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Abstract:

Glaucoma is one of the diseases that affect the eye, specifically the
retina, which often leads to damage to the optic nerve tissue. This disease
occurs because of an increase in intraocular pressure. Examining clinical
Images of the retina with computer examination methods is crucial, logically
and clinically accurate, and it produces good results and accuracy after
incorporating the main inputs based on the work on the applicable context
of the World Health Origination Indicators for this disease and organizing

them mathematically and programmatically.

The current study has two main goals: the first one is to develop a
system for predicting or detecting whether a person has glaucoma or not.
The purpose of the second step of study is to assess whether this disease is
in the early, moderate, or severe stages of progression. All of them were

completed with the help of efficient algorithms.

The most prominent signs of glaucoma is the increase in the size of
the Optic Cup and the Optic Disk, as well as the inflation that occurs in the
blood vessels, and the narrowing of the Neuro Retinal Rim (NRR) area that
lies between the Optic Cup and the Optic Disk , an effective method based
on pixel colors has been proposed for the color values of the part to be
extracted with the rest of the parts inside it , can compare them to the rest of
the sizes of the healthy portions of the eyes that are free of any other disease
. Despite the existence and overlap of blood vessels with the optic disc, the
algorithm used to identify and extract the optic disc can work accurately to
separate the optic disc from the anatomical structure of the image of the
retinal fundus, the algorithm uses two steps: the first is based on the density

threshold, and the second is based on the morphological methodology of

Vil



detection about all units of the image element, effectively excluding any
kind of fake (Noise).

Two artificial intelligence methods are utilized in this study: the
artificial neural network (ANN) and the support vector machine (SVM) for
early detection of glaucoma based on eight features retrieved and classified
Into positive and negative categories as a result. The (SVM) results were
superior to the ANN outcomes. When categorizing images, the mix of
features used by SVM makes it difficult to distinguish normal from
pathological fundus images, so you need employ a non-linear kernel to get
close to the best result. Finally, work was done to apply the idea and decision
tree algorithm to determine the degree of disease based on the eight features
retrieved from the retina and to determine the three levels detect (early,
moderate, severe) with (99.4%) accuracy .The accuracy of classification
results for (ANN) and (SVM) are (95.3) and (98.8) respectively, thus the

results are very good and promising.
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Chapter One Introduction

1.1 General Introduction

Glaucoma is the second most frequent eye condition that results in
neurological illness. Inappropriate intraocular pressure within the human eye
was the primary known cause of this disease. In its early stages, glaucoma
does not manifest any symptoms, but if left untreated, it can result in total
blindness. Glaucoma can be diagnosed early enough to prevent permanent
vision loss. Potential treatment involves manual eye examination, which is
labor-intensive (A.Latif.et al.2019).

Glaucoma is called the silent sight thief because it is, and population-
based surveys indicate that only 10 to 50 percent of glaucoma patients are

aware of the condition (Gomez-Valverde et al., 2019).

Glaucoma is increasing alarmingly, according to statistics (WHO),
60.5 million people were infected in 2010 (Garnavi, 2020).With aging and
demographic expansion, the estimated number of people who will suffer
from glaucoma globally is expected to rise to 80 million in 2020 and about
111.8 million in 2040 (MacCormick et al., 2019).

The morphological technique was used because it is very similar to the
human strategy for understanding the image. Diagnosing glaucoma using a
retinal image is one of the critical techniques in the medical field, which
includes healthy and unhealthy retina for ophthalmologists. As a result,
improved and mechanistic approaches are needed to accurately diagnose the
disease in a shorter period of time (Thakur and Juneja, 2018). The main
advantage of the retinal fundus is that in most therapeutic settings such as
hospitals or clinics, images of the retinal fundus can be obtained easily. Next,
information extraction from digital image analysis is used to detect eye

diseases of glaucoma (Kanse and Yadav, 2019).
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Chapter One Introduction

1.2 Related Works

In previously and still, there have been many researches and studies that

have been carried out in this regard in the detection of glaucoma.

1- (Sarkar, Sarkar and Nag, 2018) worked on Clustering technique and ellipse-
fitting to automated detection of glaucoma, the first step was extraction the
green channel from the color fundus image, then the region of interest (ROI)
Is determined to prevent incorrect clustering. The next step is implementing
K-means clustering to for three clusters, the third clustercan be identified and
eliminate due to the optic cup is always inside the optic disc, the rest clusters
are only two; optic disc and optic cup, a rectangle is then drawn over each
cluster in order to enclose it. Finally, ellipse fitting is performed by carving
ellipse to each of the two rectangles. The CDR is calculated by dividing the
area of the ellipse enclosing the optic cup by the area of the ellipse enclosing
the optic disc, the threshold used to measure theCDR is 0.3-0.6 by default, if
the CDR is larger than the threshold, and the patientis suffered from
glaucoma. the dataset used is consists of 455 collected colorfundus images
which includes 200 glaucomatous and 255 normal images, the accuracy of
this method achieved 61%.

2- (Guo et al, 2018) Yanbao App, a completely new mobile app has been
introduced in this business. The smartphone application demonstrated a high
level of accuracy for both public databases and actual clinical data. Eight
aspects of the work relevant to glaucoma classification and corresponding
descriptors were used, including CDR, cup area, and thickness ratio.
Precision is primarily due to the application's own algorithm. The
application has a high degree of accuracy in detection and classification.

Artificial minority over-sampling (SMOTE) approach and category

4



Chapter One Introduction

weighting method are used to balance the amount of features in normal and
abnormal categories, which makes the application suitable for practical
glaucoma screening. A 10-fold cross validation is used to evaluate the
glaucoma classification model and use the ORIGA, DRISHTI-GS1 and
DRISHTI-GS databases. The working accuracy was 76.42%.

3- (Dutta et al., 2018) utilized Area Cup to Disc Ratio (ACDR) to glaucoma
detection. Optic disc was segmented using a statistical model in which the
pixels of the disc are identified according to their intensity values.Rows that
have abrupt changes to its histogram are selected as passing through the
optic disc boundary due to the pixels of the optic disc have a higher density,
then the mean of maximum pixels of these rows is calculatedas a threshold
of rows, likewise, the column threshold is calculated and the disc threshold
is the mean of both rows and columns threshold. This calculation operation
was repeated for three channels, red, green and blue. The red channel is
mainly used for the optic disc extraction because the redlayer of an image is
empirically determined to be dominant over green and blue components.
The next step is the suppression of blood vessels using morphological
operations. The final step of segmentation operation is opticcup extract
which is performed by calculating maxim in pixel in the optic disc and the
rest pixels, then subtract the value of each pixel from the maximum pixel the
threshold of the optic cup is calculated by subtracting the mean of the
different pixels from the maximum pixel. The local dataset contains 63
Images with glaucoma and 38 normal images, the classifier of the proposed
method for diagnosing the disease has not been mentioned by researchers,
and the accuracy reached 83.168%.

4- (Kavya and Padmaja, 2018) detected glaucoma by texture features

extraction, their method summarized by contrast enhancement of the RGB

5



Chapter One Introduction

Input images using adaptive histogram equalization and employment k-
means clustering and Circular Hough Transformation to segment the optic
disc, and Markov Random Field (MRF) and GLCM like Contrast,
Correlation, Energy and Homogeneity are applied to extract texture features.
SVM is used to classify images into healthy or glaucoma. The proposed
mothed tested 50 images collected from Drishti dataset which includes 101
Images. The accuracy of optic disc segmentation by Hough Transform and
k-means was 94% and 84% respectively, while the accuracy of glaucoma

detection was 86%.

5- (Pathan, Kumar and Pai, 2018) proposed an automated glaucoma detection
method using RIM-One3 dataset which composed of 124 retinal fundus
images. Initially, blood vessels in painting is performed by extract red, green
and blue channels from the retinal image and applied median filtering and
Laplacian filtering on each channel, the results of each channel are
concatenated to obtain an image with in-painting blood vessels. Feature
extraction involves texture features and color features are extracted from
blood vessels in-painted images. Grey Level Co-occurrence Matrix (GLCM)
Is used for extracting texture features. Color features include variance, mean,
skewness, entropy, standard deviation. Support Vector Machine (SVM) and
Artificial Neural Network (ANN) are used for classification which achieved

an accuracy of 92% and 94.7% respectively.

6- (X.Zhao et al., 2019) introduced an algorithm to calculate Cup to DiskRatio
which comprised of three stages, in the first stage, the top-hat andbottom-
hat transformations are applied together on the retinal image toenhance
the optic disc region, then extract blood vessels using ContrastLimited
Adaptive Histogram Equalization (CLAHE) and top-hat andbottom-hat

transformation, finally, enhanced optic disc region with theblood vessels
6



Chapter One Introduction

Is combined to obtain the region of interest (ROI). The opticdisc and cup
are segmented in the second stage using an improved U-shapedconvolutional
neural network named Deep Fundus Segmented In the third stage, theCDR
Is calculated by dividing the region of the optic cup by dividing theregion of
the optic disc. The datasets used are ORIGA, DRISHTI-GS1 and4Blocal
fundus images, the dice coefficient CDR of ORIGA dataset was 0.054.

7- (Talaat et al., 2019) offers a proposed algorithm to glaucoma diagnosis
based on the texture and statistical features for the region of opticnerve head.
The optic disc is cropped manually from the retinal images, thenthe resizes
operation is applied to the cropped images by 256x256, nextgeneration
of the CIELAB and HSV is done from the original RGB images.In order to
remove any noise which may contain in the acquisition process of image,
the median filtering is performed with a kernel 3x3 kernel to all channels.
Both CLAHE and HE are done to contrast enhancing. To extract feature,
statistical features are utilized to calculate illumination ofthe optic disc which
are (super pixels, mean, skewness) and contrast (interquartile range (IQR),
kurtosis, variance), textural features are applied using RLM and GLCM in
the directions (0°, 45°, 90°, 135°), and the average of overall characteristics
of regions is computed. To get the most relevant features set, information
gain is carried out. The classifier used is SVM with Radial Basis Function
(RBF) and linear for classification, Best result was 92.5% of accuracy,
95.0% of sensitivity and 90.0% of specificity when textural features
calculated from (HE) of CIELAB channel. The dataset used is a public
dataset offered by "REFUGE challenge” which involves 40 healthy and 40

glaucomatous retinal images.

8- (Kanchana and Naga Kiran, 2019) designed a method for glaucoma detection.
They use the Cup to Disc Ratio (CDR) and the Rim to Disc Ratio as their two

7



Chapter One Introduction

glaucoma markers (RDR). By using morphological procedures and the Otsu
Threshold on the green channel of the retinal fundus picture, the optic disc
and cup are segmented. The optic disc region is subtracted from the neuro-
retinal rim (NRR), which is then subjected to the ISNT rule in order to
determine the value of RDR. The dataset used is DIARETDB1, which
contains 60 image, and Support Vector Machine (SVM) is employed as a

classifier. The accuracy of this method was 94%.

9- (Carrilloetal., 2019) proposed a method to diagnose glaucoma by measuring
the ratio between the optic cup area and the optic disc area through
(CDR) indicator which is a measure of the thickness of the "RetinalNerve
Fiber Layer" (RNFL). The channel used to get the segmented optic disc is the
red channel by fixingan initial threshold to determine the optic disc location.
For estimating the average number of pixels needed to be considered an optic
disc, a parameter"P" is computed depending on the retina diameter, the
parameter "P" will beas a reference to find segmentation threshold. The image
histogram which starts from 0 to 255, if the number of pixels between two
sequential grayscale tones is larger (P), then it calculates the pixel ratio
between the two grayscale tones and chooses the largest tone as the threshold
if that ratio exceeds 10%. The blue channel is utilized to segment the optic
cup. The optic disc region is divided into four segments: “Inferior, Superior,
Nasal and temporal” according to ISNT rule. To detect the blood vessels
boundaries within the optic cup, the first the 3 segments are employed to this
purpose, while the temporal region is used to identified the cup external
boundary. The dataset obtained from a "Center of Prevention and Attention
of Glaucoma in Bucaramanga, Colombia" which involves 26 images and the

percentage of success for glaucoma detection was 88.5%.

10- (H.Samawi, & A.Yousif, et al., 2020)This study presented an automated
8
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method for the development of OD segmentation by combining
morphological techniques and intensity thresholding to obtain accurate
detection of OD. Accuracy OD segmentation is a very important factor, this
method gives smoothness and accuracy from the required OD limits and
speeds up the detection of OD and segmentation even if it is cut off by blood
vessels. The proposed method was applied to DRISTHI, MESSIDOR,
DRIONS, DIARETDBO, DIARETDB1 different datasets, and the results
were excellent and promising. Many medical and statistical advantages were
relied upon to identify whether the eye was affected or not, such as cup-to-
disc ratio, optic disc space, and blood vessels. The classification ANN
algorithm was adopted. And the average accuracy for all data sets used was
97.12%.

11- (Rutuja Shinde, 2021) developed a desktop program as a component of an
automated CAD system to identify glaucoma utilizing fundus images of the
retina and input photos into the system using a (LeNet) deep learning
approach, where ROI extraction was demonstrated using the brightest spot
algorithm. To increase the precision of ROI recognition, the image was made
grayscale and underwent Gaussian haze preprocessing. As additional choice
criteria for glaucoma identification, three features—CDR, NRR ISNT, and
ISNT angiogenesis ratio were taken into consideration. A majority vote was
secured for classification from SVM, ANN and ADABOOST algorithms.
The image was distributed throughout the four quadrants of the ISNT using
a two-dimensional mask that was similar to the input image. The ISNT ratio
is subsequently computed using the picture area in each quadrant. A p-value
of 0.05 or lower in this algorithm denotes the significance of the features and
classifiers employed for glaucoma identification. And the Datasets used for
training and testing is a RIM-ONE(169 image),DRISHTI-
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GS(10limage),DRIONS-DB(110image),

image ),

DRIVE(44image )and APTOS dataset 130

NIO(118

Introduction

image),

JSIEC(124

Images are

glaucomatous while 120 images are normal. The accuracy of this method
achieved 98.5%.

Table 1.1 Summary of the literature review

Researcher | Year Method Indicator Dataset Accuracy
1. | Sarkar and | 2018 Image CDR A local dataset 61%
Nag Processing (455)image
2. | Guoetal. |2018 Image Cup Area OREGA DRISHTI- 76.42%
Processing | Thickness ratio (GS,GS1)
with SVM CDR
3. | Duttaet |2018 Image CDR A local dataset( 83.16%
al., 2018 Processing 101)image
4. | Kavyaand | 2018 Image Textures 50 image of (101) 86
Padmaja Processing Features from Drishti dataset
with SVM
5.| Pathan |2018 Image Textures RIM-ONE3(124) 92% svm
Kumar Processing Features image 94.7
and pai with %ANN
SVM,ANN
6. | X.Zhaoet | 2019 Image CDR OREGA, Drishti, GS1 | CDR error
al. Processing ,and (208)local image | of OREGA
with CNN Was 0.054
7. | Talaatet |2019 Image Textures REFUGE(80)image 92.5%
al. Processing Features
8. | Kanchana | 2019 Image CDR,RDR,ISNT | DLSRETDB1(60) 94%
and Naga Processing rule
with SVM
9. | Carrilloet | 2019 Image CDR (26)image 88.5%
al. Processing
10| H.Samawi | 2020 Image CDR,RDR,BVR | DRISHTI,MESSIDOR | 97.21%
and Processing ,DRIONS
A.Yousif with ANN

10
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11/ Rutuja |2021 Image CDR,NRR,ISNT RIM-ONE 169 98.5%
Shinde, Processing image,DRISHT1- 98.5%
with GS(101)image
SVM,ANN
1.3 Statement of the Problem
previously learned about the danger of disease day after day, so it is
possible to use the proposed system in conjunction with ophthalmologists in
hospitals to diagnose the disease in the first stage of it in order to treat it
before it becomes complicated and leads to blindness of the patient and also
to reduce the time of diagnosis by doctors. It is necessary to work on
detecting glaucoma and it’s firstly stages in order to detect early effective
treatment that protects against vision loss. The current method of manually
evaluating and detecting glaucoma is expensive and requires a trained
ophthalmologist.
1.4 Aims of the Study

This study aims at:

Building a prediction system to identify the person who needs examination

to detect and diagnose the level of glaucoma (early, moderate, and severe).

Proposing algorithm developed for Inferior, Superior, Temporal, and Nasal
Quadrant Mask Creation for Neuro Retinal Rim and Blood Vessels, in order

to get better feature extraction and reduce execution time.
11
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C. Proposing algorithm developed for scattering features random, in order to
train Artificial Intelligence algorithms more efficiently and effectively to

prepare them for upcoming complex cases.

D. Proposed algorithm for identifying and segmenting of optical disc and

optical cup.

E. Increasing the number of extracted features due to reaching the score for

more accuracy and focusing on some of these features more than the rest.

F. Use machine-learning concepts to classify the retina image in order to
diagnose glaucoma and machine-learning based neural network models and

evaluate its performance.

1.5 Main Contributions of Thesis

A. The development of a single system that can diagnose glaucoma cases and
their levels according to the approved characteristics such as the optic disc,
blood vessels and other parts of the eye that may be affected by the

aforementioned disease.

B. Achieving the results of the system compared to the results of previous

researchers.

C. A fully automated localization method for the optic disc can give robust and

accurate results.

12
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1.6 Thesis Outline

The thesis consists of five chapters and their description is briefly given below.
Chapter One: (Introduction)
This chapter provided an overview of the disease and previous research,
as well as some difficulties, objective, and problem statement.
Chapter Two: (Theoretical Background)

The positional architecture of the eye is briefly discussed in the scientific
introduction to this chapter. Now let's talk about the basic segmentation
process and the difficulties it faces. Methods for feature extraction and
concepts related to machine learning are also covered. A few specifics about
the condition's levels and evolution. Finally, the four performance metrics

reach a conclusion.
Chapter Three: (The Proposed System)

This chapter presents the proposed glaucoma diagnostic system and
explains the stages of the designed system, some classification algorithms
that are used in classifying the disease and also the grading algorithm for the
aforementioned disease.

Chapter Four: (Results and Discussions)

The different results of all the examined pathways are displayed and

examined in order to understand the importance and effectiveness of each of

13
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them. Furthermore, a comparison is made between them. Finally, the most
promising result are promoted.

Chapter Five: (Conclusions and Suggestions for Future Works)

A conclusion of the work and the related results are discussed. Besides,
further works to improve this work are suggested.

Chapter Two:
Theoretical

Background

14
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2.1 Introduction

Glaucoma is described as a neuropathy that affect the retina is an eye
condition that can lead to blindness or vision loss. Glaucoma causes fluid to
accumulate in the eye, which increases pressure on the eye's back. Due to
the optic nerve being damaged by this pressure, visual loss results. Front
vision is frequently compromised first, then the side vision (Thakkar et al.,
2017).

In a healthy eye, the retina converts the light rays falling onto it into
Impulses and sent to the brain through the optic nerve, at this moment only
they are distinguished as an image, in glaucoma eye, the nerve fibers are
damaged and the blind spot is unable to discover, and the case may develop

to leads to damage of optic nerve (Rot et al., 2020).

The increased intraocular pressure that causes glaucoma is the result of
an imbalance in fluid flow when the eye produces a lot of fluid or the system
ofdrainage is blocked .As Show in Figure(2.1) (Manikandan et al., 2019).

HEALTHY EYE EYE WITH GLAUCOMA

Normal
Pressure

Build Up of
Aqueous
Humor Fluid

A\
Damage to
the Optic
Nerve

Healthy Trabecular
Optic Nerve Meshwork

Figure 2.1 Normal and abnormal eye

14



Chapter Two Theoretical Background

The structural changing of the optic nerve head leads to disorder in
peripheral vision and the patient feels as if looking through a tunnel Figure
(2.2) depicts the progressive loss of vision due to glaucoma, as the advance
of glaucoma, a patient's field of vision slowly narrows down, severeglaucoma
without appropriate treatment cause of main vision loss, and blindness if

remaining untreated (Kumar et al., 2019).

(a) Normal (b)Early (c)Moderate (d)Severe

Figure 2.2 Progressive loss of vision

(JKS Parihar et al. 2017)
2.2 Analysis of Retinal Fundus Images

The inside, posterior surface of the eye is depicted in the fundus
image. The vascular system has both large, dark blood vessels and small
blood vessels, and it is made up of the retina, macula, optic disc, and fovea.

As show in Figure (2.3) displays a color image. (Sambandam. 2018).

Figure 2.3 Digital photograph of the retina image
(Nugroho, Hanung Adi et al.2018)
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2.2.1 Macula

Retinal macula is the light-sensitive tissue layer located at the back of
the eye, and it is the central point of the retina which central vision
responsible. In the center of the macula as show in Figure (2.4), there is a

small depression called the fovea.(Al-Bander etal.2018).

Blood vessels

Macula
Foveg@ Optlc Disk

Figure 2.4 Localization of the macula and fovea

(Veras, Rodrigo & Medeiros et al.2013)
2.2.2 Optic Disc

OD segmentation plays a key role, that's gained a lot of attention from
researchers and clinicians. OD detection often represents a main step in
detecting other anatomical structures (Fan et al., 2018).as show in Figure
(2.5).
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Figure 2.5 Optic disc components

(Gao, Yuan et al. 2019)

2.2.3 Vascular Network

It is so important to detect vessel networks which comprise of arteries
and veins, The blood vessels are considered to be less reflective, for that
reason, they appear darker. Process of extract vessel network is having tiny
blood vessels,complex vessels network, and lopsided illumination when it

can be difficult to acquire images from retinal images. (Hassan et al., 2017).
2.3 Abnormalities Associated with Glaucoma Eye

Lately, the automatic identification and detection of anatomic retinal
structures from digital fundus images have been attracting growing attention
in the community medical image processing, this may help the development
of (CAD) tools for better eye disease manage (Al-Bander et al., 2018).

2.3.1 The Variance of the Optic Disc

When glaucoma occurs more fibers of the optic nerve disappear, size of
the optic cup becomes larger. Change in the cup size is analyzed by taking
cup-disc ratio (CDR). The ratio can be defined in the area of both optic cup
and optic disc. The indicator (CDR), as in Figure (2.6) is used to comparea

normal eye with glaucoma (Fernandez-Granero et al., 2017).
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CDR computation

Figure 2.6 Cup to Disc Ratio (CDR)

(Kumar, J.R.H et al. 2019)

The following equation(2.12) is calculated (CDR).

DR = —— )
¢ OD Area (2.1)

when the CDR value of the images feature is higher than 0.3, it is
considered as glaucoma effected eye, otherwise, it is considered
uninfected (Sujithra et al.2018).In Figure (2.7a) the region with white circle
Is the optic disc.And the optic cup is located optic disk, the eye is normal
because the value of (CDR) is less than 0.3, whereas image in Figure (2.7b)
is affectedby glaucoma due to the (CDR) value is large than 0.3.
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— Optic disc — Optic disc

Normal Eye Glaucoma Eye

Figure 2.7 Fundus image for eyes

(Das, P., Nirmala, S.R. et al. 2016)
2.3.2 Loss of Neuro Retinal Rim (NRR)

The region between the optic disc and optic cup is called neuro retinal
rim. (Poon LY et al., 2017).

2.3.2.1 Inferior, Superior, Nasal, Temporal (ISNT) Rule

It contains neuro retinal rim elements. Figure (2.8) shows the
characteristic patters of neuro retinal rim in normal images. Its length is not
constant in all regions, it follows ISNT rule in normal eye. This rule says that
the length of neuro retinal rim is more in inferior region then superior region,
followed by nasal and at last temporal region. In glaucoma patients neuro
retinal rim will rafollow ISNT rule.(Chethan K.et al.,2017)

Loss in fiber-optic nerves conduces to a changing in the composition
structural dthe OD, namely, the enlargement of cup region and neuro retinal
rim thinning called cupping (Sedai et al., 2017). Figure (2.8 a) shows that
the healthy eye satisfies the ISNT rule, whereasthe affected eye breaks this

rule as shown in Figure(2.8 b).
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Normal image Glaucoma image
Figure 2.8 Characteristic of Retinal Image
(Juan J. Gémez-Valverde et al. in 2019)

Along with CDR neuro-retinal rim also plays an important role in
glaucoma identification. So, rim to disc ratio need to be calculated.Retinal
fundus image will treat as glaucomatous if the (RDR) value was equal or
less than 0.5, otherwise, it considered to be normal. People may misdiagnose

if cup to disc ratio alone is considered (Kumar, J.R.H. et al., 2019).

Temporal quadrant is the leftmost for the right eye and nasal quadrant
for the left eye and vice versa as shown in the following Figure (2.9) (Haruta,
Kodama and Yamakawa, 2017).
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Right eye Left eye

Figure 2.9 ISNT for eyes.
(Kumar, Jayant & Kohli, et al. 2021)
ISNT ration computes by below Equation (2.2).

) NRR in inferior regin + NRR in Superior region
ISNT Ratio = . . , : 2.2
NRR in Temproal regin + NRR in Nasal region

In the normal eye the value of ISNT ratio is less than ISNT ratio in

glaucoma eye.
2.3.2.2 Rim to Disc Ratio

CDR It is considered one of the medical feature that play an effective
role in detecting glaucoma. The Rim to Disk Ratio (RDR) need to be
computed (RDR) is calculated for the inferior and superior quadrant as the
ratio of the rim area to the disk area as show in equation (2.3).

_ (Superior + Inferior)

RDR = 2.3
Optic Disk Area

Now, in more from related works the value of feature for RDR was equal

or less than 0.5 referee the eye is glaucoma. (Seelamantula. et al. 2019).
2.3.3 Variance of the Blood Vessels in the Optic Disc

When the cupping occurs, the blood vessels in the optic disc will be
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2.4

high density in the left or right side compared to the healthy eye, this status
appears clearly in moderate and severe cases, as shown in the Figure (2.10),
in order to know the variance, Blood Vessels Ratio (BVR) is computed
which equal summation the blood vessels in inferior and superior regions
dividing by summation the blood vessels into temporal and nasal regions, as

show in equation (2.4). (Shyam and Kumar, 2017).

BV in inferior regin + BV in Superior region

BVR 2.4

" BVin Temproal regin + BV in Nasal region

Figure 2.10 Stages of the blood vessels direction

(Oztas, Z., Akkin, 2017)
Dataset

The dataset used is ORIGA'"9" ("Online Retinal Fundus Image Database

for Glaucoma Analysis and Research™).

ORIGA dataset contains 650 retinal images with resolution 3072 *
2048 pixels, accompanied by annotations from Singapore Eye Research
Institute's experienced professionals.168 glaucomatous images and 482
healthy photos are among a large number of important visual indicators for

glaucoma diagnosis.
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2.5 Image Cropping and Scaling

Cropping is one of the most fundamental image editing techniques, and
it is used to eliminate unwanted objects or unimportant noise from a
photograph's peripheral. Cropping is the elimination of unwanted portions
from the outskirts of a photographic or graphical image, and to get rid of
dark areas. (Wikiwand, 2011). As in the formula (2.5)

Crop Images = imcrop(Inputimage, [L1 * m,L2 * n][W1 *m, W2 *n]) 2.5
The “L, W height and width for size crop of fundus image.

Resizing a digital image is known as image scaling. An image becomes
smaller as it is scaled down, and larger when it is scaled up. Raster and vector
graphics can both be scaled, but the outcomes are different. As in the
formula (2.6).

Resizelmage = imresize(Inputlmage, Targetimage[m.n]) 2.6

the “m”,’n” are the number of rows and columns.

2.6 Contrast Adjustment

The basic meaning of adjusting contrast is a procedure after adjustments,
such as an increase or decrease in the value of a color pixel (contrast of an
Image) without regard to the properties of its neighbors. In the point process
there is no change in image size or geometry (Zohra, B. F. and Mohamed, B.
2009). .As in the formula (2.7 and 2.8).

AdjustedImg.= imadjust(Inputimage, [Rl,Gl,Bl,Rh.Gh,Bh,]) 2.7

AdjustedImg. = (InputImage, [RGBlow input, RGB high input]) 2.8
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2.7 Morphological Operation

Morphological operations apply a structuring element to an input
Image, creating an output image of the same size. In a morphological
operation, the value of each pixel in the output image is based on a

comparison of the corresponding pixel in the input image with its neighbors.

Morphology is a mathematical operation that processes the main
adjacent images of graphics and changes or shapes that are not available
from the morphological operations program in the form of a structuring
element, which indicates the creation of an image of the same size. In a
morphological process, in the form of a mathematical model (Haggerty et
al., 2014).

There are two basic morphological operations: dilation and erosion,
closing and opening are two derived operations in terms of dilation and

erosion. Here a brief introduction to the morphological operations.

Structuring Element: It is a matrix or a small-sized template that is
used to traverse an image. The structuring element is positioned at all
possible locations in the image, and it is compared with the connected

pixels. It can be of any shape.

Fit: When all the pixels in the structuring element cover the pixels of

the object, we call it Fit.

Hit: When at least one of the pixels in the structuring element cover

the pixels of the object, we call it Hit.

Miss: When no pixel in the structuring element cover the pixels of the
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object, we call it miss. As show in Figure (2.11).

FiT ¢ BT
¢ |
Stuuchuking elument
MI15S
{

Figure 2.11 Morphology terminologies explained

Sometimes, the structuring element is called "kernel”, but this word
Is reserved for specific objects used in operations of convolutions. The
structuring element comprises of a pattern determined as the coordinates of
several discrete points relative to some origin. The different structuring
elements of varying sizes are shown in Figure (2.12). The origin in each case
Is identified with a ring around that point. The origin must not be at the
center of the structuring element but is often. The most commonly seen form

of structuring elements fitting into a 3 * 3 grid and its origin in the center.

Figure 2.12 Some cases of the structuring elements

(Haggerty, Juliana & Wang et al. 2014)
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Every point of the structuring element can have value. In the simplest
structuring elements utilized with the binary images for operations like
erosion, the elements have only one value, appropriately represented as a
one. More complex components, including those used for morphological

operations on a grayscale, can have other pixel values.
2.7.1 Dilation and Erosion

Dilation and erosion are among the simplest morphological processes.
Dilation adds a pixel to the object boundaries in an image, while erosion
removes a pixel at the boundaries of objects. The shape and the size of the
structuring element used are determined by the number of the pixels which
are removed or added to the objects in an image. In the morphological
erosion and dilation operations, the status of any given pixel in the output
image is calculated by applying a rule in the input image to the relevant pixel
and its neighbors of the input image. The rule used to handle the pixels
determines the process as dilation or erosion.as Figure(2.13) displays

erosion and dilation rules (Mitra, 2014).

Erosion

—

Dilation

—
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Figure 2.13 Erosion and Dilation

(Ikebe, Masayuki et al. 2005)

The following Figure (2.14) explains the binary image dilation. Note
the structuring element defining to the neighborhood of the pixel of interest,
which is circled. The dilation function performs a convenient rule on
Neighborhood pixels and gives a value to the respective pixel in the output
image. That the morphological dilation function assignsthe output pixel
value to 1 because one of the elements identified by the neighborhood

structuring element is one.

10 0[0f0j0]00_ 0001100 0[016070-0-0] 0000000
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(a) Dilation operator A ®Bi = A’ (b) Erosion operator A©B2= A"

Figure 2.14 Morphological dilation for a binary image

(Zhang, Yunfel, et al. 2020)
2.7.2 Closing and Opening

The main operations of erosion and dilation are generally sequentially
applied using a single structuring element. Those processes together are

closing and openings.

The closing operation comprises a dilation followed by an erosion.
Opening reverses, the order of operations (Davies, 2017), as the following

equation (2.9 and 2.10):
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Closing: A«B = (A @ B) © B) (2.9)
Opening: AoB = (A © B) & B) (2.10)
2.8 Image Segmentation Fundamentals

Image segmentation is one of the most important steps for feature
extraction and analysis. The goal is to segment images into parts with
homogeneous properties over space and time, such as color, texture, motion,
and spatial-temporal structures. This can be formally defined as follows: if
F is the set of all pixels in an image, and (M) is the measure of homogeneity
of an area of connected pixels, then segmentation is a partition process which

divides F into a subset of connected pixels n F1, F2,..., Fn such that:

M(Fi) = truevi € {1, ....n} (2.11)
M(FiVU Fj) = false ifFiis adjacent to Fj (2.12)
UFizFAndFiﬂsz@ifi;&j (2.13)

i=1

Image segmentation can be divided into at least two phases that have
different definitions of homogeneity. The first phase is a partial
segmentation, in which extracted regions with homogenous features do not
correspond directly to semantic objects. The second phase is a complete
segmentation, which results in semantic objects with their underlying
regions. While partial segmentation can be achieved using some general
algorithms, it usually requires specific domain knowledge to obtain a
complete segmentation (Vyas, Yu and Paik, 2018). There are many types of

image segmentation:
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2.8.1 Segmentation Based on Edge Detection

Edge detection is an image processing technique for finding the
boundaries of objects within images. It works by detecting discontinuities in
brightness. Edge detection is used for image segmentation and data
extraction in areas such as image processing, computer vision, and machine
vision. And it’s a Fundamental tool used in most image processing
applications to obtain information from the frames as a precursor step to
feature extraction and object segmentation. This process detects outlines of

an object and boundaries between objects and the background in the image.

Physical edges provide important visual information since they
correspond to discontinuities in the physical, photometrical and geometrical
properties of scene objects. The principal physical edges correspond to
Signiant variations in the reactance, illumination, orientation, and depth of
scene surfaces. Since image intensity is often proportional to scene radiance,
physical edges are represented in the image by changes in the intensity
function. (Esmaeili, M, 2009). Edge detection is a technique of image
processing used to identify points in a digital image with discontinuities,
simply to say, sharp changes in the image brightness. These points where
the image brightness varies sharply are called the edges (or boundaries) of

the image.
Methods of Edge Detection

1- Prewitt edge detection: This method is a commonly used edge detector

mostly to detect the horizontal and vertical edges in images.
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2- Sobel edge detection: This uses a filter that gives more emphasis to the
centre of the filter. It is one of the most commonly used edge detectors
and helps reduce noise and provides differentiating, giving edge response
simultaneously.

3- Canny edge detection: This is the most commonly used highly effective
and complex compared to many other methods. It is a multi-stage
algorithm used to detect/identify a wide range of edges.

4- Laplacian edge detection: The Laplacian edge detectors vary from the
previously discussed edge detectors. This method uses only one filter
(also called a kernel). In a single pass, Laplacian detection performs
second-order derivatives and hence are sensitive to noise. To avoid this
sensitivity to noise, before applying this method, Gaussian smoothing is

performed on the image. As show in Figure (2.15).

Gaussian

Figure 2.15 Gaussian smoothing for fundus image

2.8.2 Segmentation by Threshold

Threshold is one of the most effective methods for segmentation of
images. Suppose that the histogram of intensity corresponds to an image,
f(x, y) consisting of light objects in dark background, As shown in Figure
(2.16). (Liao, Chen and Chung, 2001).
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Defining of Binary by Threshold (T) for image g(x, y) is shown in the
equation (2.14) below:

1 if Gy >T

g(x. 1) =
0 i SeD=T (2.14)

Where T is the threshold, g(x, y) = 1 for image elements (pixels) of
objects (or any other convenient intensity) and g(x, y) = 0 for image elements

of the background.

*...|I|| ‘II.. , ..|lm|| . .|‘ hlj..,.ll‘ll,,uh :
I T

F
Single Threshold Multiple Threshold

Figure 2.16 Threshold Types

(Ehsani Rad, Abdolvahab et al. 2013)
2.9 Features Extraction
Is the method to describe a set of features, or characteristics of the

image, what will represent the information most effectively or meaningfully

important for analysis and classification.

The aim of extracting features is to improve the efficiency and effectiveness

of analysis and classification. This can be done via (Tian, 2013).

1- Removing redundancies in image data.
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2- Remove variability in image data which is of little to no interest in

classification and discard whole images if possible.
3- Rebuilding the data (in feature space) to improve the classifierperformance.

4- Extraction of spatial information (shape, size, texture, ----- ) which is keyto

identifying the target.

Feature extraction has applied to the images in order to extract some

features and represented them as a feature vector.

The definition of the feature is that it is a function of one or more
measurements, each of which specifies a measurable quality of an item, and

that computed so that it quantifies certain significant qualities of the object.
2.9.1 Texture Feature

The texture is a very useful property for a large range of images.
Human visual systems are commonly believed to use texture for
identification and interpretation. Generally, the color is typically a property
of the pixel while the texture can be determined only from a set of pixels. A
significant number of techniques for extraction texture features have been
proposed. Dependent on the domain from which the texture features are
taken, they can be mainly categorized into methods of spatial texture
extraction methods of spectral texture extraction. For the first method,
extraction of the texture features is done by computing the pixel statistics or
finding the structures of a typical pixel in the original image domain,
whereas, the extracting "spectral texture™ is performed by transforming an
image into the frequency domain and computed features from the

transformed image (Tian, 2013).

An analysis of statistical texture, texture features are calculated from
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the statistical distribution of observed groups of intensities at particular
locations relative to each other in the image. Statistics can be classified into
first-order, second-order and higher-order statistics according to the number
of pixels in each group (M. Abdalla, Dress and Zaki, 2011).

2.9.2 First-Order Statistics

In the first-order, measures calculated from an individual pixel and do
not consider pixel neighbor relationships.it includes the mean, standard
deviation skewness and kurtosis (Nyein Hlaing,2015).as in equation (2.15)
standard deviation(SD)is a measure of how dispersed the data is concerning

the mean.

-1
SDg = ng:o((g —9))? 2.15

In fact the “g” is the pixel value that is ranged between 0 to 255,”L”1s

the color level that is ranged also between 0 to 255,°g” is the mean of

g,’p(g)” 1s the probability of g .
2.9.3 Second-Order Statistics

Measures consider the relationship between neighbor relationships
(Nyein Nyein Hlaing, 2015). The "Gray Level Co-occurrence Matrix
(GLCM)" technique is a method for extracting second-order statistical
texture features.GLCM presented by Haralick. It provides information about
the locations ofpixels that have identical values of gray level (M. Abdalla,
Dress and Zaki, 2011).

"GLCM" is a matrix in which the number of image rows and columns is

equal to gray levels number, G. The matrix pixel P (i, j | d, 8) is the two-
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pixel relative frequency, split by distance "d", in a particular direction by the
specified angle (6), one for intensity "I" and the other for intensity "j".Figure
(2.17) shows Example of directional Analysis PO, P45, P90, and P135
(Kekre and Thepade, 2008).As show in Figure(2.17).

135 [-D-D] o) [-D 0] 45 [-D D]
x - - Pl
f [

\./i *| oD

Figure 2.17 Geometry for measurement of gray level co-occurrence

matrix for 4 distances d and four angles

(Mahmood et al. 2019)

Figure(2.18) depicts an example about construction of co-occurrencematrix
with 8 gray levels calculated utilizing "one" for pixel distance and "Zero"
degrees for direction. In this case, the element (1, 1) of matrix "g" isequal to
1 since it was only discovered once on the original image. In the same Fig
for the element ("6, 2" is another example; Where three occurrences occur,
since a pixel value of "6" has a pixel value of "2" immediately to the it’s
right. The other elements in "C" are calculated by the same method
(Albregts.in 2008). As show in Figure (2.18).

Figure 2.18 Example about a generation of a Co-occurrence
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2.9.4 Eight Gray Levels Matrix

Four characteristics can be extracted from the co-occurrence matrix
(gq, ©) that are as follows, where i reflects the row, j reflects the column and
g (i, jreflects the probability for every pair (i, j) in all the following

equations.(Mohanaiah, Guru Kumar, 2013).

1- Energy: The measure provides information on how the spread of gray
levels inthe image. The maximum value of energy is 1. When the energy is

high mean that the number of the gray level in the image is few.
Energy = %;%; g(i, j)? (2.16)

2- Correlation: It is a measure of gray level linear dependence between the

pixels at the specified positions relative to each other.

k) G-w)p(j) (2.17)

cioj

Correlation = ¥ -

3- Contrast: This measure is used to evaluate the intensity of the contrast

betweenthe pixel and its neighbor on the whole image.
Contrast = %;%; (i,/)* g (i, )) (2.18)

4- Homogeneity: This feature measures the uniformity of the non-zero entries
in the GLCM. If the GLCM concentrates along the diagonal GLCM
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homogeneity of any texture is high, which means that there are manypixels
with a similar of grey level values. When there is a large changein the value
of the gray level, leads to low in GLCM homogeneity making higher in the
GLCM contrast.

Homogeneity = %;Z; : g(i,j (2.19)

V 14i—j|
2.9.5 Features Normalization

Normalization is a scaling technique in which values are shifted and
rescaled so that they end up ranging between 0 and 1. It is also known as

Min-Max scaling.

Feature Vector — min

Norm Feature Vector = - (2.20)
max — min

Here, max and min are the maximum and the minimum values of the feature

respectively.

When the value of X is the minimum value in the column, the
numerator will be 0, and hence X’ is 0.0n the other hand, when the value of
X is the maximum value in the column, the numerator is equal to the
denominator and thus the value of X' is 1.1f the value of X is between the

minimum and the maximum value, then the value of X’ is between 0 and 1.

(Aniruddha, 2020).
2.10 Image Classification (Machine Learning)

The human classification of features in an image uses the visual
interpretation elements to determine homogeneous groups of pixels
reflecting different characteristics. Classification of digital image utilizing

the spectral information represented by digital numbers in one spectral band
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or more and tries to classify every single pixel based on this spectral
information. This type of classification is termed spectral pattern

recognition.

In each case, the goal is to allocate all pixels in the image to specified
classes or themes. The resulting classification image consists of a mosaic of
pixels, every one of which belongs to them and is a thematic "map" for the

original image.
2.10.1 Artificial Neural Network Classification

A neural system is displayed in the Figure (2.19), the number of
neurons interconnected together forms the artificial neural network. The
neural network consists of a number of simple processing elements called
nodes. The neurons are connected with other neurons in accordance with the
weights allocated to the correspondence, the weights involve data that a net
uses it to deal with the problem. The neuron sends out activation signals to
other neurons. The neural network is composed of one or more layers
(Taylor, 2017), (Chakraverty, Sahoo and Mahato, 2019).

Figure 2.19 Artificial Neural Network Architecture

(Holmgren, G., Andersson et al. 2019)
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The single layer weighted interconnection is present in a one-layer
network, while in a multilayer ANN have input, hidden and output layers of
neurons. The next movement of the neuron input layer represents the raw
data that is sent to the system. In the hidden layer a neuron’s movement is
determined by the movement of input neurons and association weights at
each input and also at the hidden layer of the units. The neuron movement
in the output layer depends on the neuron movement in the hidden layer and
the corresponding weights belong to the hidden and output layers. For a
specific purpose, a trained neural network can be accomplished by changing
the values that are connecting between the components. The neural networks
are normally trained or modified to achieve greater accuracy when
comparing target and output (Abiodun et al., 2018), (Chakraverty, Sahoo
and Mahato, 2019).

2.10.2 Support Vector Machine Classification

Support Vector Machine produces accurate classification results from
complex and noisy data. Utilizing a decision surface that increases the
margin between classes, it divides classes. The closest data points to the
surface are frequently referred to as support vectors, and the surface is
known as the ideal hyperplane. The support vectors are significant
components of the training set. Nonlinear kernels are employed An SVM
classifier may not be linear. In its most basic form, SVM can be a binary
classifier. However, by merging several binary SVM classifiers, it can also
function as a multiclass classifier (Build binary classifier for each possible
class pair). For multiclass classification, SVM makes use of the paired
classification method. The judgment values for each class of pixels used to
estimate the success of SVM classification estimate the probability. The

probability values saved as rule pictures are "true” in the sense that each
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pixel's probability falls between 0 and 1, and the sum of those values is 1.

By selecting the scenario with the highest probability, SVM performs
categorization. Pixels with all probability values below the specified
threshold may be reported as unclassified pixels. SVM has a penalty
parameter that permits some misclassification, which is important for non-
separable training sets in particular. The trade-off between allowing for
training errors and enforcing strict margins is controlled by the penalty
parameter. It produces a soft margin that facilitates some misclassifications,
such as allowing some training points to be located on the incorrect side of
the hyperplane. Increases in the penalty parameter value result in higher costs
for misclassification points and call for the development of more precise

models, which may not be very broad. (Kowalczyk, 2017).

SVM classifier provides four types of kernels: radial basis function

(RBF), linear, polynomial, and sigmoid.

The mathematical representation of each kernel is listed below:

RBF : K(x;, %)) = exp(~ || Tx; || ),y >0 (2.21)
Polynomial: K(x;,xj) = (yx;Tx; +7r)d,y >0 (2.22)
Lienr: K(x;,xj) = x; Tx; (2.23)
Sigmoid: K(x;,xj) = tanh(yx; Tx; +1) (2.24)

Where "y" Is the gamma for all kernel forms accept linear in kernel function
"d" is the polynomial-degree concept for the polynomial kernel function.
"r'"" is the bias in the kernel function for the sigmoid and polynomial kernels.

"y", "d" and "r" are parameters controlled by the user, when their correct
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definition is high, the accuracy of the SVM solution increases.

Algorithm (2.1) SVM Classifier

Input: Feature vector of the training dataset, Feature extracted ‘FE1 FE2...Fen’.

Output: Class label of input feature vector (test retina fundus image).
1: Start.
2: For the extracted for feature ‘FE’.

3: Train ‘FE’ with re-sample randomly and replacement. Calculate the hypothesis
‘Hi’ of ‘FEi’.

4: Perform majority voting of ‘Hi’.
5: End.
6: Choose the kernel type for SVM.

7: Classify the test image according to the vector of the test image and train

features vectors.

8: Return class label for the test image.

An SVM characterizes the information by seeking the perfect
hyperplane that isolates all information purposes from the alternative
category for one class. The SVM hyperplane comprises the one with the
largest edge between the two classes. Margin means the maximal bit width
parallel to the hyperplane, which does not have internal details (Zohra and
Mohamed, 2009) (Kalra, 2016). The SVM classifier is shown in Figure (2.20
and 2.21), as algorithm (2.1) show steps of SVM classifier. (murty ,2016)
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Figure 2.20 SVM
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Figure 2.21 Types of Support vector machine kernel
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2.11 Decision Tree Classifier

One of the reasons why can used decision tree is because it is an
algorithm that usually simulates human thinking ability during decision
making. And the goal of decision tree algorithm is to create a model that
classifies a feature value, in which a decision tree uses a tree representation
to solve the problem in which dependent values based on final values

correspond to a class label.
2.12 Levels of Glaucoma Progression

It is very important to properly arrange the disease if you want to
receive compensation for any actions you take. The decision tree algorithm
identifies three levels of glaucoma (early, moderete , and Severe). Our
clinical judgments must be guided by information and definitions from
leading clinical trials in order to achieve the best results.(Zeyen TG, Caprioli
J, 2014).

The normal cup to disc ratio (the diameter of the cup divided by the

diameter of the whole nerve head or disc) is 0.3 (Marjanovic, I., 2011).

As for the moderate case of the disease, the value of the cup to disk ratio
IS (0.4<CDR<0.5). And (CDR>0.5) for severe stage (Jyoti Patil and
Sharmila Chaudhari, 2021).

2.13 Evaluation Measures

The accuracy of the system has been evaluated utilizing popular
measures such as "Accuracy", "Specificity"”, "Sensitivity" and "Precision"

which explained in the Table (2.2). The "Confusion-matrix" supplies more
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intuition classes are foreseeing suitably not only the performance of a

predictive model, and which incorrectly, and error type are being created.

Table 2.2 Confusion matrix

Positive Prediction Negative Prediction

Positive Class True Positive (TP) False Negative (FN)

Negative Class False Positive (FP) True Negative (TN)

TP + TN

Accuracy = 5 TN+ FP + FN (2.25)
Sensitivity = ki 2.26
enSlely—TP+FN (2.26)
Specificity = L 2.27
pecifici y_TN+FP (2.27)
Precision = ki 2.28
recision = TP (2.28)
A Under C =1/2 + ™ 2.29
rea Under Curve = 1/ (TP TN T IN T FP) (2.29)

When (TP) is the number of abnormal fundus images classified as
abnormal, (TN) is the number normal images classified as normal ,(FP) is
the number of normal images classified as abnormal,(FN) is the number of

abnormal fundus images classified as normal.(ldrees et al.,2017).
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Chapter Three The Proposed System

3.1 Introduction

In this chapter, can have provided an accurate description of the work
of the proposed retinal fundus image diagnostics system in full detail. The
general structure and all the algorithms used to build the system and reach
the full and comprehensive results to solve the problem were also clarified.
Started from the preprocessing stage and ended with the classification

algorithms stage adopted in training and testing the software work.
3.2 Proposed System

The are two main stages of the suggested system are features
extraction and classification. Pre-processing, Optic Disc Segmentation,
Optic Cup Segmentation, Blood Vessels Segmentation, and Feature
Extraction are the processes that these phases go through. Preprocessing
includes cropping the input image, detecting the optic disc, determining the
region of interest (ROI), enlarging the (ROI), and then automatically
segmenting the optic disc, cup, and blood vessels. Then, a set of texture

features is extracted for each optic disc image.

The classification contains two phases training and testing. The training
phase revolves on built classifier structure from training about 70% from
fundus retina images dataset that contains healthy and glaucomatous images.
Testing for the new unlabeled (unclassified) retina fundus image is
performed using "ANN" and "SVM" classifiers that built before in the
training phase. Then the retina fundus image will be classified as “0” or “1”.
The dataset used is "ORIGA"™ which includes 650 images of 168
glaucomatous images and 482 no glaucoma images, also in the second stage,

took the cases in which the result of the classification was “1” only and
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applied it according to the decision tree algorithm to find out whether the
disease was in its condition (early, moderate or severe). As show in Figure
(3.1).The accuracy of the system has been evaluated by utilizing popular
evaluation mensuration such as "Accuracy", "Precision", “Sensitivity ", and

“Specificity".
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Figure 3.1 Block diagram of the proposed system

3.3 Preprocessing Phase

Preprocessing of retinal image is essential to address illumination

fluctuations brought on by image acquisition under varied situations and to
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make sure the dataset is consistent and only exposes features that are
relevant. This procedure reduces the effort of the subsequent steps and can

aid in the accurate localization and segmentation of the retinal structures.

All steps of the preprocessing phase are shown in Figure (3.2).

Resize of

Figure 3.2 Steps of the preprocessing phase
3.3.1 Cropping Input Image

This phase begins with image cropping to removing the undesirable
portions of the image such as noise blur, reflections and black parts on the

borders of the retinal images in the used dataset.

To obtain the cropped image, the equation (2.5) is applied as where
“RGB” is the cropped image, “[0.23*m, 0.1*n]” is the location of first pixels
in the upper right corner, “[0.5*m, 0.7*n]” is the width and heightof the

cropped image respectively.
3.3.2 Calculation of Standard Deviation (SD)

This step is very important in order to use later for comparison in the

second phase, Standard Deviation (SD) for entire cropped image is
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calculated according to following equation (2.15).Where “g” is the pixel
value that is ranged between 0 and 255, “L” isthe color level that is ranged

also between 0 and 255, “g” is the mean of g, “P (g)” is the probability of g.
3.3.3 Extract the Red Channel

For OD identification and segmentation, the red channel carries more
detailed information than the other channels: as a result, extract the red
channel from the cropped image was applied in this step as shown in the

following equation (3.1).
R(m, n,c) = RGB(m, n, RedChannel) (3.1)

Where “c” is the color channels, “m, n” index’s.

3.3.4 Detection of the Optic Disk

When comparing the red channel image with a specific threshold and
using the maximum intensity of the red channel as a threshold, the suggested
work uses threshold intensity to establish the OD position. As shown in the
following equation(3.2).

1 if Red Channel > Max Intensity — 4
BlackWhite (x,y) = (3.2)

0 otherwise
The “Max Intensity” is often 255,“Black White ” is threshold operation,
And the reason subtracted the value of "4" is because some parts of the
optical disc have an intensity less than the maximum by a very small value,
The resulted image is a binary image contains the OD with some of the
undesirable objects which appear depending on the (SD) of the image of the
red channel, when the value of (SD) is lower, then the presence of this object
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is lower and vice versa.

To remove unwanted objects, the resulting binary image is labeled
with an eight-connections and removed all connected components (objects)

that have fewer than (1000) pixels from the binary image.

The final step in this section is the elimination of the objects which
are smaller than OD and keeping the larger object which is often the OD
There are some rare retinal imageswhere the largest object is not the OD,
which is nearest to the (OD).

The OD has detected accurately but it contains some unwanted
objects and appears as a single object. The OD was not detected and instead
of an object with the same threshold and an area larger than the OD was
detected, the second stage of the proposed work will handle such cases in

the retinal images.
3.3.5 Determine the Region of Interest (ROI)

The ROI is chosen, which encompasses the region of the OD and the
region surrounding it by some pixels to make a square or rectangular region,
in order to prevent processing extraneous regions in the image and to reduce

the likelihood of incorrect segmentation.
3.3.6 Resize the (ROI)

The image are downsized in this step to lower the computing cost and
create a uniform scale for all images to 400 * 400 pixels.The equation (2.6)

is implemented to perform the resize operation.
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3.4 Segmentation Stage

Function is to localize and divide organisms that have important traits
such as OD, OC, and BV. It is the second phase and the core of the proposed
system because the following phase depends on the accuracy of the outputs

of this phase.

It consists of four steps, each step processes a single object, the most
Important step is the first step of OD segmentation because its output will be

as input to the rest steps.

It consists of four steps, each step processes a single object, the most
important step is the first step of OD segmentation because its output will be

as input to the rest steps.
3.4.1 OD Segmentation

Glaucoma can be clinically diagnosed by measuring the CDR, which
is calculated as the ratio of the OC area to the OD area. Since the borders
might be impacted by blood vessels that enter OD, it is frequently possible
that the OD boundaries discovered during segmentation do not accurately
reflect the OD's morphology. In order to appropriately shape the disc
boundaries for estimation, circular fitting is used. The proposed OD
segmentation is robust to segment OD even if interrupted by the visible blood

vessels. The Figure (3.3) shows the steps of OD segmentation.
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Figure 3.3 Steps of OD segmentation
3.4.1.1 Red Channel Extraction

The OD region can be seen very clearly in the red channel of the RGB
bottom image. OD can be seen as the brightest part of the "red" channel

compared to other channels.
3.4.1.2 Computation of Standard Deviation (SD)

This step is very important in order to be used to compare the image
from which the optic disc can be extracted accurately without additional
processing, starting with section (3.4.1.8) and ending (3.4.1.11).SD for the

entire cropped image is computed according to the equation (2.15).
3.4.1.3 Morphological Closing of Red Channel

The closing procedure is typically used to close small gaps and fills
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in background areas of a picture when a suitable structural element can be

located that fits the regions that need to be kept.

It is possible to think that the blood vessels are retinal-background
gaps. The optimal structuring element in this morphological operation to
eliminate the blood vessels is a disk shape, which must be larger than the
largest width of the vessel in the image. The size used of the structuring
element (SE) is 10 with disk-shape.

To remove BV effect in the OD region, the closing operation was
performed, since BV that may have a threshold similar to the threshold of
some regions around the OD, and thus may cause the poor segmentation

efficiency.
3.4.1.4 Filtering

The average filter was used to lessen the degree of intensity fluctuation
between a pixel and its neighbors. This process will enhance the histogram

of the image and blur any residual vessel edges.
3.4.1.5 Image Threshold

In the Threshold method, extraction of an object is done. OD is
extracted from its background by assigning an intensity value "T" which is
known as a threshold value. Intensity value "T" is assigned such that pixel is
either classified as an OD point or background point.

The selection of an efficient threshold is a prime problem. Many of
automatic Threshold methodologies may not do well especially when the
Images of a dataset are not having good contrast, the automatic value of

threshold in the suggested system is given as follows:
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Threshold (OD) = (3.3)
0 otherwise

Where “Max Intensity” is often 255, “SD ged channel” 1 the standard
deviation for the red channel. And the main reason for “SD Rreq channel “divide
on value “2” is some image is a contrast ranged between the max intensity
of an image to less than the amount of that intensity, as whose contrast is

well distributed.
3.4.1.6 Holes Filling

Two issues will arise if there are gaps in the resulting image,
particularly in the OD region: The first is the inaccuracy of colors retrieval
to the OD, which is an important step for extracting the OC or extracting the
blue channel for later use in segmentation the OD accurately, the second
problem is a defect in the calculation of OD area, therefore, to avoid above

problems this step is performed.
3.4.1.7 Morphological Opening

The opening process eliminates the small items from the foreground
of an image, allowing for the reconstruction of object contours using the pi
xels that were removed that were smaller than the structuring element. The

appropriate structuring element radius is (5 to 15) with disc shape.

The OD boundaries are smoother, the small objectsin and are removed
but it contains isolated or connected objects with OD, this case occurs when
the contrast of an image is not well. The next steps will process such as cases.

3.4.1.8 Retrieval of RGB Colors
To get rid of any undesired objects in the image, the true colors (red,

55



Chapter Three The Proposed System

green, and blue) of the retinal image are recovered to the OD binary image
that was segmented in the previous phase. Which have standard deviation
more than or equal 65.5 or to segment OC and BV if the standard deviation
of the image was less than 65.5, the following algorithm (3.1) describes this

operation.

Algorithm (3.1): Retrieval of RGB colors
Input: Binary image of Optic Disk.
Output: OD with true color (red, green, blue).

: Load the binary image of OD, load ROl image

: Convert binary image of OD and ROI from (unit8) to (double).

: For each true color:

: OD (m,n) = multiply the binary image of OD and ROI image,
pixel by the corresponding pixel.

: Return OD with RGB

: End

The segmented OD with true color, and have a standard deviation of
more than 65.6, therefore OD is not segmented accurately. According to the
allimages have a standard deviation of more than 65.5, The “m,n” is the

location of pixel for optic disk in ROIL..

3.4.1.9 Extract Blue Channel

Among the three true color channels in the retina image, the blue
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channel will be suitable for detecting every portion unrelated to the OD, the
following equation (3.4) .and by using the main extract the blue channel

from the OD because the blue channel contains few details of the data.
B (m,n,c) = 0D (m,n, Blue Channel) (3.4)
Where “c” is the color channels and “m, n” is a pixel.

3.4.1.10 Image Threshold

Standard Deviation of the entire blue channel is calculated, then the

equation (3.5) is applied to calculate the threshold value:

1 if OD Blue Channel > SD Blue Channel * 2
BlackWhite (OD) = (3.5)

0 otherwise

Where “OD gjue channel” 18 the OD image with a blue channel, “SD gjye
channel’” 1S the standard deviation of the blue channel. The main reason for
doubling (SD Blue Channel *2) the SD value is to neglect of the pixels with

a low color value.
3.4.1.11 Morphological Operations

To improve OD segmentation, some morphological procedures will
be used, the first is an opening operation with structuring element as disc

shape and the size is (5 or 10).
Then, fill holes’ step is applied.

In very rare cases, if there are some small unwanted objects in the
image, it is possible removing by choosing the larger region, then applying
morphological opening with structuring element as disc shape and small size

as s.
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3.4.1.12 Retrieval of RGB Colors

By applying what was mentioned to retrievethe true colors to the
resulted binary image of OD in order to extract the parts of the OD which
are OC and BV.

3.4.1.13 Optic Disk Circular Fitting

Although the segmentation operation that was carried out in the
previous steps was very accurate, preferred to do this process in order to
compare the results and choose the best. The equation below is applied to

obtain the circular shape for the OD.

(xi(t)) _ (ri cost) (3.6)

yi(t) risin t
fori=1, 2, and V €t (0, 2w), where "r;" represents the radius ofthe outer and
inner discs.
3.4.2 Optic Cup Segmentation

OC segmentation is more difficult than segmentation of OD because
of the high density of BV in the OC region and glaucoma changes the shape
of the OC region. Figure (3.4) and algorithm (3.2) explain OC segmentation

steps.
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Figure 3.4 OC segmentation steps
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Algorithm (3.2): OC Segmentation
Input: Optic Disk (RGB) segmented.
Output: Optic Cup (RGB) Segmented.
1. Load image of OD.
2. Calculate the Standard deviation of the OD image.
3: If Standard deviation of OD image >= 60
4: Adjust image contrast to 0.1 as the value of low input and 0.9 as value
of high input.
5: Else Adjust each channel of the image to 0.2, 0.2, 0 as the value of low
input for R, G, B color respectively, and to 0.6, 0.8, 0.5 as the
Value of high input for R, G, B color respectively.

6: Extract a green channel.
7: Calculate standard deviation (SD) for the green channel.

8: Select threshold as value large than or equal MaxIntensty- SD green
Channel /4.

9: Closing operation with disk (SE) of 50.
10: Retrieval of RGB Colors to OC.

11: Fitting a circular shape for OC boundary.
12: Return Segmented OC.

13: Fitting a circular shape for OC boundary.

14: Return Segmented OC.
15: End
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3.4.2.1 Adjustment of OD Contrast

The image needs to be well contrasted in order for an automatic
threshold to segment OC properly, it is clear that the OC of the first image
has bright more than the others, in order to improve the contrast, the
adjustment will be applied on the images depending on the standard

deviation of each image.

The adjustment is performed as shown in the following equation if the
standard deviation of the image is less than 60, each channel of the image is
assigned value as low and high input as shown in the following equation
(2.7).

Otherwise, the adjustment is performed on the entire image by certain value
for all channels without customizing anyone as shown in the following

equation (2.8).
3.4.2.2 Extract Green Channel

The red channel covers the full area of OD in the segmented image of
OD, and since the blue channel contains a little information, the green
channel is the better channel for OC extraction. The OC region is brighter in

the OD region with the presence of the blood vessels
3.4.2.3 Image Threshold

The standard deviation for the entire green channel is determined for

the OC extraction threshold, then applied tocalculate the threshold value:

1 if OD(GreenChannel) > Max Intensity - SD Green Channel / 3
BW (OD) = (3.7)
0 otherwise
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Where “Max Intensity” is often 255, “SD Green channel”” 1S the standard
deviation of the green channel. And the value 3 was used for the division.
This came from the many experiments that were conducted on a set of

dataset images, as this value is one of the best values that give better results.
3.4.2.4 Morphological Closing

Closing operation is used to identify the binary image of OC and
eliminate gaps between its components. The structuring element must be
larger than the largest gaps in the image. The optimum size used of the

structuring element(SE) is 50 with a disc shape.
3.4.2.5 Retrieval of RGB Colors

By applying the method which was mentioned to retrieve the true

colors to the resulted binary image of OC.
3.4.2.6 Circular Fitting of the OC Boundary

This technique involves OC circular fitting, which is carried out sim-
ilarly to how OD circular fitting has been done, in order to compare
between the previous OCsegmentation and the results of this operation and

choose the best results.
3.4.3 Blood Vessels Segmentation in Optic Disc

The optic disc is the meeting point of the blood vessels, which have a
role in the diagnosis of glaucoma, when the eye suffers from glaucoma,
blood vessels will exist highly in temporal or nasal side. Figure(3.5) depicts

OC segmentation steps and implemented to do this operation.
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Green Channel Apply Bottom
Extraction Hat Filter

Figure 3.5 Steps of BV segmentation

3.4.3.1 Cropping of OD Image

In order to find the BV of OD accurately, the images of OD are
cropped and unnecessary black regions on the image boundaries are
eliminated so that the resulting image is the region of OD with a black region

of 20 pixels only.
3.4.3.2 Green Channel Extraction

The red channel has visible vessels, while the blue channel has low
contrast and little information, but there is too much noise in this channel
when the blood vessels are extracted, therefore the green channel will be

better than other channels.
3.4.3.3 Morphological Bottom-hat

Bottom-hat filtering is used to remove the fine features and little
objects from an image, producing an image with "objects"” or "elements" that
are smaller than the structural element. The appropriate structuring element
used is a disc shape of 6.
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3.4.3.4 Image Threshold

The average (Mean) of all the pixels in the resulting image is
determined, and the thresholder image which includes blood vessels with

undesirable objects is created by applying the following equation.

Threshold = Mean + 6 (3.8)

The value added to the Mean for the threshold formulation must beequal or
greater than the value of the structuring element to extract blood vessels with
the lowest possible noise. The value (6) was added to the threshold because

the value used in the previous process of bottom-hat filtering was (6).
3.4.3.5 Morphological Opening

To get rid of unwanted objects resulting from the thresholder images, the

opening process was performed using a (SE) of 10 with a disc shape.

3.5 Features Extraction Phase

During this procedure, extracted features from the image using a variety

of segmentation techniques and textures. As show in Figure (3.6).
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Figure 3.6 Block diagram of features extraction

The following Figure (3.7) explains in detail the steps of features extraction.
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Figure 3.7 Steps of features extraction

3.5.1 Cup to Disc Ratio (CDR)

This feature is computed by dividing the OC area by the OD area.
Clinically, if the "CDR" value is less than 0.3, the eye is suspected of

healthy, otherwise, it is glaucoma.
3.5.1.1 Computation of the OD Area

In the binary image of the segmented OD, the OD area only
represents the white region, it is equal to the summation of pixels which have

the value 1.
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Computation of the OC Area

Additionally, in the computation of the OD area, the segmented OC

area is solely represented by the white portion in binary image.

3.5.2 Inferior Superior Nasal Temporal (ISNT) Rule

3521

3.5.2.2

This symptom is the second glaucoma warning sign. This rule must
first be discovered in order to be put into practice (NRR), then Creation the

(Inferior, Superior, Nasal and Temporal) masks to apply iton the NRR.
Neuro Retinal Rim (NRR) Computation

The Neuro Retinal Rim is the area that is between the OD and OC
boundaries. To precisely determine the (NRR), the binary image of OD is
cropped and unnecessary black regions on the image boundaries are
eliminated so that the resulting image is the OD with a black region of 20

pixels only, and then the following equation (3.9) is implemented:
NRR = OD Cropped - OC Cropped (3.9)
Masks Images Creation

The mask pictures serve as an image filter, therefore they are designed
to ensure that the desired quadrant has value 1, or a white zone, and that all
other quadrants have value 0, or a black region.

The image of the mask for each quadrant is created through the
exploitation of the centroid value and array characteristics.
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The lowermost quadrant called the inferior quadrant. This quadrant's
mask will be white region and other quadrants are all black regions,

creates the inferior quadrant mask.

Algorithm( 3.3): Inferior Quadrant Mask Creation
Input: The Number of Rows and Columns for NER Image
Output: Inferior Quadrant Region.

1: [Rows, Columns] = size (NeuroEetinalEim);

2: CenterRows = Round (Rows / 2)

3: CenterColumns = Round (Columns / 2)

4: Inferior= Set zeros (Fows, Columns)

]

: InitColumns=1:

6: For I = Rows to -1 to CenterRows

7: For ] = Columns to -1 to InitColumns
8: Infenior (1. 1) = 1;

9: End For

10: InitColumns = InitColumns +1;

11: Columns = Columns -1;

12: End For

13: Eeturn Inferior Quadrant Mask
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Figure 3.8 Inferior mask

Figure (3.9) states the resulted images of inferior regions of NRR.

-l
N

Figure 3.9 Inferior regions of NRR

Superior quadrant is the quadrant at the top and the mask of this

quadrant must be white region and all the other quadrants are black regions.

The algorithm (3.4) creates the Superior quadrant mask as shown in the
Figure(3.10).
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Algorithm (3.4): superior Quadrant Mask Creation

Qutput: Superior Quadrant Region.

[Rows, Columns] = size(NeuroEetinalFim);
CenterFows = Round (Rows / 2)

CenterColumns = Round (Columns / 2)

: Superior = Set zeros (Rows, Columns)
: InitColumns=1;

: For [ =1 to CenterRows

: For J = IntColumns to Columns

: Superior (I, ) =1;

EndFor

10: InitColumns = InitColumns +1;
11: Columnsz = Columns -1;
12: EndFor

13: Eeturn Superior Quadrant Mask

Input: The Number of Rows and Columns for NER Image

70




Chapter Three The Proposed System

Figure 3.10 Superior mask

Figure(3.11) shows the resulted images of superior regions of NRR.

..

Figure 3.11 Superior regions of NRR
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Temporal quadrant is at the left for the right eye and nasal of the left

eye and vice versa as shown in the following Figure(3.12).

'Eupﬂ'inr'

'Eu:prrin r

45 ||”“

W
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d«u

RIGHT EYE LEFT EYE

315

Figure 3.12 Nasal and Temporal regions in the right and left eye

The left-quadrant mask has white region and the other quadrants must
have black regions as shown in the following Figure(3.13) obtained from
applying the algorithm (3.5).
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Algorithm (3.5): Temporal Quadrant Mask Creation
Input: The Number of Rows and Columns for NRR Image

Output: Temporal Quadrant Region.

: [Rows, Columns] = size (NeurcRetinalRim);

: Center Rows = Round (Rows / 2)
3: Center Columns = Round (Columns / 2)
: Initial Row=1;
: For J=1 to Column
: For I= Initial Row to Row-1
: Temporal (1.j)=1:
: End For
9: Initial Row= Initial Row +1;
10: Row=Row-1;
11: If Row <=1 than Break;
12: End IF;
13: End For

14: Return Inferior Quadrant Mask
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Figure 3.13 Temporal (left quadrant) mask

The following images are the temporal regions of NRR.

Figure 3.14 Temporal regions of NRR

The rightmost for the right eye is the nasal quadrant and temporal of
the left eye. The mask for right quadrant is a white region in the right side,
and other quadrants have black region as shown in Figure(3.15) which
obtained from applying the algorithm (3.6).
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Algorithm(3.6): Nasal Quadrant Mask Creation

Input: The Number of Rows and Columns for NRR Image
Output: Nasal Quadrant Region.

1: [Rows, Columns] = size (NeuroRetinalRim);

2: CenterRows = Round (Rows/ 2)

3: CenterColumns = Round (Columns / 2)

4: Nasal = Set zeros (Rows. Columns)

th

: InitRows=1;

6: For J = Columns: -1: Center Colum
7: For I =InitRows to Rows-1

8: Nasal (I, ) =1:

9: EndFor

10: InitRows= InitRows+1;

11: Rows=Rows-1:

12: If Row==1 then Break:

13: EndIf

12: EndFor

13: Return Nasal Quadrant Mask
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Figure 3.15 Nasal (right quadrant) mask

The following images are the nasal regions of NRR.

Figure 3.16 Nasal regions of NRR

3.5.3 Rim to Disc Ratio (RDR)

When used with the CDR indication, this indicator can be used to
differentiate between mild and severe disease instances because it is more

sensitive than the CDR.
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The equation (2.3) is applied to RDR computation If RDR value is less than

0.5, the eye is normal, otherwise, the eye issuspected of glaucoma.
3.5.4 Blood Vessels Ratio (BVR)

Similar to how inferior, superior, temporal, and nasal masks were
used in the NRR, these masks are used to obtain inferior, superior, tempora
I, and nasal of BV when applied to the segmented BV. Then the following
equation (2.4) computes the BVR.

The value of BVR in the glaucomatous eye is less than BVR value in
the healthy eye because of the density of blood vessels in the Temporal and

Nasal regions of the glaucoma eye.
3.5.4.1 Blood Vessels in Inferior Region

The algorithm (3.3) for the inferior region was applied to the

segmented BV.
3.5.4.2 Blood Vessels in Superior Region

Depicts the resulted binary images were obtained bythe carry out

algorithm (3.4) for the superior region of BV.
3.5.4.3 Blood Vessels in Temporal Region

The temporal regions of BV when implementation of the
algorithm (3.5) on the segmented BV.

3.5.4.4 Blood Vessels in Nasal Region

By applying the algorithm (3.6) on the segmented BV.
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3.5.5 Texture Features

This last stage of extracting the features of the statistical measurement
which is highly dependent on the optic disc, which is the characteristic of

contrast, correlation, energy and homogeneity.
3.5.5.1 Gray Level Co-occurrence Matrix

The applied mathematics method of analyzing textures that contain
the spatial relationship between the pixels is called a gray-level co-
occurrence matrix (GLCM). Features extracted from the retinal image from
four directions (0, 45, and 90,135). Tacked four directions; a single
horizontal offset may not be sensible to a vertically oriented texture.
Therefore, multiple GLCMs for a single input image is created. To perform
this operation, define an array of offsets, these offsets specify pixel

relationshipsof varying directions and distances.

Initially create a matrix from a given image. In our work the image is

a color image of OD.

Such as illustrated above which creates an offset that specifies four

directions.

Offset=[01,-11,-10, -1 -1].and the equation of features computation were

mentioned in section (2.9.4).

The applied computation steps and features for "GLCM" are described in the
algorithm (3.7).
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Algorithm (3.7): "GLCM" Matrix Features
Input: Optic Disc Image. 8, d=1.
Output: Co-occurrence matrices

. Stat.
For each direction (£) do the following:

. A: Compute the co-occurrence matrixes for each pair (j . d)
For each theta (8) value // 8 (0.45.90.135)

. W R o

5. For all b=0 to Height — 1
6. For all a=0 to Width - 1
7. Seti=G(b.a)

8. Setj=G{(b.a+d)

9. Cm-0(i.j )=Cm-0(i.j ) +1
10.Set i= G(b.a)
11.Set j=G(btd. atd)

12.Cm-45(i. j )= Cm-45(i.j ) +1
13.Set i = G(b.a)

14.Set j = G(b+d. a)
15.Cm-90(i. j) = Cm-90(i. j )+1

16.Set i= G(b.a)
17.Set j= G(b+d. a+d)
18.Cm-135(i, j)=Cm-135(i, j)+1 Seti=G(b.a) Setj=G(b+d.a+d)

19.End for
20.End for

21.B: Compute GLCM (energy. contrast, homogeneity and correlation)

22: Retumn Co-occurrence matrices
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3.5.6 Features Normalization

After computing the four texture feature based on the co-occurrence
matrices, using equations (2.16) to (2.19).And computing the four medical

features using the equation (2.1) to (2.4).

Normalization, or feature scaling, is an essential system for
information pre-processing. It is an important process that is used in order to
enhance the classification rate. It works by scaling the values of the features
so that they are within a specific range of determined size in [0...1]. There

are many methods for data normalization.

The linear normalization of features vector (Feature Vector) is
performed according to the formula in equation (2.20), and in section
(2.9.5):

Where Norm _Features Vector is a normalized features vector in the range
[0...1].Min is the minimum value in the features vector. Max is the maximum
value in the features vector. The steps for computation of the normalization

process are depicted in the algorithm (3.8) below:
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Algorithm (3.8): Feature values Normalization

Input: Feature vector: any type of Feature vector

Output: Normalized feature vector.

1: Compute the (max, andmmn) values in the Feature vector.

2: for 1=1 to length (Feature vector)

3. Compute featurenormalization from the feature

4:  Bvapply eguation Norm Feature Vector= FeatureVector — min
max —min

5: End

6: Retum (Norm Feature

3.6 Classification Phase

The process of classification depends on the construction of the
classification model (classifier) that builds based on a predefined set of data
classes (training data set). The construction of the classifier is called the
learning phase (or training phase) which is a series of stages beginning with
preprocessing for input retina fundus images and ending with building the

classifier.

In the testing phase, the classification model is used to classify the
unknown retina fundus image as diseased or healthy (positive, negative). It
Is attempted to identify an object (input retina fundus image) by comparing

its features with a given set of features (positive, negative) obtained from the
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learning stage. The classification method that is used in this work is
supervised learning because all the datasets are pairs consisting of the input
pattern and the desired class. Tow classifiers (ANN and SVM) are used in

this work. The Figure (3.19) below depicts the classification phase.

1-Cup to Disk Ratio Artificial Neural Healthy PeErntrn:f'l nce
valution
2-Rim to Disk Ratio [ P Network (ANN) (Normal) Phase

3-Blood Vessels Ratio

4-ISNT Ratio
S-Contrast

6-Correlation

Support Vector Glaucoma
’ Machine(SVM) (abNormal) 1-Early

7-Homogeneity

5-Energy
rgy 2-Moderate

3-Severe

* Decision Tree Algnrithml

Figure 3.19 Steps of classification Phase

3.6.1 Artificial Neural Network (ANN)

In general, three network training function Bayesian regularization
backpropagation, scaled conjugate gradient backpropagation, and
Levenberg-Marquardt backpropagation update the weight and bias values.
The first type is better for difficult problems, the second network is typically
fastest, and the last type is distinguished by requiring less memory. The
dataset was separated into two groups, much like SVM. "Test" and
"Training", the classifier usedis the binary classifier with the function of

Bayesian regularization backpropagation to handle nonlinear features. The
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backpropagation error used is 0.001.
3.6.2 Support Vector Machine Classifier (SVM)

The binary classifier, which is the "SVM" classifier's native state,
employs the "SVM" classifier. It was employed in this study to make a
positive or negative glaucoma prediction. There are two phases in the image
classification process. When the "SVM" is being trained, the dataset is
divided into two groups of images positive and negative image, and
generation feature vector for characteristics and class label for each group.
In a testing phase comparing the features vector input with the features

vector obtained from the training phase, and return the class label.

Higher-dimensional data with fewer difficulties could be got by used
the "SVM" classification, "SVM™ will utilize "RBF" as a kernel. Two groups
of data will be set as a "Test" and "Training". To clarifying the efficiency of
"SVM" classifier model the "Test" set is utilized. "Test" dataset has been
utilized by validation to keep away from the possible bias of the efficiency,

an assessment because of "Over-Fitting" of the model to training datasets.
3.7 Stages of Glaucoma Progression

In this section, a new, innovative and previously unfamiliar method
has been relied upon, through which, I can know the stage or level of
glaucoma disease, or what is known as glaucoma. The eight features
extracted in the previous were largely relied upon. In addition, with the help
of tree algorithm the decision tree determined the level of the disease, as
well as limiting it to about three levels only, which are early, moderate and
severe. Where and after reviewing and making sure of the medical aspect
and other sources and taking into account the ratios determine as (0.3 to
0.3999 for the first stage, 0.4 to 0.4999 for the intermediate stage, and 0.5 or
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greater than that for severe stage)and sort them each according to his stage.as

show in Figure(3.20).
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Figure 3.20 Glaucoma level determinants

3.8 Evaluation Measures

The purpose was to evaluate the accuracy of the system using widely
used metrics such as accuracy, specificity, sensitivity and accuracy. For

more information see section (2.13).
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Chapter Four Results and Discussion

4.1 Introduction

In the proposed system, mathematical equations inspired by the (WHQO)
and the ophthalmologist have been adopted to examine patients who also

need the clinic.

Optical disc and cup segmentation algorithms are developed, and the
vascular segmentation algorithm was improved for use in the automatic
diagnosis of glaucoma by examining several features. One of the most
important contributing factors to this is that the abnormal (affected) eye has
a key point as a protocol, which is the increase in the area of the optic cup.

In this system to obtain high efficiency.

All algorithms have been examining and evaluated by calculating
performance using the "ORIGA" dataset that has RGB retinal fundus images
takes from different separate tested sets. Figure (4.1) is a sample for the left

and right retina fundus images.

Color fundus images for test set consist of normal and abnormal
retinal images. The classification capabilities depending on the adopted
extraction features. The suggested system was implemented with MATLAB
(MATLAB 2021) system. Windows 10 service 64-bit operating system as
programs run, for the ‘HP’ laptop computer with the processor: Intel® Core

(TM) i7-4600U CPU@2.10GHz 2.70, RAM 8 generations.
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4.2 ORIGA Dataset

ORIGA is the data set used, and it contains a proposed objective
performance measurement method, focusing on optical disc, cup
segmentation, and cup-to-disc ratio (CDR). Currently, ORIGA (-light)
contains 650 retinal images as Table (4.1) annotated by trained professionals
from the Singapore Eye Research Institute. Color fundus images for the
training and testing sets consisted of normal and abnormal retinal images. A
wide variety of image markers, crucial to the diagnosis of glaucoma, have
been annotated. ORIGA (-light) is available for online access upon request.

Figure (4.1) displays of the left and right retina fundus images.

Table 4.1 Total of images for ORIGA dataset

Abnormal | Normal Total
Training 116 336 452
Testing 52 126 | 198 |

Right Retina Left Retina

Figure 4.1 Samples of the dataset
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4.3 Implementation of the Proposed System

In fact, the retinal image goes through several stages, the most
Important of which are the initial processing stage, the Segmentation stage,
and the feature extraction stage from the retinal fundus images, as shown in
Figure (3.1),and in sec(3.2).

4.3.1 Result of Optic Disc Segmentation

The proposed algorithm for optic disc segmentation has high finenessin

different conditions of illumines.

The main and basic factor in the image of the retina is OD for
glaucoma diagnosis because it contains the other structure anatomical parts
which the optic cup, the region between the optic disc and the optic cup and
the blood vessels, after detection of OD location in pre-processing phase,

the retina image will be feeding the segmentation phase.

In fact, the main basis for identifying the optical disc by the red
channel, the optic disc in the red channel is brighter than other channels,
some retina images have not well contrast and that influences on
segmentation of OD accurately, therefore the standard deviation is
calculated which measured the intensity of the color distribution. All
segmentation processes are based on "Morphological Techniques and
Intensity Threshold". Figure (4.2) states some results of OD segmentation

from retina images.
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Fundus Image OD Segmented | OD Circular

Figure 4.2 Results of OD segmentation in retinal images

89



Chapter Four Results and Discussion

Figure (4.3) shows various samples of segmented OD for images have

a standard deviation of more than 65.

First OD | Final OD | Final OD
Image from ROI _
ditaset segmented | BW image | segmented

Figure 4.3 Various samples of segmented OD

Accuracy of the four basic positions was used to utilizing to recognize
them "OD"segmentation fineness and the scale of performance for Optic
Disk segmentation, Table (4.2) shows the confusion matrix of OD

segmentation.
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Table 4.2 Comparative OD Segmentation results

Research Dataset Accuracy
Al-Bander et al.in 2018 MESSIDOR 97%
Hafsa Ahmed * et DMED, FAU 97.5%
al. April 22-24,
2014
Kanchana and Naga DIARETDBI1 94%
Kiran, in 2019 : .
With 60 image
Rutuja Shinde.2021 RIM-ONE,DRIVE 98.6%
Sharma et al, In 2019 RIM, DRIONS 95.8%
Hayder et al, In 2020 Origa, Rim-One 3 and 97.1%
Drishti
Juneja et al, In 2020 50 fundus images 95.8%
ORIGA 98.9%
Proposed method MESSIDOR 96.5%
RIM 95.4%
DRISTHI 93.2%
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Proposed method
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Figure 4.4 Accuracy of OD segmentation results

4.3.2 Result of Automatic Segmentation of Optic Cup

The second stage of segmentation is the optic cup and is of great
significance in the diagnosis of glaucoma, since the area after "Optic Cup"
segmentation must be calculated. Figure (4.5) shows some results of "Optic

Cup" segmentation.
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The four definition of the terms ("TP", "TN","FN" and "FP" ) used
with the "Optic Disk" segmentation applied with the "Optic Cup", but the
difference is that the region is the "Optic Cup" instead of "Optic Disk".

OC Contour Final Segmented OC Contour OC Circular

Figure 4.5 Results of OC segmentation in retinal images

Modified imperceptibly by color values to improve contrast with my
suggested method of split optical disc made the optic cup area appear
clearly, then by applying the proposed threshold and morphological
operations, OC segmentation was done accurately so that all the optic cup
images were extracted from the optic disc images without any loss for the
optic cup.
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4.3.3 Result of glaucoma diagnosis by Cup to Disc Ratio (CDR)

The third important stage in the diagnosis of glaucoma is the stage
Cup to Disk Ratio, the confusion matrix for the diagnosis of glaucoma using
the (CDR) index.

4.3.4 Result of ISNT Rule

Through the CDR, the ISNT index is important in the diagnosis of

glaucoma, and the characteristics of this norm are explained in (2.3.2).
4.3.4.1 Results of Neuro Retinal Rim (NRR)

The boundary between Optic Disk and Optic Cup (the inner boundary) is
NRR.As in Figure (4.6) depicts the NRR segmentation of OD images.

Optic Disk  OC Contour OC Segmented NRR

Figure 4.6 Results of NRR segmentation in OD images
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4.3.4.2 Results of ISNT Regions

The (ISNT) generated masks for (Superior, Nasal, Inferior and

Temporal) regions are applied on the resulted NRR as shown in Figure (4.7).

NRR Region Inferior Superior Temporal Nasal

C

9
¢
¢

Figure 4.7 Results of ISNT regions
4.3.5 Result of Rim to Disc Ratio (RDR)

The results obtained from this operation are close to the results of the
CDR operation due to the segmentation accuracy of both the optic disc and

cup and the adoption of the value 0.5, which represents the average values

for this measure.
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4.3.6 Result of Blood Vessels Ratio (BVR)

In the glaucoma eye, the blood vessels in the optic disc will be high

density in the left or right side compared to the healthy eye.
4.3.6.1 Result of Blood Vessels Segmentation

The proposed improved algorithm was able to extract blood vessels in

all images of the optic disc accurately as stated in the Figure (4.8) below:

Optic Disk |Blood Vessels|Optic Disk |Blood Vessels

Figure 4.8 Results of blood vessels segmentation
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4.3.6.2 Results of ISNT Regions for Blood Vessels

The ISNT masks were applied to the segmented blood vessels in order
to compute the Blood Vessels Ratio (BVR). In the most of glaucoma eye,
the resulted blood vessels in the Nasal and Temporal region was large than
the resulted blood vessels in Inferior and Superior region, but in some images
with glaucoma eye, the blood vessels were on the opposite, that is, the blood
vessels resulted in the Inferior and Superior region large than the Nasal and
Temporal region, the reason for these cases is that the disease in these eyes
Is in its early stages, the (BVR) satisfies the moderate and severe cases. As
Figure (4.9) below states some of the results obtained for ISNT regionsof

blood vessels
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Blood Vessels| Inferior Superior Temporal Nasal

Figure 4.9 Results of ISNT regions of blood vessels

In fact, the Confusion matrix of glaucoma diagnosis by (BVR) is
presented in table (4.3), Where (TP) refers to the number of glaucoma
Images that have blood vessels in Nasal or Temporal region larger than
blood vessels in Inferior or Superior region, (TN) refers to the number of
healthy images that have bloodvessels in Nasal or Temporal region less than
blood vessels in Inferior or Superior region, (FP) indicates the number of
healthy images that have bloodvessels in Nasal or Temporal region larger
than blood vessels in Inferior or Superior region, (FN) indicates the number
of glaucoma images that have blood vessels in Nasal or Temporal region less

than blood vessels in Inferioror Superior region.
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Table 4.3 Confusion matrix of glaucoma diagnosis using (BVR)

Positive class Negative class
Positive class | Glaucoma N.T=15 N.T=<LS
101 67
Negative class | Healthy N.T>LS N.T<ILS
28 454

4.3.7 Normalized Features

The main dependence in the correct diagnosis of the disease, as well
as in determining the fate of other fragments to extract and extract their
features, is directly dependent on the optic disk segmentation algorithm and
Is very important and for rate this algorithm should be utilizing "Sensitivity",

"Specificity", "Precision”, and "Accuracy" for all images used.

Shows features for some images after normalized used for classification
method in table (4.4).
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Table 4.4 Normalized features extracted from OD of fundus images

CDER. ISNT RDR BVR Energy Contr. Homo. Corrl. Target

0.267909 0.280721 0.731021 0.280721 0.067993 0.237061 0.461645 0.761275 0
0.331064 0.371129 0.667388 0.371129 0.085537 0.349116 0.261461 0.729509
0.355285 0.323649 0.643919 0.323649 0.09138 0.445313 0.334339 0.646406
0.20653 0.225136 0.793441 0.225136 0.117315 0.261322 0.4886869 0.735102
0.26679 0.203084 0.625345 0.263084 0.00364 0.231712 0.337379 0.7384038
0.240755 0.251137 0.758791 0.251137 0.083287 0.199234 0.42585 0.7759381
0.250679 0.212156 0.743883 0.212156 0.154845 0.355178 0.457428 0.643579
0 0.139286 1 0.138%286 0.204107 0.126023 0.898926 0.67208
0.227985 0.291027 0.771635 0.231027 0.140811 0.398457 0.795134 0.672444
0.212222 0.230137 0.787687 0.230137 0.123265 0.279327 0.526457 0.761865
0.295555 0.255774 0.703843 0.255774 0.128375 0.352424 0.626059 0.750507
0.330768 0.323898 0.668305 0.323898 0.067694 0.189936 0.5764594 0.869521
0.357849 0.395728 0.616077 0.395788 0 0.155734 0.269077 0.862581
0.328128 0.264593 0.671031 0.264593 0.08025 0.15565 0.478061 0.850418
0.276698 0.238389 0.720002 0.238389 0.073359 0.169354 0.43188 0.821177
0.166059 0421717 0.833274 0.421717 0.054826 0.357987 0.419973 0.573457
0.247738 0.28021 0.751984 0.28021 0.1107328 0.347906 0471227 0.702859
18 | 0.492021 0.336973 0.506066 0.336973 0.171008 0.696858 0.306287 0.500408
19 ) 0.286719 0.267767 0.712591 0.267767 0.116194 0.296483 0.532666 0.702035
20 | 0.311897 0.233722 0.687262 0.233722 0.110377 0.420014 0.457409 0.687441
2.1 0.20543 0.302636 0.79313 0.302636 0.018529 0.23641 0.253165 0.698201
= | 0.218058 0.224339 0.781806 0.224335 0.046111 0.257099 0.420153 0.718568
450) 0.325547 0.282411 0.667576 0.282411 0.031085 0.219857 0.30383% 0.823454

R O
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The number (1) refers to the glaucoma eye and (0) refers to the healthy eye.
4.3.8 Result of retinal image classification

The prediction system has been constructed from the data obtained from
the ORIGA dataset, this dataset contains normal and abnormal images.
Figure(4.10) clarifies class accuracy when training more data images.
Images are divided into (450 for training and 195 for testing), training set
has 335 normal and 115 abnormal images, and the testing set has 145 normal

and 50 abnormal images.
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Comparision Class Accurate

200 300

Figure 4.10 Comparison between classes accurate according to the

number of train data

In this training phase, a training group was built with two sets of
images called normal and abnormal. This group is input to the preprocessing
module and generates images appropriate for later processing. These images
are passed to a feature extraction module and generate corresponding train
features vector. A train features vector is constructed as M x N matrix, where
M is the images number and N is extracted features vector, Table (4.4)
represents a sample of normalized features extracted which contains eight
features value for each image. The purpose of these features is to assist in the
process of classification of image as it positive or negative status.

At the testing phase, a set of normal and abnormal images is given as
input to the testing phase. Each test image is passing to the preprocessing

module, then the output image is passed to the feature extraction module.

The extracted features feed the classification phase in order to classify an
Image as a positive or negative status using the classifiers ("ANN") and

("SVM").
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4.3.8.1 Result of retinal image classification using ANN

The (BR) was used as a function of bias, which indicates Bayesian
organization because it has the potential to challenge problems to solve

nonlinear data.

Eight input features have been worked on, one for each feature. The
hidden layer is single with ten nodes, the output layer was one output neuron,
and the backpropagation error was 0.001. The architecture of ANN is
depicting in the following Figure (4.11).

Figure 4.11 ANN architecture

Where (TP) is the glaucomatous images number classified as
correct,(TN) is the healthy images number classified as correct,(FP) is the
healthy images number classified as incorrect,(FN) is the glaucomatous
images number classified as incorrect. Figure (4.12) shows the confusion

matrix and performance measures of “8” features utilized ANN classifier.
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All Confusion Matrix
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Figure 4.12 Confusion matrix of ANN

In fact by dependence on the table (4.4) which explained that 450
images of OD were extracted successfully from 650 image, five image (3
Image with glaucoma, 2 images are healthy) were excluded because the OD

segmentation was false, the confusion matrix as show in the following table
(4.5).

Table 4.5 Performance measures of (ANN)

Positive Prediction Negative Prediction
Positive Class 113 3
Negative Class 2 332

Performance measures are as follows: Accuracy is 95.3%, Sensitivity is
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97.3, Specificity is 89.8, Precision is 96.4, and Area under Curve is 92.2.

Results and Discussion

Result of retinal image classification using SVM

When dependence on section (2.10.2) the "RBF" kernel function is

applied because it is better for more accurate with non-linear features,

Figure(4.13)shows a comparison between different Kernel function used in

the test set.
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Figure 4.13 Result of accuracy value by different kernels

Table 4.6 Confusion matrix for using the ""SVM" classifier

Positive Negative
Prediction Prediction
Positive Class 114 3
Negative Class 2 331
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Performance measures are as follows: Accuracy is 98.8%, Sensitivity is
97.4%, Specificity is 99.3%, Precision is 98.2%, and Area under Curve
(AUC) is 98.4%.

Table 4.7 Comparison of the proposed method's efficiency with other

algorithms
Research Accm‘iFlW Esv.:11r:'11:12'?t:,rr 5ptc1ﬂ:}1fy Area
Yo Yo Yo Under
Curve%
SVM 08.8 97.4 99.3 98.4
Proposed
Method ANN 95.3 97.3 §9.8 92.2
(Fuetal., 2018) 02 84 01
(Zhou et al., 2018) 84.5
(Lietal.. 2018) 83.8
(R. Zhao et al.. 90.5
2019)
ins 202
(Martins,et al.2020) g7 _ 85 93

105



Chapter Four Results and Discussion

98 4 Area under Curve (AUC) 08 0
l 96.0
922 740
92.0
90.0
88.0
86.0
840
820
20.0
78.0
SVM ANN Martins R.Zhao Fy Zhou Li
Proposed Method

Figure 4.14 Graphical representation tor Comparison ot the

proposed method's efficiency with other algorithms

4.3.9 Result of Glaucoma Progression

The results obtained from this process were based on the percentages
that were classified, which represent the average values for this scale (from
0.3 to 0.3999 for early stage, from 0.4 to 0.4999 for moderate stage, and
from 0.5 and top for severe stage. Table (4.8) shows the confusion matrix
for the (glaucoma stage) index, where it represents the number of glaucoma
images considered as (early, moderate, severe) (TP), to the number of non-
(early, moderate, severe) images that are considered non-(early, moderate,
severe) (TN), (FP) to indicate the number of (early, moderate, severe)
images It is considered non-(early, moderate, severe), finally (FN) refers to
the number of non-(early, moderate, severe) images and is considered (early,

moderate, severe).
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Work was carried out on images containing only glaucoma and that did

not exceed only 168 images in all "ORIGA” dataset.

Where "TP" is the number of "early” fundus images classified as "early",
"TN" is the number of "non-early" fundus images classified as "non-early",
"FP" is the number of "early" fundus images classified as "non-early"
("False-Positives™) and "FN" is the number of "non-early" fundus images
classified as "early" ("False-Negatives").And this applies to all other levels
as show in Table(4.8).

Table 4.8 Confusion matrix of Glaucoma Stage

Positive prediction Negative prediction

Early | moderate | Severe | Early | moderate | Severe
Positive class 29 115 21 0 0 0
Negative class | 0 0 0 139 53 147

Performance measures are as follows: Accuracy is 99.4%, Sensitivity is
99.4%, Specificity is 99.4%, Precision is 99.4%, and Area under Curve
(AUC) is 99.4%
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In this paragraph, by dependent on 150 glaucoma retinal image | tested
the accuracy of the decision tree algorithm classifications based on 4
features only, specifically the medical features (CDR,RDR,BVR,ISNT) and
compared them with the accuracy of the eight (statistical and medical)
advantages, as shown in the Table below (4.9). Where it was concluded that
the greater the number of features used in the algorithm increased the

accuracy of the diagnosis by dependent on 150 glaucoma.

Table 4.9 Comparison of Confusion Matrix for Medical vs. Medical

and Statistical Features

Number of Early Moderate Severe | Accuracy
Feature |E M. |S IMJ|E IS |S |E M
4Feature 451 15| 05412106 ]0] 9 70%
8 Feature |60 O | O 751 0 JO 1510} O 100%

4.3.10 Results of Execution Time

the proposed algorithm to classify any input of RGB retinal image
requested an average time of fewer than (2.7) seconds to option result a
positive or negative ,in fact the time include all features such as (OC,0D
,ROI,NRR,BV,FE),and test time. As show in Figure (4.16).

Time Consuming

O R 5 <
&8 & 005 &Q < ,\\o$ ©
& <& & & & & <2
& X 3 AQ Q &L <&
¢ & O < p
S S <b\’ &
& & N
K= < QQY

Figure 4.16 Execution Time average of a single fundus image
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5.1 Conclusion

The main conclusions of the results obtained from carrying out of the

suggested system for glaucoma diagnosis in the retinal image are:

1. The evaluation of the proposed system is done utilizing "SVM" and "ANN"
classifiers on the common dataset ("ORIGA") sensitivity, specificity and
accuracy have been 95.3% with (ANN) and 98.9% with (SVM)
respectively.

2. The accuracy of the work detect for the levels determine of glaucoma
(early, moderate, severe) by dependence on the features is 99.4% with
decision tree algorithm.

3. Automatic techniques aiming at segmenting optic disc and cup are
innovated based on image processing approaches that strategically
combine techniques based on morphology and intensity Threshold that
seeks to eliminate false positives in order to achieve precise optic disc
segmentation.

4. The planned method is a lot of dependable within the means of selecting
features from the segmented optic disc (CDR, ISNT Rule, RDR, BVR
contrast, Correlation, Energy and Homogeneity (for that it provides
promising and correct results. Also, because it relies on all potential marks
for the disease diagnosis.

5. The algorithm for recognizing Blood Vessels networks in the optic disc
utilizes a Watershed segmentation or a bottom-hat transform and the mean
of the image as a threshold focus on the vessels which leads to increasing
the image contrast.

6. Increasing the number of features used in the last classification of the
decision tree algorithm is a good case, which achieves higher accuracy than

our reliance on a few advantages.
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5.2 Suggestions for Future Works

In the future, it is possible to work on developing the study using some
suggestions as following:

1) Working on a data set that contains two diseases at the same time, such as
diabetes or any other disease that affects the parts of the eye, in addition to
glaucoma, and working to detect glaucoma in the absence of another disease.

2) Increasing the number of features to obtain more accuracy in classification,
such as extracting all blood vessels and not confining them within the optic
disc, and adding Parapapillary atrophy (PPA) as a feature, which due to
glaucoma changed the patient outside the OD according to severity stages.

3) Expanding the capacity of the proposed system by a large data set of fundus
images up to thousands of images.

4) Developing a system that predicts the glaucoma disease it actually occurs
and relying on some inputs such as genetics, African descent, or other
diseases that cause eye pressure or damage to eye cells, which may cause
glaucoma in the patient's near future.

5) Development of work that determines the level of progression of glaucoma
and access to the five stages(normal visual field , early , moderate , severe ,

end-stage) instead of the three levels used in this research.
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Abstract: Glaucoma is a prevalent disease of the retina. The primary
objective of the current study is to improve the expectation system to ensure
that a person might get a Glaucoma and using the effective algorithms to
skillfully identify the parts which will be influenced. To recognize and isolate
the optic disc, optic cup and neuro-retinal rim, the method is invented in the
current study which in return helps in the recognition of the change in the
cup size and comparing it with the disc cup. The algorithm employed two
steps to individualize the optic disc from the anatomical structure of the
retina image and the major step depends on the severity threshold. It is the
function of the schematic technique to notice the previous disorders, their
size and locations depending on following steps which are: subtracting the
region of the optic cup from that of the optic disc, dividing the resulted
regions into four quadrants, comparing them according to ISNT and
calculating the rim to disc ration where the four modern catcher algorithms
are Figured. Consequently, the researcher aims for the early discovering of
the neural edge of the retina and its characteristics. This mechanism is used
in more than 650 images of the retinal fundus of the ORIGA dataset is an
important method for documenting retinal health. It has been worked on
MATLAB 2021B where it accuracy reached to 98%.

URL.: https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=9733062
&isnumber=9733007.

129


https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=9733062&isnumber=9733007
https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=9733062&isnumber=9733007

dLadAll

S (535 Lae ¢ ) A Tapan 5 Gaad) st i (al yaY) sl 5 La S sl

g Cpall s 3305 G Gl 138 Gy (g pead) aanl) Al Gl ) glal) o
o 835 a1 AL 1 el (3 sl sl (5 )k aladily (paal) AS0E1 2y pad) ) geaall and
e 2l A Hll A @qm&gquqﬁé&@gdwci,g),,a)dbw\@;td\
Lo s Lol Ll oyl 13g] Fpalla) Al Litie ol 5 5l el landl (38 5 Jan)
DS 13 Le LSS ol a8 il allas yodai sa IV 10 ) laaa Led A0l A 50l

3Saall Jal el & Gia el 138 SIS Lo s s SN 5 Yl La o€ lall (2 yay liae adi il
Allad e ) s 3ac ey e Lgie sV a8 a0l (e 50l sf dass gial)

aduzaill Gl 5 ¢ 5yl Ga il 5 g il (ASH aan B0l ) 58 LS glall ladle
Gl O all Al dpuasl) A0 Aila dihie Guaiy ¢ A el Ao V1 Giaay 3
A el 6 al 51 sl Lga) 58 o JuSall )l e el Allad 48 sk ¢ (g paadl) (il 5 ulS)
Oe Anaall ¢l 3l alaal Bl Wi jlie (e s ¢ alaly 53 sa sall o) 3aY) A aa 4al il
gl pa i) ga Ay el Ao V) JAINE g 353 g e pt I e AT i g g1 G A (e
o Al Jaadl 48y Jat o (S (5 _mamall (a8 7] il 5 ppanil Aaadiusall dpa ) sall b ¢
Ay J 5V 1 sl Ae ) AN i ¢ A€ U5 ) sl a8l S Sl e (g el
raic Claag aes oo RIS dga 1 68 ) gall dmgiall o aainy (SUl g ¢ AU dde e
(sl suall) o 5 e g 53 gl Slasind) e 3 5ol

iy Lpelilaa¥) dyael) AN A jall oda e lilaaV1 oIS (i la oladi o
il ) Ledniat s Leela i) &3 il e il e 3l Lo S slall e Sl CaliSl acall JAl
ve | Lol duaall Al A5 e A gdie il il Gl A Al 5 Al
O Dl Coall e Jaag peall JAG A Lgaading () Ol Saall g e 8 ¢ seall Ciuas
Juadl (o BN had i 315 aladin) )z liad QA ¢ A yall 5 dgalal) (pall g6 eaa
sle 8Ly (i pall A 3 apaal I 5 e dpe ) sa 5 588 Gulal e Jeall o3 1 Al dais
Sae) Lo i€l a5 ) AN i gisall a5 cpunl) A0S (e drs jiasal) dladl) Cilasal
all) 5 ( GellaaY) duael) A0 I Caguaill 5005 483 ¢ (799.4) A8y (20 ¢ Jaw sia «
Bac) g g lan B I S8 by ¢ il e (98.8) 5(95.3) (& (p=ll JU

130



ALl dgeex

olall Emdly Jlall alasll 3505
Jobs dasl>

Eilaslall Lg iS5 216
Slizapdl @ud

1S il oilows olad e LogSaloetl Aoy b
Ul

di lllia (e s & illy i el Llall bl claglaall Lianslyi€s 248 (adaa ) dasie

8 (0
Ol w8 (HS alug
il

e una 3gan a3,

02022 »1444



