retinal fundus images (Devasia et al., 2015). At a start of the process, the RGB 

fundus image is resized, and blood vessels in that image are removed using 

morphological closing operation. Then red channel alone is selected for further 

OD segmentation. Thus OD region will be brighter than surrounding area. After 

that PSO is adopted for OD localization followed by histogram equalization. 

Finally, global thresholding approach is used for OD segmentation. 

OD segmentation is achieved by pixel classification and graph search 

algorithm (Merickel et al. 2007).  At the start of the process gray scale image is 

obtained from the retinal fundus image, then low-level image features such as 

Gaussians at different scales and edge detectors are computed for soft 

classification. Then probability map is computed by KNN, whereas sequential 

floating forward selection approach is used for feature selection. On account to 

segment out OD region probability map is used. Segmentation involves 

transforming the original probability map into polar coordinates, modifying the 

closed border segmentation into a min-cost path problem. From the smoothness 

parameters a graph is constructed, and the cost function is computed to assign a 

cost to each vertex within the graph. Finally, the optimal path is computed and 

transformed into a 2-D spline representing the final border of the detected OD 

region. 

 An approach for OC segmentation is developed using retinal fundus 

images (Hatanaka et al., 2014). To segment out OC in fundus images, blood 

vessel bends are detected. Active contour modeling approach is applied for OD 

segmentation, whereas outline of the OD is determined by spline interpolation 

method. On account of OC segmentation a profile in the blue channel is used 

around the center of gravity of the disc region.  Subsequently, the cup edge is 

determined by using the zero-crossing method and omniazimuth cup edge 

candidates are obtained. The initial cup outline is determined by the spline 

interpolation method based on the omniazimuth cup edge candidates, and blood 
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vessels are detected by concentration feature followed by bends detection. Then 

detected bends are divided into two types: visible and invisible bends. The 

invisible bends looked like endpoints on the OD. Thus such endpoints are 

detected as the bends. The cup edge candidates are also updated by using the 

bends. The outline of the cup is finally determined using the spline interpolation 

method. 

A sliding window based OC segmentation approach is introduced for 

glaucoma diagnosis (Xu et al., 2011). Localized OD region is used as input for 

OC segmentation. Bundle of sliding windows of different sizes is used to obtain 

Cup candidates in each disc image; then a new histogram based feature is 

extracted from each sliding window that is learned using a group sparsity 

constraint. An-support vector regression model based on non-linear radial basis 

function kernels is used to rank each candidate, and OD is detected by non-

maximal suppression method. 

Automated localization of OD and blood vessel extraction is discussed 

using various image processing algorithms (Divya and Shantala 2013). Initially, 

K-means algorithm is used for OD localization. Then matched filter and local 

entropy thresholding are used for blood vessel extraction. Morphological 

approaches are adopted for OC segmentation. The final ratio between disc and 

cup is measured for glaucoma diagnosis. An approach for OD segmentation is 

discussed (Bei-ji et al., 2015). The least square method is employed in the 

preprocessing stage to fit the edge of the color fundus image. Subsequently, some 

bright pixels near the edge are sheared. Finally, integrating the morphology, 

ellipse fitting, and a gradient vector flow snake model is applied to implement the 

segmentation of the OD. 

An OD segmentation approach is discussed using image brightness and 

contrast (Lu et al., 2010). It is composed of various modules such as retinal 
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image preprocessing, retinal image contrast evaluation, OD center detection, and 

OD segmentation, respectively. A red component in retinal images used for 

preprocessing. Od is normally much brighter than other regions within retinal 

images, and the lightness variation within most OD region is usually much 

smaller compared with other regions within retinal images. Thus contrast of the 

pre-processed image is enhanced for ease OD localization. Following to contrast 

enhancement OD is localized based upon image contrast. The OD center is then 

determined by sliding a pair of neighborhood windows throughout the entire 

retinal image pixel by pixel. At each retinal image pixel, the numbers of the 

candidate OD pixels within the two neighbourhood windows are first counted. 

The OD center can accordingly be detected based on the number of the candidate 

OD pixels within the two neighbourhood windows. The detected OD candidate 

pixels are then labeled through connected component analysis and further filtered 

based on a distance weighted threshold. Finally, the OD can be segmented by 

fitting an ellipse to the OD region. 

Varies automated OD detection approaches in retinal fundus images 

are reviewed (Kaur and Kaur 2015). On account of OD detection numerous 

segmentation approaches such as Hough Transform, Iterative thresholding, FCM, 

and supervised gradient vector flow snake algorithm are used. An OD 

segmentation approach is discussed using blood vessel density (Azam et al., 

2014). It consists of four major modules: preprocessing, vessel segmentation, 

bright region extraction, and detection of OD. At the start of the process fundus 

image is passed through a series of preprocessing steps, then the candidate OD 

regions are segmented, and those regions are identified which have greater than 

one value. In case there are such regions, blood vessel segmentation is performed 

on the image. Otherwise, it is skipped to improve the efficiency of the system. In 

the end, blood vessel density within a limit bounding box is verified for every 
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candidate region, and only a region with the highest blood vessel density is 

marked as OD. 

A semi-automated system is discussed for ONH in retinal fundus 

images (Chakraborty et al., 2014). At the start of the process, the colour fundus 

image is converted into gray scale images. Then gamma correction is applied to 

the gray scale image. The gamma corrected image is binarized afterward, and 

morph cleaned followed by texture analysis. Then the retinal image is cropped 

according to the morph cleaned image. A circle is drawn with the help of cropped 

image center. Using this center and the cropped image, a ground truth circle is 

drawn. This complete process is repeated once more to obtain another ground 

truth circle. Finally, these two ground truth circles are merged with the original 

fundus image so that an interface can be provided by the medical expert. Thus, 

combining the automated system with the manual supervision of medical experts 

or doctors, the semi-automated system is built. 

A technique for identifying the boundary of the OD in fundus images 

of the retina is discussed using an approach based on active contours and 

mathematical morphology (Goswami et al., 2014). For accurate boundary 

detection, some pre-processing of the image is essential. Thus local minima 

detection and morphological filtering are developed for image preprocessing. 

After preprocessing, the OD boundary is identified using an active contour. The 

contour is driven by a novel external image derived field called the Gradient 

Vector Flow. 

An automated OD localization and segmentation technique is 

discussed for glaucoma diagnosis (Devasia et al., 2015). A new histogram based 

multilevel thresholding method to segment and extract OD from color fundus 

images is used. At the start of the process, the input RGB image is converted into 

gray scale image. Then the morphological closing method is used to remove the 
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blood vessels of the retinal image. Subsequently, the hill-clustering technique is 

applied to the vessel free image histogram to determine the peak locations of the 

histogram. Then multiple thresholds are used for the thresholding operation of 

the vessel free image. The OD has the highest intensity and thus, the image 

portion with the highest threshold is used to extract OD.  

An approach for ONH segmentation is discussed using active contour 

and Hough transform (Tjandrasa et al., 2012). Initially, the color fundus image is 

converted into gray scale image. Then image enhancement is taken place using 

homomorphic filtering for illumination correction followed by blood vessel 

removal. OD segmentation is processed in two stages. The first stage is a coarse 

segmentation of ONH, whereas the location of the circle ONH is detected using 

Hough transform. The next stage is to conduct the process of active contour 

model to obtain the form of ONH that comes closer to its original form. 

An OD boundary detection approach is discussed using LDA and 

medial axis identification approaches (Jayanthi and Sagayee 2013). It consists of 

two stages: preprocessing and OD segmentation. The first step of preprocessing 

is applying the LDA for finds the most discriminative set of image processing 

operations to increase training samples. It is also used to transform the RGB 

fundus image to a grey scale image and it combines the most important feature of 

the three components RGB in a single image. From the grey image, the different 

structure of the retina, such as vessels and OD, are differentiated more clearly to 

get a more accurate detection of OD. To make the segmentation easier, the 

vessels are removed through inpainting method. In the OD region, the Vessel 

bends can occur at many places. The vessel bends are detected with the different 

sources of information. The inner limit of the bend, bending angle and location of 

OD region are defined by pallor region. The bends are not uniformly an across 

the region. To approximate the boundary, 2-dimensional spline interpolation 

method is used. 
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An OD detection approach is discussed based on Attanasio of 

Intuitionistic Fuzzy Histon (A-IFSH) segmentation (Acharya et al., 2012). The 

process starts with preprocessing stage, which involves two major steps: contrast 

limited adaptive histogram equalization (CLAHE) and retinal blood vessel 

segmentation and removal. CLAHE enhances the contrast of the gray scale image 

by transforming the values. 2-dimensional Gabor matched filter approach is 

adopted for blood vessel removal. On account to localize OD region, column-

wise neighbourhood (CWNO) operation is used. The column corresponding to a 

given pixel contains the values of that pixel neighbourhood from the original 

image. Hence, the background was removed leaving only the border edge effect 

and OD. Then thresholding and morphological operation are performed for OD 

localization. Finally, A-IFSH is adopted for OD segmentation, which uses A-IFS 

image representation to deal with the hesitancy in deciding pixel. 

Hough transform is analyzed for automated OD localization (Sekhar et 

al., 2008). The morphological operation took place initially for shape analysis. 

The two main morphological processes such as dilation and erosion are applied 

to the retinal fundus image. Intuitively, dilation expands an image object and 

erosion shrinks it. Then Hough transform is adopted to detect OD contour. The 

method can be further improved by making a robust shade correction operator 

and automatic thresholding. 

Active contour model based OD segmentation approach is discussed 

(Chen et al., 2013). At the start of the OD segmentation approach, ROI is 

selected based on statistical features such as mean, standard deviation, and 

skewness. Since an OD is approximately round or slightly oval in the vertical 

direction, it treats the maximal inscribed circle of the ROI as the initial contour of 

the OD and uses an ACM to segment precisely the OD further based on the 

initial contour. 
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An approach for OD segmentation is discussed using bright region and 

vessel density concepts (Wahab et al., 2014). It is composed of four stages: 

preprocessing, segmentation of candidate OD regions, vessel detection, and 

finally OD detection. The initial step of the system is preprocessing, and its goal 

is to segment a background mask, which is processed in two stages. In the first 

stage of the preprocessing, initial threshold is applied on the red channel of the 

fundus image. Then morphological operation and connected component labeling 

approaches are employed for background segmentation. Similarly in the second 

stage of preprocessing, the colour retinal fundus image is transformed into gray 

scale image then bilinear interpolation is applied on it. At an end of the 

preprocessing stage, masking is applied with the negative of the background 

mask and adaptive histogram equalization is employed to enhance the bright 

regions of the image. Candidate OD region segmentation is processed in second 

sequential step, whereas Laplacian of Gaussian kernel is applied to enhance the 

bright regions present in the image. As vessel segmentation is the third process of 

the system, 2-dimensional Gabor filter is adopted for this task. Finally, OD 

detection is performed by vessel density. In each candidate region, vessel density 

is checked and considers a region as OD that has maximum vessel density. 

OD extraction using weighted color model is discussed for glaucoma 

diagnosis (Zulkifley et al., 2012). Both RGB and HSV color spaces are taken into 

the further process. The three color models will compensate each other 

performance in various environments. Histogram of each color model will be 

built first based 16 bins quantization. The ratio, between the highest and the 

second highest components, will be the base for the fusion model. The weight of 

each component will be normalized to get fair weight values. Each color space 

will have its interim output by masking each color channel with a cut-off 

threshold based on the histogram bin with the most elements. The three interim 
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outputs are then combined by using a weighted average method based on the 

ratio mentioned above for OD detection. 

2.5 Reviews on Glaucoma Detection using CDR Measurement  

Clustering based OD and OC segmentation are implemented for 

glaucoma diagnosis (Ganeshbabu 2014). OD region is segmented by using k-

means clustering where the number of seed points is selected automatically by 

employing hill climbing algorithm. After OD segmentation, FCM is employed 

for OC segmentation. Finally, CDR is measured for glaucoma diagnosis. Image 

processing techniques are discussed for glaucoma diagnosis (Madhusudhan et al., 

2011). CDR ratio is measured using various image processing algorithms such as 

multi-thresholding, snakes, region growing segmentation techniques. 

Multi thresholding is applied for OD and OC segmentation (Noor et 

al., 2013). The system starts with preprocessing stage, whereas two sequential 

processes are performed. First one is ROI extraction and the second one is color 

channel analysis. Then multi-thresholding is adopted for OD and OC 

segmentation, whereas successive iterations are taken place based upon a certain 

threshold value. Finally, CDR is measured using segmented OD and OC for 

glaucoma diagnosis. Automated OD parameterization is discussed for the early 

detection of glaucoma (Joshi et al., 2011). The local image information around 

each point of interest is integrated for robustness against variations of OD region. 

To segment the OC region, blood vessel bends at the cup boundary is used. 

Based on the extracted OD and OC, CDR is computed for glaucoma diagnosis 

Automated glaucoma diagnosis approach is illustrated (Nayak et al., 

2009) to detect glaucoma in fundus image. CDR, a distance between OD center 

and optic nerve head and the ratio of blood vessels area in an inferior, superior 

side to an area of the blood vessel in the nasal-temporal side are used. These 
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features are fed into the neural network classifier for classifying normal and 

glaucoma images. Glaucoma detection is achieved by extracting super pixels 

form retinal fundus images (Dutta et al., 2014). To detect glaucoma progression, 

OD and OC are segmented by employing double threshold method. First, one is 

used for blood vessel removal, and the other one is used for segment out high-

intensity OD and OC pixels. At last, Hough Transform is used to calculate the 

radius of OD and OC. The vertical CDR is used as a parameter for identification 

of glaucoma symptoms in the fundus image.  

Glaucoma is detected by extracting various parameters using retinal 

fundus images (Ahmad et al., 2014). On account of glaucoma detection some 

parameters such as CDR, which is one of the primary physiological parameters 

for the diagnosis of glaucoma and ratio of neuro retinal rim in inferior, superior, 

temporal and nasal quadrants are computed using retinal fundus images. CDR 

measurement is used for glaucoma detection using retinal fundus images (Murthi 

and Madheswaran 2012). OD and OC are segmented out using the least square 

fitting algorithm. The technique used here is a core component of ARGALI, a 

system for automated glaucoma risk assessment. Also, it found that the method 

accurately detected neuro-retinal cup height.  

OD and OC regions are segmented in retinal fundus images for 

glaucoma diagnosis (Jose and Balakrishnan 2015). OD is segmented using 

morphological operations and hybrid level-set methodology. OC is segmented by 

first detecting blood vessels using SVM classifier and then the bending points on 

the circum linear vessels. Parameters such as vertical CDR, CDR ratio are 

calculated and used for glaucoma detection. If the CDR value is greater than 0.5, 

then it indicates the presence of glaucoma. 

  A vertical CDR measurement is used for glaucoma diagnosis using 

retinal fundus images (Hatanaka et al., 2010). At a start of the process blood 
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vessels are removed. Then RGB color image is converted into an intensity image 

and then pixel values are normalized. The change in intensity is usually high at 

the outline of the OD; thus, the canny edge detector is applied to enhance the 

edge. The outline of the OD is determined by spline interpolation method based 

on the locations of the outline suggested by edge detection. Finally, CDR ratio is 

measured based upon detected OD. 

Glaucoma is detected using active contour and color clustering 

approaches (Fondon et al., 2012). At a start of the process blood vessel, 

extraction step is performed in the green channel of the original image. Then OD 

center is localized by high-intensity pixels. The first OD approximation is 

performed by active contour approach, whereas two parameters should manage: 

the localization radius and the number of iterations. First, one must be set 

according to the size and shape of the object to be segmented, and the number of 

iterations is strongly dependent on the image size, initial contour size and 

location respect to the OD. Coarse and noisy OD boundary is obtained by 

applying active contour approach. Then the multi-tolerance area opening method 

is adopted, where the disc size is automatically estimated based on the coarse OD 

boundary stretch. After segmenting OD, color clustering approach based upon 

CIE color space is adopted for OC segmentation. Finally, CDR is measured from 

segmented OD and OC region. 

Line profile analysis based CDR measurement is used for glaucoma 

analysis using retinal fundus image (Hatanaka et al., 2011). At first, the edge of 

OD is detected by the use of canny edge detection filter. Then the profile around 

the center of the OD is obtained. Subsequently, the edges of the cup area are 

determined by the classification of the profiles based on zero-crossing method. 

Lastly, the vertical CDR is calculated. Automated fundus image analysis is used 

for glaucoma diagnosis (Ho et al., 2011). On account of glaucoma diagnosis 

CDR and ISNT ratio is computed. At a start of the process boundary of a blood 
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vessel is detected by canny edge detection approach. Once vessels are detected, 

which is removed and accurately inpainted for CDR calculation by using fast 

marching approach. After inpainting, OD is identified by high pixel intensity and 

segmented out by region growing approach. Finally, CDR and ISNT ratios are 

measured for glaucoma diagnosis. 

CDR measure approach is discussed for early detection of glaucoma 

using retinal fundus images (Kavitha et al., 2010). At the start of the process, 

color space analysis is achieved, and red channel is selected. Thus it possesses 

clear OD region. Then the morphological operation is performed for blood vessel 

removal. To obtain OD region, ROI selection is made followed by a thresholding 

operation. Contour model is employed to identify OD boundary. After OD 

boundary detection, connected component analysis is adopted for OC 

segmentation by using the green channel of the original image. 

An approach for CDR measurement using OC and OD extraction is 

discussed (Liu et al., 2008) using variational level set approach that produces an 

optimum disc boundary. Initially the ROI region, which around the OD area is 

selected based upon high-intensity pixels. The level set approach is adopted for 

OD segmentation. After OD identification, OC has segmented out by the colour 

intensity-based threshold. Then ellipse fitting is adopted for OC boundary 

detection. Once OD and OC are extracted from each retinal image, the vertical 

extents of the cup and the disc are noted, and the CDR is subsequently calculated. 

Automated CDR measurement is used for glaucoma detection 

(Poshtyar et al., 2013). On account of calculating CDR value, OD and OC must 

be segmented out initially. To segment out OC, the 12x12 mask is convolved on 

retinal fundus image. Then high-intensity pixel value is selected as cup region. 

Logical AND operation is used for OC boundary identification. After that left 

and right eye corresponding to maximum intensity in OC region is selected as 
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OD region. Logical AND operation is used to find out the OD boundary. Finally, 

a ratio of cup and disc is measured for glaucoma diagnosis. 

Glaucoma detection is achieved by segmenting OD and OC regions 

(Rajaiah and Britto 2014). At a start of the process contrast, limited adaptive 

histogram equalization is used to enhance the input image. After image 

enhancement linear discriminant analysis is adopted for LDA and inpainting is 

used for blood vessel removal, subsequently morphological operations are 

applied to detect OD boundary. Finally, the watershed transformation is used for 

cup segmentation. 

An automated CDR measurement is computed using level set image 

processing (Liu et al., 2009). To detect the disc boundary, a variational level-set 

algorithm is applied to the fundus image by using the optimal color channel as 

determined by the color histogram analysis and edge analysis in the automatic 

CDR measurement system. After determining OC boundary, an additional post-

processing step using ellipse fitting is employed to eliminate some of the 

obtained sudden cup boundary changes in curvature function. Finally, CDR is 

measured by using extracted OD and OC region. OD and OC regions are 

segmented by morphological operations (Padmasinh et al., 2015). The OD 

segmentation is employed by eliminating the blood vessels from an OD boundary 

region by using a morphological operation. Gradient matrix is computed to 

segment out the OD region. 

Morphology and vessel bend based automated glaucoma detection is 

analyzed (Shradha and Sharangouda 2015). It is composed of two stages: OD 

segmentation and OC segmentation.  At the start of the OD segmentation, ROI 

region is extracted. Then vessel detection is employed, once vessel are detected 

they are masked within the disc boundary. Region growing technique is adopted 

for OC segmentation. 
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An approach for glaucoma detection is discussed by OD and OC 

segmentation (Mary 2013). At a start of the process, the retinal input image is 

subjected into normalization followed by blood vessel detection. To detect blood 

vessel, direction filters are used. Finally, adaptive threshold and connected 

component approach exploited for OD segmentation. Glaucoma detection is 

achieved by segmenting OD and OC regions (Havagondi and Kumbhar 2014). 

Initially, ROI center is first selected based upon the region containing the highest 

number of pre-selected pixels. Thresholding approach is used for OD 

segmentation. And image processing approaches are adopted for OC 

segmentation. Finally, ellipse flitting algorithm is used for OD and OC boundary 

smoothing. 

Various color space transformations are analyzed for glaucoma 

detection (Darsana and Nair 2010). At the start of the pre-processing, the RGB 

retinal image is transformed into HSV and CMY color space. Value channel and 

magenta channel are taken into account for OD and OC segmentation 

respectively. Blood vessels in both value and magenta channel are removed by 

applying morphological closing operation on it, and the median filter is used for 

noise removal and edge preservation. The optimum threshold value is used in 

1/10 of the normalized grayscale intensity for OD and OC segmentation vice 

versa. Again morphological opening is done to remove the unwanted pixels 

around the segmented OD and OC. 

FCM and level set approaches are used for glaucoma detection (Babu 

et al., 2014). On account of OD segmentation level set approach is exploited and 

for OC segmentation FCM is adopted. Then CDR is computed using segmented 

OD and OC region for glaucoma detection. K-means clustering is used for 

glaucoma detection using retinal fundus image (Narasimhan et al., 2012). 

Initially, the retinal fundus image is separated into the red, green and blue 

channel. Then ROI is extracted from the separated green channel, which is 
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further subjected to K-means clustering algorithm for OD and OC segmentation. 

Finally, segmented OD and OC are used for CDR and ISNT measure. 

FCM and thresholding approaches are used for glaucoma detection in 

retinal fundus images (Devasia et al., 2015). Preprocessing is taken place initially 

using morphological, and contrast enhancement approaches. Then blood vessel in 

the fundus image is removed using morphological closing operation. Finally, OD 

and OC are clustered out using FCM and thresholding techniques. Independent 

component analysis (ICA) is used for glaucoma detection (Arumugam and 

Nivedha 2013). The retinal RGB image is transformed using ICA analysis. Then 

matched filter is applied to the green component of the retinal image to enhance 

the blood vessels further. And entropy thresholding is employed for blood vessel 

extraction. Once the blood vessel is extracted, K-means algorithm is applied to 

segment OD.  

Adaptive Neuro-Fuzzy Inference System (ANFIS) is used for 

glaucoma detection (Kavitha and Duraiswamy 2012). To segment out OC and 

OD in retinal fundus image, k-means clustering is used. The method differs by 

initial OC region detection followed by the erasure of blood vessels. In addition 

to the shape based features, textural features are extracted to better characterize 

the pathological subjects. The optimal set of features is selected by the Genetic 

algorithm, and selected features are fed as input to ANFIS for classification of 

images into normal, suspect and abnormal categories. 

An approach for glaucoma screening is discussed using sparse 

dissimilarity constrained coding (SDC) (Cheng et al., 2015). OD is first 

segmented out and reconstructed using an SDC approach which considers both 

the dissimilarity constraint and the sparsity constraint from a set of reference 

discs with known CDR. Subsequently, the reconstruction coefficients from the 

SDC are used to compute the CDR for the testing disc. 
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An approach for glaucoma diagnosis is discussed using OD and OC 

segmentation (Ranjith et al., 2015). At the start of the process, ROI is extracted 

by selecting a region in associated with OD. Then OD boundary is detected form 

ROI image, using the optimal color channel as determined by the color histogram 

analysis and edge analysis. And appropriate image processing techniques are 

used for OC segmentation. After segmenting OD and OC, direct least square 

based approach is adopted for smoothing purpose. Finally, CDR is computed by 

measuring area between OD and OC. 

Glaucoma diagnosis is achieved by measuring CDR in retinal fundus 

images (Pruthi and Mukherjee 2013). Initially, ROI is selected from the retinal 

fundus image by computing brightest point in the associated OD region. Then 

ROI is subjected to k-means clustering, whereas k value is chosen as 3. Thus 

clusters of OD and OC are identified from the clustered outcome. Subsequently, 

boundary and area of the OC and OD are determined by Multi Thresholding, 

ACM, FCM and ANN approaches. Then, the morphological operation is 

performed to fill the holes and the small region inside OD and OC clusters. The 

final ratio between disc and cup is measured for glaucoma detection. 

The architecture of Automatic Glaucoma Diagnosis and Its Genetic 

Association Study through Medical Image InformAtics (AGLAIA), which is 

designed for automated glaucoma diagnosis (Liu et al., 2010). AGLAIA provides 

a multi-modality system that captures globally a range of parameter that is 

indicative of early glaucoma damage. CDR, Disc hemorrhage, thinning of the 

Neuro Retinal Rim (NRR), Notching of the NRR and Inter-eye asymmetry are 

some of the parameters used in AGLAIA system. 

An approach for glaucoma detection is discussed using multi-scale 

enhancement filter and edge detection (Nadesh et al., 2015). It consists of four 

sequential stages: image preprocessing, disc segmentation, vessel segmentation, 
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and CDR evaluation. The process starts with preprocessing, whereas the color 

fundus image is transformed into gray scale followed by noise removal. 

Secondly, disc segmentation is taken place by using pre-processed image. For 

disc segmentation, multi-scale enhancement filter is used to enhance the image. 

Image segmentation involves the process where the digital image is partitioned 

into multiple segments or set of pixels. After image segmentation, edge detection 

is performed using the sobel operator which segregates the edge of the retina 

based on the threshold. The disk shape parameter is used for the structuring 

element to obtain the disc. Thirdly, blood vessels are segmented, and the ROI is 

analyzed to extract the properties of the optic cup. The OC structure is analyzed 

for further classification. Finally, the ratio between cup and disc is measured, and 

it ensures the classification of healthy to the non-healthy eye. 

An approach for glaucoma detection is discussed using retinal fundus 

images (Vyankatesh et al., 2014). Bottom hat transform (BHT) is employed in 

image preprocessing for image enhancement. BHT gives better OD location for 

further process. Maximum variance approach is adopted for OD localization. The 

method used for OD boundary segmentation is a circular approximation. 

OD detection in retinal fundus image is discussed for glaucoma 

diagnosis (Patil et al., 2015) based on image processing techniques. The median 

filter is used in the preprocessing stage for noise reduction. The OD is the largest 

and brightest region of the image; wherein Hough transform are used to detect 

the shape of the object in the image. Circular transform is implemented to find 

the OD in the fundus image. An approach for OD segmentation using Hough 

transform is discussed using retinal fundus images (Vasanthi et al., 2012). 

Initially, preprocessing is taken place using image processing tool. Then Hough 

transform is used for OD region identification, since which is a shape-based 

approach. After OD region identification gradient based active contour model is 
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used for disc boundary detection. The algorithm retains the shape feature of the 

desired object, and its performance relies on contour initialization. 

A glaucoma detection algorithm is developed by employing modified 

spatial FCM (Shoba and Therese 2014). At the start of the process, the color 

fundus image is converted into gray color space. The fuzzy parameters are set 

based on various criteria such as the number of clusters, the number of iteration 

and image dimension. The dimension of the input image is checked because the 

modified spatial FCM clustering is implemented on 2-dimensional images. The 

input image is rotated in various angles to identify the perfect centroid over 

various data sets. The advantage of spatial rotation is to find out the similarity 

measures for detecting glaucoma in the retina images. The fuzzy parameters such 

as membership function, objective function, and centroid are used to find a 

cluster in an efficient way to achieve the high clustering rate. If two cluster data 

over spatial fuzzy are same, then the eye is not affected by glaucoma. Otherwise, 

the eye is affected with glaucoma. 

Intelligent fusion of CDR determination is discussed for glaucoma 

detection using retinal fundus images (Wong et al., 2009). The initial step 

involves locating an ROI in the fundus image containing the OD. Then a 

variational level set approach is adopted for OD segmentation. On account of 

mitigating the uneven contour transverse across OD region, ellipse fitting is 

employed. For OC segmentation, OD region is given as input to the system. 

Histogram based analysis of the pixel color intensity is employed for OC 

segmentation. Finally, CDR is measured and fused by SVM approach for 

glaucoma detection. 

Spatial heuristic ensembling (SHE) is discussed for glaucoma 

diagnosis (Wong et al. 2012). At the start of the process, ROI is extracted from 

retinal fundus image. Two approaches such as level set and color histogram 
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methods are used for OC segmentation. The green color channel is selected for 

level set based OC segmentation since it shows a higher contrast for the OC 

compared to other channels. Colour histogram based approach selects pixels 

within a certain similarity range in the red, blue and green channels to a seed 

point in the OC. Since the OC is typically centered on the OD, a seed point is 

estimated at the OD center. Finally, SHE framework is adopted to detect the OC 

by fusing level set and color histogram based approaches. 

An automated approach for glaucoma detection is discussed using 

fundus images (Saranya and Abraham 2015). At the start of the process, color 

normalization is performed based on histogram analysis. After color 

normalization, OD localization is taken place, whereas the blue component of the 

RGB image can be considered as a gray scale image and it is converted to a 

binary image by thresholding. The threshold for this conversion is set to a value 

greater than the median of blue channel intensities. The white pixels in the 

thresholded image represent the possible centroid of OD. Active contour 

technique is used for OD boundary detection. Similarly, blue channel intensity 

profile of OD region is similar to Gaussian distribution can be used for OC 

boundary detection. 

2.6 Reviews on Glaucoma Detection using Vessel Features  

Blood vessel displacement based glaucoma detection is implemented 

using retinal fundus image (Riveron et al., 2014). Vascular bundle in an OD 

region is segmented to set a reference point on the temporal side of the cup. The 

position of the centroids of the superior, inferior, and nasal vascular bundle also 

determined and the displacement from normal position is calculated using the 

chessboard distance metric. Automated glaucoma diagnosis is discussed based on 

disc damage likelihood scale assessment (Singh and Gujral 2014). Rim width 
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assessment increases the reliability of automated glaucoma diagnosis in 

conjunction with the other features.  

Automated glaucoma detection is achieved by exploiting energy 

features of wavelet transform (Gayathri et al., 2014). Energy distribution over 

wavelet sub-bands is applied to find important texture energy features. Finally, 

the extracted energy features are fed into the classifier, whereas Multi-Layer 

Perceptron (MLP) and Back Propagation (BP) neural network are employed. 

Cross-validation based glaucoma detection (Chaudhary et al., 2014) is achieved 

by using various data mining techniques and algorithms such as Association, 

Classification, Clustering, Fuzzy decision tree, etc. 

 Hybrid swarm algorithm is used for glaucoma diagnosis (Raja and 

Gangatharan 2015). It is composed of pre-processing, optimal wavelet 

transformation, feature extraction, and classification modules. The hyper-analytic 

wavelet transformation (HWT) based statistical features are extracted from 

fundus images. Because HWT preserves phase information, it is appropriate for 

feature extraction. The features are then classified by an SVM with a radial basis 

function (RBF) kernel. The filter coefficients of the wavelet transformation 

process and the SVM-RBF width parameter are simultaneously tailored to best-

fit the diagnosis by the hybrid particle swarm algorithm. To overcome premature 

convergence, a group search optimizer random searching and area scanning 

behavior are embedded within the particle swarm optimization framework.  

 ISNT and rim width measure are used for glaucoma screening 

(Ruengkitpinyo et al., 2015). At the start of the process, ROI is selected, and OD 

detection is performed. Then multi scale vessel tracking is applied to extract ROI 

image. Screening glaucoma system is mainly focusing on rim width in four 

regions of ONH. Thus, ONH should be divided into the four regions. ISNT mask 

is generated by using centroid and the binary image of OD from a pre-processing 
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step. Retina vessels are coming into ONH at OC boundary. Therefore, vessels 

were usually bending at optic cup boundary. Finally, ISNT and rim width are 

measured for glaucoma screening. 

Glaucoma detection is achieved by neuro-retinal RIM quantification 

(Kavitha et al., 2010). To detect the OD, the green channel is obtained from the 

retinal fundus image. The morphological operation like closing and opening are 

performed to get the area of the cup more accurately. The close operation would 

fill the gap of the cup and also smooth its boundary. The open operation would 

remove any small stray bright spots that are present in the image. The component 

analysis method detects the area of the cup more accurately than the manual 

threshold analysis. Later, the result of the morphological image is converted to 

the binary image. The exact OC is obtained from the binary image. By 

calculating the number of white pixels in the binary image obtained, the area of 

the cup is measured. 

From the literature survey, it is observed that the glaucoma detection 

process can be broadly classified into two categories; segmentation of OD as well 

as OC regions and the extraction of vessel features. The extraction of vessel 

features includes RIM area and ISNT calculation (Ahmad et al. 2014, Ho et al., 

2011, Narasimhan et al., 2012, Kavitha et al., 2010). However, these features are 

analyzed subjectively for the diagnosis of glaucoma. Most of the researchers use 

CDR as an important indicator for glaucoma detection as it is analyzed by 

quantitatively (Ganeshbabu 2014, Noor et al., 2013, Dutta et al., 2014, Jose and 

Balakrishnan 2015, Poshtyar et al., 2013, Shradha and Sharangouda 2015). It is 

also a universal measure. Hence, in this study, only CDR is addressed for the 

diagnosis of glaucoma.   

. 
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CHAPTER 3 

MATHEMATICAL BACKGROUND OF LBP AND CLUSTERING 

APPROACHES 

3.1   Introduction 

 The mathematical backgrounds of various techniques used for the 

proposed automated glaucoma analysis system are discussed in this chapter. The 

proposed system classifies the retinal fundus image into normal and 

glaucomatous based upon computed CDR value. The following sections describe 

the mathematical background of LBP, FCM, k-means clustering, and EM 

segmentation approaches. In this study, the proposed methodology considers 

several methodologies that have been done by previous researchers that relate to 

the thesis. To achieve better performance, the new technique has been proposed 

based on the methodologies given in this chapter. 

3.2   Local Binary Pattern  

 LBP is simple, very discriminative, and computationally efficient local 

texture descriptors, which leads to significant progress in applying texture 

methods to various computer vision problems. It labels the pixels of an image by 

thresholding the neighbourhood of each pixel and considers the result as a binary 

number. The LBP method can be seen as a unifying approach to the traditionally 

divergent statistical and structural models of texture analysis. Perhaps the most 

important property of the LBP operator in real world applications is its invariance 

against monotonic gray level changes caused by illumination variations. Another 

equally important property is its computational simplicity, which makes it 

possible to analyze images in challenging real-time settings. 
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Ojala introduced original LBP operator, based on the assumption that 

texture has locally two complementary aspects, a pattern, and its strength. The 

operator works in a 3 × 3 neighbourhood, using the center value as a threshold. 

An LBP code is produced by multiplying the threshold values with weights given 

by the corresponding pixels, and summing up the result. As the neighbourhood 

consists of 8 pixels, a total of 2
8
 = 256 different labels can be obtained depending 

on the relative gray values of the center and the pixels in the neighbourhood. The 

contrast measure is obtained by subtracting the average of the gray levels below 

the center pixel from that of the gray levels above (or equal to) the center pixel. If 

all eight threshold neighbours of the center pixel have the same value (0 or 1), the 

value of contrast is set to zero. The distributions of LBP codes or 2-dimensional 

distributions of LBP and local contrast are used as features in classification or 

segmentation.  

LBP operator utilizes a binary representation of texture units localized in 

image neighborhoods. It also represents the shape of the image (Ojala and 

Harwood 1996). This operator works with eight neighbors of a pixel, using the 

value of the center pixel as a threshold. If a neighbor pixel has a higher or equal 

gray value than the center pixel then ‘1’ is assigned to that pixel, else it gets ‘0’. 

Then assigned ones among eight neighbors of a pixel are multiplied by powers of 

two in clockwise or counter clock wise direction and then summed to obtain a 

pattern for the center. LBP features are computed by using Equation (3.1). 

 


7

0

)(2),(
n

cn
n

cc iiSYXLBP       (3.1) 

Where ci indicates the value of a central pixel is, ni  represents the value of N 

neighborhood pixels. Figure 3.1 shows the working process of LBP operator on 

eight neighborhood pixels.  
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Figure 3.1 Illustration of LBP operations 

3.3    Unsupervised Clustering 

 The development of image segmentation algorithms has drawn 

extensive and consistent attention in medical image analysis. Most evaluation 

methods are either subjective or tied to specific applications. The majority of 

supervised requires ground truth reference images for objective evaluation. The 

key advantage of unsupervised segmentation evaluation is that it does not require 

segmentations to be compared against a manually segmented reference image. 

This advantage is indispensable to general purpose segmentation applications, 

such as those embedded in real-time systems, where a large variety of images 

with unknown content and no ground truth need to be segmented. The ability to 

evaluate segmentations independently of a manually segmented reference image 
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not only enables evaluation of any segmented image but also enables the unique 

potential for self-tuning. It would be preferable to have a self-tunable 

segmentation method that could dynamically adjust the segmentation algorithm's 

parameters to automatically determine the parameter options that generate better 

results. The unsupervised objective evaluation methods do not require a reference 

image for generating a segmentation evaluation metric. 

 Unsupervised evaluation is quantitative and objective. It has distinct 

advantages, perhaps the most critical of which is that it requires no reference 

image. A manually created reference image is intrinsically subjective and 

creating such a reference image is tedious and time-consuming, and for many 

applications, it is hard or maybe even impossible. The ability to work without 

reference images allows the unsupervised evaluation to operate over a wide range 

of conditions and with many different types of images. This property also makes 

unsupervised evaluation uniquely suitable for automatic control of online 

segmentation in real-time systems, where a wide variety of images, whose 

contents are not known before hand need to be processed. 

 The information found in corresponding data is grouped into various 

data objects in clustering analysis module. The objective of the clustering 

analysis is a separation of objects into groups, with the similar objects together 

and unrelated with another group of objects. It is being applied by various expert 

research communities such optimization, computational geometry, machine 

learning and statistic. Figures 3.2 to 3.6 show the visual representation of the data 

clustering. Three unsupervised clustering approaches; k-means, FCM, and EM 

are exploited for OC segmentation using retinal fundus images. The 

mathematical backgrounds of these approaches are briefly discussed in this 

section. 

  



59 

 

 

 

 

Figure 3.2 Example of clustering visualization (#cluster = 1) 

 

Figure 3.3 Example of clustering visualization (#cluster = 2) 
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Figure 3.4 Example of clustering visualization (#cluster = 3) 

 

Figure 3.5 Example of clustering visualization (#cluster = 4) 
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Figure 3.6 Example of clustering visualization (#cluster = 5) 

3.3.1 k-Means Clustering  

 The k-means clustering algorithm is an iterative technique that is used 

to partition an image into k clusters. In statistics and machine learning, k-means 

clustering is a method of cluster analysis which aims to partition n observations 

into k clusters in which each observation belongs to the cluster with the nearest 

mean. The basic algorithm is: 

  Pick k cluster centers, either randomly or based on some heuristic. 

  Assign each pixel in the image to the cluster that minimizes the 

distance between the pixel and the cluster center. 

  Re-compute the cluster centers by averaging all of the pixels in the 

cluster. 

       Repeat last two steps until convergence are attained (e.g. no pixels   

change clusters)  
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 Given a set of observations  ,,...., 21 nxxx  where each observation is a 

d-dimensional real vector, k-means clustering aims to partition then observations 

into k sets    kSSSSnk ....., 21  so as to minimize the within-cluster sum of 

squares: 
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X                                               (3.2) 

Where i  is the mean of points in iS . The most common algorithm uses an 

iterative refinement technique. Due to its ubiquity, it is often called the k-means 

algorithm; it is also referred to as Lloyd's algorithm, particularly in the computer 

science community. Given an initial set of k means ,,....
)1()1(

1 kmm which may be 

specified randomly or by some heuristic, the algorithm proceeds by alternating 

between two steps (Patel and Sinha 2010). Assign each observation to the cluster 

with the closest mean by  
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Then, calculate the new means to be the centroid of the observations in the 

cluster. 
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 The k-means clustering algorithm works best in datasets that have with 

clusters that are equally sized. However, it performs well in data points lie in a 

Euclidean space and fails to perform well for more complex types of data. 

Despite these disadvantages, the k-means algorithm is a major unsupervised 

technique in the clustering analysis: It works well on many realistic data sets and 
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is relatively fast, easy to implement and understand. Figure 3.7 shows the 

computational module of the k-means segmentation algorithm 

 

 

 

 

 

 

 

 

 

Figure 3.7 The computational flow of k-means clustering approach 

3.3.2 Fuzzy C-Means Clustering 

  FCM clustering is an overlapping clustering algorithm where each 

point may belong to two or more clusters with different degrees of membership. 

The features with close similarity in an image are grouped into the same cluster. 

The similarity is defined by the distance of the feature vector to the cluster 

centers. Euclidean distance is used to measure this distance, and data will be 

associated with an appropriate membership value. The cluster center is updated 

until the difference between adjacent objective function (   , as displayed in 

Equation 3.5 is close to zero or practically less than a predefined small constant 
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Where M is an exponential weighting function that controls the fuzziness of the 

membership function and c is some clusters. The fuzziness of the membership 

function used by the proposed system is 2, which is supported by the literature 

paper (Rose et al., 1997). If the fuzziness coefficient is increased (> 2), then there 

are no clusters formed (All pixels are grouped into one cluster). If the fuzziness 

coefficient is decreased (< 2), clusters with improper boundaries are formed (i.e. 

the boundary pixels in the clusters are overlapped each other). is the degree of 

membership of in the cluster j, is the i
th

 of d-dimensional measured data, 

is the d-dimension center of the cluster, and ||*|| is any norm expressing the 

similarity between any measured feature and the center. Fuzzy partitioning is 

carried out through an iterative optimization of the objective function shown 

above, with the update of membership and the cluster centers  by 

Equations (3.6) and (3.7) 
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The iteration will stop when Equation (3.8) is satisfied: 

          
     

    
      Ң     (3.8) 

Where K is the iteration number. This procedure converges to a saddle point of 

Jm. The algorithm is composed of the following steps: 

Step 1: Initialize the fuzzy partition matrix by generating random 

numbers in the range 0 to 1 subject to Equation (3.9): 
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