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Abstract 

Medical image analysis can play a substantial role in diagnosis of different medical problems. 

Glaucoma is an asymptomatic neurological disease. Oculists mostly use fundoscopy or Optical-

Coherence-Tomography (O-C-T) to diagnose glaucoma.Fundoscopy can be used to analyse the 

external stratum of posterior part of the eye whereas, O-C-T imaging technology has the ability 

to analyse the internal stratums of posterior part of the eye.In this thesis, a Hybrid Computer Aided 

Diagnosis (H-CAD) system has been proposed that integrates both fundus and O-C-T imaging 

technologies for reliable diagnosis. Fundus module has a novel combination of hybrid structural 

and textural features. The system improves the decision making process after analysing a variety 

of glaucoma conditions. It further consists of two sub modules Hybrid Structural Feature-set 

(HSF) and Hybrid Texture Feature-set (HTF). HSF module calculates structural changes i.e. Cup-

to-Disc-Ratio (C-D-R) and classifies a sample using Support-Vector-Machine (S-V-M). HTF 

module analyses the textural properties of optic nerve head and again using S-V-M, makes a 

decision. In O-C-T module, C-D-R has been calculated on the base of the inner stratums of the 

retina. In the Cup Diameter Extraction (C-D-E) method, cup boundary has been marked on the 

base of Inner-Limiting-Membrane (I-L-M) stratum. The O-C-T module presents a new method 

to increase the accuracy of I-L-M stratum segmentation. It also introduces a new method to 

interpolate missing points on the extracted Upper-Surface of I-L-M stratum (𝑻𝑺𝑰𝑳𝑴). In addition, 

a novel technique to remove outliers from 𝑻𝑺𝑰𝑳𝑴 has been applied. In Disc-Diameter-Extraction 

(D-D-E) process, Retinal-Pigment-Epithelium (R-P-E) stratum termination points have been 

used to locate disc margin. Earlier to R-P-E stratum segmentation, I-L-M stratum elimination has 

been done by a new approach to trace and eliminate I-L-M stratum. Finally, precise R-P-E 

stratum segmentation has been achieved on the base of new Thickness Value approximation 

technique. Furthermore, a novel standard for cup boundaries identification, on the base of mean 

value of R-P-E stratum terminations points is offered. A local-dataset of SD-O-C-T and fundus 

images annotated by four oculists has been used for evaluation of proposed H-CAD system. Each 

module of  H_CAD system classifies data independently. The final result of H-CAD system is 

determined based on decision of three diverse modules. The evaluations and results have shown 

that the final result of H_CAD system is more trustable than its contemporary automated models. 
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Introduction 

1.1. Introduction 

Medical imaging is a practice that is used to yield images of internal structures of a body without 

any surgical involvements. These images can be used for initial identification and cure of several 

diseases avoiding excessive procedures. The information provided by medical imaging related to 

the internal parts of the human body has numerous clinical applications, which play a substantial 

part to improve public health for all age groups [1]. Figure 1-1 shows some of the most commonly 

used medical images of the inner parts of the body are practiced for the Computer-Aided-Diagnosis 

(C-A-D) of many diseases which are in general difficult to diagnose e.g. Glaucoma. 

(a) (b) (c) 

   

(d) (e) (f) 

   

Figure 1-1: Medical Imaging, (a) Magnetic Resonance Imaging (MRI) to detect brain irregularities [2], (b) 3D 

mammography for breast cancer detection [3], (c) Computed Tomography scan a cross-sectional "slice" of the 

abdomen to detect tumour [4], (d) X-ray to detect abnormalities in cervical spine [5],(e) fundus image to detect retinal 

abnormalities on posterior part of eye (e) Optical Coherence Tomography image to detect abnormalities in internal 

stratums of retina. 
 

Glaucoma is a symptomless neural ailment which arises due to the upturn of liquefied force inside 

the eye ball. The higher compression within the eye harms the nerve filaments (Axons) in the 

Retinal-Nerve-Fiber (R-N-F) stratum. It begins with the trifling illnesses and deterioration of the 
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nerve filaments. The mentioned blemishes are so trivial that they generally remain invisible at the 

early stages of Glaucoma. On the contrary, the variations in the R-N-F coating and minor 

peripheral visualization loss may happen at the intermediate phase without any visible indications. 

Gradually, the infirmity appears at its later and then last stage with serious peripheral vision loss 

and eventually causes impaired vision [6]. Primarily, Glaucoma harms those nerve fibers which 

transmit information from peripheral field of vision. This peripheral vision loss usually remains 

hidden until only central vision is left. This state is known as “Tunnel Vision” [7]. Figure 1-2 

shows Tunnel Vision in different phases of Glaucoma. 

(a) (b) 

  

(c) (d) 

  

Figure 1-2: Glaucoma Vision [6] (a) normal vision, (b) early glaucoma, (c) advanced glaucoma, (d) extreme 

glaucoma. 

 

There is a gigantic lift in Glaucoma patients every passing year; the assessed number of possible 

Glaucoma patients’ wide-reaching in the upcoming decades has shown alarming growth [8], [9]. 

Figure 1-3 shows a chart demonstrating expected Glaucoma patients in future. In 2010, assumed 

Glaucoma patients were 60 million based on information generated from United Nations world 

population projections for the years of 2010 and 2020 [8]. A research based on Bayesian Meta 

Regression model for data analysis estimated 64.5 million Glaucoma patients throughout the world 
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in 2013 and predicted that the number of affected patients would swell to 76 million in 2020 which 

would further rise up to 111.8 million in 2040 [9]. This increment in the number of Glaucoma 

affected people is basically attributed to the deficit detectable symptoms in the recovery phase.  

The absenteeism of symptomatic manners of the mentioned disease has been a severe encounter 

for scientists of the century. The record mentions about the thousands of undiagnosed Glaucoma 

patients even in the patients current medically highly advanced countries like USA, Australia and 

Singapore. The World Health Organization has labelled it as the second most prevalent cause of 

blindness worldwide [10]. The major cause of this phenomenon is the veiled character of 

Glaucoma during the early stage giving no clue of the onset of the disease barring the patient to 

pursue treatment and ultimately result in enduring vision loss. 

  

 

Figure 1-3: Estimated Increases in Glaucoma Patients Worldwide 

 

About 90% of the Glaucoma patients in Singapore were evident of their condition [11], [12]. 

Around 50% of affected people remain unknown in Australia [13]. If take notes of United States, 

then about 4 million people suffered from the disease and half of them remained unaware of their 

ailment [14]. According to a Seminar by Dr. Mirza Shafique almost half of around 1.8 million 

Glaucoma patients have already lost vision permanently in Pakistan and unfortunately the 2% of 

them are children [15]. The increasing percentage of undiagnosed affected people alarms the 

necessity of significant changes in the current diagnosis techniques.  



 

 

24 

 

1.2. Glaucoma Diagnosis 

The Glaucoma diagnosis is a clinical diagnosis since it cannot be high lightened with blood or 

certain hereditary test. Pre-diagnosis of Glaucoma is commonly done manually using Tonometry 

to measure the Intraocular Pressure (IOP), Pachymetry to gauge the thickness of eye’s cornea and 

gonioscopy to inspect eye’s frontal chamber. The Optic Nerve Head (ONH) analysis generally 

follows these considerations. In medical diagnosis, the Glaucoma movement is commonly linked 

with the growth in I-O-P. The I-O-P is built by a liquid called “aqeous humor”, which flows in the 

anterior part of the eyes. In Glaucoma, this liquid cannot stream out of the eye properly due to 

blockage, resultantly causing I-O-P growth, which ultimately damages the optic nerve [16]. The I-

O-P is a decisive component of the inclusive Glaucoma screening, but this has failed to high light 

Glaucoma in a number of cases [17]. This disease is the collection of ocular disorders; therefore 

focusing just one indicator has failed to identify all cases. Consistent screening of the patient can 

assist in detecting the ailment at its early stage, which is the key to prevent vision loss. The two 

most widely used ophthalmic imaging technologies involved in the detection of the glaucoma 

ocular disease are fundus imaging modality and Optical Coherence Tomography (O-C-T). 

1.2.1. Fundus Images 

The Fundoscopy is favorable, providing expanded vision of back (fundus) of the eye. It has played 

a crucial role in the C-A-D due to its capability of capturing objective, correct and defined 

quantitative data about optic nerve and retinal structure [18]. It derives the high definition enlarged 

view of the retina, which are useful in extracting numerous morphological features like, Neuro-

Retinal-Rim (N-R-R), Cup to Disc Ratio (CDR), Per-papillary atrophy, and R-N-F Stratum and 

cup or disc shape. However, it can just apprehend basic alterations on retina’s exterior stratum 

which detected at the last and incurable phase. There is an essential necessity to also apprehend 

the inner most structural variations in the retinal sheets that are caused in the early and curable 

stage by Glaucoma [19]. The timely diagnosis of the disease and changes along can inhibit 

permanent vision loss at the early phases [20]. 

1.2.2. O-C-T Imaging 

The O-C-T imaging equipment has the capacity to yield impartial and reproducible dimensions of 

topographic parameters of inner retinal stratums. It works in the form of “Optical Biopsy”. It 
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permits imaging of retina into a 3D mode, which allows the detailed quantification of elementary 

variations [21]. O-C-T imaging technique has the capacity to generate a Cross Sectional Image of 

the retinal coating which is unable to find under Fundus imageries.  

1.3. Motivation 

Since, Glaucoma is a symptomless and trouble-free so it is imperative for the people over age 30 

to get a regular examination of eyes to avoid vision loss. In order to execute mass screening, the 

oculists have to monitor a large number of affected people. One of the cost effective solution to 

this issue is to develop C-A-D coordination using modem imaging technologies. Automated 

monitoring systems can decrease the cost and time of screening procedure. It will also reduce the 

work load on oculists as they only have to examine those cases high lightened by the C-A-D as 

potential diseased cases. Globally, Glaucoma is one of the growing causes of irreversible vision 

loss; also termed as a “silent thief of sight” due to its characteristic of showing no indications until 

permanent blindness occurs. According to the appraisals, almost half of the patients presently 

suffering from the disease are not aware of the disorder due to slow development [11] - [14]. 

Accordingly, there are more than 1.8 million Glaucoma affected people are present in Pakistan 

and almost half of them have already lost their vision due to delay in diagnosis and cure [15]. And 

there is an immense scarcity of oculists in Pakistan, especially in the remote areas. The data 

collected reveal that the doctor to patient ratio in Pakistan is exceptionally low. According to the 

World Health Organization, the least possible Doctor-patient ratio is required to provide the 

fundamental health services is 23:10000. But on the contrary, in Pakistan, the present ratio is not 

more than 12: 10000 [22]. There is not only the unavailability pf expert and practiced optometrist 

but the resources are also inadequate to apply modern ophthalmic imaging techniques and 

equipment. The issue of “Scarcity of ophthalmologist” and “diagnosis at initial and curable stage” 

is of basic interest for regularity bodies, medical professionals and the common man. The latest 

ophthalmic equipment is available only in the few big cities of Pakistan. Likewise, very lesser 

oculists or optometrists are skilled in using these machines. The expense of Glaucoma is 

extraordinary and is a large hurdle in regular monitoring of the disease. The detection at the early 

stage is essential to avoid everlasting vision loss; thus, the routine screening of the patient can help 

in detecting the issue at its initial and curable phase. The prevailing pre-diagnosis are disturbing, 

high in price and time taking. Therefore, C-A-D of Glaucoma may turn to be a game changer in 
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the forthcoming eras. C-A-D is an easy, monotonous and exceptionally speedy in the diagnosis 

and free from inter or intra- observer inconsistency.  

Many of the existing C-A-D modules [45] - [97] facilitate a good exactitude to Glaucoma 

detection, but in Fundus image analysis, the detection can be done using C-D-R structural systems. 

These features are quite prone to the noise and low contrast values. Likewise, very little effort has 

been put on non- structural and textual variations. Similarly, in O-C-T imaging analysis, the retinal 

stratum analysis is not suitably exposed to extract the C-D-R. Further, there is no proper and 

standardized data set is offered for the O-C-T image analysis for the mentioned disease. Moreover, 

there exists no common dataset to allow fusion of fundus and the O-C-T image analysis has been 

found.  

1.4. Problem Statement 

The analysis of Fundus images using hybrid features and O-C-T images using stratums (Layers) 

analysis leading to fusion of their results in order to enhance the reliability of Glaucoma prediction. 

1.5. Scope 

The C-A-D can be extremely useful in the developing states such as Pakistan, as there is a scarcity 

of oculists. This method of detection can conveniently bring the medical professionals to the level 

of a practiced observer. Therefore, the progression of C-A-D is an acute necessity for Glaucoma 

diagnosis. In the modern times of advance technology, very little effort is required to develop such 

self- diagnosis modems. The proposed H-CAD system will endorse telehealth care culture in 

Pakistan and will set bases for other telemedicine based technologies for the betterment of health 

services in rural areas of Pakistan. 

1.6. Objectives of Thesis 

In bio-medical image processing field, the C-A-D is the latest developing area. It has the capability 

to aid oculists in timely and useful diagnosis of Glaucoma in its curable and early stage. This will 

foster an association of Software Engineering field with the medical arena developing a latest area. 

This will assist in bridging the gap between the engineering research industries in Pakistan. The 

basic purpose of this research is to cultivate a reliable and precise image processing and pattern 
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recognition techniques for automated monitoring of Glaucoma. Following are some of the major 

objectives of this research: 

1. To collect and annotate the fundus and O-C-T database for Glaucoma. 

2. To establish a correspondence among the fundus and O-C-T images, to get more precise 

and authentic diagnosis of Glaucoma. 

3. To generate a multifactorial feature set comprising of heterogeneous textural as well as 

structural topographies of the O-N-H portion for reliable and trusted detection of the 

glaucoma using fundus images. 

4. To develop strategies for exact and defined extraction of the I-L-M and R-P-E stratums to 

compute the C-D-R for initial and exact diagnosis of glaucoma using the O-C-T images.  

5. To bring out the algorithms for a tele-screening system that may facilitate an easy access 

and lesser cost solution to save glaucoma patients from eternal blindness. 

The objective of the projected scheme is not to bypass physicians’ role in clinical practice but to 

assist them in quick monitoring of the retinal images. 

1.7. Contributions 

The contributions are summarized as follows: 

1. Gathering and annotation of a database containing the fundus and O-C-T images of each 

patient. There is no online available dataset which facilitates data for combined analysis of 

the O-C-T and fundus images. The developed dataset has been made available on request 

on our research group. 

2.  A Glaucoma diagnosis system had been introduced by combining and correlating the 

analysis of the fundus and O-C-T images. 

3. An exclusive set of structural and textural features has been projected from the O-N-H part 

of the fundus image considering a variety of glaucoma conditions. 

4. A new method has been produced to improve the C-D-R computing from the fundus 

images focusing the two different color channels.  

5. A latest method has been anticipated for reliable extraction of the I-L-M coating in the low 

quality SD-O-C-T images. 
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6. A new strategy has been introduced to erase all above stratums on the top of the R-P-E 

coating for exact and precise extraction and volume calculation of the R-P-E coating in the 

SD-O-C-T imagery. 

1.8. Limitations 

The limitation of our projected modem is in O-C-T image analysis; the O-C-T stratum extraction 

and analysis is provoked with the presence of noise in O-C-T scans. This will influence R-P-E 

extraction and analysis. We have used locally available dataset which is comparatively small in 

magnitude for the assessment of fusion method. No standard dataset was accessible for collective 

analysis of fundus and O-C-T images. The comprehensive assessment can be done using a large 

set of images. Secondly, O-C-T image analysis is reliant on kind of O-C-T B-Scans. The projected 

scheme works for SD-O-C-T imagery only. 

1.9. Thesis Organisation 

The rest of the thesis is organized as follows: 

Chapter 02 gives explanatory details upon Glaucoma disease. It presents several types of 

glaucoma along with its symptoms. It also elaborates diverse processes and technologies applied 

in the detection and treatment of the disease. 

Chapter 03 deals with the meta-analysis of existing automated glaucoma diagnosis systems using 

different imaging modules. It also deliberates different clinical examinations and findings in the 

evolving area of O-C-T images. 

Chapter 04 describes the proposed fundus module for glaucoma disease diagnosis by applying the 

fundus images. It gives details of all structural and textural features used to classify the disease. It 

also discusses the working of the projected module using publically accessible fundus images 

dataset. 

Chapter 05 provides all the strategies involved in calculation of the C-D-R value from SD-O-C-T 

images. It further, shows concordance of the O-C-T system conclusions with clinical values. 

Chapter 06 describes the proposed framework and performance analysis pf the H-CAD system 

after fusing the results of the fundus and O-C-T module.  

 Chapter 07 contains the conclusions, contributions and the future work of the projected module. 
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Chapter 2  

Glaucoma: The Ocular Disease 

This chapter provides a short introduction of glaucoma from the medical perceptive. It clarifies the 

causes, symptoms and several abnormalities related to the different forms of Glaucoma. It also 

describes the altered imaging modalities and schemes used to diagnose and cure glaucoma. 

2.1. Normal Vision System 

 

Figure 2-1: Eye Anatomy [23], the magnified part shows parts of eye involved in aqueous humour circulation. 

 

It is important to describe a normal eyesight system and structure of a human eye before describing 

glaucoma ocular disease. The eye is the main sensory organ in the vision process. It is the most 

sensitive and intricate organ in the human body. The eye captures image like a lens and transfers 

this data to the brain. Figure 2-1 shows a cross sectional image of human eye anatomy and 

identifies its most important parts [23]. Three basic stratums of the eye have been described in the 

following section. 



 

 

30 

 

2.1.1. Outer Stratum 

The outer coating consists of cornea and sclera. Mainly, cornea forms the frontal part of an eye. 

Its basic function is to refract and transmit light. The sclera is a hard white external stratum of an 

eye made up of fibrous tissues. It covers whole eye ball except cornea. Muscles used to move eye 

ball are also connected to sclera [24]. 

2.1.2. Intermediate Stratum 

The middle coating is further divided into two parts i.e. the anterior and the posterior parts. The 

anterior part consists of iris and ciliary body, whereas posterior part consists of choroid. The iris 

is the colored part of the eye; it has a hole in the central part known as pupil. The posterior area of 

middle stratum consists of choroid and vitreous fluid. Choroid is traced between the sclera and 

retina [25].  

2.1.3. Internal Stratum 

The inner most coating of an eye consists of retina. The retina is the only area of central nervous 

system which can be openly imaged [24]. It lines the inner surface of the two- third of posterior 

wall of the eye. Its ultimate role is to transform light energy into electrical signals [26]. 

 

Figure 2-2: Retinal Stratum [27], retinal stratums have been shown in different colour.  
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The retina can be divided into several coatings developing from the vitreous to the choroid are the 

Internal-Limiting-Membrane (I-L-M), Retinal-Nerve-Fiber Stratum (R-N-F), Inner-Plexiform 

Stratum (I-P), Outer-Plexiform Stratum (O-P ), Ganglion-Cell-Stratum (G-C), Inner-Nuclear 

Stratum (I-N), Outer-Nuclear Stratum (O-N), External-Limiting-Membrane (E-L-M), rod and 

cone inner and outer Segments (IS/OS), and Retinal-Pigment-epithelium (R-P-E). However, it is 

further classified into three stratums as demonstrated in figure 2-2 [27]. 

The pigmented coating is the external stratum of retina. It consists of epithelial cells that have 

ability to absorb light and store Vitamin A. The basic function of this retinal coating is to generate 

flow of nutrients and blood streaming in the retina. 

The R-N-F Stratum consists of nerve fibers (Ganglion cell axons) from ganglion cells present in 

neutral stratum. The optic nerve carries bundle of nerve fibers to brain. There are around 1.2 

million nerve fibers (axons) in optic nerve of a normal eye. The volume of R-N-F depends upon 

several fiber nerves running through it [28]. I-L-M is extremely skinny and translucent a cellular 

membrane on the upper area of retina.  

The O-D is that part on retina where an optic nerve leaves the eye. A circular to oval shaped white 

area on retina (See figure 2-1). The structural variations in O-D are among the major indicators of 

glaucoma diagnosis. 

2.2. Glaucoma 

Glaucoma is an enduring and painless ocular disease. It is difficult to detect especially in the early 

stages due to a very slow development rate. It is a bunch of eye syndromes which are mostly 

similar to one another, like higher I-O-P, damage to O-N-H, peripheral blindness and permanent 

vision loss.  

It is a neurological disease; it causes damage to Nerve Fiber (Axons) in the R-N-F stratum. These 

nerves are particularly important in vision process, because they transform visual information to 

the brain [29]. Figure 2-3 shows glaucoma eye anatomy. The progression of glaucoma from first 

to final stage is shown in figure 2.4 [19]. It can be seen that glaucoma begins with the minor 

ailments and deterioration of nerve fibers. The defects introduced by glaucoma are so small that 

they commonly remain unknown in the early stages of glaucoma. In the transitional stage, the 

variations in the R-N-F stratum as well as small peripheral Visual Filed 9VF0 loss occur with no 
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shown indications. The syndrome gradually surfaces as the disease in it’s afterwards and last phase 

with excessive peripheral vision loss and consequently results in blindness [19]. 

 

Figure 2-3: Glaucoma Eye Anatomy [29], the blue arrows show I-O-P formulation and damage to O-D 

 

The earlier nerve fibers damaged by glaucoma are the ones that transform data from the peripheral 

field of eyesight [30]. This peripheral vision loss usually remains invisible until the stage when the 

vision field is outlined to the central vision only. This abridged vision is known as “Tunnel Vision” 

[7]. 

 

Figure 2-4: The Glaucoma Continuum [19], the arrows shows development of glaucoma form normal to blindness.  
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2.2.1. Types of Glaucoma 

There is a multiplicity of forms of glaucoma. Some generic forms of glaucoma, presenting 

structural variations on the eye at extreme and critical levels can be seen in figure 2.5. An explained 

comparison of most common types along with symptoms and causes are listed in table 2-1 [31]. 

(a) (b) (c) 

 

  

Figure 2-5: Glaucoma Types [31], (a) Closed Angle glaucoma affected eye, (b) Pigmentary Glaucoma, (c) Exfoliation 

Syndrome. 

Table 2-1: Types of Glaucoma 

Glaucoma Type Cause 

Open Angle Glaucoma I-O-P increases due to defect in Trabecular-Meshwork 

Normal Tension Glaucoma O-D damages because of low blood flow 

Closed-Angle Glaucoma I-O-P increases because of angle closure between iris and lens 

Acute Glaucoma Additional generation of “aqueous Humour” causes rapid increase in I-O-P  

Pigmentary Glaucoma I-O-P increases due to concave shape of iris. 

Exfoliations Syndrome Trabecular-Meshwork blockage because of some whitish material. 

Trauma-Related Glaucoma Eye drainage system damaged by injury 

 

2.2.1.1. Primary Open-Angle Glaucoma 

Primary Open- Angle Glaucoma is the most usual kind of this disease wide-reaching. It has no 

visible indications at early phase. I-O-P in eyes increases excessively gradually without causing 

swelling to the cornea. In this type of glaucoma, there is no visible irregularity in trabecular 

meshwork; however it is usually linked with the deterioration of nerve fibers because of aging, 

physical blemish of eye drainage system and enzymatic problem. Currently, there is no known 

treatment at the last stages of this type of glaucoma but development can be slowed down if 

diagnosed at an early phase [31].  
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2.2.1.2. Angle-Closure Glaucoma 

This type of glaucoma is more usual in Asia and far sighted people. The angle between iris and 

cornea gets closed troubling the regular course of liquid. If this angle gets decreased than 45 degree 

then angle closure glaucoma occurs. The lens becomes larger with the passage of time. In some 

cases, it grows larger enough to narrow the angle between iris and cornea. 

This expansion sometimes creates complete blockage of liquid and leads to sudden rise in I-O-P. 

This condition is known as closure glaucoma attack. Angle-closure glaucoma affected eye can also 

be visualized in figure 2.5 (a) [31]. 

2.3. Glaucoma Diagnosis 

The significant invention of the ophthalmoscope by Von Helmholtz (1850) made it possible to 

detect glaucomatous variations in the fundus. In 1862, Donders revealed that rise in intraocular 

pressure caused vision loss and coined the disease as “Glaukoma Simplex”. Moreover, the 

development in the detection of the said disease was made by invention of the tonometer and the 

perimeter and the use of drug, cocain [32]. 

Glaucoma is affected by a number of diverse eye syndromes which are in more cases responsible 

for the production of raised pressure within the eye. The diagnosis of glaucoma is normally done 

by quantifying the I-O-P and functional irregularities of an eye. In some cases, this diagnosis 

procedure further involves the analysis of physical variations in retina. 

2.3.1. IOP Test 

The I-O-P pressure is usually assessed by using a device known as “Tonometer”. In the tonometry 

test, primarily, the eye drops are applied to make the eye insensitive. Afterwards, a warm wave of 

air is struck against the wall of an eye to assess the I-O-P [33]. The I-O-P is measure on the basis 

of the time consumed by the air puff to compress the corneal surface [34]. The I-O-P, greater than 

20 mm Hg (millimeters of mercury) is measured as Glaucomatous [35].  

2.3.2. Visual Field Test 

The visual field test (VF) is the complete area focused by the human eyes without moving head 

and eye balls. A normal V-F covers almost 100 degree towards the temporal side, 60 degree in the 

direction of the nasal side, 60 degree to the superior side and 70 degree to the inferior side. The 
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glaucomatous visual field loss may occur anywhere in the visual field. Most affected people with 

visual field loss have some diagnostic field loss within central 24-30 degree [36]. The V-F test 

helps the oculists to detect any irregularity or loss in the normal field vision.  

2.3.3. Gonioscopy 

This is practiced to examine the angle among iris and cornea. In the POAG, this angle becomes 

wide, while it gets narrow in Angle-closure Glaucoma. For this inspection, firstly, the eye drops 

are used to make eyes insensitive to pain. Thereafter, the manual inspection is executed with the 

help of handheld lens. A mirror is attached to the lens that assists in screening the inner angle [37].  

2.4. Ophthalmic Imaging Technologies used for Glaucoma Diagnosis 

The automated diagnosis of glaucoma has been mostly done applying fundus, O-C-T and Confocal 

Scan Laser Tomography (C-S-L-T) imaging scheme [45]-[97]. These methodologies facilitate 

diagnosis procedure in several ways. They offer clear preview of captured image, which enables 

review of image with patient and other skilled professionals on a computer system. These images 

can be further keenly considered at different levels without the physical presence of the patient. 

Furthermore, they allow the structural analysis of the posterior area of an eye in a non-destructive, 

painless and non- disturbing way.  

2.4.1. Fundus Imaging Technology 

The word, Fundus means nethermost or base of anything. The ocular fundus is the interior lining 

of an eye. A fundus camera is practiced to get the inner image of a human eye. It may create 

magnified view of retina, retinal vasculature, O-D, macula as well as posterior pole. It can generate 

2.5 times larger image at a normal angle of image i.e. 20 degree Angle. The enlarged image enables 

the analysis of the fine details that are not possible to inspect otherwise.  

A fundus camera works like a higher power microscope with a camera. Its highest resolution 

measured as chromatic aberration (ca) 6 [38]. Figure 2.6 shows fundus cameras optics. The 

electronic flashes are used to yield light; this light is proposed on to the rounded mirror via multiple 

filters. This mirror further reflects the light through several lenses, where the upper lens has a mask 

mounted on it. This mask transforms light shape into the form of a doughnut. This transformed 
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light beam is then reflected on a round shaped mirror with a central aperture in it. This rounded 

mirror further throws light into the eye via objectives lens. 

  

Figure 2-6: Fundus Camera Optics [38] 

The backscattered light holding retinal image from the fundus of the eye exists from the cornea 

and also passes through the middle and the dark part of doughnut. The light then lingers via central 

aperture of mirror termed as “Astigmatic correction” and a lens called “Diopter compensation” 

then finally hits back to the single lens reflex camera system [38]. 

(a) (b) 

  

Figure 2-7: Fundus Image [38], (a) fundus image of normal eye with normal cup size, (b) fundus image of 

glaucoma eye with enlarged cup. 

 

This trouble free process generates a clear image of the retina, the retinal vasculature and the O-D 

that carries Nerve Fibers. The fundus image acquisition is quite a modest way. The patient has to 

sit in front of the fundus camera and needs to place his chin in a chin rest bar. The fundus camera 
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is aligned and settled by the optometrist. The optometrist fires a beam of light with the release of 

shutter [39]. A fundus image is created as shown in figure 2.7. The figures 2.7 (a) and (b) shows 

fundus imagery of healthy and glaucoma eye correspondingly. 

2.4.2.  O-C-T Imaging Technology 

 O-C-T is an emerging technology for performing the high resolution cross sectional imaging 

(tomography) of posterior area of an eye using light (optic) rays. It performs as similar to ultra 

sound imaging technique; however, it uses light instead of soundwaves. The O-C-T imaging 

technology can be used to get the hidden details of the posterior area of an eye which are otherwise 

cannot be seen in the fundus image. These internal details can be worked to diagnose glaucoma at 

its initial and curable stage.  

The high resolution images are created in the O-C-T by applying low coherence light. The high 

intensity lights are fired into the sample to be analyzed. The echo time delay information of 

reflected light beam from diverse depths inside the sample is practiced to reconstruct the depth 

profile of inner structures of the sample. The sample is scanned laterally using light ray to construct 

a 3D view of the inner areas of the sample. The spot size if the light rays explains the lateral 

resolution.  

 

Figure 2-8: Michelson Type Interferometer [40] 
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The light ray bandwidth regulates the axial (depth) resolution. The O-C-T scan with the axial 

resolution in between 5 and 7 delivers almost optical biopsy of the retina [41]. Michelson type 

interferometer is the basic principle of the O-C-T imaging technology. A beam splitter is used to 

separate light into two waves. One part enters into the reference mirror, while the other enters into 

the eye. A scan is detected and created via detector by combing both the beams as demonstrated 

in the figure 2.8. 

The A-scan (Axial-scan) is created in the O-C-T on the basis of echo time delay information of 

the reflected wave through the entire depth in a longitudinal pattern. Similarly, the B- scan is 

collected by the combination of multiple A-scans of several in line cross wide positions. Likewise, 

a 3D view can be collected by combing the multiple parallel B-scans. In the same way, a C-scan 

can be obtained by scanning a sample across several consecutive X as well as Y directions over a 

fixed depth. Figure 2.9 illustrates the modalities in the following diagrams.  

 

 

Figure 2-9: O-C-T Scanning Modalities [42], showing A, B and C longitudinal Scan. 

 

Likewise, figure 2.10 shows A-scans, B-scans and 3D O-C-T imagery of Optic Nerve Head Region 

[42]. The two major kinds of an O-C-T are Time Domain O-C-T (TD- O-C-T) and Spectral 

Domain O-C-T (SD- O-C-T). 
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Figure 2-10: A-scans, B-scans & 3D O-C-T Image of Optic Nerve Head region [42] 

2.4.2.1. TD- O-C-T  

Figure 2.11 shows a typical fiber based TD- O-C-T setup. In this scheme the light rays emitted 

from the broadband source is divided into two paths by Michelson interferometer. These separate 

light beams are known as “reference arm” and “sample arm”. The sample arm light ray is thrown 

on to the sample to be analyzed. Whereas, the reference arm ray is simply fallen on a plain mirror. 

Subsequently, the interference signal among both arm rays is recorded. These backscattered 

signals of both arms are re-channeled through an optical beam separator and a photo detector [41]. 

 

Figure 2-11: TD- O-C-T System [41] 
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A normal TD- O-C-T can create 400 to 500 scans with low axial resolution of approximately 10 

to 25 [42]. A poor quality TD- O-C-T due to low resolution is shown in figure 2.12. 

 

 

Figure 2-12: Low Resolution TD- O-C-T Image [42], high reflective structures have been presented in bright colors 

(white & red), low reflectivity structures has been characterized with dark colors (black & blue), intermediate 

reflectivity has been shown by green color. 

2.4.2.2. SD- O-C-T 

The SD-O-C-T has most of the modules as similar to the TD- O-C-T. the prime difference is fixed 

length of reference arm ray in the SD-O-C-T scheme. The term Spectral- domain is used because 

output light of interferometer is analyzed with a spectrometer instead of extracting depth 

information from the reference arm. The Fourier transform is used to extract depth information 

from the reflected light ray. Figure 2.13 shows a typical SD-O-C-T set up.  

 

Figure 2-13: SD-O-C-T System [41] 
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An additional feature in the SD-O-C-T is use of the tunable wave-length laser. The tune able 

feature allows use of several wave- lengths in a certain bandwidth. This phenomena is termed as 

Swept-Source O-C-T (SS- O-C-T). This technique enables the O-C-T scheme to scan with 

wavelength magnified than 1. Figure 2.24 (a) and (b) shows the SD-O-C-T and SS- O-C-T images 

of the O-N-H. 

The dilation of the pupil is not needed in a common O-C-T scan. The affected person needs to sit 

in front of the O-C-T camera while resting the chin on a chin bar and placing their head against 

the bar to control the movement. 

 

Figure 2-14: O-C-T Image, (a) SD-O-C-T Scan of the O-N-H, (b) SS- O-C-T image of the O-N-H [41] 

 

2.5. Glaucoma Treatment 

Glaucoma cure basically focuses on the monitoring the I-O-P. The blindness caused glaucoma is 

irreparable and incurable. The cure of glaucoma can only prevent further vision loss.  

Currently, glaucoma is cured by applying eye drops, tablets, laser treatment, surgery or fusion of 

these methodologies. The eye drops can be used to unblock eye drainage system. These drops can 

also increase or decrease the amount of liquid draining out of the eye. Only drops are not enough 

to control the I-O-P in mostly cases. Tablets are added in combination with the drops to control 

the streaming flow of liquid into the eye.  

The laser treatment is also known as laser trabeculoplasty, which can be used as an intermediate 

step in between medication and eye surgery treatments. The strong heat generated by laser is used 

to contract some oars of eye drainage system in the laser trabeculoplasty, which consequents in 

broadening the contiguous areas enabling the smooth drain of liquid. 

The trabeculectomy is the most usual eye surgery to treat glaucoma. In this operation, a minor part 

of trabecular meshwork is erased to drain eye. If this surgery fails then “Tube Stunt’ method is 
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practiced to drain liquid out of the eye. In the said method, a bendable and unbreakable tube is 

inserted into the eye for the drainage of the blocked liquid. [43].  

2.6. Summary 

The vision system is the most important sensory system. Several of small tissues of an eye work 

collectively in the vision process to transmit visual info to the brain. The eye has three main areas. 

The outer part captures visual information and transmits via middle area to the inner part of an eye. 

The inner portion consists of retina. The retina conveys visual info to the brain using the optic 

nerve. The glaucoma disease happens because of the deterioration of the optic nerve. It is usually 

linked with the increased I-O-P. The raised I-O-P causes decay of the nerve fibers in the optic 

nerve. Glaucoma has no observable indications during the early and middle stages. It unveils the 

symptoms in its last phase and is associated with the “Tunnel Vision”. The most common kind of 

glaucoma is an Open- Angle Glaucoma. However, angle closure glaucoma is more usual in 

Pakistan than open angle glaucoma. The diagnosis of glaucoma is mostly done by measuring the 

I-O-P and V-F test. In some cases, the analyses of physical variations in the retina are also involved 

in the diagnosis procedure. The two most broadly used ophthalmic imaging techniques are 

practiced for glaucoma detection is fundoscopy and O-C-T. The present glaucoma cure can only 

restrict the I-O-P pressure either by medication or by operation. The vision damage due to 

glaucoma is irreparable; the cure can avoid further blindness however.  
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Chapter 3  

Literature Review 

In biomedical imaging, programmed glaucoma detection is one of the popular research areas. 

Experts in this field have applied several image procedures and machine learning (ML) to get more 

precise conclusions. The diagnosis of glaucoma has been performed using operational and well-

designed features of an eye [45] - [97]. In the former part of this chapter, the analysis of several 

existing programmed glaucoma diagnosis modules has been executed. While in the later part, a 

literature survey has been conducted to the navigated to study the clinical investigations and the 

prevailing programmed modules in the field of the O-C-T images for glaucoma detection.  

3.1. Existing Systems 

A number of present programmed modules have been evaluated on the ophthalmic imaging 

technique basis, as well as practical and fundamental features of an eye, ML technology, accuracy 

and data set applied for assessment. The detailed literature review has been published in [44]. An 

overview of the computerized glaucoma diagnosis technology has been mentioned in figure 3.1. 

3.1.1. Functional Features 

The functional structures deal with the prime purpose and tenacity of an eye i.e. the human vision. 

The I-O-P and V-F are the most extensively applied functional features to diagnose the glaucoma 

disease. In an exploratory study conducted in North Ireland, referral diagnosis structures were 

examined by using a postal questionnaire survey [45]. 171 professionals have been involved in the 

survey. Only 68% of the senior experts retorted. 95% specialists have used age criteria to compute 

the I-O-P whereas 82% have applied appropriate information from the visual field (VF) testing. 

Further, 45% professionals considered the I-O-P of 25 or 26 mmHg as normal. Likewise, 89% 

experts reflected the visual field blemish and disc cupping for detection. The outcomes 

demonstrated that widespread preparation and investment is needed for the operative and timely 

detection of Glaucoma. In [46], a Standard Automated Perimeter (SAP) test has been applied to 

extract visual field data. The SAP is communal automated visual field test whose output is pliable 

to ML. Many of ML classifiers comprising, Multi- Stratum-Perceptron (M-L-P), Linear-

Quadratic-Discriminant (L-Q-D).  
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Figure 3-1: Over View of Glaucoma Diagnosis 

 

Quadratic-Discriminant-Analysis (Q-D-A) and S-V-M; moreover, Parzen window, Mixture-of-

Gaussian (M-O-G) and Mixture-of-Generalized-Gaussian (M-G-G) have been used for Glaucoma 

diagnosis [48]. 

The conclusions have been matched with STATPAC, which is a particular statistical analysis 

package currently being active by the clinicians to infer the SAP. These calculations demonstrated 

better presentation of the ML algorithms.  

An approach for glaucoma prediction based on artificial time sequels known as Pseudo time 

sequels from cross section data has been introduced [47]. The V-F develops with the passage of 

time. This temporal nature of the V-F can be used for Glaucoma calculation. The Humphrey V-F 

testing with the 24-2 program has been executed for the V-F measurements. The shortest- path 

algorithm has been applied on various samples of data to create trajectories from the records. 

Outcomes attained by this process were much closed to real world medical data.  

  

Table 3-1: Functional Features used for Automated Glaucoma Detection 

Detection data Technique 
Detection/

Prediction 

Results 

IOP, Visual Field, 

Cup Analysis [45] 
NA Detection 

95% experts rely on I-O-P 

Visual Field [46] 
Multiple 

Classifiers 
Detection 

ML techniques perform better 

than STATPAC 

Visual Field [47] 
Pseudo-time 

series 
Prediction 

Good correlation with clinical 

Results 

Visual Field [48] Clustering Prediction 
Better result than commercial 

glaucoma diagnosis systems 

Visual Field [49] Clustering Prediction 
Good correlation with clinical 

Results 

Patient Clinical 

Data [50] 
Fuzzy Logic Prediction 

Good correlation with clinical 

Results 

Patient Clinical 

Data [51] 

Multiple 

Classifiers 
Prediction 

Good correlation with clinical 

Results 

 

The Glaucoma development has been diagnosed using visual field measurement in [48]. The visual 

field information has been exhibited applying a mixture of Gaussian. The modelled parameters 

have been assessed using anticipated maximization. Three stages have been involved in the 
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analysis segment containing clustering, Glaucoma boundary limit recognition and glaucoma 

development detection testing. In the clustering part, the three clusters have been made based on 

EM- estimated parameters. PCA has been used to further break down the clusters into various axes. 

Glaucoma cut- off limits has been computed on all verified glaucoma axis and have been used to 

diagnose glaucoma at its initial phase. The conclusions of the module have been matched with 

commercially accessible glaucoma development software and clinically accessible glaucoma 

detection software. The scheme has been able to yield improved results than the available software.  

In [49], initial grouping of glaucoma has been done based on clustering using by Bayesian 

Network. This grouping has been done by applying two independent datasets. Both the datasets 

comprised of 52- point V-F raw sensitivity values attained with Humphrey field Analyser II. A 

learning algorithm has been used which chains clustering and quasi- greedy search. The 

calculations demonstrated good correlation with clinical results. Similarly, the V. Nicole et al. [50] 

have presented a solution for computerized diagnosis and prediction of open- angle glaucoma 

applying fuzzy logic. 22 fuzzy IF-THEN rules have been extracted based on professional 

knowledge for the calculation of Glaucoma. The outcomes of the module have been finally 

assessed by the specialists of ophthalmology. The conclusions were satisfactory when matched 

with clinical ones.  

A comparison of computerized diagnosis of glaucoma at an initial stage using the Nerve Fibre 

Stratum Defects (R-N-FDs) and automated risk valuation based on patient’s clinical data has been 

executed in [51]. The glaucoma risk evaluation has been executed applying the ML technology 

involving artificial neural network, Radial Basis Function (RBF) network, K- nearest neighbour 

algorithm, and support S-V-M. The conclusion have demonstrated the raised processing of 

glaucoma risk evaluation based on clinical information applying the mentioned method.  

Table 3- 1 demonstrates a divergence of various functional structures used for glaucoma diagnosis. 

The analysis has been accomplished by considering on detection information and methodology 

applied for either exposure or calculation of glaucoma. As it can be evaluated from the table 

statistics which mostly the V-F data has been used for calculation of glaucoma applying ML 

technology.  
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3.1.2. Structural Features 

Structural topographies deal with the structural variations made by glaucoma in the Optic Disc (O-

D) of an eye. The O-D plays an essential role in the vision process. The visual data is transferred 

via Fibre Nerves to the brain. Figure 3.2 validates the O-D on the retina of an eye. In glaucoma, 

the O-D is dented due to collapse of fibre nerves causing long lasting vision loss. This kind of 

decline of Fibre-Nerves causes size of cup to rise and as a result, Cup-to-Disc-Ratio (C-D-R) also 

rises in glaucoma. In general, if C-D-R is less than 0.5, it is considered as normal while greater 

than 0.5 is considered as glaucomatous [52]- [59]. Figure 3.2 (c) shows C-D-R of a normal eye, 

whereas Figure 3.2 (d) shows C-D-R of a glaucoma eye. 

3.1.2.1. Fundus Imaging Technology 

In a study the C-D-R extraction has been performed using Sparse Dissimilarity Constrained with 

88 % validity [52]. Likewise, the C-D-R has been computed by applying Super Intensity Pixel 

with 90% accuracy [53]. The C-D-R has been calculated applying thresholding and counting white 

pixels technology [54]. The scheme achieved 94% exactitude. In [55], basically, the Region of 

Interest (R-O-I) has been extracted inevitably around the O-D. Then, the generalised movement 

pattern has been executed on the R-O-I to rise the discrepancy caused by irregularities like, bright 

lesions. In [55], the rotational movement motion has been used based on the round shape of a disc. 

A Pivot has been placed at the exterior edge to high light structural divergences in glaucoma. We 

have more bright lesions in glaucoma and this methodology will high light all such changes. The 

Radon transform has been used on the R-O-I to attain a feature vector to address change in the size 

of the Optic Disc.  

 

(a) (b) (c) (d) 

 
  

 

Figure 3-2: O-D on Retina, (a) O-D on Retina [55], (b) R-N-F stratum & PPA on retina [55], (c) Normal CDR, 

(d)Glaucoma CDR. 
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A histogram of intensity clusters has been advanced by applying K-mean algorithm to differentiate 

cup, disc and Peri-Papillary-Atrophy (P-P-A) is demonstrates in figure 3.2 (b) high lightened in 

yellow. P-P-A happens due to atrophy of the retinal cells around the O-D. Some atrophy shows in 

both the normal and glaucomatous eyes. It is more usually seen in glaucomatous cases 

nevertheless. One class division has been done applying the Principal Component Analysis Data 

Description. 

The O-D subdivision has been executed based on local data of image around each point of interest 

in multi-dimensional feature space. The cup breakdown has been performed anatomical evidence 

such as vessel bends. The cup boundary has been attained using a multi- stage application to derive 

an authentic subset of vessel bends followed by local spline fitting and achieved 88% validity [56]. 

An alternative method for glaucoma detection based on retinal surface depth discontinuity for 

evaluation of the cup boundary has been introduced in [57]. The set of obtained sequential images 

have been related through relative motion model. The metres like, motion boundary and partial 

occlusion have been applied to find out the depth discontinuity at the cup boundary. The cup 

boundary has been assessed with a set of best fitting circular motions on the basis of these metres. 

The last cup boundary has been created focusing the points on these circles at various sectors 

applying a confidence measure.  

(a) (b) 

  

Figure 3-3: Rim Width in ISNT region of Optic Nerve [60], (a) normal O-D, (b) glaucoma O-D. 

 

In [58], the cup has been noticed focusing the brightest block of pixels as the cup centre and then 

the whole cup has been perceived with the help of region growing algorithm. Consequently, the 

picture has been classified into three bins using histogram distribution involving dark as 

background, while medium, as the rim and bright as the cup. The boundaries of the cup and disc 

have been further noticed using Active Contour Model. Only horizontal diagonals of cup and disc 
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have been focused to calculate cup to disc ratio. The C-D-R less than or equal to 0.4 has been 

considered as usual while greater than 0.7 has been considered as glaucomatous. 

In [59], O-D extraction has been processed using the P-tile threshold technique. The Canny edge 

detector method has been used to upgrade the edges of the O-D. The spline interpolation technique 

has been applied to create the border line of O-D and attained 85 % validity [59]. In the case of 

myopia eye, it has been recounted that C-D-R alone is not effective for glaucoma diagnosis. The 

rim width based on ISNT rule has been applied for the division to support these cases in [60]. Rim 

width is the part among the cup and disc border. It is also called as Neuro-Retinal-Rim (N-R-R) as 

shown in figure 3.2 (a). Figure 3.3 shows inferior, superior, nasal and temporal area of the rim. 

The ISNT rule is defined as Inferior ≥ Superior ≥ Nasal ≥ Temporal, whereas in Glaucoma eye we 

have a desecration of this rule as shown in Figure 3.3 (b). the vessel bends have been indicated 

using multi- scale vessel tracking method to detect the cup and consummate 95% validity.  

 

(a-1) (a-2) 

  

(b-1) (b-2) 

  

Figure 3-4: Cup Shape [61], (a-1) fundus image of a healthy eye, (b-1) extracted cup Contour, (a-2) fundus image 

of a glaucoma effected eye, (b-2)extracted cup contour. 

 

In [61], the cup shape has been used for glaucoma diagnosis. It has been witnessed that the shape 

of cup perimeter has been more regular in a glaucomatous eye. However, it has been more 

asymmetrical for the normal eye. Figure 3.4 (a) demonstrates the normal eye cup contour, whereas 

figure 3.4 (b) demonstrated glaucoma affected eye cup contour. 
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In comparative research study, a computerized module has been applied to expose the contour of 

an optic cup considering the centroid of the cup surface [62]. The system converts 2D cup surface 

contour to 1D info sequels Symbolic Aggregation Approximation for the analysis of glaucoma. 

The overall summary of physical features along with the technique applied for the detection and 

accuracy has been shown in table 3-2. The conclusions have shown that the rim width physical 

feature applying vessel bends for cup border detection has been able to attain maximum validity 

of 95% for glaucoma diagnosis.  

In [63] the physical feature C-D-R has been focused for computerized detection of glaucoma. The 

R-O-I has been extracting by choosing region with largest part with highest brightness as optic 

disc. The green-channel has been applied for sub division of cup. Medium filter has been used to 

erase noise. The Biography Based Optimization and Kapur’s test have been applied to find out 

threshold points of evert fundus imagery. Adaptive threshold method has been applied for 

subdivision. 8neighbor connectivity has been used to attain precise shape of cup. Finally, parts of 

both extracted cup and disc have been computed and C-D-R value greater than 0.3 has been 

considered as glaucoma and less than 0.3 has been taken as usual cases. The scheme obtained 

97.58% preciseness on a local dataset of 290 images.  

 

Table 3-2: Automated detection of glaucoma using structural features from Fundus Images  

Feature Method Accuracy 

 C-D-R[52] Sparse Dissimilarity Constrained 88% 

 C-D-R[53] Super Intensity Pixel 90% 

 C-D-R[54] Thresholding & Counting White pixels 94% 

OD Structure [55] Histogram Distribution 92% 

 C-D-R[56] Vessel Bends for cup boundary  88% 

 C-D-R[57] Retinal Surface depth Discontinuity NA 

 C-D-R[58] Active Contour Model NA 

 C-D-R[59] P-tile threshold &Canny Edge Detector 85% 

Rim Width [60] ISNT Rule 95% 

Cup Shape [61] Fractal Dimension NA 

Cup Shape [62] Symbolic Aggregation Approximation NA 

C-D-R[63] Adaptive threshold 97.58% 
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O-C-T Imaging Technology 

Sigal A. I.et al. [64] has used the O-C-T imagery to measure the O-N-H tissue properties of the 

retina. These parameters have been formerly cannot be measured due to lesser inner details of the 

retina. Twenty effects of the I-O-P have been measured for each model involving eye radius, 

anterior Lamina-Cribrosa (L-C) radius, Scleral modulus, L-C modulus, Sclera thickness, neural 

tissue modulus and central L-C depth. Outcomes showed that the I-O-P induced variations in L-C 

depth, Sclera canal width and prelaminar neural tissue thickness.  

Figure 3.5 (b) shows the effects of high and low interocular pressure on the L-C. The L-C bulges 

out in glaucoma due to high intraocular pressure. The Bruch’s Membrane Opening (BMO) has 

been applied as a reference point to calculate the O-N-H in [65]. 

 

(a) (b) 

 
 

Figure 3-5: Anterior Chamber Angle & Lamina Cribrosa,(a)Anterior Chamber Angle [68], (b) Effect of I-O-P on 

Lamina Cribrosa [64]. 

 

The picture deconvolution technique has been applied to deal with overlapping of BM and 

boundaries tissue of Elesching stratum. The O-D size rim area is perceived with an inverse artificial 

neutral PCA methodology to model the elliptical shape of BMO curve, and also to overcome the 

issue of inaccurate BMO appraisal.  

In [66], the quantitative index of iridocorneal angle has been applied for diagnosis of glaucoma. 

The angle closure has been measured by Fractal Dimension (FD) Analysis. The artefact has been 

distant in pre- processing vertical saturation. Thresholding has been executed to distinct inter- class 

changes and intra- class changes. The attached chamber labelling and morphological pictures 

development has been processed to distinct iris and cornea. The RIO i.e. Anterior Chamber Angle 

(ACA) has been nominated, based on the ACA apex point. Conclusions presented 85% 

authenticity on a local dataset of 148 images.  
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The categorization of glaucoma has been processed by applying fuzzy min-max neural network, 

based on the data core (DCFMN) in [67], the division procedure has three parts. The input stratum 

takes images and erases noise by using a median filter. The central stratum contains a hyper- box 

fuzzy set. The DCFMN has two parts i.e. Classifying Neuron (CNs) and overlapping neurons 

(OLNs). The CNs has been applied to restrict the noise and density of the data and the OLNs has 

been applied for subdivision. Further division has been done applying the threshold technique. The 

open- angle glaucoma and angle closure glaucoma have been illustrated on the basis of the angle 

range. 

The angle range less than 20 has been reflected as a closed angle and greater than 40 has been 

reflected as open angle glaucoma. Overall 97% authenticity has been shown by the calculations 

on a local dataset of 39 images. Figure 3.5 (a) shows the anterior chamber angle high lightened in 

the yellow box. An alternative research study has been piloted to assess the diagnostic capability 

and aptitude of the macula thickness for the diagnosis of glaucoma development in [68]. The 

divided macula stratums contain the Macula Stratum Fibre Nerve, Retinal Ganglion Cell (RGC), 

Interior Plexiform Stratum and Exterior Retinal Stratum (ORL). A contrast of these fallouts has 

been done with those attained assessments by applying conventional measures of R-N-F stratum 

and total Macula thickness (TMT). Glaucoma in each eye has been resolute by linear regression 

against affected person’s age applying the sequel TMT and R-N-F stratum. It has been found that 

the thickness at the baseline of a divided RGC stratum had a significant variance among 

glaucomatous and healthy eyes [68]. 

A computerized scheme to align an O-C-T scan circle on the retinal fundus image applying specific 

image registration algorithm has been processed in [69]. The scan circle alignment entails two 

tasks i.e. the vessel matching and the displacement parameter implication. The maximum 

similarity among the two types of vessels has been attained by applying Expectation- 

Maximization (EM) algorithm. Vessel combination has been executed by using probability 

computing. The outcomes show that the circle scan attained by the technique has given fewer 

changes in measurements of R-N-F stratum thickness on the O-C-T images [69]. 

The author used biochemical corneal properties analysis for the estimation of glaucoma in [70]. 

Corneal Hysteresis deals with adaptable nature of cornea. It has been applied to compute dumping 

capability. A graphical illustration has been advanced named as Corneal Effort Staging System 

(CESS) by applying the I-O-P and dumping rate. The graph has shown that the eye mechanical 
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stress has been directly proportional to the I-O-P and inversely proportional to the dumping 

capability. The chart has demonstrated six phases. The phases 0 and 1 have demonstrated normal 

ones. The phases 2 and 3 have represented probable sickness cases. Likewise, the phases 4 and 5 

have demonstrated glaucoma affected persons. These defined phases have been rather further 

identified by a set of affected persons with formerly identified conclusions applying the R-N-F 

stratum with the O-C-T imagery. The results have represented the good correspondent of the CESS 

system.  

In [71], the computerized retinal stratum subdivision has been performed by applying the O-C-T 

images. Primarily, the image has been cropped into multiple segments. The cut down have been 

done on the basis of vessels and no vessels segments and likely, on presence and absence of the 

retinal blood vessels. The bilateral and median filters have been used to the smooth-on vessels 

segment. The retinal stratum borders have been indicated applying canny edge detector and the 

distances have been bridged up via interpolation.  

 

 

Figure 3-6: Retinal Stratum in O-C-T image [71]. 

The viscosity of the R-N-F stratum has been determined by the gap among the upper and lower 

fitted borders. The module has been able to authentically divide five retinal stratums. Figure 3.6 

demonstrates basic stratums of the retina involving OPL, ONL, IPL, 1S/OS junction stratum, INL, 

R-P-E cell stratum and R-N-F stratum. The stratum’s viscosity is normally applied for glaucoma 

diagnosis applying the O-C-T imagery.  

In [72], an algorithm based on basic identification of retinal vitreal border applying the sobel edge 

detector has been applied for glaucoma diagnosis applying the O-C-T imagery. The input image 

has been transformed into the binary image applying Otsu’s thresholding method. Only the area 

above 500 pixels has been considered as an area of interest after carrying out opening, closing and 

association of non-zero pixels. The two mask images have been generated to verify the area of the 
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retinal choroid. Resultantly, horizontal and vertical lines have been based on retinal choroid edges 

for the verification of disc margin. Likewise, on the base of retinal choroid termination points, cup 

edges have been marked on retinal vitreous border.  Figure 3.7 (a) demonstrates O-C-T image with 

cup and disc in a normal eye, similarly, figure 3.7 (b) represents O-C-T image with cup and disc 

in glaucoma affected eye.  

 

(a) (b) 

  

Figure 3-7: C-D-R in O-C-T [72], (a) Normal C-D-R in  O-C-T, (b) Glaucoma C-D-R in  O-C-T, The white blocks 

represent the edges of detected cup and disc, the vertical/horizontal thin lines shows the distance between the edges.  

 

M. Wu et al. [73] have applied a computerized C-D-R estimation algorithm applying the O-C-T 

imagery. Mainly, there are two different stages in the computing procedure. In the second part, the 

disc margins have been positioned, while a spot examining algorithm applying Support-Vector-

Machine (S-V-M) is installed. The disc side-line positioning has been executed by erasing the 

speckles applying “bilateral filters” and picture resampling in x axis course. The external border 

of the R-P-E stratum has been divided applying 3D chart pursuit methodology.  The point with 

maximum twist on the R-P-E stratum is considered as the Neural-Canal-Opening (N-C-O). 

In the subsequent stage, the much possible spot is pointed by the S-V-M classifier applying “local 

binary” outlines and “histogram of gradient” (HOG) features. Then, blotches with the raised 

possibility nearby the NCO entrants have been chosen by applying an examining technique. The 

cup boundary is computed based on the NCO position and the I-L-M stratum border. In the last 

stage, the C-D-R value is carried out. The module is assessed on the O-C-T images of seventeen 

glaucoma affected persons. The calculation has shown raised subdivision preciseness and low C-

D-R assessment error in contrast with the conventionally computed C-D-R values.   

An alternative automatic C-D-R estimation algorithm has been applied in [74]. It has applied 

bilateral filters to erase the spatter noise. The “Otsu’s thresholding” is used to high light the R-N-

F stratum. The morphological opening has been used to erase separated spatters. The I-L-M 

stratum has been erased by eradicating all top most pixels with same neighbours from the picture. 
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The R-P-E stratum is segmented by extracting the extreme bright part of every column. The picture 

flattering is executed by snubbing entirely data points outside a quantified gap. The R-P-E stratum 

break points are located on these binary images after flattering. These spots are additional 

transformed by limitation based on the R-P-E and I-L-M stratum. The gap among the R-P-E 

stratum ends has been applied to verify the diameter of disc. The diameter of cup has been 

calculated at a gap of almost 150 micron from OD edges. The calculations have shown that the 

module has been capable to somehow diagnose glaucoma cases.  

R. Nithya et al. [75] have involved both the O-C-T and the fundus imaging modality of same 

patients for the diagnosis of glaucoma. The objective has been to assess the mutual impact of 

imaging techniques and correspondence algorithm. The C-D-R estimation has been done by 

applying various subdivision procedures for the cup and disc subdivision using Fundus-Images. In 

the O-C-T images, primary “RGB” colour space conversion into “LAB” couloir space has been 

done. Then the detection of R-P-E and R-N-F stratum has been done on L channel.  These stratums 

have been applied to define a reference plane. The two horizontal as well as perpendicular lines 

have been manifested with position to the central of the O-C-T image. The 2 points cross sectioning 

on the R-P-E stratum have been considered as the cup diameter.  Likely, the crossing data points 

on the R-N-F stratum have been considered as the diameter and disc. The C-D-R value is lastly, 

computed applying the disc and cup diameters. The conclusions have proved the signified grander 

performance of the O-C-T image analysation.   

Similarly, T. Ganesh Babu et al. [76], have also included fundus as well as O-C-T images in the 

computerized glaucoma analysis. The 2 structural values, C-D-R and I-S-N-T ratio is applied for 

the Fundus-Image categorization applying Back-Probation-Neural-Network (B-P-M) and S-V-M 

in the O-C-T image cataloguing.  Basically, the C-D-R has been calculated applying morphological 

practical to indicate the Retinal-Vitreal (R-V) as well as Retinal-Choroid (R-C) borders. Further, 

the borders have been applied to compute the ends of the cup and disc as well. The C-D-R 

assessment is further enhanced by classifying the R-V applying “wavelet” conversion and R-C has 

been extracted applying “multilevel thresholding”. The “Bezier Curve” fitting have been applied 

to smoothen the R-C and R-V borders. Similarly, the retinal viscosity is estimated by calculating 

white pixels in a second as well as third quadrant of the generated binary image attained by 

“multilevel thresholding”.  The R-V border has been also applied to assess the cup depth. The 

above stated three O-C-T image schemes have been applied for classification applying back-
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propagation neural network and S-V-M. Almost 150 OCT images were applied for assessing the 

module. The calculations have demonstrated improved results of fundus imaging modality in both 

of the classifiers. However, the S-V-M has given improved calculations when both the O-C-T and 

fundus features have been pooled getting 96.92% validity.  

Likewise, an automatic module has been introduced by using R-V stratum border and area of R-C 

in the C-D-R calculation [77]. The R-V stratum border has been divided utilizing wavelet 

transform on the R-plane image; on the other hand, the R-C area has been calculated applying 

multilevel thresholding method. The “Bezier Curve” is used to even the borders of R-C and R-V 

stratums. The complete of 125 OCT images have been applied for the assessment of the module. 

The method has been capable to attain 92% accuracy.  

Table 3-3 shows an overview of the referred diagnosis feature applied for glaucoma detection and 

accuracy obtained correspondingly. It could be observed while analysis of the table data that 

mostly the cases validity has not been attained. The absences of conclusions are because of 

unavailability of any standardized dataset of the O-C-T images for glaucoma.  

   

Table 3-3: Automated Detection of Glaucoma based on structural features from O-C-T images 

Feature # Images Accuracy 

Optic Nerve Head Tissue Properties[64] NA NA 

Rim Width[65] NA NA 

Anterior Chamber Angle[66] 148 85% 

Anterior Chamber Angle[67] 39 97% 

Macula Thickness[68] NA NA 

R-N-F thickness[69] NA NA 

Biomechanical Corneal Properties[70] NA NA 

R-N-F[71] NA NA 

C-D-R[72] NA NA 

C-D-R[73] 17 NA 

C-D-R[74] NA NA 

C-D-R[75] NA NA 

C-D-R[76] 150 96.92% 

C-D-R[77] 125 92% 

 

Likewise, an automatic module has been introduced by using R-V stratum border and area of R-C 

in the C-D-R calculation [77]. The R-V stratum border has been divided utilizing wavelet 



 

 

57 

 

transform on the R-plane image; on the other hand, the R-C area has been calculated applying 

multilevel thresholding method. The “Bezier Curve” has been used to smooth the borders of R-C 

and R-V stratums. The complete of 125 images have been applied for the assessment of the 

module. The system has been capable to attain 92% accuracy.  

Table 3-3 shows an overview of the referred diagnosis feature applied for glaucoma detection and 

accuracy obtained correspondingly. It could be observed while analysis of the table data that 

mostly the cases validity has not been attained. The absences of conclusions are because of 

unavailability of any standardized dataset of the O-C-T images for glaucoma. 

3.1.2.2. C-S-L-T Imaging Technology 

The Confocal-Scan-Laser-Technology (C-S-L-T) is also a latest imaging module. It utilizes a laser 

beam to store images. Confocal imaging is the procedure of scanning object part by part by a 

considered laser light. It captures the reflected light via small operator termed as a confocal 

pinhole. The C-S-L-T has been used in glaucoma diagnosis and estimation.  

In [78], it has been recommended that the analysis of interior plexiform stratum applying the C-S-

L-T could be applied as an initial indication of glaucoma deterioration. A review of Scan Laser 

Polarimetry has been performed on the principle of operation, examining processes, clinical parts 

and calculations of basic diagnostic processes [79]. The author concluded that this method can be 

applied for the initial diagnostic glaucoma using detection schemes like R-N-F stratum viscosity 

and parapapillary region. Table 3-4 shows contrasts of few computerized schemes for glaucoma 

diagnosis applying the C-S-L-T images on the base of structural referral detection feature.  

 

Table 3-4: Structural Features used for Automated Glaucoma detection using C-S-L-T Images 

Feature Detection/Prediction 

Inner-Plexiform-Stratum(I-P-L) [78] Detection 

R-N-F and papillary area [79] Prediction 

3.1.3. Non Structural Analysis 

Non-structural analysis deals with the overall exterior of O-D. The glaucoma causes variation in 

the concentration and texture of O-D. These transformations can be stored applying various texture 

analysis techniques. The ML method utilizing non- structural features along with structural 

features have also been applied for diagnosis and estimation of glaucoma [51], [55], [67], [68], 
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[80] - [92]. The ML methods have proven to be very effective in exact identification of many 

diseases in several research studies. In this part, a difference of some of the latest performances 

with reference to glaucoma detection using the ML methods has been carried out. The ophthalmic 

imaging type along with the ML method, referral detection features (RDF) and accuracy are 

mentioned in table 3-5.  

In research work, the computerised glaucoma diagnosis has been done applying the fundus images 

and statistical features by mode of the S-V-M classifier and achieved 93.10% authenticity [80]. 

The glaucoma diagnosis has been performed by applying the fundus imaging technique based on 

spatial and frequency data naïve Bayes classifier performing a total of 86% accuracy, the S-V-M 

classifier attained 88% accuracy and the C-SVM classifier has shown 93.33% accuracy 

correspondingly [81], [83], [82]. The PCA Data Description has gained 94% accuracy using local 

and universal concentration changes across pictures (texture) [55]. In an alternative study, 

computerized diagnosis has been executed applying texture features and the S-V-M as classifier 

[84]. The module delivered 91% accuracy applying the fundus images.  

The R-N-FD has been applied for estimation of glaucoma at its initial phase utilizing neural 

networks in [85]. A hybrid feature set comprises of statistical and texture features extracted from 

the fundus pictures and the KNN classifier for the categorization has been capable to obtain an 

accuracy of about 98% [86]. In an alternative inspection, the estimation of glaucoma has been 

executed on the basis of Fibre Nerve Stratum Defects applying the synthetic neural networks. The 

task has been further revised in 2012 by uniting clinical data and Nerve Fibre Stratum Defects; and 

repeatedly, the synthetic neural networks have been applied for the categorization. The module 

obtained a total of 80% authenticity [51]. The R-N-F stratum can be viewed in figure 3.2 (b) high 

lightened in the colour green.  

In [67], computerized glaucoma diagnosis has been performed applying the O-C-T images based 

on the anterior region angle measurement applying Neural Network ML methods and 

demonstrated 97% validity. Likewise, in [68] and [64], the calculation of glaucoma has been 

executed on the basis of macula viscosity applying the S-V-M classifier and the O-N-H tissue 

properties by mode of Multivariate adaptive regression spline ML technique correspondingly.  

In scan laser tomography, the laser light is applied to brighten tissues and store sequel of high 

definition images. In [87], a median image is computed from three accessible sample images in 

order to restrict deteriorated boundary pixels and outlier points over the three image samples. Later, 
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the features like invariance to translation, rotation and scale of overall image geometry have been 

extracted applying Orthogonal Zernike moments. The categorization has been performed by 

applying the perceptron; the module delivered 78% validity. 

In [88], feature extraction has been performed directly from S-C-L-T images applying moment 

techniques and statistical features involving mean and median of the images. The division has been 

done applying S-V-M. The module has obtained of about 86% accuracy. In another study, a 

Bayesian framework has been applied for the initial glaucoma diagnosis applying texture features 

of the C-S-L-T images and attained 89% validity [89]. 

 

Table 3-5: ML Techniques involved in Glaucoma Diagnosis 

Imaging  Purpose R-F-D ML Technique Accuracy 

Fundus-Images [80] Glaucoma-Detection Texture-Features S-V-M 93.10% 

Fundus-Images [81] Glaucoma-Detection 
 C-D-Rand Texture-

Features 
Naïve Bayes classifier 86% 

Fundus-Images [83] Glaucoma-Detection Texture-Features S-V-M 88% 

Fundus-Images [82] Glaucoma-Detection Texture-Features S-V-M 93.33% 

Fundus-Images [55] Glaucoma-Detection  O-D  Structure PCA Data Description 92% 

Fundus-Images [84] Glaucoma-Detection Texture-Features S-V-M 91% 

Fundus-Images [85] Glaucoma-Prediction R-N-FD Neural Network NA 

Fundus-Images [86] Glaucoma-Detection Texture-Features KNN 98% 

Fundus-Images [51] Glaucoma-Prediction 
R-N-FD and Clinical 

Data 
Neural Network 80% 

 O-C-T [67] Glaucoma-Detection Anterior Chamber Angle Neural Networks 97% 

 O-C-T [68] Glaucoma-Prediction Macula Thickness S-V-M NA 

 O-C-T [64] Glaucoma-Prediction ONH tissue properties 
Multivariate Adaptive 

Regression Splines 
NA 

CSLT [87] Glaucoma-Detection Texture-Features Perceptron 78% 

CSLT [88] Glaucoma-Detection Texture-Features S-V-M 86% 

 O-C-T [89] Glaucoma-Prediction Texture-Features CNN 84% 

Fundus-Images [90] Glaucoma-Detection 
Two-dimensional 

empirical wavelet 
SVM 96.6% 

Fundus-Images [91] Glaucoma-Detection 

Spectral and Phase 

features from the 

Textons 

KNN 95.7 

Fundus-Images [92] Glaucoma-Detection Texture-Features S-V-M 97% 

 

Similarly in another study O-C-T images has been used for glaucoma diagnosis using Convolution 

Neural Network (CNN) using nerve fibre stratum and ganglion cell thickness. The system 
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delivered 84% accuracy [89]. In a study in 2017, S. Maheshwari, R. Pachori and U. Acharya [90] 

have entangled in the red, green, blue channels and Gray-Scale-Image of coloured fundus image 

to extract texture features by utilizing 2D empirical wavelet variation applying 2D empirical little 

wood Paley wavelet variation. The correntophy has been extracted from the broke down 

mechanisms of 2D EWT; features with raised T value have been utilized for the division applying 

S-V-M. The module obtained 96.6% validity on a local dataset of 60 images.  

Likely, in the same passage, U. Acharya et al. [91], represented another solution for computerized 

detection of glaucoma by once again applying texture features. The adoptive histogram 

equalization method has been applied to upgrade the combination of gray scake image. The Leung- 

Malik (LM), Schmid (S) and maximum response (MR4 & MR8) filter banks have been used to 

the grey scale images and textons have been extracted. The local configuration pattern (LCP) has 

been used to extract needed spectral and stage features from the textons. The sequential forward 

search technique followed by t-test assists in feature selection and ranking. Salient parameters are 

fed to various classifiers for comparison. An authenticity of 97.7 % specificity of 93.7 % and 

sensitivity of 96.2 % is obtained applying KNN classifier and LM filter bank for six significant 

features on a local dataset of 703 images.  

 Likewise in [92] local binary patterns has been used for texture feature extraction of 580 fundus 

images. S-V-M has been used for classification. The system achieved 97% accuracy. 

3.1.4. Clinical Examinations  

P. Hrynchak et al. [93] have associated the C-D-R values of normal eyes detected from the visual 

assessment of the O-C-T images along with medical verdicts of the C-D-R values obtained via 

fundoscopy. The clinical result has been executed by the two proficient physicians via dilated pupil 

of 20 patients. Similarly, the O-C-T images for a disc and cup and disc determination have been 

analysed discretely by both investigators. The cup ends have been reflected as the top points on 

the superficial of optic nerve afore the inner modulation. Likewise, the end points of the R-P-E 

stratum are taken as the disc boundary. The cup breadth has been calculated at 2 differentiated 

positions. Primarily, the broadness has been measured at a position ½ ways downcast parallel 

sides. Further, it has been measured at a point 1/3 ways down parallel sides of the cup. The 

conclusions have demonstrated that the C-D-R values measured by measuring cup width at a point 

½ ways downcast slope have been nearer to the C-D-R values of the medical illustrations.  
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In [94], a theory has been performed to explore the finest O-C-T scanning area for an operative 

and validate glaucoma detection. Almost 72 patients have been engaged in the investigation. The 

total visual examination, O-C-T scanning and Visual-Field (V-F) analysis of the macula papillary 

and Optic-Nerve-Head (O-N-H) area have been executed for each patient on the same 

appointment. The calculations have also demonstrated that O-N-H factors have the finest 

comparative aptitudes to bring out comparison among glaucomatous and healthy eyes. The 

topographic calculations of the O-D of normal eyes of about 150 subjects have been examined in 

[95]. An auto generated analysis of images has been executed applying software. The analytical 

study has shown that the vertical width of disc found to be magnified than the horizontal width of 

disc in 88% subjects. Similar to this, rim vertical width has been shown considerably larger than 

the horizontal rim width. Similarly, the horizontal cup width has been viewed as greater than the 

vertical cup width. The mean cup to disc ration (CDR) has been explored as 0.33± 0.15. The result 

publicized that there is no significant contrast among O-D characteristics of man and feminine 

eyes.  

An examination is done by C. Leung et al. [96] to show the significance of the standard of position 

plane, and its effect on the calculation of the O-N-H properties. The RFN stratum viscosity and O-

N-H properties of 101 patients has been measured at 95 µm, 150µm and 205µm overhead the 

standard of R-P-E stratum. The conclusions have demonstrated that the values calculated at 150µm 

overhead the R-P-E stratum produced the finest calculations for initial glaucomatous eye 

diagnosis. It was concluded that of reference position has a huge effect on the measurements of 

the O-N-H calculation. It has been further suggested that the standard of reference place ought to 

be remain constant in the consecutive analysis.  

Similarly, an investigation has been performed to differentiate the V-F weaknesses and O-C-T 

factors [97]. A total of 298 subjects have been engaged in the analysis. The subjects have been 

categorised into further four clusters based on the O-D deterioration. The Focal Ischemic (FIC) 

cluster referred subjects with focal loss of the O-D area; Myopic (MYC) denoted to titled O-D , 

Senile- Sclerotic (SSC) denoted O-D with shallow cupping and Generalized- Enlargements (GES) 

represented enlarged cup O-D. Superior/Inferior (S/I) comparisons, O-D parameters, R-N-F 

stratum, Ganglion Cell Inner Plexiform stratum (GCIP) viscosity has been measured. The 

calculations showed that the S-I comparisons have been larger in the GES set while SSC has the 

biggest rim region. The C-D-R value of the GES cluster is viewed to be higher than the MYC 
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cluster. The GCIP viscosity of the GES cluster has been showed higher than the FIC cluster. 

Inclusive calculations have shown the transformations in the O-C-T factor values of 4 mentioned 

clusters due to divergent optic disc forms. Table 3-6 summarizes the exploration and findings of 

above described medical study.  

Table 3-6: Clinical Investigation Summary 

Author Examination #Subject Outcomes 

P. Hrynchak et al.[93] 
  C-D-R determination finest 

location 
20 

 Half way downcast the edges of 

cup 

G. Wollstein et al.[94] 
 Ideal scanning section for 

diagnosis of glaucomatous eye 
72 O-D Rim 

S. Dacosta et al.[95] Structural O-D examination 150 
O-D Vertical-Diameter > O-D 

Horizontal-Diameter 

C. Leung et al.[96] 
Glaucoma Diagnosis ideal 

reference plane position 
101 

150 micron overhead R-P-E 

stratum   

H. Shin et al. [97] 
Influence of O-D destruction 

on O-C-T measuring factors 
298 

O-D destruction cause substantial 

variation in O-C-T measuring 

factors 

 

3.2. Comparison and Analysis of Existing Systems 

A wide-ranging exploratory study of literature published in the last decade has been done to check 

the existing status of computerized glaucoma diagnosis [45] - [97]. Figure 3.8 demonstrates the 

percentage of the tasks accomplished in the last decade applying structural and functional features 

of an eye. As the graph 3.8 shows that structural feature C-D-R is most generally applied referral 

detection feature for glaucoma detection accounting 34 % of the complete study performed in this 

field. The texture features come next to the C-D-R along with 21 % performance in glaucoma 

detection. V-F is at 3rd point with 11% of accomplishment. The retinal stratums and anterior 

chamber angle are at fourth point with 7 % of each. The I-O-P and rim broadness are at fifth point 

with only 6 % of accomplishment attained in glaucoma detection. Then we have rim R-N-FD with 

total 4 % of work. Finally, we have the O-N-H tissue properties and biomechanical corneal 

properties with 2% each.  
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Figure 3-8: Percentage of Work done using Structural/Functional Features 

 

Likewise, the working and validity of various auto generated detection modules have been 

differentiated with one another. In figure 3.9, a chart is demonstrating accuracy plotted in 

opposition with each referral detection feature. In accordance to the theory, the texture features 

applying the 60 fundus images by means of the KNN technology has been capable to attain 

maximum validity of 98% ( Green bar in figure 3.9) [86]. Whereas, the C-S-L-T applying texture 

and perceptron ML technology with a maximum validity of 78% (Red bar in figure 3.9) [87].  

 

Figure 3-9: Accuracy Chart for Automated Glaucoma Detection 
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This exactitude chart ensures that the ML methodology can be applied to develop effective and 

more precise computerized glaucoma detection modules. Figure 3.10 demonstrates the dataset 

applied for the assessment of the auto generated glaucoma diagnosis module. In [52], a broad 

dataset of 1676 images has been applied for assessment of the modules and attained 88% 

authenticity applying fundus images and the simple thresholding method for categorization.  

 

Figure 3-10: Dataset used for Glaucoma Detection 

 

Likewise, in [55], 93% authenticity has been obtained applying dataset of 1192 images again 

applying the fundus images and thresholding method for the division. Viewing the figure 

3.10 we can conclude that computerized glaucoma diagnosis applying the fundus images is 

at a verified level whereas, there is big space for advancement in the computerized glaucoma 

detection using the O-C-T and C-S-L-T images.   

Variated ML method along with the frequent application of glaucoma diagnosis has been 

demonstrated in figure 3.11. In accordance with this examination, the most frequent and 

wide- spread applied ML method for glaucoma detection is the S-V-M accounting 57% of 

the computerized glaucoma detection work. The Neural networks are at a second position 
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with a total of 15 % of complete work. PCA Data Description, KNN, Regression Spline and 

Perceptron have contributed the 7 % of each work.  

 

Figure 3-11: Percentage of ML techniques used for glaucoma detection 

 

The figure 3.12 demonstrates a chart representing several publications with reference to the 

diagnosis and estimation of glaucoma in various fields. With reference to the survey, less 

work has been accomplished applying the C-S-L-T respectively. In C-S-L-T, most of the 

work has been executed for diagnosing glaucoma at initial stages. Likewise, a lesser amount 

of focus has been seen on a functional feature of an eye for glaucoma detection. The 

functional features of an eye have been mostly applied for an initial detection of glaucoma.  

 

Figure 3-12: Number of Publication in different Fields in last Ten Years 
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The conclusions of this analysis uncovered that in the last decade, focus of researchers has 

been mainly on the fundus and O-C-T imaging technique for glaucoma diagnosis. The fundus 

imaging technique has been vastly applied for glaucoma diagnosis at latter phases. However, 

the O-C-T imaging methodology has been applied by the researchers for the initial diagnosis 

of glaucoma.  

3.3. Research Gaps 

In the course of literature reviews following research gaps have been acknowledged. 

1. In fundus image analysis, mostly the investigators have been performed applying structural 

features (C-D-R) only. The modules based on C-D-R are fairly prone to the noise and low 

contrast values. 

2. Little effort has been put on non-structural and textural transformations with no focus on 

variations occurred due to the vessels and swelling of O-D.  

3. The O-C-T and retinal stratum analysis is not appropriately discovered to extract the C-D-

R and diagnose glaucoma. 

4. No standardized dataset is presented for the O-C-T image analysis for glaucoma 

5. No common dataset to allow fusion of fundus and the O-C-T image analysis has been 

found. 

3.4. Challenges 

Following are some of the key challenges in computerized diagnosis of glaucoma applying fundus 

and O-C-T imaging modalities. 

3.4.1. Fundus Imaging Modality 

1. The precise cup and disc dissection is one of the major challenges in the glaucoma 

exposure. The radiance deviations and presence of blood vessels sometimes affect the 

dissection process [52], [53, [56].  

2. The oculists look at overall variations in the O-N-H area while detecting glaucoma along 

with the C-D-R value. The O-N-H portion of the eye is the main pretentious area due to 

glaucoma disease. The challenge is to detect deviations in the O-N-H area even at an early 

level [81], [83], [85].  
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3.4.2.  O-C-T Imaging Modality 

1. A low quality image with poor picturing of image components is a generic problem in the 

O-C-T images with spatter noise [72], [73], [75].  

2. The correct discovery and extraction of retinal coating is critical part in the analysis of the 

SD-O-C-T images. The precision of system entirely depends on the accurate extraction of 

stratums. The extraction of inner stratums of retina necessitates additional attention and 

proficiency [72] -.[76] 

3. One of the difficult challenges in the C-D-R based diagnosis of glaucoma using SD-O-C-

T images is to determine precise cup in case of various inflection on the retina. The cup is 

usually determined by the first inward modulation on the retinal surface. It becomes almost 

impossible to identify precise cup in case of multiple modulations particularly when 

variations are larger than the original cup [93].  

4. The purpose of a stable reference plane for cup edges exposure is one of the most difficult 

tasks in C-D-R measures applying O-C-T images. The accurateness of the C-D-R value 

largely depends on the precision of extracted cup edges. A slender aberration or variation 

results in erroneous C-D-R measurement and eventually inaccurate cataloguing result [90], 

[96]. 

3.5. Summary 

The present computerized glaucoma diagnosis modules mostly use fundus images and C-D-R to 

diagnose glaucoma at later phases. Computerized glaucoma diagnosis applying fundus images at 

last stages is at a mature level but fails to diagnose glaucoma at initial stages. The ML methodology 

S-V-M has been broadly applied for computerized glaucoma diagnosis applying multidimensional 

data. The glaucoma affected is progressively vast each year. Manual monitoring for glaucoma is 

challenging and elusive in nature, it completely depends on adeptness of experts. A consistent 

computerized module is necessity that can analyse affected eye info on several indicators for 

glaucoma detection. The O-C-T can be efficiently applied for diagnosis of glaucoma at its initial 

due to its capability inner explanations of an eye. Our exploration has uncovered that a raised 

refined and reliable module can be established by assimilating the power of fundus and O-C-T 

imaging modalities on the basis of structural and textural analysis of retina. Such variated module 
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may have the capability to analyse multiple detectors in retina for more stable and initial detection 

of glaucoma.   
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Chapter 4  

Fundus Image Analysis for Glaucoma Detection 

The fundus image analysis module is one of the two core modules of the proposed hybrid computer 

aided diagnosis (H_CAD) system. It has been developed to analyse the fundus images based on 

structural and textural information of retina. This chapter elucidates the complete framework of 

the proposed fundus module. It offers comprehensive details on the two sub modules involved in 

the diagnosis process. It also deliberates the results of the proposed fundus module and comparison 

of these results with some other recently deployed techniques.  

4.1. Proposed Fundus Module  

The proposed system extracts structural and non-structural features from fundus image and 

classifies it as normal or diseased using S-V-M classifier. The input image is preprocessed before 

features extraction. The hybrid structural features (HSF) and hybrid textural features (HTF) are 

the two central submodules of the proposed fundus module. The HSF module extracts different 

topographic measurements of the retina. It includes the C-D-R calculation, Vertical Rim to Disc 

Ratio (RDR) computation and the examination of cup shape analysis the Enhanced Image (E).  

The HSF module includes extraction of three structural features (𝑓1-𝑓3) for the classification 

purpose. 

Contrarily, the final structure and texture of the O-D has been measured within the HTF module. 

The HTF module any contains of 2 sub modules. The primary sub-module includes the rim vessel 

extraction and also the computation of texture options from extracted rim vessels. Whereas the 

second sub-module involves formation of feature set supported the texture and intensity-based 

options extracted from mechanically cropped O-D a part of E image. Overall, a 116 intensity based 

structures (𝑓4-𝑓119) are extracted for classification within the HTF module. 

The HSF and HTF modules use the S-V-M together with the radial basis perform (RBF) for the 

classification. The results from the HSF and HTF modules are related to form a decision. If each 

the modules categorise it as eye diseasetous then the input image has been labelled as glaucoma. 

Similarly, if each the modules grade it as healthy, then it's classified as healthy. Conversely, if the 
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results of each the sub modules don't match, then the sample is labelled as suspected. The proposed 

system together with all results are printed in [98] Figure 4-1 depicts complete methodology 

 

Figure 4-1: Overview/Architecture of Proposed System 
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4.2. Image Scaling 

The binary object sizes (disc and cup size) and threshold values and differ due to two core causes 

i.e. dissimilar spatial resolution and dissimilar intensities. In preprocessing stage, these problems 

have been catered by enhancing, cropping and scaling of the image. Consequently, the input image 

has been preprocessed afore texture and structural feature calculation for improved extraction 

results. The O-D portion from the entire image has been mainly used for the analysis. Bilinear 

interpolation has been used to enhance spatial resolution and to bring all images on same scale of 

1150×1150.  

Bilinear interpolation is one of the primary images scaling techniques. It is a process by which 

high resolution image can be generated from a small or low resolution image. It is also capable of 

reducing visual distortions caused by resizing with less computational cost as compared to bicubic 

and B-spline interpolation [99].The bilinear interpolation uses 2 × 2 neighborhood of data points 

to calculate pixel colour between data points.  

4.3. ROI Segmentation 

Optic nerve analysis is required for detection of glaucoma. The proposed system uses intensity 

information along with blood vessel density to locate O-D from fundus [100]. The process of O-

D localization starts with pre-processing. In the pre-processing stage, back ground estimation and 

noise removal has been done. In next stage, candidate O-D regions are detected followed by blood 

vessel detection. Lastly, O-D detection has been done on the base of vessel density in the candidate 

O-D region. Figure 4.2 (a) and (b) show original and cropped images respectively. 

(a) (b) 

  

Figure 4-2: Image Cropping (a) Original Image (b) Cropped Image. 
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4.4. Image Enhancement  

Image enhancement is one of the essential phases in the medical images analysis. The main reason 

behind the image enhancement is to bring out the information that is obscured and inconspicuous 

in the image. Histogram equalization is one of the widely used techniques for image contrast 

enhancement. A histogram is a graph which shows the number of pixels of each intensity values 

in the image. The histogram equalization is the process of scattering out intensity values alongside 

the entire range of intensity values to attain greater contrast [101].  

Figure 4.3 (a) shows the histogram of red channel, where all intensities values are skewed toward 

left in-between range of 170 and 255. After the histogram equalization, all intensities are 

distributed almost equally in-between 0 - 255 ranges as shown in figure 4.3 (b). This technique is 

particularly beneficial when an image don’t have a discriminate background. It is a powerful 

method for medical image enhancement [102] [83]. 

(a) (b) 

 
 

Figure 4-3: Image Enhancement, (a) Histogram of Red Channel, (b) Equalized Histogram of Red Channel. 

 

Figure 4.4 (a) shows the cropped image from the input image, which has very low contrast and it 

is tough to differentiate between the blood vessels, disc and the cup. Applying histogram 

equalization has remarkably increased colour contrast. Figure 4.4 (b) shows Enhanced (E) image 

after the histogram equalization. 

(a) (b) 

  

Figure 4-4: Enhanced Image, (a) cropped image (b) E image 
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Table 4-1: Results of T=0.1 to T=0.9 using Red & Blue Channels 

Input Image Results of T=0.1 to T=0.9 

 

 

 

 

 

 

 

 

 

 

 

 

 

The histogram equalization has three main steps. In first step, the count of number of pixels of 

each colour in the image has been done. The second step involves in producing a running sum of 

the count while scaling the output is the final step [103]. The histograms equalization of red, green 
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and blue channels was done individually in the proposed algorithm. Finally, the three equalized 

channels were combined to form a completely transformed image as shown in figure 4.4 (b). 

 

(a) (b) (c) (d) 

    

Figure 4-5: The E image RGB Channels (a) E Image (b) E image Red Channel (c) E image Green-channel (d) E 

image Blue Channel. 

 

In the proposed fundus module, all the three colour channels of input image have been involved 

for comprehensive investigation of glaucoma. Figure 4.5 shows red, green and blue colour 

channels of a fundus image. In proposed system we have used red channel for disc extraction, 

green-channel for blood vessel analysis and blue channel for cup analysis.  

4.5. HSF Module 

The HSF module consists of different structural features extracted from the fundus image for the 

diagnosis of glaucoma. Three structural features used in the C-A-D system are as follows.  

4.5.1.  C-D-R Calculation (𝒇𝟏) 

The C-D-R is one amongst the primary clinical indicators concerned in eye disease glaucoma 

identification [104]. In this eye disease, the cup size will increase because of the decay of fiber 

nerves inflicting a major distinction between the C-D-R value of glaucomatous and a healthy eye. 

The C-D-R value larger than 0.5 indicates affected eye. The entire method of the projected C-D-

R calculation involving 2 different color channels for cup and disc segmentation has been delineate 

in figure 4-6. 

4.5.1.1. Disc Segmentation 

Thresholding Red Channel: Thresholding is one of the most simple image segmentation 

techniques. It is less complex as compared to other advanced techniques like level sets, active 

contours etc. but in our case, thresholding is delivering accuracy over 90% (table 4-12 & 4-13). 

The primary goals of the image segmentation are to differentiate objects from the background and 
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to assign each pixel a code that specifies the object it belongs to [105]. The thresholding method 

replaces each pixel 𝑓(𝑥, 𝑦) in an image with a black pixel, if the image intensity at 𝑓(𝑥, 𝑦) is less 

than some specified constraint T, or with a white pixel if intensity is greater than T. The 

thresholding strategy adopted in our proposed system has been shown in equation 4.1.Primarily 

median, mean and Otsu's thresholding techniques has been used for cup and disc extraction but 

finest fits for O-D disc segmentation were obtained using the thresholding value.  

 

Figure 4-6: C-D-R Calculation Flow Chart 
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T=0.4. The table 4.1 shows results of T=0.1 to T=0.9 on red channel of input image. It can be 

observed from the table data that in each case best fit has been obtained on T=0.4 for disc 

segmentation using red channel. 

 

𝑔(𝑥, 𝑦) = {
1  𝑖𝑓 𝑓(𝑥, 𝑦) ≥ 0.4

0  𝑖𝑓 𝑓(𝑥, 𝑦) < 0.4
                            (4.1) 

 

The red channels offer supreme prominence of the disc, which creates it as the most appropriate 

channel for the disc extraction. Figure 4.5 (b) shows the red channel of E image, it is obvious from 

the figure that the red channel provides extreme prominence of the disc. Likewise, the binary image 

attained after threshold method applied to the red channel in the disc segmentation process has 

been displayed in figure 4.9 (c).  

Morphological Opening and Noisy Object Removal: The binary image obtained after the 

thresholding usually contains various imperfections. These imperfections can be effectively 

handled and removed using the morphological image processing techniques. Several nonlinear 

functions based on the shape of features are performed in these techniques. A structuring element 

also known as kernel is probed on the image to be analysed. This structuring element is compared 

with each pixel of neighbourhood by placing it on all possible places in the image. A structuring 

element or kernel is a small matrix with only zeros and ones as element values. The opening of an 

image includes dilation after the erosion. The erosion can remove unwanted small objects and 

dilation will restore survived area [106]. Figure 4.9 (d) represents image after morphological 

opening function. It can be seen that all the minor objects generating noise near O-D are deleted 

after the morphological opening which also smoothers the disc boundary. The large noisy objects 

cannot be removed during the morphological opening. In our proposed method, we removed all 

the objects lesser than a pre characterized size 𝑃𝑆 [107]. The value of 𝑃 has been computed 

empirically for images produced using scaling method. The half of average disc size value has 

been used to define the value of 𝑃. It can be seen in figure 4.9 (e) that we get pure disc area without 

any noise after removing all the smaller objects than 𝑃. 

Calculating Convex Hull: In the proposed algorithm, the convex hull method is used to 

calculate disc’s entire area. A polygon is considered as convex if it is non-intersecting and any two 
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points on boundary of polygon are inside the polygon. Figure 4.7 (a) shows convex set and figure 

4.7 (b) shows a non-convex set.  

 

(a) (b) 

  

Figure 4-7: (a) Convex Set, (b) Non-Convex Set. 

 

Similarly, the convex hull can be explained by this simple intuition. Consider PS as a set of points 

in a plane. Imagine the points of PS as being pegs as shown in figure 4.8 (a). The convex hull of 

PS is the shape of a rubber-band stretched around the pegs as shown in figure 4.8 (b).The convex 

hull can formally be defined as the smallest convex polygon that holds all the points of PS [108]. 

After the noise reduction, only the related bright pixels contributing in the disc region will persist 

in the binary image. The convex hull calculations of the survived area will contain all survived 

portions into a single disc part and also seals any unfilled portions or holes as shown in figure 4.9 

(f). 

 

(a) (b) 

  

Figure 4-8: Convex Hull, (a) Set of Point S, (b) Convex Hull of S. 

 

In binary images, the convex hull is that part of the object such that any two points if joined by a 

line segment should remain within this part. The convex hull of any object can be computed using 

four structuring elements𝐵𝑖, i= 1, 2, 3, 4 in equation 4.2, 4.3 and 4.4.  
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 𝑋𝑘
𝑖 = (𝑋𝑘−1 ∗ 𝐵

𝑖) ∪ 𝐴                                   (4.2) 

(𝑋𝑘−1 ∗ 𝐵
𝑖) = (𝑋𝑘−1𝐵

𝑖)  ∩ [𝑋𝑘−1
𝑐 (W-𝐵𝑖)]                     (4.3) 

𝐷𝑖 = 𝑋𝑘
𝑖  , 𝐶(𝐴) =  ∐ 𝐷𝑖4

𝑖=1                         (4.4) 

 

Let A be the image after region growing. Algorithm starts with  𝑋0
𝑖= A, and iteration continues 

k=1, 2, 3… till no change appears in 𝑋𝑘
𝑖 . Each resultant of i iteration is combined to get the convex 

hull.  

Disc Boundary Detection: John Canny developed the canny edge detector in 1986. It is also 

popular as optimal detector. The algorithm mainly fulfils three criteria. First is low error rate by 

detection of only existent edges. Secondly, good localization by minimizing the distance in-

between detected edge pixels and real edge pixels and finally, the minimal response by responding 

to only one detector per edge [109]. The Canny edge detector method has been found to be very 

effective when boundaries are to be detected. In the proposed method, it was used to detect the 

edge of disc area after computing convex hull. The accuracy of detected boundary was confirmed 

by plotting it on the original boundary as shown in figure 4.9 (g). 

(a) (b) (c) (d) 

    

(e) (f) (g) (h) 

    

Figure 4-9: Vertical Disc Diameter Calculation,(a) E image, (b) E image Red Channel, (c) Result of Thresholding 

method, (d) Result of Morphological Opening Function, (e) Resultant Image after removal of Large Noisy Objects, 

(f) The Convex Hull Computation Result, (g) The Boundary Detection of Disc , (h) The Vertical Disc Diameter 

Calculation. 
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Calculating Vertical Disc Diameter: The vertical disc diameter has been calculated using 

“Bounding Box” [110]. A bounding box is then plotted in figure 4.9 (h) to visualize the accuracy 

of assessed vertical length of the Disc. 

4.5.1.2. Cup Segmentation 

In cup segmentation the blue channel of E image is processed for cup diameter calculation. The 

blue channel provides the supreme visualization of the cup area (Figure 4.5 (d)). Maximum of the 

blood vessels spontaneously fuse into cup portion in the blue channel making it suitable for 

accurate cup extraction. Equation 4.5 has been used for thresholding blue channel of E image for 

cup segmentation. It is important to handle illumination noise for accurate cup segmentation, 

which may occur in some acute cases mainly around O-D. Figure 10 (a) shows a fundus image 

with illumination noise around edges of O-D. Figure 4.10 (d) shows blue channel of the E image. 

As shown in figure 4.10 (e), a binary image has been obtained by thresholding the blue channel of 

the E image using equation (4.5). The table 4.1 shows results of T=0.1 to T=0.9 on blue channel 

of input image. It can be clearly observed that the best segmentation of cup pixels has been 

obtained by using T=0.9 on green-channel of the input image.4.1 

 

𝑔(𝑥, 𝑦) = {
1  𝑖𝑓 𝑓(𝑥, 𝑦) ≥ 0.9

0  𝑖𝑓 𝑓(𝑥, 𝑦) < 0.9
                       (4.5) 

 

It can be perceived that the resultant binary image has segmented all the bright pixels including 

those false bright pixels which have been formed due to illuminations. The formation of false 

bright pixels due to illuminations causes error in cup extraction. In the proposed system, 

illumination noise has been catered by specifying a region based on disc edges as “Noise” area. 

Any object in this region is considered as noise and removed accordingly. Figure 4.10 (f) shows 

“Noise” area highlighted in the yellow. It can be seen in figure 4.10 (e), that the proposed noise 

removal technique for illumination has removed the false bright pixels from the binary image 4.10 

(f). A morphological closing has been performed after the noise removal. The closing of an image 

includes erosion after dilation. The morphological closing seals gaps in the object while retaining 

the initial size of the object. In our case, we have taken a large size circular structuring element for 

closing so that all the bright pixels can be included in the cup area after the removal of salt noise 
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[103]. In Figure 4.10 (g), we can visualize that all the bright areas are combined in a single cup 

area after the morphological closing.  

After morphological closing, the area opening function has been used to remove all the connected 

objects from binary image 𝐼 smaller than 𝑃 pixels. In our proposed method, we have removed all 

objects smaller than the cup by taking the value of 𝑃 equal to half of the average size value of cup 

extracted from a given dataset. Once again the Convex Hull method has been applied to compute 

entire cup region. The canny edge detector method has been used to extract boundaries of the 

segmented cup region and the resulting cup boundaries is showed on the original image in figure 

4.10 (h). The “Bounding Box” is applied to calculate the cup vertical diameter. The bounding box 

catching cup region is shown in figure 4.10 (h). 

 

(a) (b) (c) (d) 

    

(e) (f) (g) (h) 

    

Figure 4.10: Vertical Cup Diameter Calculation, (a) O-D Image. The arrow points illumination noise, (b) E image, 

(c) vertical Disc Diameter Calculated using proposed system, (d) Blue Channel of E image, (e) Thresholding Blue 

Channel. Nosie as a result of illumination error can be seen after thresholding, (f) Illumination Noise removal based 

on disc edges, (g) The Morphological Closing method and result of Convex hull computation, (h) Vertical Cup 

Diameter. 

 

4.5.1.3.  C-D-R Calculation 

The C-D-R value is computed by dividing the calculated Cup Vertical Diameter (CVD) to the 

calculated Disc Vertical Diameter (DVD) as shown in equation 4.6. 
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CDR =
CVD

DVD
                          (4.6) 

4.5.2. The Vertical RDR Computation (𝒇𝟐) 

The Neuro-Retinal Rim (NRR) is the space between the cup and disc boundary that contains axons 

of fiber nerve. The degeneration of the fiber nerves enforces rim size to decrease in this eye disease. 

The primary fiber nerves stricken by this eye disease are within the superior and inferior region of 

the N-R-R [30]. The inferior is the lowermost region of the N-R-R, whereas superior is the top 

region of the N-R-R. 

 

 

Figure 4-11: Vertical Rim to Disc Ratio 

 

 In our case, we have calculated the Vertical N-R-R (VNRR) that is that the thickness of the 

superior part of rim solely and it is calculated by taking the distinction of higher y-coordinates of 

cup and disc bounding box. Figure 4.11 shows the Vertical N-R-R (VNRR) because the white 

beverage of optical disk, where Dy and Cy are higher y-coordinates of Disc and Cup bounding 

box respectively. Similarly, the RDR is computed by taking by dividing VNRR to the DVD as 

delineated in equation 4.7. The entire method of the RDR calculation has been incontestable in 

figure 4.12. 

It is different from the C-D-R analysis as a decrease in RDR worth signifies eye disease glaucoma. 

In some cases, wherever the C-D-R values fail to get correct classification results, the RDR values 

will play a considerable role by analysing thickness of the superior region. The RDR value less 

than 0.1 is taken into account as glaucomatous [111]. Since the decrease within the VNRR is one 
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of the signs of eye disease glaucoma [112], thence we have got used the RDR as Associate in 

Nursing indicator of eye disease within the HSF module. 

 

RDR =
VNRR

DVD
                          (4.7) 

 

 

Figure 4.12: RDR Calculation Flow Chart 

4.5.3. Cup Shape Analysis (𝒇𝟑) 

The Fractal analysis are often used for the classification of medical pictures on the idea of the 

regularity and irregularity of the contour of the particular objects [113]. One of the first symptoms 

for eye disease designation involves changes within the cup form. It has been found that eye 

disease causes changes within the cup form within the initial stages.  

The cup countour is a lot of regular within the eye disease glaucoma eye whereas it is a lot of 

irregular within the traditional eye. Similarly, the Fractal dimension for the diseased eye is smaller 

because of its regular form whereas it is larger for the conventional eye because of lot of irregular 

form [114]. 
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Hausdorff s dimension is one of the primary approaches used to realize the Fractal dimension. The 

Hausdorff's fractal dimension of cup contour has been calculated to research cup contour within 

the proposed system. The cup boundary extraction has been achieved by erosion of the extracted 

cup (figure 4.10 (d)) and the subtraction of eroded cup from initial extracted cup as shown in figure 

4.13. Figure 4.13 (a) and (b) show extracted cup contours of the conventional and also the diseased 

eye severally. 

Considering an entity that has Euclidean dimension 𝐸𝑑, the Hausdorff’s fractal dimension D0 can 

be calculated by the subsequent expression: 

 

D0 = limϵ→0
logN (ϵ)

log ϵ-1
                               (4.8) 

 

Where  N (ϵ) is the calculating of hyper-cubes of measurement 𝐸𝑑 and size  ϵ that fills the object.  

 

Figure 4-12: Flow Chart of Cup Contour Fractal Analysis Process 
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The Hausdorff's dimension computation method [115] used in the proposed system is explained 

as follows. 

 

Algorithm 4.1: Hausdorff's dimension calculation 

Step 1 Pad the segmented cup contour image with background pixels so that its dimensions are a 

power of 2. 

Step 2 Set the box size ' ϵ ' to the size of the image. 

Step 3 Compute N (ϵ), which corresponds to the number of boxes of size '𝐸𝑑 ' which contains at least 

one object pixel. 

Step 4 If ϵ > 1 then  ϵ  =  ϵ  / 2 and repeat step 3. 

Step 5 Compute the points log (N (ϵ ))×log (1/ ϵ ) and use the least squares method to fit a line to the 

points. 

Step 6 The returned Hausdorff's fractal dimension D is the slope of the line. 

 

(a-1) (b-1) (a-2) (b-2) 

    

Figure 4-13: Cup Contour, (a-1) the normal eye O-D, (b--1) the normal eye cup shape, (a-2 ) the glaucoma eye O-

D, (b-2) the glaucoma eye cup shape 

 

The figure 4.14 demonstrates the process of dividing the box size. It can be seen in the figure that 

initially, the whole image of 8×8 is used for the object analysis in the first iteration. In the next 

iteration, the box size is divided by 2 and the image is divided in to four 4×4 boxes. After the 

division, each individual box is searched for the presence of the object. Similarly, the image is 

further divided constantly until the box size reaches to 1.  

 

Figure 4-14: Box size division methodology 
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The fractal dimension limit for the glaucoma eye is 1.11 to 1.15 and for the normal eye it is 1.16 

to 1.25 in the given dataset. 

4.6. HTF Module 

The texture of image has a close association with the underlying semantics of image as it gives 

information related to the spatial arrangement of intensities in the entire or a selected portion of 

the image. The structural changes caused by glaucoma can also be observed by analysing the 

intensity and texture based features. The figure 4-15 shows fundus image of normal and glaucoma 

eye. It can be observed that glaucoma causes change in intensities and overall texture of O-D due 

to enlargement of cup and blood vessels movement.  

 

(a) (b) 

  

Figure 4-15: Textural and Intensity based Variations in Normal and Glaucoma O-D, (a) Healthy Eye Fundus Image, 

(b) Glaucomatous Eye Fundus Image. 

 

The texture features also reduce the variations that are usually caused by clinicians while analysing 

the structural features. The HTF module is further divided into two parts. The first part is the 

extraction and texture analysis of the rim vessels while the second part only deals with the texture 

and intensity based analysis of the strictly cropped O-D portion. The precise O-D extraction has 

been done by fitting a rectangle on already extracted disc from HSF module. Figure 4.16 shows 

the texture and intensity-based features involved in the HTF module. 



 

 

86 

 

 

Figure 4-16: Intensity based and texture features used in HTF Module 

4.6.1. Rim Vessels Extraction (𝒇𝟒- 𝒇𝟗) 

The vascular changes may be among the first indicators of eye disease [116]. The vascular changes 

together with the abnormal look like vessel hemorrhage, distortion and thickness will play an 

important role within the eye disease glaucoma diagnosing [117].The primary and also the most 

affected vascular portion within the glaucomatous eye is that the rim portion of the O-D. 

In the planned methodology, solely the blood vessels of rim space are extracted from the whole 

O-D portion. Within the rim vessel detection method, primarily the vessel segmentation has been 

performed by “Multi-Layered Thresholding” as planned in [118]. During this segmentation 

method, the vessel segmentation has been achieved initially by employing a 2-D Gabor filter 

method and the thresholding based vessel segmentation has been performed within the next step. 

The skinny blood vessels together with the thick ones are extracted victimization “Multi-Layered 

Thresholding”.  

The rim vessels are more extracted once the vessel segmentation from the O-D image by applying 

a rim mask on the extracted O-D vessels. The rim mask has been developed on the base of extracted 

cup and disc. Within the rim mask extraction method, the extracted cup is inverted and then the 

logical AND operation is performed on the extracted disc and inverted cup image to come up with 

the rim mask. The rim vessels extraction method is explained in figure 4.17. 
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Figure 4-17: Flow Chart of Rim Extraction Process 

 

The figure 4.18 shows extracted rim vessels using proposed method. The subsequent six features 

have been additional acquired from the rim vessels 

1. The entire area enclosed by vessels map of neuro-retinal rim (f4) 

2. The mean of the Regions in the Vessel map of neuro-retinal rim(f5) 
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3. The kurtosis of the scattering of the areas of the vessels in the neuro-retinal rim (f6) 

4. The Standard deviation of the scattering of parts of the vessels in the neuro-retinal rim 

(f7) 

5. The largest region area in vessel map of neuro-retinal rim (f8) 

6. Smallest region area in vessels map of neuro-retinal rim (f9) 

 (a) (b) (c) (d) 

    

Figure 4-18: Rim Vessels Extraction, (a) normal eye O-D, (b) rim vessels in normal eye, (c) glaucoma eye O-D, (d) 

rim vessels in glaucoma eye 

4.6.2. Gray Level Cooccurrence Matrix (GLCM) (𝒇𝟏𝟎- 𝒇𝟏𝟒) 

The GLCM offers measurements about the comparative location of the neighborhood pixels in the 

given image [119]. The O-D of glaucoma eye is found to be more homogeneous due to cup 

enlargement. Similarly, the normal eye has high contrast as compared to glaucoma eye due to 

occurrence of blood vessels. These variations in intensity levels of O-D in glaucoma effected eye 

can be caught using the GLCM features. The GLCM for an image I of size  m ⨯ n is described in 

equation 4.9. 

 

 P (i, j) =  ∑ ∑ {
1 if I (x, y) = i and I (x + x , y + y) = j

0      otherwise           
N
y=1

N
x=1                 (4.9) 

 

Variables ∆x and ∆y are the distances between the pixel and its neighbours along x and y axis, 

respectively. 

The subsequent five GLCM features [120] have been mined and used in the proposed system. 

 

Contrast (𝒇𝟏𝟎): It measure the amount of variation in intensities based on spatial distribution of 

gray-levels in image. The glaucoma eye tends to have less contrast due to cupping and blood 

vessels movement as compared to normal eye. 
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 CT =  ∑ n2G-1
n=0 {∑ ∑Gj=1 P(i, j)}G

i=1 , |i- j| = n                      (4.10) 

Entropy (𝒇𝟏𝟏): It measures the complexity and disorders in image. The glaucoma eye will have 

low entropy due less complex structure as compared to normal eye. 

 ET = ∑ ∑ P(i, j)  ⨯ log(P(i, j))G-1
j=0

G-1
i=0                     (4.11) 

Correlation (𝒇𝟏𝟐): It measure the gray ton linear dependencies. The glaucoma eye will have high 

correlation as compared to normal eye due to more homogeneous texture.  

 CR = ∑ ∑
{i ⨯j}⨯P(i,j)-{μx ⨯ μy}

σx⨯ σy

G-1
j=0

G-1
i=0                      (4.12) 

Cluster Shade (𝒇𝟏𝟑): It measures the skewness of matrix. The cluster shade of symmetrical images 

will be high. The glaucoma eye will have high cluster shade due to cupping. 

 CS = ∑ ∑ {i + j- μx- μy}
3
 ⨯ P(i, j)G-1 

j=0
G-1
i=0                                             (4.13)  

Energy (𝒇𝟏𝟒): It shows the textural homogeneity. Energy of homogeneous images will be high. 

Similarly, the glaucoma eye will have high energy as compared to normal eye. 

 EG =  ∑ ∑ (P (i, j))2G-1 
j=0

G-1
i=0                                                    (4.14) 

 

In the above equations,  G represents the sum of gray levels used and 𝜇𝑥, 𝜎𝑥,𝜇𝑦, 𝜎𝑦 denotes means 

and standard deviations of 𝑃𝑥 and 𝑃𝑦. 𝑃𝑥(𝑖) is the ith entry acquired by adding the rows of the  P(i, j). 

4.6.3. Discrete Wavelet Transform (DWT) (𝒇𝟏𝟓- 𝒇𝟓𝟒) 

DWT can be applied to mine both the intensity and spatial information. As an alternative of 

attaining over-all image features, it gathers information in vertical, horizontal and diagonal 

directions. The key purpose to apply DWT as a texture analysis in the planned solution is to capture 

new variables from the matrix of the image that concentrates on information to distinguish between 

the glaucomatous and normal samples. 

The wavelet transform is capable of analysing image on different resolution. In proposed system 

DWT has been used to filter blood vessels and decompose image to a smaller resolution (level 4 

decomposition). This decomposition helped us to minimize effect of blood vessels and extract the 

base set of O-D i.e. the cup and disc. It enabled us to analyse and compare normal and glaucoma 
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images more effectively at a low resolution holding only information related to cup and disc 

exempting the effect of blood vessels. 

 

Figure 4-19: DWT Tree, L stands for low pass filter and H stands for high pass filter. 

 

In the digital image, the sleek variations in colours are called low-frequency variations, whereas 

the sharp variations are termed as high-frequency variations. A method to isolate sleek variations 

and details from a picture can be achieved by applying DWT method. This linear transformation 

functions on information vector with length of number power of 2. It isolates every information 

into distinct frequency modules and so studies every module with matching resolutions to its scale. 

The computation of the DWT has been finished cascade of filtering followed by an element a pair 

of sub-sampling as shown in figure 4.19. Outputs of high and low-pass filters are given by 

equations (4.15) and (4.16) [121]. 

 

𝑎𝑗+1 [𝑃] = ∑ 𝑙 [𝑛 − 2𝑝]𝑎𝑗 [𝑛]
+∞

𝑛=−∞
                                (4.15) 

 

𝑑𝑗+1 [𝑃] = ∑ ℎ [𝑛 − 2𝑝]𝑎𝑗 [𝑛]
+∞

𝑛=−∞
                                (4.16) 

 

The aj subscript components are used for the subsequent step of the conversion and djsubscript 

component is the coefficient of the wavelet, which confirm the transformed output. Where the  

 l [n] is the coefficient of the low-pass filter and  h [n] is the high-pass filters coefficient. Assuming 

that scale  j + 1 has half of the information of  a and  d components than scale j. It helps to perform 

the DWT till only two aj subscript components called scaling function coefficients remain in the 

image to be analysed. The figure 4.20 shows the step by step decomposition of the input image to 

level 4. In the proposed system, 40 features are extracted by computing first 2 moments of wavelet 

coefficients from 20×20 decomposed image at level 4.  
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Figure 4-20: Image Decomposition Using DWT 

4.6.4. Mean Gray-level (𝒇𝟓𝟓) 

The cup is the brightest section within the O-D. In the diseased eye, the mean gray-level of the O-

D is found to be larger than traditional eye due to the wide cup. The mean Gray-level of the O-D 

image has been calculated by changing the RGB image to grey scale followed by its mean 

computation. 

4.6.5. Gray-level Run Length (𝒇𝟓𝟔- 𝒇𝟔𝟐)   

 A grey-level run is a assortment of consecutive and one-dimensional image pixels with similar 

gray level intensities. The measure p(i , j) of matrix states the count of a run of length j with grey 

level i within the given direction [122]. The gray-level runs are found to be longer in even texture 

pictures than the uneven texture in digital pictures [123] [83]. There are comparatively additional 

gray-level runs normal eye as compared to diseased eye image due to the uneven texture. Within 

the projected technique, seven texture options from the run-length matrix are extracted. Out of 

those seven options, following are the 5 options introduced by Galloway [122]. 

Short Runs Emphasis (𝒇𝟓𝟔):  

SRE =
1

nr
∑ ∑

P(i,j)

j2
N
j=1

M
i=1 = 

1

nr
∑

Pr(j)

j2
N
j=1                                (4.17) 
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Long Runs Emphasis (𝒇𝟓𝟕):  

LRE =
1

nr
∑ ∑ P(i, j)- j2N

j=1
M
i=1 = 

1

nr
∑ Pr(j)-j

2n
j=1                               (4.18) 

 

Gray-Level Non-uniformity (𝒇𝟓𝟖):  

GLN =
1

nr
∑ (∑ P(i, j)N

j=1 )
2M

i=1 = 
1

nr
∑ Pg(i)

2N
j=1                               (4.19) 

Run Length Non-uniformity (RLN) (𝒇𝟓𝟗):  

 

RLN =
1

nr
∑ (∑ P(i, j)M

i=1 )
2N

j=1 = 
1

nr
∑ Pr(j)

2N
j=1                                          (4.20) 

 

Run Percentage (RP) (𝒇𝟔𝟎):  

RP = 
nr

np
                                   (4.21) 

In addition, the two features proposed by Chu et al. [124] used in the proposed system are as 

following:  

Low Gray-Level Run Emphasis (LGRE) (𝒇𝟔𝟏): 

 

LGRE =
1

nr
∑ ∑

P(i,j)

i2
N
j=1

M
i=1 = 

1

nr
∑

Pg(i)

i2
N
j=1                                (4.22) 

 

High Gray-Level Run Emphasis (HGRE) (𝒇𝟔𝟐): 

 

HGRE =
1

nr
∑ ∑ P(i, j). i2N

j=1
M
i=1 = 

1

nr
∑ Pg(i). i

2N
j=1                               (4.23) 

 

Where, 𝑛𝑟 and 𝑛𝑝is the total quantity of runs and total quantity of pixels in the given image, 

correspondingly. Since that maximum features are the functions of Pr(j), deprived of perceiving 

the gray level statistics enclosed in Pg(i).   
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4.6.6. Segmentation-based Fractal Texture Analysis (SFTA) (𝒇𝟔𝟑- 𝒇𝟏𝟏𝟏) 

The complication of the shape can be evaluated and judged by mean of fractal dimension. The O-

D portion of a normal eye found to be more complex because of the existence of big blood vessels 

in contrast to the glaucoma effected eye O-D. The effect of blood vessel is minimized in the 

glaucomatous eye O-D due to enlarged cup (See figure 4.13). A proficient Segmentation-based 

Fractal Texture Analysis (SFTA) has been offered in [114]. The SFTA algorithmic program 

consists of 2 main parts: initial decomposition of the input image into teams of binary pictures 

applying Two-Threshold Binary Decomposition (TTBD) algorithmic program. Then the shape 

dimension of every resultant binary image has been computed. The TTBD more consists of 2 main 

parts: initial a group of the thresholding (STV) values calculated by applying multi-level Otsu 

algorithm; second the grey scale image  I (x, y) has been disintegrated into cluster of binary 

pictures by selecting pairs of threshold values from STV.  

The two-threshold segmentation has been applied as following: 

 

Ib (x, y) = {
1  if tl < I(x, y) ≤ tu 
0          otherwise

                                (4.24) 

 

Where tl is the lower threshold value and tu  is the upper threshold value. Similarly, the regions 

boundaries  (x, y) of binary image Ib (x, y) have been computed as following: 

 

(x, y) =  

{
 
 

 
 1  if ∃(x

' - y')  ∈ N8 [(x, y)]

Ib (x
' , y')  = 0 ∧

Ib (x
' , y')  = 1,

0  otherwise

                                          (4.25) 

 

In the above equation, 𝑁(8 ) [([(𝑥, 𝑦)])] is the set of 8-connected pixels to(x, y). If pixels at 

location(x, y) in resulting binary image I_b (x, y) has the value as 1 and at minimum one of 

neighbourhood pixel has 0 value, then 1 value is allocated to  (x, y), else 0 value is allocated to 

 (x, y). The Fractal Dimension D0 of each boundary image has been calculated by equation 4.8 

to establish the factor  nt which describes the amount of threshold values that will be engaged in 

the input image disintegration. Algorithm returns a 6 ∗ 𝑛𝑡 vector D extracted from the given image. 
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In the proposed system, nt = 8 has been computed because it has delivered better segmentation 

results. The figure 4.21 shows the complete process of SFTA. In H-CAD system, 16 features have 

been computes by calculating the complete region of each binary image. Likewise, 16 features 

were also extracted by calculating the mean gray level of each binary image. In order to compute 

mean gray level, the gray level information was extracted from the Gray-Scale-Image of input 

image based on “ON” pixels in the binary image. Similarly, 16 more features were extracted by 

computing the fractal dimension of each border image. In this way, a total of 48 structures have 

been mined using SFTA algorithm. 

 

 

Figure 4-21: Fractal Texture Examination, (a) Single-Threshold Binary Decomposition, (b) Two-Threshold Binary 

Decomposition, (c) Boundary Extraction. 
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4.6.7. Brightness (𝒇𝟏𝟏𝟐) 

The glaucoma affected O-D has overall more brightness due to the large size of the cup and less 

number of nerve fibers. The RGB pixels have been converted to brightest values using equation 

4.26 [125]. The default weighted elements for RGB to YUV translation have been used to calculate 

brightness. 

 

V = 0.299R + 0.587G + 0.114B                                (4.26) 

4.6.8. Colour Moments (𝒇𝟏𝟏𝟑- 𝒇𝟏𝟏𝟖) 

The bloated cup in glaucoma effected eye formulae evener variation in colors in contrast to a 

healthy eye. The color moments will be accustomed get overall image texture not like DWT. These 

color moments are calculated to measure color similarities between the pictures [126]. Primarily, 

the 2 color moments mean and variance are used to to analyse color similarities within the planned 

system The RGB color image has been initial disintegrated into green, red and blue channels, then 

moment delineate in equation 4.27 and 4.28 are calculated for every channel. In our case, six color 

moments are computed by calculative the primary 2 moments of every channel. 

 

Mean =  
1

𝑁2
∑ ∑ 𝑓(𝑥, 𝑦)𝑁

𝑦=1
𝑁
𝑥=1                                                                                        (4.27) 

Standard Deviation =  √
1

𝑁2
∑ ∑ (𝑓(𝑥, 𝑦) − 𝜇)2𝑁

𝑦=1
𝑁
𝑥=1                                                           (4.28) 

4.6.9. Superb-pixels (𝒇𝟏𝟏𝟗) 

In the O-D of the glaucoma, the quantities of superb-pixels in the red channel of glaucomatous eye 

O-D are generally larger than the quantity of superb-pixels in red channel of healthy eye O-D 

because of cup expansion and regeneration of fiber. In the proposed method, all the pixels having 

intensity value greater than or equal to threshold T=0.9 are termed as superb-pixels. 

The subsequent expression describes the thresholding approach. 

 

g(x, y) = {
1  if f(x, y) ≥ 0.9

0  if f(x, y) < 0.9
                                                       (4.29) 
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(a) 

 

(b) 

 

Figure 4-22: Superb Pixel Calculation Process, (a) The number of Superb pixels in a Healthy O-D, (b) The number 

of Superb Pixels in Glaucoma effected O-D. 

 

All the surviving superb-pixels in the image 𝑔(𝑥, 𝑦) have been calculated after the thresholding. 

Figure 4.22 (a) & (b) number of superb-pixels in the healthy and glaucoma effected eye. It is 

pertinent to mention that there is a substantial variance in the total amount of superb-pixels in the 

healthy and glaucomatous O-D. 

4.7. Support Vector Machine (SVM) Classifier 

SVM is the ML technique for regression and classification of the problems. It has shown better 

performance than the other ML techniques, particularly when the classification of the data is 

required for two classes based on a large number of feature set [127].  

 

Figure 4-23: Decision Plane and Margin in S-V-M 
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The best decision plane that can separate data values of both classes is identified in the S-V-M 

classification. The decision plane with the maximum margin between the two classes is considered 

as the best margin. Margin is the width of the chunk corresponding to decision plane with no inside 

points. The data points closest to the decision plane are known as “Support Vectors”. Figure 4.23 

illustrates these definitions with two classes [128]. It is a supervised learning algorithm also known 

as kernel machines. It falls under the ML algorithms category known as kernel methods. The 

Radial Basis Function (RBF) kernel has been used with S-V-M in the proposed system. In the RBF 

kernel function, each point gets its value based on its distance from the centre. The RBF kernel on 

two samples 𝑋 and 𝑋′ is defined as following [129]. 

 

𝐾 (𝑋, 𝑋′) = exp( − 
‖𝑋− 𝑋′‖

2

2𝜎2
 )                                (4.30) 

 

Where, ‖𝑋 − 𝑋′‖2 is the squared Euclidean distance between two sample points samples 𝑋 and𝑋′.  

The classification is performed on the HTF and HSF feature separately in the proposed system and 

the S-V-M has been used as the classifier. The S-V-M is famous for best handling of multi-

dimensional data, binary classification and robustness added with the help of different kernels 

[130]. In our case, we have used radial basis function (RBF) as kernel along with S-V-M. The RBF 

kernel is capable of yielding higher accuracy as compared to linear (3% in comparison to using 

linear kernel function) and 3rd degree polynomial kernel function (1% in comparison to a 3rd 

degree polynomial kernel function) on multidimensional data [131].   

The feature scaling has been done using the standardization method for the optimal performance 

of the classifier. This method gives the property of a standard normal distribution to the data. The 

proposed HSF module involve all of the features described in section 4.6 for the classification. 

Likewise, the proposed HTF module takes decision based on features mentioned in section 4.5. 

The planned system then makes a decision when correlating results of each of the classifiers. The 

results from the HSF and HTF module are correlate to create a decision. The ultimate 

determination additionally includes a 3rd category referred to as suspected category. If results of 

each the modules don not converge on one result, then sample is classed as a suspected case. Firstly 

S-V-M is trained using training data then trained classifier has been used for the classification of 

samples. 
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The description of each feature including dimensions and range in feature set has been given in 

table 4-2. 

Table 4-2: Feature Set Description 

Features Range Dimensions 

CDR f1 1 

RDR f2 1 

Cup Shape f3 1 

Vessels Features 𝑓4- 𝑓9 6 

GLCM 𝑓10- 𝑓14 5 

DWT 𝑓14- 𝑓54 40 

Mean Gray-level 𝑓55 1 

GLRL 𝑓56- 𝑓62 7 

SFTA f63- f111 48 

Brightness f112 1 

Colour Moments f112- f119 6 

Superb-pixels 𝐟𝟏𝟏𝟖 1 

 

4.8. Result Analysis of Fundus Module 

4.8.1. Datasets 

The Fundus module has been verified on two publically available glaucoma datasets and two local 

datasets. The publicly available RIM-ONE release 2 dataset is acquired from Medical Image 

Analysis Group (MIAG). It comprises of 200 healthy and 255 glaucoma images stored at different 

resolutions. The dataset is online available at MIAG1. While, the second publically available High-

Resolution Fundus (HRF) Image dataset contains 15 healthy and 15 glaucoma images with 

3504×2336 resolutions [133].  

Similarly, the local dataset LD50 consists of 50 images with 25 glaucoma (15 glaucoma and 10 

Suspected) and 25 normal images taken using TopCon TRC 50EX camera with 415 ×

452 resolutions [132].  

                                                 
1 http://medimrg.webs.ull.es/. 
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Table 4-3: Overview of Normal (N) and Glaucoma (G) images in Datasets used for Testing 

Dataset N/

G 

Fundus Images 

 

RIM-

ONE 

N 

 

G 

 

 

 

 

HRF 

 

N 

 

G 

 

 

 

 Clinical 

Dataset 

N 

 

G 

 

 

 

 LD50 

N 

 

G 

 

 

Whereas, the locally gathered Clinical Dataset consists of 100 labelled images marked by 

clinicians with the Clinical C − D − R (CCDR) values. These C C − D − Rvalues are used as a 

standard for the calculated C-D-R values. The dataset contains of 52 healthy and 48 glaucomatous 
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images taken using TopCon TRC 50EX camera with a resolution of1504 × 1000. Table 4-3 gives 

an over view of some of the normal and glaucoma images from up listed datasets used for 

evaluation of system. 

4.8.2. Performance Measures  

Table 4-4: Performance Measures Description 

Performance 

Measure 
Description Equation 

Sensitivity 

The sensitivity of a test represents its ability to correctly 

classify diseased cases. It is estimated by the calculation of 

the proportion of TP in diseased cases. It is defined as 

following. 

𝑆𝑒𝑛. =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

Specificity 

The specificity of a test represents ability of a test to 

correctly classify healthy cases. It is estimated by the 

calculation of proportion of TN in healthy cases. It is defined 

as following. 

𝑆𝑝𝑒𝑐. =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 

Accuracy 

 

The accuracy of a test represents its ability to correctly 

classify healthy and diseased cases. Accuracy of a test is 

evaluated by the calculation of the portion of TP and TN in 

all evaluated cases. It is defined as following. 

𝐴𝑐𝑐. =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 +  𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

 

Sensitivity, specificity and accuracy are the most widely used binary classification performance 

tests. These tests have the ability to statistically measure performance of a system [134]. They are 

based on following parameters. 

1. True Positives (TP) is defined as the number of samples that are diseased and also 

detected as diseased. 

2. True Negative (TN) is defined as the samples that are healthy and detected as healthy. 

3. False Positives (FP) is defined as the samples that are healthy but detected as diseased. 

4. False Negatives (FN) is defined as the samples that are diseased but detected as healthy. 

The confusion matrix is used to summarise the classification results of a system. The number of 

accurate and inaccurate results are summarised with count values and class labels [135]. The 

performance measures derived from the confusion matrixes have been described in table 4-4. 
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4.8.3. Results 

The performance analysis is carried out on the base of performance measure specificity, sensitivity 

and accuracy. The valuation is primary achieved for the HSF and HTF modules distinctly and then 

the examination of the final outcome has been attained by relating outcomes from both of the 

modules. The experiments have been conducted by employing the “10 fold cross validation” 

method and the “SVM classifier” using Clinical Dataset of 100 images. 

4.8.3.1. HSF Module Results 

Table 4-5: Individual and Combined HSF Module classification results 

 

 

 

 

 

 

 

 

 

 

An assessment of classification outcomes of the individual and hybrid structural features has been 

made in the table 4-5.The results demonstrated that in case of individual structural features, the C-

D-R feature executed the best performance with 78% accuracy. Nonetheless, the highest accuracy 

has been added by combination of all the individual structural features i.e. the proposed HSF 

module achieved highest accuracy of 83% with the highest specificity of 88%. 

The confusion matrix of the proposed HSF module is displayed in table 4-6. The HSF module has 

accurately observe 37 out of 48 diseased cases and 46 out of 52 healthy cases. The HSF module 

has been ready to exactly establish 83 out of 100 cases with 77%and 88%specificity. An 

evaluation of the C-D-R with C C − D − R values has been done to examine the performance of 

the proposed C-D-R computation technique. Figure 4.24 demonstrates that the standard deviation 

of calculated C-D-R values when compared with C C − D − Rvalues is found to be 0.12 and mean 

error 0.11. 

Technique Accuracy Specificity Sensitivity 

CDR 78 83 73 

Vertical RDR 73 62 85 

Cup Boundary 61 63 58 

CDR 

Cup Boundary 

74 85 63 

CDR 

Vertical RDR 

52 10 98 

Vertical RDR 

Cup Boundary 

74 65 83 

HSF module(Combined) 83 88 77 



 

 

102 

 

Table 4-6: Confusion matrix for HSF Module. 

 

 

The table 4-7 shows calculated C-D-R and C C − D − R values of 55 randomly chosen images 

from Clinical Dataset database. 

Table 4-7: 𝐂𝐃𝐑 & 𝐂𝐂𝐃𝐑 values  

Image CDR CCDR Image CDR CCDR Image CDR CCDR 

1 0.74 0.4 20 0.42 0.6 39 0.5 0.5 

2 0.45 0.4 21 0.53 0.6 40 0.8 0.4 

3 0.75 0.75 22 0.45 0.5 41 0.45 0.3 

4 0.51 0.6 23 0.5 0.45 42 0.49 0.6 

5 0.61 0.7 24 0.52 0.4 43 0.39 0.6 

6 0.44 0.4 25 0.52 0.8 44 0.47 0.4 

7 0.67 0.3 26 0.5 0.5 45 0.58 0.4 

8 0.46 0.3 27 0.66 0.4 46 0.51 0.7 

9 0.48 0.4 28 0.5 0.5 47 0.43 0.3 

10 0.47 0.4 29 0.49 0.5 48 0.44 0.5 

11 0.51 0.6 30 0.48 0.4 49 0.53 0.6 

12 0.5 0.5 31 0.51 0.55 50 0.55 0.5 

13 0.46 0.5 32 0.48 0.5 51 0.47 0.3 

14 0.52 0.5 33 0.4 0.5 52 0.6 0.75 

15 0.51 0.6 34 0.41 0.3 53 0.58 0.7 

16 0.6 0.7 35 0.58 0.8 54 0.38 0.48 

17 0.57 0.3 36 0.78 0.8 55 0.32 0.4 

18 0.39 0.5 37 0.54 0.4    

19 0.39 0.5 38 0.55 0.8    

 

Figure 4-24: Error Graph 

 Normal Glaucomatous 

Normal 46 6 

Glaucomatous 11 37 
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4.8.3.2. HTF Module Results 

Table 4-8: Individual and Combined classification results in HTF module 

 Accuracy Specificity Sensitivity 

GLCM Features 84 83 85 

Superb Pixels 63 35 94 

Brightness 56 27 88 

Wavelet Features 91 92 90 

Gray Level Run Length 72 73 71 

Mean Gray Level 48 40 56 

Colour Moment 76 69 83 

Segmentation-based Fractal Texture Analysis 84 87 81 

Rim-Vessels Features 57 63 50 

Wavelet Features 

Gray Level Run Length Mean Gray Level 

86 83 90 

GLCM Features, Superb Pixels 

Brightness 

62 48 77 

Colour Moment 

Segmentation-based Fractal Texture Analysis Rim-Vessels 

Features 

83 87 79 

GLCM Features 

Gray Level Run Length 

Mean Gray Level 

Rim-Vessels Features 

70 83 56 

Segmentation-based Fractal Texture Analysis 

Wavelet Features 

Brightness 

90 88 92 

Wavelet Features 

GLCM Features 

Superb Pixels 

81 79 83 

Colour Moment 

Brightness 

Superb Pixels Gray 

Gray Level Run Length 

60 54 67 

HTF Module(Combined) 94 92 96 

 

Table 4-8 illustrates the classification results of the proposed HTF module on Clinical Dataset.  

The proposed superb-pixels calculation method outperformed others techniques with the 

94% sensitivity. The DWT method attained best results with 91% accuracy and 92% specificity. 

The table 4-9 shows confusion matrix for the HTF module.  
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Table 4-9: HTF Module Confusion Matrix 

 Normal Glaucomatous 

Normal 48 4 

Glaucomatous 2 46 

4.8.3.3. Final Results of Fundus Module  

One of the distinctive contributions of the planned system is that the inclusion of ‘suspect’ category 

within the decision making process. Here, results from the HSF and HTF modules are related to 

in a very means that if the results don not adjust to single outcome, then such cases are classified 

as suspected. The patients classified either as suspected or glaucomatous are noted the specialists 

for any careful investigation. 

 

Table 4-10: HTF and HSF Module Result Fusion 

 Normal Glaucomato

us 

Suspected 

Normal 42 0 10 

Glaucomatous 0 35 13  

  

The confusion matrix with the addition of suspect category has been shown in table 4-10. These 

results exhibit the ultimate results of the anatomical structure module when correlating results from 

each sub-modules. It can be observed that after results fusion the system has been able to generated 

exceptional and better results with 100% accuracy for referral of glaucomatous cases. The final 

result of fundus module can also be analysed in table 4-11. 

  

Table 4-11: Fundus Module Results 

 Specificity  Sensitivity Accuracy 

Proposed HSF Module 88% 77% 83% 

Proposed HTF Module 92% 96% 94% 

Combined Result 81% 100% 90% 

4.8.3.4. Comparisons with Already Deployed Techniques 

The evaluation of the proposed fundus module with the procedure in [132] and [54] on a local 

dataset of 50 images is shown in table 4-12. It can be evidently seen that proposed fundus module 

has outperformed both of the existing systems in term of accuracy and sensitivity. 
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We have compared the results of our system and the algorithm proposed in [132] and [54] using 

same dataset and experimental setup.  

 

Table 4-12: Assessment of Results on local dataset with 50 images 

 Specificity  Sensitivity Accuracy 

Automated detection of glaucoma using structural and non-

structural features[ 132] 

   

  C-D-Rbased detection 91% 93% 92% 

Feature based detection 91% 86% 90% 

Combined 88% 100% 92% 

Glaucoma detection using C-D-R and ISNT rule [54] 85% 73% 82% 

Proposed System    

 Proposed HSF Module 92% 96% 94% 

Proposed HTF Module 92% 92% 92% 

Combined Result 89% 100% 94% 

 

Similarly, the performance of the proposed fundus module has been also compared with the 

techniques for glaucoma detection proposed by Akram et al. [136], Manjesh P., Nagachandr, M.K. 

[137] and Dutta M. K. et al. [53] on the publicly available HRF Image Database.  

 

Table 4-13: Comparison of Results with Already Deployed Techniques on HRF image database 

 Specificity  Sensitivity Accuracy 

Glaucoma detection using hybrid feature set [136] 86% 93% 90% 

Glaucoma diagnosis using retinal blood vessels [137] 93% 80% 86% 

Glaucoma Detection by Segmenting the Super Pixels from 

Fundus Colour Retinal Images [53] 

NA NA 90% 

Proposed Findus Module    

 Proposed HSF Module 93% 73% 83% 

Proposed HTF Module 86% 93% 90% 

Combined Results 86% 100% 94% 

 

The proposed HTF module attained good results with 90% accuracy on the HRF image database. 

The combined result attained 94% accuracy and 100% sensitivity. The assessment of the proposed 

fundus module with the procedure in [136], [137] and [53] has been shown in table 4-13. 
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The performance results of proposed system on RIM-ONE database are listed in table 4-14. Only 

one of the existing method has used all 455 images of database for evaluation of system and 

delivered 80% accuracy. While the other three approaches have discarded noisy images and used 

selected images for testing of the methods. The proposed system has used all 455 images for the 

performance analysis and attained 85% accuracy, 80% specificity and 91% sensitivity on RIM-

ONE database. 

 

Table 4-14: Comparison of Results with Already Deployed Techniques on RIM-ONE database 

 Specificity  Sensitivity Accuracy 

 2D EWT and Correntropy Based Glaucoma Detection 

(455 Images)[95] 

 84% 76% 80% 

Haralick Features Based Glaucoma Detection  

(321/455 Images)[138] 

99% 90% 96% 

Polar map representation of the optic disc for Glaucoma 

Detection (100/455 Images)[139] 

84% 82% 83% 

 C-D-R based Glaucoma Detection (290/455 Images)[97] 99% 94% 98% 

Proposed Findus Module (455 Images)    

 Proposed HSF Module  79%  71%  76% 

Proposed HTF Module  90%  81%  86% 

Combined Results  80%  91%  85% 

 

4.9. Summary 

In the proposed module, a range of structural and textural features are used for the improved 

designation of the glaucoma eye disease. The combos of structural and textural options in each the 

modules are finalized after a rigorous analysis method. Primarily, the performance of every feature 

has been analysed on an individual basis. Then, the performances of many potential combos of 

options are tested. The superior performance of the planned system additionally depends on the 

very fact that we have got used structural and textural info of the optic tract head. We have got 

used 2 totally different channels for the cup analysis i.e. blue channel for cup boundary calculation 

and red channel within the cases wherever illumination noise is gift. The background color tone in 

fundus images varies from patient to patient. Therefore, even the photographs taken from the 

identical camera have totally different intensities [140] that have an effect on the lustiness of the 

C-A-D systems. The pre-processing ways have enabled the system to handle the problems of 
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pictures taken from totally different cameras. Finally, the most effective by trial and error tested 

values for thresholding and size parameters for cup and disc segmentation are designated. We have 

got applied texture analysis on the red channel to capture intensity variations caused by this eye 

disease, and results have shown tremendous improvement. The execution time of proposed fundus 

module is 18.922 seconds using fundus images of size 936x816x3 on windows 10, enterprise 

processor : intel(R) core(TM) 2.40GHz RAM: 4096MB operating system. The planned system 

additionally enclosed a 3rd category i e. suspect that helped in screening out diseased patients with 

100% accuracy.  
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Chapter 5  

 O-C-T Image Analysis for Glaucoma Detection 

The O-C-T image analysis module takes SD-O-C-T image as input and calculates the C-D-R 

considering internal stratums of the retina. It is the second core module of the proposed H-CAD 

system. This chapter elaborates the proposed framework of the O-C-T module in detail. It gives 

comprehensive account of all the strategies involved in the extraction of the internal retinal 

stratums. It also discusses results and comparison of these results with the clinical results.  

5.1. Proposed O-C-T Module 

Figure 5.1 illustrates the proposed O-C-T module. Before making calculation of cup and disc, pre-

processing of the module has been practically shown on the input SD-O-C-T image. Afterwards, 

the proposed methodology has been used to calculate the C-D-R value from the calculated disc 

and cup values of diameter. Lastly, the results obtained from above calculations have been 

compared with standard values of Clinical C-D-R and fundus image was used to compute C-D-R 

values for same patients. The proposed methodology along with results has been published in 

[141]. 

 

Figure 5-1: Proposed O-C-T Module Flow Chart 

 

There are two major steps in the pre-processing stage. In the first step, cup is placed precisely in 

middle with equivalent retinal stratums on either sides to complete R-O-I segmentation. The 

second step has been completed by the spatial resolution enhancement by a factor of 3 by using 

bi-linear interpolation method to achieve more precise outcomes.  
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In the proposed O-C-T module, the Cup Diameter Extraction (CDE) process has been completed 

by using the green-channel of processed image. The Upper Surface of I-L-M stratum (𝑻𝑺𝑰𝑳𝑴) is 

then extracted from boosted I-L-M stratum using proposed I-L-M stratum filtration method. In 

next step, outliers form 𝑻𝑺𝑰𝑳𝑴 has been removed. After outliers removal, missing points and gaps 

have been filled on 𝑻𝑺𝑰𝑳𝑴. Similarly, to slice the R-P-E stratum for disc margin detection in D-D-

E process, the green-channel has been extracted from the processed input image. The I-L-M 

stratum exclusion has been done previous to the R-P-E stratum removal by using our novel 

strategy. Its removal facilitates the accurate R-P-E stratum segmentation. After I-L-M stratum 

elimination, a new method has been proposed to determine the Thickness Value (𝑻𝑽) of R-P-E 

stratum and then precise extraction of R-P-E stratum using 𝑻𝑽. Finally, disc margins have been 

located by calculating and using terminations points of R-P-E stratum. Additionally, a new 

criterion has been proposed for cup edges detection for the C-D-R calculation. The calculated mean 

value of the R-P-E stratum termination points has been used to state cup edges. The proposed 

criterion to determine the cup edges is one of the key innovations in our proposed system. It has 

significantly increased the accuracy of the C-D-R calculation from 70% to 94%.  

(a) (b) (c) (d) 

    

Figure 5-2: Green-channel extraction (a) cropped & scaled image, (b) green-channel of scaled image, (c) de-noising 

and Gray-Scale-Image (G-S-I) image normalization. 

 

5.1.1. Green-channel Extraction 

In the proposed methodology, two most prominent retinal stratums have been used for cup and 

disc extraction. The upper most retinal stratum is the I-L-M stratum that is used to detect the cup 

edges. R-P-E is the second last stratum and is used for the disc edges detection. The figure 5.2 (a) 

highlights I-L-M and R-P-E stratums on a Spectral Domain O-C-T (SD- O-C-T) image. Figure 5.2 

(b) shows the cropped and scaled image with a cup in the centre and equal retinal stratums portions 

on either sides.  
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Table 5-1: Results of T = Level-1 to T = Level-6 on O-C-T images 

Input Image Results of T = Level-1 to T= Level-6 

  

 

 

  

  

  

 

 

 

 

 
 

 
 

 

The green-channel of the SD-O-C-T image has been used for both cup and disc diameter 

calculations. Figure 5.2 (c) shows green-channel extracted from the scaled image. It can be 
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observed that the green-channel is giving a vivid view of retinal stratums. It is capable of 

considerably eliminating the influence of the wide and translucent red patch on the O-D portion 

formed during the O-C-T Scan. 

5.1.2. Thresholding Methodology 

On the basis of grey level image in the proposed O-C-T Module, there are various ‘threshold 

values’ which have been computed with the help of “Ostu” method at various level [142]. After 

calculating various threshold values, the value with the minimum intra-class variance was selected. 

Afterwards, each image section was reviewed by applying the “Ostu” algorithm until the chosen 

quantity of the threshold value was obtained. In the proposed methodology, six threshold values 

have been computed by taking nt= 6. The table 5-1 shows results of thresholding using T = level-

1 to T = level-6.  

5.1.3. Cup-Diameter-Extraction (C-D-E) Process 

 

Figure 5-3: C-D-E Process Flow Chart 
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In C-D-E process, the Gray-Scale-Image (G-S-I) of green-channel has been processed for I-L-M 

stratum extraction after noise removal. Initially, the I-L-M stratum filtration method has been used 

to lift the I-L-M stratum on G-S-I. Next, retinal stratums have been segmented using the 

thresholding methodology from the scaled image.  In order to segment the I-L-M stratum, initially 

the top outline of the extracted stratums of retina have been identified. Next, several new methods 

were used to refine the extracted top outline. In the end, the cup edges have been detected on the 

refined top-outline with respect to termination points of R-P-E stratum. Figure 5.3 demonstrates 

the cup diameter calculation process.  

5.1.3.1. De-noising & Gray-Scale-Image Normalization 

The O-C-T images come across stain noise because of the consistent characteristics of the image 

production process which confines the contrast of image making examination of the structural 

features more challenging. Thus, it was necessary to normalize speckle noise for a smooth 

background prior to extraction process of retinal stratums. For this purpose, The Wiener filter has 

been efficiently utilised to remove speckle noise with 2 dimensional technique of noise removal 

filtration [143]. To calculate the mean and standard deviation of local image, the adjacent or 

neighbourhoods of size m-by-n was used [144]. 15×15 neighboring pixels have been used to 

remove speckle noise from the extracted green-channel in the C-D-E process by using wiener filter 

for I-L-M stratum segmentation. After the exclusion of speckle noise, the Gray-Scale-Image 

normlization has been done. Figure 5.2 (d) shows the G-S-I after noise removal. 

5.1.3.2. ILM stratum Filtration 

An accurate and complete filtration of the I-L-M stratum has been done by using a new method in 

this research. As a result, I-L-M stratum becomes more evident than the background. Results 

obtained in this research shows that this method efficiently enhances almost whole I-L-M stratum 

including low visible parts. In the first phase of the two major phases, the G-S-I (figure 5.2 (d)) 

image is divided into one more G-S-I image i.e. G-S-I-1 (figure 5.4 (b)). G-S-I-1 has been 

increased to highlight all main sections by mean of several image enhancement methods. However, 

both G-S-I images have been fused to combine the enhanced I-L-M stratum with the original G-
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S-I image. After scaling of the image by a factor 2 contrast, image has been boosted in pre-

processing phase [145].  

After pre-processing, the boosted I-L-M stratum has been separate by using level-3 threshold 

values. Further, the objects smaller in size than ‘P’, a pre characterized size, is removed [146]. On 

the basis of average thickness value of retinal stratums of images, value of ‘P’ is empirically 

decided in the given dataset. This procedure only keeps the large joined parts of the I-L-M stratum 

and discards any smaller disjoint parts as well as speckle noise.  

Figure 5-4 (d) demonstrates the segmented I-L-M stratum from G-S-I-1. From figure 5-4, it can 

be observed that image scaling by a factor of 2 enhanced the speckle noise and while eliminating 

increased speckle noise, some part of the I-L-M stratum is also eliminated. To deal with this issue 

reunion of both the G-S-I and G-S-I-1 images have been made. The figure 5-4 (e) shows the 

enhanced I-L-M stratum after the reunion of both G-S-I images..  

 

 
Figure 5-4: 𝐓𝐒𝐈𝐋𝐌 Extraction and Refinement 

 

In Figure 5-5, C-D-E process, with and with out I-L-M stratum separation method, has been shown to 

compare the results of same image for which same preprocessing steps were followed. Figure 5-5 illustrates 

Scenario 1 which shows 𝑻𝑺𝑰𝑳𝑴 calculatiob using all preprocesing phases in the C-D-E methos. However, 

the I-L-M stratum filtration method has not been used here. Figure 5.5 (d-1) clearly shows that the C-D-E 
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method could not identify the accurate 𝑻𝑺𝑰𝑳𝑴. Some low visible part of the stratum could be responsible 

for this error. Similarly, in scenario 2, all preprocessing phases of C-D-E method were taken to calculate 

𝑻𝑺𝑰𝑳𝑴 by the I-L-M stratum filtration method. As clearly shown in Figure 5.5 (d - 2), a clearly visible 

perfection and correctness in 𝑻𝑺𝑰𝑳𝑴 calculation may be seen by using the I-L-M stratum filtration method. 

 

 
Figure 5-5: Evaluation of 𝑇𝑆𝐼𝐿𝑀 calculation with proposed I-L-M stratum filtration method VS 𝑇𝑆𝐼𝐿𝑀 calculation 

without proposed I-L-M stratum filtration method 

5.1.3.3. Image Enhancement 

After the I-L-M stratum separation , there appeared various hole which needed to be filled. To combine 

these holes, I-L-M stratum extracted in G-S-I and G-S-I-1 afterwards the I-L-M stratum separation, the 

application of morphological closing method is done [147]. That is how, a complete and entirely fused I-

L-M stratum was acquired. After fusion of the stratums the morphological function on the base of six 

neighbouring pixels has been applied to fill any holes on the resultant image. A hole is a zone of black 

intensities enclosed by white intensisies [148]. Figure 5.4 (f) demonstrates the whole process of closing 

holes in the ILMstratum from both G-S-I and G-S-I-1.  
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5.1.3.4. Thresholding 

ILM stratum has been sliced by using threshold value of level-4 in C-D-E process. Figure 5.4 (f) shows 

‘CDE Binary Image’. The binary image, which is obtained after the removal of thresholding and noise, has 

various tiny noisy white items. All the noisy items smaller than a standard ‘P’ size were removed. 

5.1.3.5. ILM Stratum Upper Surface Extraction 

𝑻𝑺𝑰𝑳𝑴computation has been done from extracted I-L-M stratum to separate its Upper surface and cup 

contour. 𝑻𝑺𝑰𝑳𝑴has been detected by extracting row value of first “ON” pixel (white pixel) on top of each 

column in ‘CDE Binary Image’ [149].  

 

(a) (b) (c) 

   

(c) (d) (e) 

   

Figure 5-6:TSILM refinement process using proposed system (a) ‘CDE Binary Image’, (b) outliers and missing points on TSILM , 

(c) TSILMoutliers elimination (d) TSILM missing points prediction using interpolation (e)  TSILM speckle noise removal,(f) filling 

gabs on TSILM . 

 

5.1.3.6. Outliers Elimination & Interpolation 

The points that are separate and repulsively not consistent with the remaining points are called outliers. 

Outliers are different from general structure of data.They usually arise due to variation in the calculations 
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or experimental error. The outliers are most likely to affect results. Thats is why it is necessary to exclude 

outliers [150]. In 𝑻𝑺𝑰𝑳𝑴 , there appeared many outliers after the thresholding. 

Figure 5.6 (b) shows some outliers encircled in the blue colour. The outliers are detected by using the 

distance-based outlier detection method in the proposed system. In distance-based outlier detection method 

the outllier is detected based on the distance to its neighbors. Figure 5.6 (a) shows an exemple of ‘CDE 

Binary Image’ that was created after completing the thresholding step in C-D-E process. This figure shows 

that separated I-L-M stratum has three missing bits. Similarly, figure 5.6 (b) shows the extracted 𝑻𝑺𝑰𝑳𝑴 

having various outliers and repeated missing points. Yellow lines represent these missing regions while the 

outliers are encircled in the blue colour as highlighted in the figure. 

A replication of the proposed outliers’ removal method is shown in Figure 5.7. Figure 5.7 (a) highlights an 

extracted 𝑻𝑺𝑰𝑳𝑴 with some outliers. Figure 5.7 (b) highlights outliers in blue cilcles. Figure 5.7 (c) shows 

the proposed strategy to assign an appropriate position. It was accomplished by taking into consideration a 

group of left & right “ON” neighbours. Four adjuscent data points (DN=4) on either side and a minimum 

distance of 1 (d(m)=1) were used for simplefication of simulation. 

(a) (b) 

  

(c) (d) 

  

Figure 5-7: 𝐓𝐒𝐈𝐋𝐌 outliers removal simulation (a) 𝐓𝐒𝐈𝐋𝐌 with outliers, (b) all outliers are highlighted using blue circles, (c) 

proposed outliers removal method strategy. The colored square around four neighbors on both sides of each outlier shows eight 

neighboring points involved in assigning a new position to outlier shown in the same color. The dull black points show original 

position of outliers, (d) 𝐓𝐒𝐈𝐋𝐌after outlier removal. 

 

A close review of figure 5.7 (c) shows 4 neighbou points on either side of the outlier points. These points 

have been made evident by using rectangle/squares of the same colour to specify the newly allocated 
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position of an outlier. A removed outlier has been specified by use of the light gray colored data point which 

is bounded in a rectangular of the same colour. Following steps are taken in the outliers exclusion and 

reallocation: 

Algorithm 5.1:TSILM Outliers Removal  
Step 1 START 

Step 2 Initialize d(m)to 50 

Step 3 For each element in TSILM (for i = DN + 1 to S − DN, where PS is size of TSILM 

and DN specifies the number of the set of neighboring points)  

 Calculate distance D with the previous point  

 D  abs ( TSILM(i) − TSILM(i − 1) ) 
 IF D > 𝑑   

 Mean Right (ON Pixels) MR
1

N
∑ TSILM(i + n))

N

n=1
 

 Mean Left (ON Pixels) ML
1

N
∑ TSILM(i − n))

N

n=1
 

 Mean MRound( 
1

2
(MR + ML)) 

 Set TSILM(i) to M   

 END IF 

Step 4 STOP             

 

70 “ON”  adjacent pixel values have been taken on either sides of outlier point  in the proposed system, i.e. 

DN=70. Also, the highest suitable distance amongst points was fixed as 50 i.e. d(m)=50. Any point with 

larger distance than predefined d(m) from preceding data point was rearranged to a new place seeing N 

neighboring data points on the either sides. The ROI was primarily middle part of 𝑻𝑺𝑰𝑳𝑴. That is why, the 

data points at the corners on the base of the value of DN were ignored. Figure 5.6 (c) demonstrates  𝑻𝑺𝑰𝑳𝑴 

after the elimination of the outliers by using the proposed method. 

The 𝑻𝑺𝑰𝑳𝑴 was examined for missing places after the outliers elimination. If an “ON”  data point is not 

present in a column, an absent point is generated which can affect the results. Therefore, it is crucial to fill 

the missing points to achieve precise cup diameter computation. The proposed interpolation method uses 

both left & right adjacent points “ON” data points for the estimation of missing pixel values. The mean 

value of the group of right & left “ON”  data points value has been computed to estimate the missing pixel 

values because 𝑻𝑺𝑰𝑳𝑴 has row value of first “ON”  data point in each column. With the help of this method, 

outstanding results were attained in calculating the values for absent data points in negative and positive 

and also in the flat slope of the line. If there should arise an occurrence of back to back absent points, the 

framework will discover adjascent next "ON" pixels after gathering of missing points and consider them as 

set of Right-bordering data points for expectation. Figure 5.8 demonstrates a recreation of the proposed 
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adopted strategy. Figure 5.8 (an) indicates 𝑻𝑺𝑰𝑳𝑴 with sequential missing points. Figure 5.8 (b) features all 

sections with the missing points. 

Figure 5.8 (c) expounds the technique that was utilized for interjection in this investigation. This is 

unmistakably observeable that in the event of succeeding missing focuses, each new expectedt esteem fills 

in as an individual from Left-Neighboring data points in the forecast of next absent data point. This is the 

manner by which, the proposed technique has anticipated the most proper qualities for missing focuses in 

positive, negative and level slant parcels for example the level slant will stay level. Correspondingly, there 

is an appropriate stepwise addition in each anticipated an incentive in negative and positive inclines. This 

is additionally appeared in figure 5.8 (d). Figure 5.6 (d) indicates 𝑻𝑺𝑰𝑳𝑴  after termination of anomalies 

and intrusion utilizing the proposed technique. The introduced focuses are again appeared yellow. 

5.1.3.7. Smoothing I-L-M stratum Upper Surface Contour 

(a) (b) 

  

(c) (d) 

  

Figure 5-8:𝐓𝐒𝐈𝐋𝐌 interpolation simulation (a) original image with missing points, (b) highlighted columns with missing points, 

(c) strategy used to generate missing points using proposed method. The colored square around four neighbors on both sides of 

each predicted point shows eight neighboring points involved in predicting missing point shown in the same color, (d) 𝐓𝐒𝐈𝐋𝐌 after 

interpolation using proposed method. 

 

After the expulsion of exceptions, TSILM was filtered second time for far off points, which might 

be the aftereffect of speckle noise on the borders of the I-L-M stratum. The removed point is a 
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point with a separation more noteworthy than 5 points from its past point. These focuses were 

reallocated to new places which depended on averaging strategy for the arrangement of left and 

right data points in the TSILM. The checking done here has smoothed the fringes and further hid 

the anomalies on limit of the I-L-M stratum which was produced because of the Speckle noise. 

Smooth TSILMis plainly appeared in Figure 5.6 (e). 

5.1.3.8. Filling Gaps in I-L-M Stratum Contour 

Missing row values between two successive points generate gaps in 𝑻𝑺𝑰𝑳𝑴. Figure 5.9 (a) illustrates a 

comprehensive interrupted and outlier free image. Figure 5.9 (b) highlights all gaps between consecutive 

points in 𝑻𝑺𝑰𝑳𝑴. The fifure highlights multiple gaps even after interpolation process. 

(a) (b) 

  

(c) (d) 

  

Figure 5-9: Filling gaps method simulation (a) 𝐓𝐒𝐈𝐋𝐌 with multiple gaps, (b) highlights gaps on𝐓𝐒𝐈𝐋𝐌,(c) scheme embraced to 

seal gaps, (d) a compact 𝐓𝐒𝐈𝐋𝐌 after filling all gaps using proposed method. 

 

The 𝑻𝑺𝑰𝑳𝑴 is examined column-wise for missing column values in interpolation, whereas, a row-

wise examination of 𝑻𝑺𝑰𝑳𝑴 for made to obtain the missing values during the gap filling process. It 

is one of the prime steps 𝑻𝑺𝑰𝑳𝑴 a solid line by filling the gaps to allow analysis of diameter of cup 

precisely at appropriate position to obtain precise C-D-R computation. The 𝑻𝑺𝑰𝑳𝑴 keeps row value 

of earliest “ON” data point in every column. Thus, this data has been successfully utilized to 

perceive the amount of empty row values intermediate two successive data points on 𝑻𝑺𝑰𝑳𝑴 . 
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Subtraction of every data point from its adjacent neighbouring data value at right side is computed 

to detect gap between the data points. If the result of subtrction is larger than one, then it represents 

a gap between data points. The result of subtraction also identify the count of missing data points 

between the successive values on 𝑻𝑺𝑰𝑳𝑴 . Figure 5.9 (c) shows the filling process of the blank 

rows. However, Figure 5.9 explains fully solid I-L-M stratum contour after filling of gaps using 

the proposed method. 

There are two major parts of the planned scheme to locate and remove gaps in 𝑇𝑆𝐼𝐿𝑀. In first part, 

𝑇𝑆𝐼𝐿𝑀 after “interpolation” method and “outliers removal” method is displayed on blank dark 

image 𝑇𝑆𝑖𝑚𝑔 of the similar size input image. Whereas in the second part, the gaps among 𝑇𝑆𝐼𝐿𝑀 

are identified and gaps are filled 𝑇𝑆𝑖𝑚𝑔. The method used to fill gaps consists of following steps.  

 

Algorithm 5.2:𝑻𝑺𝑰𝑳𝑴 Filling Gaps 

Step 1 START 

Step 2 For each element in 𝑇𝑆𝐼𝐿𝑀 (for 𝑖 = 1 to 𝑆, where 𝑆 is size of𝑇𝑆𝐼𝐿𝑀) 

Step 3 Calculate Gap between rows 

𝐺𝑇𝑆𝐼𝐿𝑀(𝑖) − 𝑇𝑆𝐼𝐿𝑀(𝑖 + 1) 
Step 4 IF 𝐺 < −1 THEN    

 Set row 𝑟  𝑇𝑆𝐼𝐿𝑀 (𝑖) 
 WHILE 𝑟 < 𝑇𝑆𝐼𝐿𝑀 (𝑖 + 1) − 1 

 Set 𝑇𝑆𝑖𝑚𝑔((𝑟 + 1), 𝑖) to 1  

 Transfer to subsequent row by increase in 𝑟 by 1  

 END WHILE 

Step 5 ELSE IF 𝐺 > 1 

 Set row 𝑟𝑇𝑆𝐼𝐿𝑀 (𝑖) 
 WHILE 𝑟 > 𝑇𝑆𝐼𝐿𝑀 (𝑖 + 1) − 1 

 Set 𝑇𝑆𝑖𝑚𝑔((𝑟 + 1), 𝑖) to 1 

 Transfer to subsequent row by decrease in 𝑟 by 1 

 END WHILE 

Step 6 END IF  

Step 7 END     

     

Figure 5.6 (d) shows an interpolated and outlier free 𝑇𝑆𝐼𝐿𝑀. It can be observed that 𝑇𝑆𝐼𝐿𝑀 has several gaps 

indicated with green lines. Figure 5.6 (e) shows 𝑇𝑆img with a solid I-L-M stratum contour, where all gaps 

in 𝑇𝑆𝐼𝐿𝑀 are filled using the method proposed in this study. The precision of the proposed method which 

was used for the contraction and refinement of I-L-M stratum contour may be observed in figure 5.6 (f). 
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However, a noticeable enhancement and precision in the enhanced I-L-M stratum boundary in contrast to 

the primarily segmented I-L-M stratum contour may be seen in figure 5.6 (b).  

5.1.3.9. Assessment of Planned Contour Enhancement Method with Already 

Deployed Methods 

The comparison proposed method has been carried out on the base of computational complexity 

and pixel wise comparison with manually annotated I-L-M stratum Upper points (Manual Points). 

The construction of curve surface on the bases of defined group of data points may be carried out 

by “linear interpolation”, “cubic spline” data interpolation and “Bezier curve” methods [151]. The 

quantified error have been computed by pixel wise comparison of Manual Points with these three 

existing surface refinement techniques and proposed contour refinement method. Euclidean 

distance has been used to compute the quantified error. The surface refinement using linear and 

cubic spline data interpolation has been done using built-in library functions of MATLAB. 

Whereas, the “Bezier Curve” fitting code has been taken from [152].  

The figure 5.10 shows deviations of these methods from Manual points. The magenta points 

represents the Manual Points. The figure 5.10 (a) illustrates use of linear interpolation techniques 

for the construction of surface that covers entire data points. It is incapable to deal with the outliers 

and unevenness because of the presence of speckle noise on 𝑻𝑺𝑰𝑳𝑴. In addition, an obvious 

divergence in extracted contour from Manual Points may be observed in figure 5.10 (a). 

The Quantified Mean Euclidean (QME) error of linear interpolation form Manual Points has been 

28.5264 pixels. Similarly, figure 5.10 (b) shows the surface constructed by cubic spline 

interpolation technique. It can be seen that it is giving slight better results than linear interpolations 

at curve, but it is also unable to handle outliers. The QME error of cubic spline interpolation form 

Manual Points has been 25.3446 pixels. Likewise, figure 5.10 (c) reveals the surface created by 

applying the “Bezier Curve” method. It yields into an estimated curvature that exceed over the 

given data points. Similarly, it can also be witnessed that “Bezier Curve” cannot handle all the 

outliers effectively, nevertheless, it also falls short to sense the compound outliers. As a result, a 

strong nonconformity takes place in the surface refinement process. It can be analysed that “Bezier 

Curve” is unable to decrease unsmooth surface generated as a result of speckle noise. The QME 

error of “Bezier Curve” form Manual Points has been 20.2896 pixels. Whereas, in figure 5.10 (d) 

this is noticeable that the planned technique has the ability adjust outliers them to the finest location 



 

 

122 

 

after reviewing model of given data points. Further, it also deals with the unevenness which was 

produced because of occurrence of the speckle noise. The QME error of proposed method form 

Manual Points has been 2.0446 pixels. The QME error of proposed system is extremely low then 

other approaches due to its ability to handle speckle noise and filling of missing points on the base 

of overall trend of data.  

 

  

(a) (b) 

  

(c) (d) 

Figure 5-10: Comparison with existing Methods. The magenta dots represents manually annotated I-L-M stratum points 

(Manual Points), (a) surface construction using linear interpolation technique, (b) cubic spline interpolation technique, 

(c) “Bezier Curve” fitting, (d) proposed method results. 

 

The performance regarding the computational cost and QME error from Manual Points of the 

curve surface construction techniques, as shown above, may be analysed in table 5-2. This table 

clearly shows that the proposed technique is almost five hundred times quicker than the “Bezier 

Curve” and 16 times faster than cubic spline interpolation technique. Its calculation time is 0.031 

second, nearly equal to the calculation time of the “interpolation” method. It implies that the 
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proposed technique has the capacity to yield improved results with minimum QME error with 

Manual Points and low cost of computation than “Bezier Curve”. In term of computational cost it 

is equivalent to the most modest “interpolation” technique. Nonetheless, it showed better results 

on overall surface enhancement and outliers removal than the “Bezier Curve” technique. 

 

Table 5-2: Computational Time Comparison of Contour Refinement Techniques 

Technique Control 

Points 

QME Error with 

Manual Point(pixels) 

Computational 

Time 

System Specification 

Linear 

Interpolation 

1645 28.5284 0.016 Seconds  

Operating System: 

Windows 10 Enterprise  

Processor : Intel(R) 

Core(TM) 2.40GHz  

RAM: 4096MB  

Cubic spline data 

Interpolation 

1645 25.3446 0.5080 Seconds 

Bezier Curve 1645 20.2896 16.251 Seconds 

Proposed 

Method 

1645 2.0446 0.031 Seconds 

 

Table 5-3 illustrates calculated results by highlighting errors according to pixel (QME errors) 

between existing methods and proposed method with Manual Points on all 50 images. The I-L-M 

stratum is extracted using proposed method. The top-outline is then extracted from extracted I-L-

M stratums. The extracted top-outline is then refined using existing and the proposed method. Data 

in Table 5-3 shows that in 50% cases, the proposed system is having QME error less than 1 pixel. 

Similarly, it is showing QME error less than 5 pixels in 70% cases. In 80% cases the QME error 

is less than 10 pixels in proposed system. 

The QME error is larger than 10 pixels in cases where we have very low visibility of retinal 

stratums and high density of speckle noise. In an acute cases (L20), the QME error greater is than 

950 pixels. It is the case where our system has failed to extract accurate I-L-M stratum due to 

extreme low visualization of retinal stratums and exceptionally dense speckle noise.  

The proposed system has shown comparatively low QME error than existing methods on acute 

cases with missing retinal stratums and high speckle noise (L9, R11, R13, L19, L20, R25, and 

L25). The quantitative results of 50 images showed that proposed system is able to perform better 

with minimum average QME error than existing methods.  
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Table 5-3: Quantified Mean Errors of Manual Points 

Right 

Eye 

QME Error with Manual Point(pixels) Left 

Eye 

QME Error with Manual Point(pixels) 

Propos

ed 

Method 

Bezier 

Curve 

Linear 

Interpolation 

 

Cubic spline 

data 

Interpolation 

Proposed 

Method 

Bezier 

Curve 

Linear 

Interpolation 

 

Cubic spline 

data 

Interpolation 

R1 3.6502 5.237 14.0471 14.0471 L1 0.3885 1.1687 1.5745 1.5745 

R2 0.1729 2.4384 0.1899 0.1899 L2 0.6648 0.9581 1.3443 1.3443 

R3 26.662 29.9762 34.074 34.074 L3 6.7762 7.5304 189.8772 178.9736 

R4 14.0660 15.0069 18.411 18.411 L4 4.7264 6.4470 17.39905 17.39905 

R5 42.6685 81.4632 48.7815 33.3905 L5 3.9875 14.649 28.2979 28.2979 

R6 0.6166 1.1548 5.0482 5.0482 L6 0.3180 1.4105 3.5097 3.5097 

R7 2.7946 1.9562 4.5491 4.5491 L7 0.8506 1.0151 1.9952 1.9952 

R8 1.1830 0.8876 3.3221 3.3221 L8 1.7607 75.6131 3.2600 2.5082 

R9 1.3852 5.8236 28.1275 28.1275 L9 7.6341 15.2112 17.2675 1732675 

R10 1.4949 0.992 5.3034 5.3034 L10 3.5509 4.3274 5.3605 5.3605 

R11 13.9767 22.6217 27.6273 27.6273 L11 3.2052 3.0611 4.1375 4.137 

R12 6.5050 8.8887 0.8912 0.8912 L12 0.2976 0.4864 0.8357 0.8357 

R13 19.4166 61.8191 39.9407 36.1403 L13 39.596 105.426 44.9920 48.432 

R14 78.4682 124.9549 7.0841 11.1787 L14 1.8324 1.1107 0.4882 0.4882 

R15 1.2849 1.0338 1.5846 1.5846 L15 0.6300 0.7402 0.8132 0.8132 

R16 0.1691 0.1496 0.0855 0.0855 L16 0.7718 1.0763 1.8780 1.8780 

R17 1.0596 3.7434 2.1570 2.1570 L17 0.5536 1.9338 3.5457 3.5457 

R18 0.7522 0.7861 1.4468 1.4468 L18 2.7779 1.5933 6.9805 6.9805 

R19 0.6482 0.5574 0.7165 0.7165 L19 19.9588 23.8368 42.0158 38.7284 

R20 4.0055 2.7776 4.1752 4.1752 L20 955.8483 955.8707 960.02132 960.02132 

R21 5.1736 3.5565 4.8328 4.8328 L21 4.3026 2.6392 0.3392 0.3392 

R22 0.2161 0.2919 0.3483 0.3483 L22 0.6650 0.8513 1.4589 1.4589 

R23 0.3275 0.4242 0.6672 0.6672 L23 2.9962 4.0108 10.7236 10.7236 

R24 0.2892 0.3934 1.0742 1.0742 L24 1.0243 0.4740 1.3988 1.3988 

R25 46.4938 48.6879 53.1396 53.1396 L25 26.0680 26.7184 31.0320 31.0320 

     Average  

QME 

Error 

 

27.29331 

 

33.67563 

 

33.76342 

 

33.2326 

 

 

5.1.4. Disc-Diameter-Extraction (DDE) Process 

In Disc-Diameter-Extraction (DDE) Process, the target was to separate the R-P-E stratum and use 

termination points of the R-P-E stratum to calculate the disc margin. D-D-E process has been 

depicted in Figure 5.12.  
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Figure 5-11: D-D-E process flow diagram 

5.1.4.1. Contrast Enhancement and De-noising 

In the D-D-E process, green-channel of scaled image, as shown in Figure 5.2 (c), was used again. The 

speckle noise eleimation is achieved by a kernel window of  “10×10”. In D-D-E process the kernel size is 

reduced to avoid blending of startums. Figure 5.12 (a) shows speckle noise-free image after applying wiener 

filter on the green-channel of the scaled image (figure 5.2 (c)). After the noise removal, gray scale 

normaliztion has been done. The “contrast streching” method has been used to increase the contrast. Figure 

5.12 (b) shows enhanced contrast grayscale image. Next, morphological closing using disk-shaped 

structuring element with radius=10  is done to fuse the I-L-M and R-P-E stratums. This operation will also 

isolate stratums from each other. Figure 5.12 (c) shows intra-merged and inter-isolated I-L-M and R-P-E 

stratums using morphological closing operation. The left over holes in the stratums after the morphological 

“closing” operation has been further filled. Figure 5.12 (d) shows the I-L-M and R-P-E stratums after gaps 

and holes filling. 
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5.1.4.2. Thresholding 

The level-5 limit esteem is utilized to section the stratums of the retina. The thresholding is applied to the 

Figure 5.12 (d) and subsequent binary picture in the wake of evacuating any zone littler than a pre-

characterized measure PS has been appeared in Figure 5.12 (e). 

5.1.4.3. ILM stratum Extraction and Removal  

It has been required to distinguish and expel the I-L-M stratum before the extraction of the R-P-E stratum. 

The I-L-M stratum extraction and evacuation are a standout amongst the most difficult exercises in stratum 

division in the D-D-E procedure. The morphological task caused the I-L-M and R-P-E stratum to get 

associated at a few places. In figure 5.12 (e), it tends to be seen that the two stratums are associated after 

performing morphological activities. Along these lines, an endeavor to evacuate the I-L-M stratum 

dependent on the associated part likewise removes the R-P-E stratum. 

(a) (b) (c) (d) 

    

(e) (f) (g) (h) 

    

Figure 5-12: I-L-M stratum removal (a) speckle noise removal using wiener filter, (b) Gray-Scale-Image 

normalization and contrast enhancement, (c) intra-merged & inter-isolated I-L-M and R-P-E stratum after applying 

morphological closing operation, (d) filling holes on both stratums, (e) thresholding & noise removal, (f) red line 

demonstrates 𝐓𝐒𝐈𝐋𝐌 calculated during C-D-E Process, (g) yellow section shows calculated I-L-M stratum to be 

detached, (h) R-P-E stratum after I-L-M stratum removal. 

 

We proposed a new strategy to remove only the I-L-M stratum. To our knowledge, no work has used such 

kind of approach till date. In this method, we have used the Upper surface informtion of I-L-M stratum 

from the C-D-E process. The focus stayed entirely on the segmentation of I-L-M stratum during the C-D-

E process. Therefore, the use of the thresholding and morphological operation effectively led the extraction 
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of the I-L-M stratum without fear of merging with the R-P-E stratum. Whereas, the thresholding and 

morphological operations have been required in the case of disc segmentation to keep the stratums isolated 

without reunion. However, it has additionally activated loss of a few segments of the I-L-M stratum causing 

trouble in the recognition and evacuation of the I-L-M stratum. Similarly, there has been an incredibly poor 

representation of the I-L-M stratum in a few pictures and it was difficult to detach and separate the I-L-M 

stratum in the D-D-E procedure. 

A new strategy has been embraced to manage these issues for the effective division of the I-L-M stratum 

even with the poor perception of the I-L-M stratum. As per clinical examinations, the quantitative 

proportion of Thickness-Profile of 6 retinal stratums on the top of the R-P-E stratum is 200 micron on SD-

O-C-T pictures [153]. 

The standard SD-O-C-T picture has a axial resolution of 3 micron/pixel. Since we have scaled pictures and 

developed them 3 times than their normal size; in this manner, we have utilized the I-L-M stratum 

Thickness-Value 𝐓𝐊𝑰𝑳𝑴=200 pixels to evacuate greatest stratums on the upper point of the R-P-E 

stratum.The proposed technique used to identify and expel the I-L-M stratum has two principle parts. In 

the initial segment, a bit of I-L-M stratums has been determined utilizing  𝐓𝐒𝑰𝑳𝑴removed in the C-D-E 

procedure and the predefined esteem of 𝐓𝐊𝑰𝑳𝑴. In the second part, the determined bit of the I-L-M stratum 

has been expelled from the processed binary image ‘Bimg’ in the D-D-E procedure.The proposed method 

used to calculate I-L-M stratum based on  𝐓𝐒𝑰𝑳𝑴 and  𝐓𝐊𝑰𝑳𝑴 has been applied using following steps. The 

𝑁𝑋 and 𝑁𝑌 represents the x and y axis values 

Algorithm 5.3: I-L-M Stratum Extraction  

Step 1 START 

Step 2 Initialize counter 𝑗 to zero (Counter to maintain indices of points to be removed ) 

Step 3 Initialize 𝑇𝐾𝐼𝐿𝑀 to 200 (Thickness value to remove I-L-M Stratum) 

Step 4 For each element in 𝑇𝑆𝐼𝐿𝑀 (for 𝑖 = 1 to 𝑆, where 𝑆 is size of𝑇𝑆𝐼𝐿𝑀) 

Step 5 Initialize row counter 𝑟 to zero 

Step 6 IF 𝑇𝑆𝐼𝐿𝑀(𝑖) ! = 0 THEN 

 WHILE 𝑟 < 𝑇𝐾𝐼𝐿𝑀 

 Store indices of points to be removed  

 𝑁𝑋(𝑗)𝑇𝑆𝐼𝐿𝑀(𝑖) + 𝑟 

 𝑁𝑌(𝑗)𝑖 
 Increase counter 𝑗 by 1 

 Increase row counter 𝑟 by 1 

 END WHILE 

Step 7 END IF 

Step 8 STOP 
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The calculated portion of The I-L-M stratum has been removed from ′img′ after the I-L-M stratum 

calculation based on 𝐓𝐊𝑰𝑳𝑴 .Figure 5.12 (f) shows TSILM calculated in the C-D-E process, plotted in red 

color on ‘Bimg’. The yellow highlighted portion in figure 5.12 (g) shows a portion of the I-L-M stratum to 

be removed using the proposed method. Figure 5.12 (h) shows ‘Bimg’ after removal of the I-L-M stratum.  

The effectiveness of the proposed method can be further analyzed in figure 5.13. Figure 5.13 (a) shows an 

O-C-T image with extremely poor visualization of the I-L-M stratum. Figure 5.13 (b) shows TSILM 

calculated in the C-D-E process, plotted in red color on ′img′. It can be observed that in figure 5-13 (b) 

(img) the I-L-M stratum doesn’t even exist, nonetheless, the I-L-M stratum is accurately marked on ′img′ 

based on TSILM calculation in the C-D-E process.Figure 5.13 (c) shows the I-L-M stratum portion to be 

removed in the yellow colour. Figure 5.13 (d) displays the successful removal of the I-L-M stratum form 

′img′ despite having no visible I-L-M stratum.. 

 

(a) (b) (c) (d) 

    

Figure 5-13: I-L-M stratum extraction and removal on images with poor visualization of I-L-M stratum (a) O-C-T 

image with extremely poor visualization of I-L-M stratum, (b) resultant binary image after thresholding & 

morphological operation in D-D-E process. It can be seen that there is no right I-L-M stratum in the resultant image. 

The red line shows 𝐓𝐒𝐈𝐋𝐌 calculated in C-D-E process, (c) yellow color indicates I-L-M stratum portion to be removed 

using proposed technique, (d) shows successful extraction of R-P-E stratum using proposed method. 

5.1.4.4. Removal of Stretched Cup Areas  

The Stretched Cup Areas (SCA) are those sections of the cup that may persist after the I-L-M stratum may 

removed. It is essential to detect and erase SCA before the R-P-E stratum segmentation because in some 

circumstances, the survived SCA have viewed to be as large as the R-P-E stratum slices. These huge slices 

lead to unauthentic subdivisions of the R-P-E stratum. In the projected module, the SCA were eliminated 

by pointing out the portion of ‘Bimg’ as SCA pocket slices. Any item on these specified positions has been 

reflected as SCA and has been eliminated. The cup is positioned in the middle with equivalent retinal 

stratums on parallel edges during “Manual Cropping”. Thus, any item caught at the middle of the image 

has been reflected as SCA 
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Similar to this, the stratums of the retina are at a specific gap from the bottommost of the image due to 

existance of the cup. A specified portion of around 100 rows at the bottommost of the image has also been 

reflected as SCA pocket regions, because there is no part of the retinal stratum can occure except SCA in 

the specific portion. The projected technique to eliminate SCA, comprises of two major parts; a seed point 

Xseed has been indicated by finding SCA at specific portions og ‘Bimg’. Then the Xseed has been applied 

to get all the associated segments applying 8- point neighborhood [154], [155]. All assosiated segments 

forming SCA have been erased from ‘Bimg’ in the projecteced technique. The steps involved in the 

verification and elimination of the SCA are as follows 

Algorithm 5.4: SCA Removal at Center 

Step 1 START 

Step 2 Calculate size of image 

[𝑅𝐶]𝑆𝑖𝑧𝑒(𝑖𝑚𝑔) (Where R and C are numbers of rows and columns of 𝑖𝑚𝑔) 

Step 3 Calculate vertical Center of 𝑖𝑚𝑔 

𝐶𝑖𝑚𝑔𝑟𝑜𝑢𝑛𝑑 ( 
𝐶

2
 ) 

Step 4 IF any SCA occur in vertical center of 𝑖𝑚𝑔 

 Calculate SCA portion to be removed  

Step 5 END IF 

Step 6 STOP 

 

Likewise, the below mentioned stages have been applied to verify and eliminate the SCA at SCA 

pocket area of around 100 rows at the bottom of ‘Bimg’. 

 

Algorithm 5.5: SCA Removal from SCA Region 

Step 1 START 

Step 2 For 𝑖 = 1 to 100 (Counter for 100 rows) 

Step 3 Initialize 𝑅𝑜𝑤𝑅 − 𝑖 (Specifies row to search for SCA .Where 𝑅 is number of 

rows of 𝑖𝑚𝑔) 

Step 4 IF any SCA occur at 𝑅𝑜𝑤 

 Calculate SCA region to be removed  

Step 5 END IF  

Step 6 STOP 

 

Figure 5.14 demonstrates SCA elimination in two differentiated setups. One set up exemplifies the 

existence and elimination of SCA at the middle. Figure 5.14 (a-1) views concluded binary image 

‘Bimg’ after the thresholding. The figure 5.14 (b-1) demonstrates an SCA portion even enlarged 

as compared to the R-P-E stratum after I-L-M stratum elimination. It also exemplifies that the 
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enlarged white portion that is not the fragment of the R-P-E stratum, lies in the middle, cross 

sectioning the vertical red line. In figure 5.14 (c-1) indicated SCA portion applying the projected 

technique has been high lightened in the yellow colour. At the last part, figure 4.14 (d-1) shows 

that the SCA has been erased, leaving only the valid R-P-E stratum portions safe. 

Similarly, another scenario with more than one SCA removal can be analyzed by considering figure 5.14 

(a-2), which shows a subsequent binary image ′Bimg′ after the thresholding method. Figure 5.14 (b-2) 

shows ′Bimg′ after the I-L-M stratum elimination. It can be perceived that several SCA occur in SCA 

holder defined region. In figure 5.14 (c-2), a group of images can be observed. These images show SCA 

identification and elimination in sequence. Figure 5.14 (d-2) shows only the valid R-P-E portions after 

eliminating the several SCA. 

1.  SCA at SCA Expected Middle Point 

(a-1) (b-1) (c-1) (d-1) 

    
 

2.  SCA at Multiple Locations on SCA Expected Region 

(a-2) (b-2) (c-2) (d-2) 

    
 

Figure 5-14: SCA removal (a-1) thresholding (b-1) I-L-M stratum removal. The vertical red line shows the central 

point to be searched for SCA, (c-1) shows identified SCA in yellow color located exactly in the middle of 𝐁𝐢𝐦𝐠 and 

touching vertical line, (d-1) shows 𝐁𝐢𝐦𝐠 after SCA removal, (a-2) shows another resulting binary image 𝐁𝐢𝐦𝐠 after 

thresholding method,(b-2) 𝐁𝐢𝐦𝐠 after I-L-M stratum removal. Multiple SCA in SCA expected region, (c-2) Multiple 

SCA removal. (d-2) 𝐁𝐢𝐦𝐠 after eliminating all SCA. 

 

5.1.4.5. Extraction of R-P-E Stratum  

There present only 2 bottom stratums after the elimination of all the stratums on the surface of R-

P-E stratum i.e. the R-P-E stratum and brunch tissue (Figure 5.15 (a)). The brunch tissue is the 
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bottom retinal stratum, whereas, R-P-E stratum is the second last retinal stratum. In order to extract 

the R-P-E stratum, the lingering bottom stratums have been further segmented into two folds; the 

Upper fold is reflected as the R-P-E stratum.  

The anticipated method used for R-P-E stratum thickness valuation and mining involves the three 

major steps.  

Firstly, Upper-Surface outline TSRPE of R-P-E stratum is measured by veryfying row point of first ON 

pixel in each column of the administered image ′img’ [149]. Secondly, the ′img′ has been analyzed to 

compute the R-P-E stratum TV  applyingTSRPE. In the last step, the clear-cut mining of the R-P-E stratum 

from ′img′ has been executed based on TV .  

The TV is computed as follwing. 

Algorithm 5.6: R-P-E-Layer 𝑻𝑽 Calculation 

Step 1 START 

Step 2 Set counter 𝒋 = 0  (Thickness-Counter) 

Step 3 Set Thickness-Counter 𝒕 = 0   (Thickness-Counter for every column) 

Step 4 For i=1 to S (for 𝒊 = 𝟏 to 𝑺 , where 𝑺 is size of 𝑻𝑺𝑹𝑷𝑬 ) 

Step 5 IF 𝑻𝑺𝑹𝑷𝑬(𝒊) ! = 𝟎 THEN 

 Increment counter 𝒋 = j +1 

 Set Row-Counter 𝒓 = 0   

 𝑺𝒆𝒕 𝑹𝒐𝒘𝑻𝑺𝑹𝑷𝑬(𝒊) + 𝒓 

 WHILE (𝒊𝒎𝒈(𝑹𝒐𝒘, 𝒊) ! = 𝟎) (Keep adding rows till next OFF value 

occurs) 

 Increment counter 𝒓 = 𝒓 + 𝟏  

 Increment thickness 𝒕 = 𝒕 + 𝟏  

 Set next 𝑹𝒐𝒘 as 𝑹𝒐𝒘𝑻𝑺𝑹𝑷𝑬(𝒊) + 𝒓 

 END WHILE 

 Add computed Thickness-Value 𝒕 to  𝑻𝑹𝑷𝑬 to sustain thickness record of 

every column 𝑻𝑹𝑷𝑬(𝒋)𝒕 
Step 6 END IF 

Step 7 Find Most frequently occurring value 𝑴𝑭𝑽 from 𝑻𝑹𝑷𝑬 

𝑴𝑭𝑽𝒎𝒐𝒅𝒆 (𝑻𝑹𝑷𝑬) 
Step 8 Compute R-P-E-layer thickness 𝑻𝑽 

𝑻𝑽
𝑴𝑭𝑽
𝟐

 

Step 9 STOP 

 

Finally, a defined withdrawal of the R-P-E stratum has been done on the basis of 𝑻𝑽 significance applying 

the following steps: 
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Algorithm 5.7: R-P-E stratum Extraction 

Step 1 START 

Step 2 Initialize counter 𝑗 to 1 (A counter to maintain record of incidence of points forming 

𝑇𝑆𝑅𝑃𝐸 ) 

Step 3 For each element in 𝑇𝑆𝑅𝑃𝐸 (for 𝑖 = 1 to 𝑆 , where 𝑆 is size of 𝑇𝑆𝑅𝑃𝐸 ) 

Step 4 Set Thickness-Counter 𝑟 = 0  (Counter to maintain record of extracted rows of R-

P-E stratum) 

Step 5 IF 𝑇𝑆𝑅𝑃𝐸(𝑖) ! = 0 THEN (Process Only columns with ON values) 

 WHILE (𝑟 < 𝑇𝑉)  (Keep adding rows till it reaches 𝑇𝑉 ) 

 Record indices of points 

 𝑁𝑋(𝑗)𝑇𝑆𝑅𝑃𝐸(𝑖) + 𝑟 

 𝑁𝑌(𝑗)𝑖 
 Increase counter 𝑗 by 1 

 Increase row counter 𝑟 by 1 

 END WHILE 

Step 6 END IF 

Step 7 STOP 

 

(a) (b) (c) (d) 

    

(e) (f) (g) (h) 

    

Figure 5-15: R-P-E stratum extraction (a) R-P-E stratum with uneven width and shape, (b) extracted R-P-E stratum 

based on R-P-E stratum 𝑻𝑽,(c) R-P-E stratum portions detected during region area analysis are shown in red boxes, 

(d) red lines show R-P-E stratum middle points calculated using the proposed method, (e) Yellow circles specify 

detected R-P-E stratum termination points. The light green straight line indicate the calculated mean point of R-P-E 

stratum termination points, (f) the two yellow vertical lines represents cup boundaries identified on 𝐓𝐒𝐢𝐦𝐠 with 

reference to mean value of R-P-E stratum termination points, (g) the yellow flat line represents computed diameter of 

cup, (h) the green upright lines shows disc ends computed with reference to R-P-E stratum termination points. Flat 

light green line represents computed diameter of disc. 

 

In the last, the verified occurrences of the R-P-E stratum based on 𝑻𝑽 have been strained on a pure black 

image 𝑩𝒊𝒎𝒈of the same size as of the input image. This step will surely extract the R-P-E stratum parting 
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surplus add-ons. The anticipated approach applied for the R-P-E stratum depth approximation and removal 

can be shortened by understanding figure 5.16. 

The accuracy of proposed method can be visualized in figure 5.15 (b), where successful and precise 

extraction of R-P-E stratum has been achieved using the proposed method for the R-P-E stratum extraction.  

In figure 5.16 (a), the R-P-E stratum and brunch tissue have been demonstrated. Figure 5.16 (b) viewed a 

scheme implemented to get 𝑻𝑹𝑷𝑬 of sratum based on the number of assosiated “ON” pixels in each column. 

The numerical value on the top of each column demostrates the number of assosiated ON pixels in that 

specified column. The accurately extrated R-P-E stratum based on the applied method can be observed in 

figure 5.16 (c). It can be viewed that 𝑴𝑭𝑽 in 𝑻𝑹𝑷𝑬 is 06 in the figure 5.16 (b). Apportioning 𝑴𝑭𝑽 by 02 

provides the value of 𝑻𝑽 = 𝟑 . The 𝑻𝑽 permits specific R-P-E stratum extraction.  

(a) 

 

(b) 

 

(c) 

 

Figure 5-16: R-P-E stratum 𝑻𝑽 calculation (a) R-P-E stratum with uneven width and shape, (b) R-P-E stratum 

thickness calculation. Each digit on each column with ON pixels shows count of ON pixel in that Column, (c) 

Particular R-P-E stratum estimation on the base of 𝑻𝑽. 

5.1.4.6.  Region Area Analysis R-P-E stratum 

In some circumstances, more than 2 lots of R-P-E stratum have been observed after accurate R-P-

E stratum segmentation. These multiple rations of the R-P-E stratum have been created due to the 

SCA parts that endured unidentified in some rare circumstances. The area analysis of R-P-E 

stratum has been executed to detect more than two parts of the R-P-E stratum. The existence of 

more than two portions identified some errors in the removal of the R-P-E stratum. Therefore, such 

specified circumstances have been dealt individually.  
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Figures 5.17 (a-1) and (a-2) demostrates two setups where more than two portions of the R-P-E stratum 

have been removed. The ‘regionprops’ technique has been uapplied to compute the number of R-P-E 

stratum-Portions (𝐏𝐑𝐏𝐄) in administered image ′img’ [156]. Figures (b-1) and (b-2) views notorious PRPE 

in red box during area analysis applying ‘regionprops’ technique. Each 𝐏𝐑𝐏𝐄 is then inevitably gathered 

applying properties of ‘regionprops’ technique. The size of each gathered PRPEis measured by counting 

ON pixels in portion. 

The region area analysis has been executed by applying the below mentioned steps: 

Algorithm 5.8: Region Analyses 

Step 1 START 

Step 2 Calculate number of portions of extracted R-P-E stratum 𝑃𝑅𝑃𝐸 

Step 3 IF 𝑃𝑅𝑃𝐸 < 2 THEN 

 Calculate Size of each portion 

 Select two largest portions 

Step 4 END IF 

Step 5 STOP 

 

1. RPE stratum Extration with Three Portions 

(a-1) (b-1) (c-1) (d-1) 

    
 

2. RPE stratum Exttraction with Four Portions 

(a-2) (b-2) (c-2) (d-2) 

    
 

Figure 5-17: Region area analysis process with more than two R-P-E portion (a-1) a situation where some unobserved 

SCA producing R-P-E stratum segmentation error, (b-1) region area analysis of detected R-P-E stratum with 3 parts, 

(c-1) left and right extracted R-P-E stratum parts, (d-1) disc boundary identification , (a-2) another situation, where 

unobserved SCA is producing R-P-E stratum segmentation error, (b-2) R-P-E stratum segmented with 4 parts,(c-2) 

left and right identified R-P-E stratum parts, (d-2) disc boundary computation . 
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5.1.4.7. Detection of Left and Right R-P-E stratum Termination Points 

The edges of both the rations were identified after the removal of left and right  PRPE. These edges were 

used to calculate cup and disc diameter. The method of termination point diagnosis involves two major 

shares. BSRPE by first detecting the ON pixels at bottomof every column of ‘Bimg2’. Later, the Middle-

Points of the R-P-E stratums (MPRPE) have been removed. Figure 5.15 (d) demonstrates removed MPRPE) 

in the red colour. Lastly, Left R-P-E stratum termination point E L and Right R-P-E stratum termination 

point ER have been measured from MPRPE. Figure 5.15 (e) demonstrates detected EL and ER in the yellow 

circle. The process involved in computing termination points has been described as follows. 

 

Algorithm 5.9: R-P-E stratum termination Points Calculation 

Step 1 START 

Step 2 Calculate middle of R-P-E stratum from estimated thickness TV 

Step 3 M
1

2
TV 

Step 4 Find middle points of R-P-E stratum  

Step 5 MPRPEBSRPE −M 

Step 6 For each point in MPRPE (For i = 1 to M, where M is size of MPRPE) 

Step 7 IF MPRPE(i) = 0 THEN 

 Set index of Left Endpoint Lindex to i -1 (Column Value of Left termination 

Point) 

 Set Left R-P-E termination point ELMPRPE(i − 1)(Row Value of Left 

termination Point) 

Step 8 END IF 

Step 9 For each point in MPRPE (For i = M to 1, where M is size of MPRPE) 

Step 10 IF MPRPE(i) = 0 THEN 

 Set index of Right Endpoint Rindex i + 1 (Column Value of Right termination 

Point) 

 Set Right R-P-E termination point ERMPRPE (i + 1) (Row Value of Right 

termination Point) 

Step 11 END IF 

Step 12 STOP 

 

5.1.4.8. Cup & Disc Diameter Computation 

Both the cup and disc ends have been resoluted on the basis of the R-P-E stratum termination points. In 

accordance with the theories, the closure points of the R-P-E stratum are not likely to variate extensively 

with glaucoma development, and can serve as a concrete reference plane [157], [158]. The edges of R-P-E 

stratum to describe disc margins on SD-O-C-T images have been applied consistently in medical practice 
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[159]. In the projected module, the gap among the index values of the R-P-E stratum edges has been 

reflected as disc diameter and the edges of R-P-E stratum delimit the margins of the disc. Figure 5.15 (h) 

displays disc margins and diameter computed by reflecting the R-P-E stratum edges. The Disc diameter 

Dd has been measured as following. 

Dd = Rindex − Lindex                            (5.1) 

Similarly, the edges of the R-P-E stratum have been reprocessed to detect the termination points of the cup 

to calculate Cup-diameterCd. The cup at a level of the R-P-E stratum in the SD-O-C-T images 

interconnected well with medical referance standards [160]. Throughout analysis, the mean value of the R-

P-E stratum edges as a referance plane facilitated improved interconnection with clinical calculations to 

identify the cup termination points. The Cd measurement begins with the calculation of the mean value of 

the edges of the R-P-E stratum. The mean value identifies the position to detect the cup edges on TSimg. 

Figure 5.15 (f) demonstrates removed cup edges viewed in the yellow lines on TSimg. Figure 5.15 (g) 

demonstrates the identified cup termination points and diameter. The following steps are tangled in the 

exposure of the cup edges. 

Algorithm 5.10: Cup Edges Detection 

Step 1 START 

Step 2 Find Mean value of R-P-E stratum endpoints        

MvRound ( 
1

2
(EL + ER)) 

Step 3 Find indices of points that occur on MV row location on image TSimg 

[NX , NY]find (TSimg(Mv , ∶) = 1) 
Step 4 IF length (NY) > 1) THEN (If edges are detected at specified location) 

 Set Cup Left Edge CL NY [1] (First value in NY) 

 Set Cup Right Edge CR NY [length(NY)] (Last Value in NY) 

 Cup diameter is calculated as CdCR − CL 

Step 5 Else Set Cd to zero (If no cup edges detected) 

Step 6 END IF 

Step 7 STOP 

 

The Cd has been measured by captivating the divergence among CR and CL. if no cup termination points 

have been identified in between edges of the R-P-E stratum then it has been reflected as a flat cup and the 

sample is reflected as normal. The flat cups have been consigned an appropriate value, Cd = 0. The 

projected latest module to detect the cup termination points has set the extraordinary conclusions even in 

some critical circumstances. Figure 5.18 (a) examplifies an image of a Normal subject with more than one 
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curvation on the retinal top. It can be observed that there is no cup ration situated in between the R-P-E 

stratum edges. The projected module will precisely categorize this input image as a normal due to the 

existance of flat cup.  

 

(a) (b) (c) 

   

Figure 5-18:The performance of proposed system on some acute cases (a) flat cup image with no cup edges detected 

between R-P-E stratum termination points, (b) a ball like structure within the cup is ignored and only valid cup edges 

are considered, (c) accurate cup detection with the retinal surface apparently having two cups. 

 

Likewise, figure 5.18 (b) views an imput image with some circular structure within the cup. This structure 

will cause more than one bends on the removed  TSILM; majorly, among the edges of the R-P-E stratum. 

Despite of multiple bends, the projected module has identified precise cup termination points because it 

only reflects extreme left and right points on TSILM at the quantified spot. Therefore, in this way, all the 

points within extreme left and right edges have been remain unnoticed resulting in the precise identification 

of the cup edges. Similarly, figure 5.18 (c) demonstrates a retinal top area deceptively having two cups. 

This situation becomes very difficult when curvations on the retinal top are applied to identify cup. The 

projected method has provided presice cup termination points identification as it only reflects the curve that 

happens within the edges of the R-P-E stratum and supervising the remaining curves. 

5.1.5.  C-D-R Calculation 

The C-D-R value has been calculated by deviding the  𝑪𝒅 to the 𝑫𝒅 as termed in (5.2). 

𝐶𝐷𝑅 =  
𝐶𝑑

𝐷𝑑
                              (5.2) 

In the instance of Flat-Cups, the value of the C-D-R is set as 𝑪 − 𝑫 − 𝑹 = 𝟎. 𝟐𝟓 . 
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5.2. Result Analysis of O-C-T Module 

5.2.1. Dataset Description 

A conventional dataset developed from the Armed Forces Institute of Ophthalmology (A-F-I-O) 

has been applied for the assessment of the projected module. The local dataset carries a record of 

both fundus as well as SD-O-C-T images of left and right eyes of the subjects. A set of 50 SD-O-

C-T and 50 fundus images of 25 subjects have been collected with 951x 456 and 2032x 1935 

resolution in that order. The dataset has been annotated by four oculists working in A-F-I-O.  

To calculate the working of the applied module, the automated C-D-R values applying the 

projected system have been matched with the C-D-R values pointed out by four professionals. 

Table 5-4 provides with the summary of the dataset applied for testing. Table 5-5 facilitates an 

overview of pair of fundus and O-C-T images of left as well right eyes in A-F-I-O dataset. We are 

going to govern it openly accessible at www.biomisa.org. 

 

Table 5-4: A-F-I-O Dataset Summary 

#Images Resolution Normal Glaucomatous Ophthalmic Imaging 

50 951×456 22 28 SD-O-C-T 

50 2032×1934 22 28 Fundus-Images 

 

5.2.2. Performance Measure 

The presentation and dependability of the O-C-T scheme has been assessed applying binary 

divisional tests (sensitivity, specificity and accuracy) and kappa statistic calculation [161]. The 

kappa calculates the extent to which the applied module and the medical calculations agree with 

one another. It is derived using following parameters:  

1. True Positives (TP) is defined as the number of samples that are diseased and also 

identifies as diseased. 

2. True Negatives (TN) is defined as the samples that are normal and verified as healthy. 

3. False Positives (FP) is defined as the samples that are healthy but detected as diseased. 

4. False Negatives (FN) is defined as the samples that are diseased but identified as healthy. 
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Table 5-5: A-F-I-O Dataset Images 

 

Image 

Left Eye Right Eye 

Fundus Image  O-C-T Image Fundus Image  O-C-T Image 

F1  

 
 

  

F2 

 
 

 
 

F3 

 
 

 
 

F4 

   
 

F5 

 
   

F6 

    

5.2.2.1. Kappa Measurement 

The value of Kappa is defined as 

𝐾𝑎𝑝𝑝𝑎 =  
𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦−𝑅𝑎𝑛𝑑𝑜𝑚𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦

1−𝑅𝑎𝑛𝑑𝑜𝑚𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦
                           (5.3) 
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5.2.2.2. Observed Accuracy 

Total accuracy is simply the sum of true positives and true negatives, divided by the total number 

of sample. The Observed Accuracy is defined as  

𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+ 𝑇𝑁+𝐹𝑃+𝐹𝑁
                                   (5.4) 

5.2.2.3. Random Accuracy 

Random Accuracy is defined as the sum of the products of reference likelihood and result likelihood for 

each class. It is measures as  

𝑅𝑎𝑛𝑑𝑜𝑚𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
 (𝑇𝑁+𝐹𝑃)∗(𝑇𝑁+𝐹𝑁)+(𝐹𝑁+𝑇𝑃)∗(𝐹𝑃+𝑇𝑃)

 𝑇𝑜𝑡𝑎𝑙𝑆𝑎𝑚𝑝𝑙𝑒𝑠∗𝑇𝑜𝑡𝑎𝑙𝑆𝑎𝑚𝑝𝑙𝑒𝑠
                       (5.6) 

5.2.3.  Results 

The working of the applied module has been analysed in various ways. Firstly, the conclusions of the 

module have been interconnected with the conclusions of four oculists. Later, the calculated C-D-R 

measures have been matched with the automated/ Computer-Generalized C-D-R Values (C-G-V). The C-

G-V are automatically measured while the O-C-T scan by built in software. After C-G-V evaluation, the 

better working of the said module and feasibility of the imaging modality has been shown by matching it 

with the fundus C-D-R values. Lastly, the conclusions of the projected module are matched with the final 

result of the dataset. The ultimate conclusion has been generated from the calculations of four oculists. The 

sample has been labelled as a healthy or glaucomatous on the basis of the majority’s opinion.  

Table 5-6 demonstrates a set of tables viewing the working of the applied module with concordance of 

clinical calculations annotated by clinical professionals. Table 5-6 (a) views the working of the module with 

the results of OPT-1. The scheme was able to identify 21 out of 26 glaucomatous cases (81% sensitivity) 

and 18 out of 24 normal cases (75% specificity).  

Likewise, table 5-6 (b) demonstrates the fallout of OPT-2 outcomes comparison. Results viewed that 22 

out of 23 glaucomatous cases (96% sensitivity) and 22 out of 27 normal cases were diagnosed presicely 

(81% specificity). Similarly, table 5-6 (c) views results when the scheme assessed against OPT-3 

calculations. fallouts showed effective indication of 26 out of 32 glaucomatous cases (81% sensitivity) and 

17 out of 18 normal cases (94% specificity). In the same way, the performance of the projected module 

when matched with the OPT-4 results can be viewed in table 5-6 (d). The scheme was capable to identify 

26 out of 30 glaucomatous (87% sensitivity) and 19 out of 20 normal cases (95% specificity).  
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Table 5-6: Comparison with Clinical C-D-R values 

 

The presentation of the applied module against the medical values can also be observed in table 5-7. It 

demonstrates working measure of the projected module in terms of sensitivity, specificity and accuracy in 

contrast with the calculations of mentioned four oculists.  

 

Table 5-7: Binary Classification Tests results O-C-T module on Clinical Results 

 Sensitivity Specificity Accuracy 

 OPT-1 81% 75% 78% 

 OPT-2 96% 81% 88% 

 OPT-3 81% 94% 86% 

 OPT-4 87% 95% 90% 

 

The said oculists have been ranked on the bais of the seniority and practice. Beginning from the OPT-1, the 

junior most medical expert with minimum practice and OPT-4, the senior most medical expert with 

maximum experience. It can be then analysed from the table data that the calculations have demonstrated 

improved interconnection with the calculations of senior oculists. 

 

Table 5-6(a): OPT-1 Result 

 

Table 5-6(b): OPT-2 Result 

 Normal Glaucomatous  

Normal 18 6 24 

Glaucomatous 5 21 26 

 23 27 50 
 

 Normal Glaucomatous  

Normal 22 5 27 

Glaucomatous 1 22 23 

 23 27 50 
 

 

Table 5-6(c): OPT-3 Result 

 

Table 5-6(d): OPT-4 Result 

 Normal Glaucomatous  

Normal 17 1 18 

Glaucomatous 6 26 32 

 23 27 50 
 

 Normal Glaucomatous  

Normal 19 1 20 

Glaucomatous 4 26 30 

 23 27 50 
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Likewise, the performance of projected module with the medical fallouts applying kappa statistis can be 

observed in table 5-8. It can be analysed that based on kappa results defined in table 5-9 [161], the applied 

module has “ moderate” aggreement with the junior most clinical expert, OPT-1. The scheme had “ 

substantial” agreement with OPT-2 as well as with OPT-3. It obtained 0.8 kappa value with senior most 

clical expert, OPT-4; which considered on the boundary to “ almost perfect” agreement. 

 

Table 5-8: Kappa Statistics 

  OPT-1  OPT-2  OPT-3  OPT-4 

Observed Accuracy  0.78 0.88 0.86 0.9 

Random Accuracy  0.5 0.5 0.51 0.51 

Kappa 0.56 0.76 0.71 0.8 

 

Table 5-9: Kappa Interpretation 

 Interpretation of Kappa 

Poor  Fair Slight Moderate Substantial Almost perfect 

Kappa < 0 0.01 – 0.20 0.21 – 0.40 0.41 – 0.60 0.61 – 0.80 0.81 – 0.99 

 

Table 5-10 and 5-11 views association graphs of fundus C-D-R and O-C-T C-D-R values with 

experimental fallouts. Analyzing table data it can be easily understood that O-C-T C-D-R values are 

providing more association with medical grades as equated to Fundus C-D-R values. 

The projected module performance has also been examined by associating the C-D-R values with 

Computer-Generated-CDR-Values (CGV). Figure 5.19 shows an error graph among the C-G-V and C-D-

R values deliberated by the applied module. 

The strokes on the surface of the bars high lightens the error among the calculations. It can be seen that in 

majority of results the reported error bars demonstrate fewer than 0.15 error rate in the chart. It verifies the 

resemblance of the fallouts of both methodologies. On the other hand, the reported error bars are fairly 

outsized in some circumstances. Outsized bars epitomize great distinctions in the consequences including 

disparity in the class labbeling of sample. Nevertheless, error bars are quite outsized in some circumstances. 

The cases lacking error bars signify the samples where the built-in software has futile to create the C-D-R 

values.  
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Figure 5-19: C-G-V compared with C-D-R values 

In accordance with the A-F-I-O, the catastrophe in C-D-R calculation befalls because of two chief reasons. 

The first one is little visibility of stratums and fewer than twenty four B-scan created while the O-C-T 

scanning. The in-built software requires at least twenty four B-Scans to calculate C-D-R values, it usually 

fails to produce outcomes while examining affected eyes with blinking issue in children and aged people. 

Whereas, the projected scheme is capable to create presice results applying a single B-Scan. It has the ability 

to calculate C-D-R values on less visible stratums when matchen with in-built software. Consequently, the 

anticipated system has outclassed the C-G-V in accurateness.  

The correctness of the planned scheme figured C-D-R values with the C-G-V and fundus C-D-R values 

can be matched in figure 5.20. It can be obviously views that the anticipated scheme has conceded much 

better results as related to the fundus and C-G-V. The fundus images calculated C-D-R values obtained 

exactness of 64, 66, 68 and 64% with OPT-1, OPT-2, OPT-3 and OPT-4 results, correspondingly.  

Similarly, the C-G-V attained an accuracy of 76, 78, 80 and 84 percent with OPT-1, OPT-2, OPT-

3 and OPT-4 upshots, correspondingly. Though, the projected module obtained the best enactment 

with exactness of 78%, 88%, 86% and 90% with OPT-1, OPT-2, OPT-3 and OPT-4 effects, in 

turn. These conclusions also explain the efficiency and appropriateness of the O-C-T imaging 

methodology for precise and apt detection of glaucoma. It is fairly obvious that the recommended 

means has appropriately diagnosed all glaucoma cases that have been otherwise unable to detect 

applying the fundus image of the same affected person. 
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Table 5-10: Correlation Graph of Fundus C-D-R with Clinical Results 

Opthalmologist Corelation Graph (Fundus) 
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Table 5-11: Correlation Graph of O-C-T C-D-R Values with Clinical Results 

Opthalmologist Corelation Graph ( O-C-T) 
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Figure 5-20: Performance Comparison  

 

Alike, the C-G-V acquired the percentage of 76, 78, 80 and 84 % with OPT-1, OPT-2, OPT-3 and 

OPT-4. 

Table 5-12 demonstrates the performance of anticipated module with the final calculation of A-F-I-O 

dataset. The program viewed marvellous calculations by accurately diagnosing 47 out of 50 images, 

obtaining 94% precise and 0.88 kappa value i.e. “ Almost Perfect” agreement. It has completed 93% 

sensitivity and 95% specificity. The projected module has provided ominously better termination results as 

matched to the fundus C-D-R calculation andd C-G-V.  

 

Table 5-12: Results Evaluation of Final Results 

 Normal Glaucomatous  

Normal 21 1 22 

Glaucomatous 2 26 28 

 23 27 50 

 

5.3. Comparison with Already Deployed Techniques 

In 2015, Nithya, R. and Venkateswaran, N. [75] anticipated horizontal and vertical lines for the 

diagnosis of cup termination points extracted with the reference to the centre of the image on he 

removed R-N-F stratum. The two points where both the horizontal line criss-crosses the R-N-F 

stratum, have been considered as the cup termination points. This projected gauge to diagnose cup 

termination points will flop to diagnose some critical cases viewed in figure 5.21. In figures, 5.21 

(a), (b) and (c), it can be analysed that no cup lies at the middle of the image. The anticipated 
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methodology in [75] will flop to diagnose such cases. Alike, an alternative scheme for C-D-R 

computation applying SD-O-C-T images has been introduced in [74]. In the applied technique, the 

Grey Scale SD-O-C-T image has been threshold applying Otsu’s threshold measures raised by 

K=10. The I-L-M stratum has been removed by collecting top most points in each column of the 

binary imagery. The R-P-E stratum has been subdivided by gathering the longest parts of brightest 

pixels in each column. Image flattering has been executed to eliminate extensive cup region by 

extracting all pixels with a gap greater than Q from IML stratum. The two separated lines have 

been attained on the flattened images and left and right rations are found for the R-P-E edges. A 

selected number of columns C has been scanned in both rations to get the number of background 

pixels in between first point from the bottom to the first point on the surface. The first back ground 

pixel in column with maximum background pixel has been applied to explain the edges of the 

RPE.  

(a) (b) (c) 

   

Figure 5-21: Acute cases with no cup in-between R-P-E stratums and centre of image in SD-O-C-T images 

 

The position of the diagnosed R-P-E edges on flattering images has been cross checked with the 

position of the removed R-P-E stratum on the binary image. If the position does not go similar 

than, the R-P-E stratum points eliminated from the binary image at that selected column have been 

gathered as the accurate R-P-E stratum edges. The disc margins have been positioned on I-L-M 

stratums on the base of edges of the PRE stratum. The cup termination points have been explained 

at a point 150µm down the indicated disc edges on the I-L-M stratum. The projected module in 

[74] will again be flop to diagnose quite a few numbers of cases, specifically in the usual images 

because in some usual cases, the cup is broad enough to be reflected as glaucomatous at 150µm 

down disc termination points. The anticipated cup termination points diagnosis location is not best 

cup termination points diagnosis point in accordance with the medical inspections. It will flop to 

diagnose precise C-D-R in quite a few cases. In few critical cases, the extensive cup regions are at 

a gap less than the applied Q gap from the I-L-M stratum. The projected module will also not 
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perform on images with some missing rations of the stratum due to low quality. The scheme will 

also flop to diagnose usual cases with the flat cups. 

In case of lowly visualizations of the retinal stratums, the issue of some absent part of the 

eliminated stratums befalls. None of the above scheme is outfitting this problem. If some absent 

rations befall at the selected reference points for cup termination points diagnosis, then both of the 

above stated schemes will flop to create the precise calculations. But, in the anticipated H-CAD 

program, the I-L-M stratum modification and percolation process will outfit the problem of lowly 

visualization of the retinal stratums as demonstrated in figure 5.21 (a). Likewise, our latest gauge 

for cup termination points diagnosis and flat cup level will cover the issue of critical cases in the 

usual images as demonstrated in figure 5.21 (b) and (c).  

In 2012, T. Babu, S. Devi and R. Venkatesh have introduced the computerized module for C-D-R 

estimation from O-C-T images applying the Retinal Vitreal (RV) and Retinal Choroid (RC) border 

[77]. In disc diagnosis, the red medium has been applied to diagnose the Retinal Vitreal (RV). The 

wavelet conversion has been applied on red medium to remove the horizontal (HL), vertical (LH) 

and diagonal (HH) termination points. The edge image has been carried out by merging HL, LH 

and HH. The termination point imagery has been captured in LL sub band and HL, LH and HH 

has been set to zero. The image has been reassembled by applying transposed conversion.  

The “Bezier Curve” apt has been used to smoothen the eliminated border. In the R-C border 

removal, the thresholding has been used on red medium to divide retinal stratums. Later when the 

noise removed, the canny edge indicator has been used to diagnose the termination points of the 

stratums. The 08 associated apparatuses have been labelled and section less than 10 pixels have 

been eliminated. The R-V border has also been extracted. In order to remove the Retinal Choroid 

(RC) border, earlier, non-zero element has been eliminated from each column and “Bezier Curve” 

fitting has been used to smooth the border. The gap between the sequential points from both the 

sides of eliminated points of R-C border has been measured. The points consisting gap greater than 

a determined value have been reflected as the termination points of the R-C border. The projected 

approach will flop to diagnose the R-C border in case of some poor quality images with absent 

rations of stratums.  

The table 5-13 demonstrates a feature based contrast of the projected O-C-T system with already 

installed modules. It can be analysed that interpolation (IP) feature to envisage absent points has 

been applied by only method anticipated by T. Babu, S. Devi and R. Venkatesh [77]. Likely, SCA 
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extraction which is very essential for exact stratum elimination has been only engaged by the 

technique anticipated by Y. Wang, Q. Chen and S. Lu [74]. In this way, an apparent and better 

performance of our anticipated technology can be identified by the fact that it has applied all the 

essential features involving “Interpolation” (I-P), “Outliers-Removal” (O-R), SCA extraction, R-

P-E stratum area analysis (R-A), Flat-Cup (F-C) and Low-Quality-Image (L-Q-I).  

 

Table 5-13: Comparison with Previously Deployed Methods 

 I-P O-R SCA R-A F-C L-Q-I 

 C-D-R calculation with reference to middle of image 

[75] 

      

 C-D-R calculation on the base of disc ends [74]       

 C-D-R computation using R-C border [77],       

Planned O-C-T Method       

 

5.4. Summary 

In the O-C-T program, computerized detection of glaucoma has been performed by examining 

inner stratum of the retina applying SD-O-C-T images. The I-L-M stratum has been applied to 

indicate the cup contour. Our inimitable method to boost the I-L-M stratum allowed the module to 

create precise calculations even with lowly visualizations of stratums. Likewise, our innovative 

TSILM modification procedure created a concreate contour of the cup. This concreate contour of 

cup provided the program to compute cup diameter at accurate positions for the precise C-D-R 

results. Likely, our latest gauge for cup termination points grit has unusually improved the C-D-R 

measurements authenticity. The correctness of C-D-R value totally depends upon the accurateness 

of the cup diameter measurements.  

A trivial deviance in cup termination points can lead to unauthentic calculations. The projected 

gauges for the fortitude of the cup termination points have facilitated authentic C-D-R 

measurements in both the glaucoma and usual circumstances. Similar to this, precise R-P-E 

stratum removal by focusing all rare cases have enhanced the consistency of the module. The 

critical cases with SCA are managed efficiently by the program which has raised the entire 

accurateness. The SCA explain area assisted module to detect and separate R-P-E stratum 

precisely. One of the stimulating tasks in the O-C-T images is to verify the exact cup in case of 
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more than one modulation on the retinal top. The anticipated scheme has outfitted this issue by 

focusing the only modulation that resides in between the edges of the R-P-E stratums. If the 

program cannot locate cup in between R-P-E stratum edges than the image has been reflected as 

usual with the flat cup. Our flat cup standards have vastly improved the specificity. The working 

assessment of the projected program has demonstrated considerably improved conclusions as 

likened to the fundus C-D-R automated calculations of the same dataset. The superior performance 

showed the efficiency of the inner structural variations for the correct and in time glaucoma 

detection.   
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Chapter 6  

Fusion of Fundus & O-C-T Image Analysis 

The proposed Hybrid C-A-D (H-CAD) system combines advantages of both fundus and O-C-T 

imaging modalities. It considers a variety of glaucoma conditions using both the fundus and O-C-

T images of same patient for the diagnosis of glaucoma. This chapter illustrates the proposed frame 

work and result analysis of H-CAD. 

6.1. Proposed H-CAD System 

The proposed H-CAD system has two main modules i.e. Fundus and O-C-T modules. The Fundus 

module analyses changes causing glaucoma on outer stratum of posterior part of the eye. The 

analysis of the fundus images has been accomplished in two distinct parts. In the first part, three 

structural features RDR, C-D-R and cup shape has been extracted. In the second part, 115 textural 

features have been extracted by measuring the general texture and appearance of the O-N-H part 

of fundus image. The texture features analyses the O-N-H texture which can be effectively used 

for the classification of glaucoma. In both analysis parts of the fundus module, classification has 

been done using the S-V-M classifier. In the O-C-T module, the internal stratums of retina has 

been analysed to detect the changes introduced by glaucoma using SD-O-C-T images. The vertical 

cup and disc diameter has been calculated by identifying cup and disc margin using internal R-P-

E stratum of retina. The vertical C-D-R is then computed and sample is labelled as diseased or 

normal based on the C-D-R value. 

The decision making of the proposed system relies on triple synthesis of three diverse systems. 

Primarily, we rely on the analysis of O-C-T module, which is highly sophisticated and most 

modern method of diagnosing glaucoma. The two fundus modules assist in the decision making. 

When a case is diagnosed positive by using O-C-T module and one of the fundus modules also 

provides the same result then the case is confirmed as glaucoma. However, if none of the fundus 

modules conform to the findings of O-C-T module, then the case is treated as a suspected one. 

Likewise, the case is treated as normal if an O-C-T module fails to detect glaucoma and one or 

both the fundus modules match the result provided by an O-C-T module. Figure 6.1 shows flow 

diagram of proposed H-CAD system for screening of glaucoma. 
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Figure 6-1: Flow Diagram of Proposed H-CAD System 

6.2. Results Analysis of H-CAD System 

The table 6-1 shows classification results of HSF, HTF, O-C-T module (OM), and also fused 

classification result of H-CAD system. The ground truth (GT) represents final result of A-F-I-O 

dataset. In table 6-1 data the “G” denotes “Glaucomatous”, “N” denotes “Normal” and “S” denotes 

as “Suspected” cases. Similarly, the red boxes show the error results, while the suspected one have 

been shown in orange boxes. The L & R represents left and right eye respectively.  

The publically available fundus dataset has been initially used for the evaluation of the fundus 

module. The proposed fundus module has shown significantly improved results as compared to 

the other automated systems evaluated on publically available datasets. It has delivered 94% 

accuracy on High Resolution Fundus (HRF) images dataset and 85% accuracy on RIM-ONE 
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dataset. In case of the classification of the results using custom dataset acquired from A-F-I-O, a 

reduction in overall accuracy of fundus module can be seen. The reduced accuracy, especially in 

case of the HTF module is due to the extremely poor visualization of the fundus images. It was 

almost impossible to locate the cup and disc on these low quality images. However, the O-C-T 

images of the same patients have been able to generate accurate results after the application of the 

proposed stratum enhancement methods.  

 

Table 6-1: Classification Results of different Modules of H-CAD System 

R GT HSF HTF OM H-CAD L GT HSF HTF OM H-CAD 

R1 N G N N N L1 N N N N N 

R2 G G N G G L2 G G N G G 

R3 G G G G G L3 N N G N N 

R4 N N N N N L4 N G N N N 

R5 N G N G G L5 N N N N N 

R6 G N G G G L6 G G G G G 

R7 G G G N S L7 N N N N N 

R8 G N N G S L8 G N G G G 

R9 N G N N N L9 N G N N N 

R10 G N G G G L10 G G G G G 

R11 G G G G G L11 N N N N N 

R12 G G G G G L12 G G G G G 

R13 N N N N N L13 G G G G G 

R14 G G G G G L14 G G G G G 

R15 N G G N S L15 N N N N N 

R16 N N N N N L16 N G N N N 

R17 G G G G G L17 G G G G G 

R18 G G G G G L18 G G G G G 

R19 G G N G G L19 G G G G G 

R20 G G G N S L20 G G G G G 

R21 G G G G G L21 G G G G G 

R22 N N N N N L22 N N G N N 

R23 N G N N N L23 N N N N N 

R24 G G G G G L24 G G G G G 

R25 N N G N N L25 N N N N N 

 

The HSF module detected 38 out of 50 fundus images accurately with 76% accuracy. The 

performance of the HSF module can further be observed in table 6-2. It can be seen that the HSF 
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module identified 14 out of 22 normal samples with 64% specificity and 24 out of 28 glaucoma 

samples have been identified correctly with 86% sensitivity. 

Whereas, the HTF module achieved relatively better performance with 42 accurately classified 

images out of 50 fundus images with 84% accuracy (Inaccurate results are highlighted with red 

colour in table 6-1). 

Table 6-2: HSF module performance 

 Normal Glaucomatous 

Normal 14 8 

Glaucomatous 4 24 

 

The performance of the HTF module can also be analysed in table 6-3. It has achieved 82% 

specificity with 18 correctly classified images out of 22 normal cases. It has also attained 86% 

sensitivity by correctly classifying 24 out of the 28 Glaucomatous cases.  

Table 6-3: HTF module performance 

 Normal Glaucomatous 

Normal 18 4 

Glaucomatous 4 24 

 

Excellent results have been obtained in the case of classification using the O-C-T images. The O-

C-T module accurately detected 47 out of 50 images with 94% accuracy. The system gained 93% 

sensitivity by correctly classifying 26 out of 28 Glaucomatous cases. Only one normal image has 

been classified as Glaucomatous attaining 95% specificity as shown in table 6-4.  

Table 6-4: O-C-T module Performance 

 Normal Glaucomatous 

Normal 21 1 

Glaucomatous 2 26 

 

The final result after fusing results of HSF, HTF and O-C-T modalities can be analysed by 

observing the H-CAD results in table 6-1. Table 6-5 shows the performance of H-CAD system in 

detail. An obvious improvement in the overall result can be seen with 100% sensitivity and 96% 

accuracy after inclusion of suspected class (Suspected cases have been considered as 

Glaucomatous). The basic motivation behind developing the proposed H-CAD system was to 
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involve capabilities of both imaging modalities for the accurate and reliable diagnosis of 

Glaucomatous. 

Table 6-5: H-CAD System performance 

  Normal Glaucomatous Suspected 

Normal 20 1 1 

Glaucomatous 0 25 3 

 

The final result determination of the H-CAD system is based on three completely different 

modules. These modules are capable of analysing O-D in entirely different ways to ensure more 

reliable glaucoma diagnosis than its contemporary automated models. Table 6-6 shows an 

overview of the performance each module of the H-CAD system.  

Table 6-6: The final result of H-CAD system 

 Accuracy Specificity Sensitivity 

HSF Module 76% 64% 86% 

HTF Module 84% 82% 86% 

O-C-T Module 94% 95% 93% 

H-CAD System 96% 91% 100% 

 

6.3. Comparison of H-CAD System with Clinical Results 

The proposed H-CAD system is under clinical trials from last six months. Table 6-7 gives summary 

of dataset used for clinical evaluation.  

Table 6-7: Dataset Summary 

#Images Resolution Normal Glaucomatous Image Type 

66 951 × 456 32 34 SD −  O − C − T 

66 2032 × 1934 32 34 Fundus − Images 

 

Every patient has been instinctively verified by 4 different clinicians with different experience. 

The ophthalmologist 4 (OPT4) is the senior d O-C-Tor with most experienced, whereas the 

ophthalmologist 1 (OPT1) is the junior d O-C-Tor with minimum experience. The results of the 

H-CAD system are quite satisfactory. The results demonstrated better correspondence with senior 

most d O-C-Tor’s result. 
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Table 6-8: Comparison of Proposed H-CAD System Results with Clinical Results 

 

Table 6-8(a): OPT-1 Result 

 

Table 6-8 (b): OPT-2 Result 

 Normal Glaucomatous Suspected 

Normal 23 4 4 

Glaucomatous 7 24 4 
 

 Normal Glaucomatous Suspected 

Normal 26 1 2 

Glaucomatous 5 30 2 
 

 

Table 6-8 (c): OPT-3 Result 

 

Table 6-8 (d): OPT-4 Result 

 Normal Glaucomatous Suspected 

Normal 
32 3 1 

Glaucomatous 2 25 3 
 

 Normal Glaucomatous Suspected 

Normal 29 1 2 

Glaucomatous 2 30 2 
 

  

 

The result analysis of four oculists is shown in table 6-8. The H-CAD system achieved 77% accuracy with 

OPT-1, 88% with OPT-2, 91% with OPT-3 and 92% accuracy with OPT-4 as shown in table 6-9. Similarly, 

based on kappa statistics the proposed system had “Moderate” agreement with the junior most 

ophthalmologist OPT-1. The system had “Substantial” agreement with OPT-2. It had “Almost Perfect” 

agreement with the two senior most opthalmologist (OPT3 and OPT-4). These results demonstrate that the 

proposed H-CAD system has the ability to serve as a decision support system by the less experienced and 

young doctors. 

Table 6-9: Performance of Proposed H-CAD System  

 OPT1 OPT2 OPT3 OPT4 

Sensitivity 80% 86% 93% 94% 

Specificity 74% 90% 88% 91% 

Accuracy 77% 88% 91% 92% 

Kappa 0.54 0.76 0.82 0.84 

6.4. Summary 

The H-CAD system has been proposed that integrates both fundus and O-C-T imaging 

technologies for reliable diagnosis of glaucoma. Fundus module inspects the outer stratum of 

posterior part of the eye structural and textural features and makes a decision by mean of Support 

Vector Machine (S-V-M). In O-C-T module, the Cup to Disc Ratio (C-D-R) has been calculated 

by examining the interior stratums of the retina. In the D-D-E process the Retinal-Pigment-

Epithelium (R-P-E) stratum termination portions have been identified to locate disc boundary. 
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Furthermore, a new criterion founded on the mean value of R-P-E stratum termination portion has 

been introduced for the determination of cup edges. A local-dataset annotated by four oculists is 

used for assessment of proposed H-CAD system. The fusion of the fundus and O-C-T module has 

given 96% accuracy and 100% sensitivity. Since glaucoma is a multifactorial disease, automated 

diagnosis using a single modality based on one or two referral detection features may not generate 

trustable results. The proposed H-CAD system is one of its own kinds. None of existing system is 

capable of analysing the O-D in such a comprehensive way by using two completely different 

imaging modalities. The evaluations and results have shown that the final result of H_CAD system 

is more trustable than its contemporary automated models  
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Chapter 7  

Conclusion and Future Work 

7.1. Conclusion 

Medical images can play a significant part to improve public health for all age groups. It can 

produce the images of the internal structures of the body without surgical interventions.  Consistent 

screening of the patient can detect this chronic disease at initial and curable level avoiding 

permanent loss of sight. 

The threat of glaucoma can be handled in time with the proposed H-CAD system. The H-CAD 

beats its contemporary systems in several ways. In the proposed system, we have integrated powers 

of both imaging modalities for more precise, reliable and timely diagnosis of glaucoma. In the H-

CAD system, the internal and outer stratums of the posterior part of eye have been thoroughly 

analysed considering a variety of indicators for glaucoma diagnosis. It combines advantages of 

both the fundus and O-C-T imaging modalities. The structural variations in the interior stratums 

of the retina happen earlier to V-F loss.  

7.1.1. Fundus Module 

Three structural features C-D-R, RDR and cup contour have been extracted in the Fundus module. 

These three structural features enable the system to analyse the O-D structure in several way. 

Similarly, 115 textural features have been extracted by gauging the general form and texture of the 

O-D. The global texture and intensity based information of complete O-D portion has been 

computed. Moreover, the texture information of sub parts of the O-D portion has been extracted 

including rim vessels, frequency details in multiple orientations and the analysis of cup using the 

proposed superb-pixel calculation method. In this way, the proposed fundus module has been able 

to generate much improved classification results as compared to the existing C-A-D system for 

glaucoma diagnosis. The overall enhanced result of the fundus module is also due to the 

involvement of two separate classifiers for the classification and inclusion of the suspected class 

in case where the results of both classifiers contradict each other.  



 

 

159 

 

7.1.2.  O-C-T Module 

In the O-C-T module, the C-D-R has been calculated seeing interior stratums of the retina. The 

cup boundary has been detected using the I-L-M stratum. The unique strategy to boost the I-L-M 

stratum has given accurate results even with the extreme low visualization of the I-L-M stratums. 

The method to refine the I-L-M stratum contour refinement has calculated the most suitable data 

points for missing data points in the case of low quality images. It has delivered considerably better 

results as compared to the “Linear Interpolation” and “Bezier Curve Fitting” method in the outlier 

removal and surface enhancement. The new criterion to locate cup edges has given remarkably 

improved and accurate results in case of the C-D-R calculation for both the normal and 

glaucomatous cases. It is vital to accommodate all the critical cases to urge a trustworthy answer. 

The planned O-C-T module has outlined many novel methods to handle the critical cases. Not a 

single of existing system has render the issues of outliers, deviances/miscalculation on boundary 

of the I-L-M stratum because of flat cup, speckle noise, region area analysis of the R-P-E stratum 

and missing parts because of fewer visible elements of stratums. In this respect, a transparent 

preference of the planned O-C-T module on its existing methods can be analysed while dealing 

with critical cases. Moreover, the planned O-C-T module has given enhanced results than C-G-V 

because of its flexibility of handling critical/acute cases with less visible stratums and employing 

a solo B-scan to get result. Similarly, adequate results are attained once analysis of results are 

through with the medical/clinical results. 

7.1.3. H-CAD System 

A local-dataset of 50 SD-O-C-T and fundus images annotated by four oculists has been used for 

the assessment of the H-CAD system after fusion of both modules. The HSF module achieved 

76% accuracy, 85% sensitivity and 67% specificity. The low performance of the HSF module was 

due to the presence of some extremely poor quality fundus images generated during the O-C-T 

scan. Similarly, the HTF module gained 84% accuracy, 83% specificity and 85% sensitivity. In 

the same way, the O-C-T module delivered good performance with 94% accuracy, 96% sensitivity 

and 92% specificity. The fusion of classification results of both the modules has given 96% 

accuracy with 100% sensitivity. Table 6-6 gives an overview of the performance of the H-CAD 

system on a custom dataset developed from A-F-I-O. The H-CAD system is capable of generating 

more accurate and reliable diagnosis results due to the integration of the powers of two imaging 
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modalities. The rigorous analysis of the internal and outer retinal stratum ensures that no 

glaucomatous case remains undiagnosed. Hence, in rural areas with the shortage of 

ophthalmologist, the proposed system can be used for glaucoma identification and only candid 

cases can be sent to the specialists for advance inspections.  

7.2. Limitations 

In O-C-T image analysis, the presence of noise will effect R-P-E stratum extraction and analysis. 

No standard dataset was available for combined analysis of fundus and O-C-T images. Therefore, 

we have used locally available dataset which is relatively small in size for evaluation of fusion 

method. The detailed evaluation can be done using a large set of images. 

7.3. Contributions 

The multifactorial and heterogeneous nature of glaucoma makes it a very difficult disease to 

diagnose. In this study, the fusion of both the fundus and O-C-T imaging technology has been 

proposed for a precise and trustworthy diagnosis of glaucoma. A distinctive set of hybrid structural 

and textural features has been proposed to analyze the O-D on various glaucoma indicators. Two 

different color channels have been proposed to compute the C-D-R in the fundus module. A new 

way of cup analysis has been introduced to compute supper pixels for damaged cup detection. In 

the O-C-T module, the I-L-M stratum has been enhanced using a novel strategy to boost stratums 

before segmentation. The problem of low quality images and missing portions of the retinal 

stratums have been further accommodated by introducing a new method for interpolation of the 

points based on overall trend of top-outline. It also proposes an innovative way to reallocate 

outliers on the basis of neighborhood information. A unique strategy has been developed to 

uncover the R-P-E stratum by removing all the stratums on top of it. A new way has been proposed 

to precisely extract the R-P-E stratum from bottom stratums. Moreover, a distinct reference plane 

has been proposed to detect the cup edges. One of the main contributions of this study is the 

formulation and annotation of the Fundus and O-C-T database for glaucoma. There is no online 

available dataset, which provides correspondence of both the fundus and O-C-T images of the 

same subject for the diagnosis of glaucoma. 
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7.4. Future Work 

In future, this research can be extended as following: 

1. Inclusion of the clinical indicators such as Intra ocular pressure (I-O-P) and visual field (V-

F) measurements along with the image analysis for more clinical correlations and improved 

results.  

2. The functional analysis of the eye on the above mentioned indicators will further add 

diversity in the analysis process.  

3. The early diagnosis and prediction of disease can be achieved in future by analysis of 

macula and ganglion cells along with the O-N-H region analysis.  

4. One of the early indicators of glaucoma is the degeneration of ganglion cells. The total 

macula thickness loss can be used as an indicator of ganglion cells.  

5. The decay of ganglion cell can also be analysed by measuring thickness of the Retinal-

Nerve-Fiber (R-N-F) stratum. 

6. The 3-D formation of the R-N-F-stratum for width estimate can be a good gauge to identify 

glaucoma at a treatable level. 

7. Another way to effectively diagnose this disease could be by correlating both eyes of 

patient to analyse symmetrical patterns as the ISNT measures of both eyes are not 

symmetrical in the glaucoma.  

7.5. Summary 

Glaucoma is a painless neurological syndrome. It arises due to increased liquid pressure inside 

eyes. It is a multifactorial ocular disease. The existing methods mainly rely on the C-D-R and only 

few have used texture analysis for the classification in glaucoma diagnosis. Due to noise and other 

indicators of glaucoma these approaches has low sensitivity. The proposed distinctive blend of 

structural and textural features extracted from two different types of imaging modalities has 

improved the sensitivity rate. Oculists mainly use the Fundus or Optical Coherence Tomography 

(O-C-T) for diagnosis of glaucoma. In this study, a Hybrid Computer-Aided-Diagnosis (H-CAD) 

system has been proposed that integrates both the fundus and O-C-T imaging technologies for a 

reliable diagnosis of glaucoma. The pre-processing stage of both modules of H-CAD system will 

bring images from all datasets on the same scale and intensities level for effective application of 

selected structuring element and threshold values. The fundus module inspects the outer stratum 
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of the posterior part of the eye by considering a variety of structural and textural features. It 

improves the diagnosis process by analysing many glaucoma disease conditions. It also contains 

2 sub modules i.e. Hybrid Structural Feature-set (HSF) and Hybrid Texture Feature-set (HTF). 

The HSF module will classify a sample by mean of S-V-M ML technique from completely 

different structural eye disease conditions. The HTF module analyses the sample supported on 

varied texture and intensity-based options and once more makes a choice by using the S-V-M. A 

new method to extract superb-pixels has additionally been planned to sight the damaged cup. This 

feature alone outperformed the state of the art strategies with 94% sensitivity. The Cup to Disc 

quantitative relation (CDR) calculation technique has been introduced for cup and disc 

segmentation involving 2 completely different channels increasing the general accuracy. 

In the O-C-T module, the Cup-to-Disc-Ratio (CDR) has been calculated seeing the interior 

stratums of the retina. In the Cup-Diameter-Calculation (CDC) process, cup boundary is detected 

suing Inner-Limiting-Membrane (ILM) stratum. This study also presents a new technique to 

increase the accuracy of the I-L-M stratum removal. It also introduces a unique method to 

interpolate missing points on the extracted Upper-Surface of the I-L-M stratum (TSILM). Besides, 

a novel technique has been applied to remove the outliers from the TSILM. In the Disc-Diameter-

Calculation (D-D-E) process, the Retinal-Pigment-Epithelium (R-P-E) stratum terminating points 

have been used to identify disc border. Earlier to R-P-E stratum segmentation, removal of I-L-M 

stratum has been done by a new approach to trace and eliminate the I-L-M stratum. Lastly, accurate 

R-P-E stratum segmentation has been done grounded on the novel Thickness-Value (TV) 

estimation technique. Moreover, a new standard for cup boundaries identification grounded on the 

mean value of R-P-E layer termination points has been offered. A local-dataset noted by 4 oculists 

has been used for assessment of the H-CAD system. The final result of H-CAD system has shown 

good correlation with clinical results, therefore it can be used by young doctors as a decision 

support system. 
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