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Abstract
Retina is a metabolically active part of the eye, in which eye specific and systemic

based diseases manifest themselves in it. Retinal imaging with fundus camera is pri-

marily technique to diagnosis common causes of blindness and health problems of the

eye, for its safety and cost effectiveness. Automated retinal disease classification to

types and sub-types from fundus camera is essential for early detection and manage-

ment of disease treatment plan, which is less effective and tiresome with the manual

methods. Different machine and deep learning methods have been proposed to au-

tomate such manual diagnosis procedures. However, the results reported from pre-

viously proposed automation techniques are inconsistent, less accurate, and did not

consider Ethiopian context data. This thesis proposed the use of deep learning based

classification of the four main causes of blindness (diabetic retinopathy, hypertensive

retinopathy, glaucoma, and occlusion) to their respective types, as well as the subtypes

of diabetic retinopathy and occlusion, using retinal fundus images. The model was

developed using the Keras framework, trained, and validated using fundus photogra-

phy images acquired from the ”paper pointed dataset”, ”the Kaggle online repository”

and local data acquired from Blue Vision Clinic. Google Collaborator and Python

programming languages were used for model training and graphical user interface

development. The ResNet50 based transfer learning model was used, and the result

was then compared to benchmark finding. ResNet50 based transfer learning model

showed a better result in type and subtype classification. With the proposed method,

97.2%, 96.8%, and 95.3% accuracy and of 93.2%, 92.2% and 93% F1-scores was achieved

for disease type, diabetic retinopathy subtypes and occlusion sub-types respectively.

These findings highlight deep learning based retinal disease classification as an effi-

cient and accurate alternative to manual methods, contributing to improved disease

management and treatment.

Keywords: Classification, Deep Learning Model, Retinal Diseases, Transfer Learning.
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Chapter 1

Introduction

1.1 Background of the Study

Visual impairment and blindness are major health problems in our world. According

to the study made on global data on visual impairment in 2002, the number of visu-

ally impaired people is estimated to be 161 million, of which 37 million were blind

[1]. In developing countries,females and older age groups share higher numbers [2].

Ethiopia is not an exception to this health problem. Evidence confirms that Ethiopia

has the world’s highest rates of blindness (1.6%). A study conducted in different parts

of the country, such as Merabete North Shoa, Jimma Zone, Bahirdar, and Gamo Gofa

Zone, indicates that blindness is a major health problem that needs to be addressed

[3, 4], For instance, the prevalence rate found in the study in Merhabette is about 1%.

Moreover the following graph in the Figure 1.1 below summarizes common retinal

disease statistics based on their frequent occurrence of a disease reported within refer-

enced papers and presented as percentages.

Figure 1.1 : Blindness and prevalence [5, 6]
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CHAPTER 1. INTRODUCTION

1.1.1 Anatomy and physiology of Eye

The main structures of the eye include the cornea, iris, pupil, lens, retina, macula, optic

nerve, and vitreous. The anterior structures, including cornea, iris, pupil and lenses

are the front retinal parts and are mainly concerned with incoming light focusing. On

the other hand, the retina is a vital structure in the eye’s vision system and lines the

back interior of the eye. This part of the eye enables the conversion of incoming light

into a neural signal for further processing in the visual cortex of the brain for visual

recognition and can be seen as an extension of the brain. Retina is a tissue lining and

it is more accessible for examination. Moreover, it has been understood that an esti-

mated 80% of all sensory information is thought to be of retinal origin, which indicates

the importance of the retina as a gateway to interact with the environment. The optic

nerves and macula are two other important parts contained within this retinal struc-

ture. The macula is a small central area in the retina that allows you to see fine details

clearly. Whereas, as shown on the eye and retinal anatomy picture in Figure 1.2, the

optic nerves are the nerve endings that connect the eye to the brain and carry the elec-

trical impulses formed by the retina to the visual cortex of the brain. Additionally,

blood vessels are another constituent part of retinal tissue.

Figure 1.2 : Eye and retinal anatomy [7]
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CHAPTER 1. INTRODUCTION

1.1.2 Retina and vision system

The retina, being a complex tissue layer consisting of various types of cells, is primarily

made up of photoreceptor cells, interneurons, retinal pigment epithelium (RPE) cells,

ganglion cells, and glial cells. Photoreceptors serve as the primary sensory cells in the

visual system, converting incoming photons into neural signals via photon transduc-

tion, while ganglion cells play a crucial role in transmitting visual data from the retina

to the brain. On the other hand, interneurons located in the inner nuclear retinal layer

establish connections between the photoreceptor and ganglion cell layers. The cellular

organization of the retinal tissue structure is illustrated in Figure 1.3.

Figure 1.3 : Retinocellular organization [7]

The process of vision system starts with the focusing of reflected light from seen ob-

jects, combined with adjustments made by the anterior segment of the eye (i.e., the

cornea, anterior chamber, posterior chamber, lens and vitrous chamber. Subsequently,

this incoming light is converted into neural impulse by the retina, which is then trans-

mitted to the brain for interpretation. Once the recognition is done, one can feel and

identify the seen objects. The diagram depicted in Figure 1.4 illustrates the trajectory

of light as it traverses various components of the eye within the front retinal regions,

focusing incoming light (displayed on the right side) and converting it into electrical

3



CHAPTER 1. INTRODUCTION

signals at the retina (depicted on the left side) to facilitate image formation. Upon

reaching the retina, incoming light interacts with the three primary types of cells: pho-

toreceptor cells, bipolar cells, and ganglion cells, while other accompanying cells such

as amacrine and horizontal cells regulate and finetune retinal signaling.

Figure 1.4 : Vision system

1.1.3 Retinal diseases

The retina is a metabolically active part of our eye and as a result, both eye specific and

systemic based diseases manifest themselves in retinal examinations. These diseases

originate either from within the eye, brain, or other systems, like the cardio-vascular

system.

Systemic origin diseases

A number of systemic diseases affect the retina. Diabetic retinopathy from diabetes

compilations, hypertensive retinopathy, and occlusions from cardiovascular diseases,

which are common diseases, have been discussed below.

Diabetic Retinopathy (DR)

Diabetic retinopathy is a complication of diabetic mellitus and the second most com-

mon cause of blindness and visual loss in the U.S.A and mostly affects the working

4



CHAPTER 1. INTRODUCTION

age population [8]. One can classify diabetic retinopathy as either non-proliferative

or proliferative. Non-proliferative DR includes mild, moderate, and severe, which are

earlier stages of the disease, and proliferative DR is the sight-threatening stage. The

optic nerve head, vessel diameters, bifurcation geometry, and vascular tortuosity are

the indicators, and hemorrhages, soft exudates, hard exudates, aneurysms and mi-

croaneurysms as seen on figure 1.5 , are the damages of the DR disease condition. DR

is not curable, but vision loss and blindness from this disease are preventable, and its

early management protects eye sight.

Figure 1.5 : Diabetic disease conditions [9]

Cardiovascular disease

Diseases of the cardiovascular system affect the retina mainly by the change they bring

to the ratio between the diameter of retinal arteries and veins, known as the A/V ratio.

Hypertensive retinopathy and occlusion are the two retinal problems of the cardiovas-

cular system. Hypertensive retinopathy is a retinal problem due to hypertension. It

has an effect that can invoke direct retinal ischemia, which causes retinal infarcts visi-

ble as cotton wool spots and choroidal infarcts visible as deep retinal white spots. The

picture in Figure 1.6 indicates the effect on retinal blood vessels and related complica-

5



CHAPTER 1. INTRODUCTION

tions due to hypertensive retinopathy.

Figure 1.6 : Hypertensive Retinopathy based disease conditions [10]

On the other hand, systemic vascular disease can cause arterial and venous occlusions,

known as central and branch arterial and venous occlusions. Retinal artery occlusion

is a blockage of one of the arteries of the retina, which are blood vessels that carry oxy-

genated blood from the heart to our retina. A blockage in the main artery of our retina

is called a central retinal artery occlusion [11]. Retinal vein occlusion, on the other

hand, happens when a blood clot blocks the vein. It can be either a central retinal

blood occlusion or a branch retinal vein occlusion. Sometimes it happens because the

veins of the eye are too narrow. It is more likely to occur due to diabetes and possibly

high blood pressure, high cholesterol levels, or other health problems that affect blood

flow [12].As seen on the figure 1.7 , paled retina,attenuated blood vessels and cherry

red spots are the expected damages from occlusion disease.

Figure 1.7 : Occlusion disease conditions [13]

6



CHAPTER 1. INTRODUCTION

1.1.4 Eye specific origin diseases

Eye specific origin diseases encompass a range of conditions that primarily affect the

eye and its structures. Glaucoma, retinal detachment, lesions, retinal pigmentosa, reti-

nal retnoblastoma, and macular bunker and coats disease are the eye-specific diseases.

Glaucoma is characterized by gradual damage to the optic nerve, resulting in a loss of

visual field. Early diagnosis and management minimize the risk of glaucoma. Glau-

coma primarily acts on the retina by damaging ganglion cells and their axons. The

hallmark of the disease is the cupping of the optic disc. The ratio of the optic to the

disc cup is an indicator to assess the presence and progression of glaucoma.

Figure 1.8 : Glaucoma image [14]

Retinal detachment is a medical emergency where the retina pulls away from its nor-

mal position and requires quick treatment to avoid vision loss. Symptoms include the

sudden appearance of floaters, flashes in one eye or both, and reduced peripheral vi-

sion. On the other hand, retinal imaging can significantly increase a patient’s chances

of successfully treating certain types of cancer (lesions). High-resolution images of the

retina can reveal early signs of cancer in the eye, such as dark spots that indicate a

melanoma. When these symptoms are noticed early, patients can undergo diagnostic

testing and seek treatment promptly to prevent cancer from spreading to other parts

of the body. Retinal pigmentosa is a hereditary disease that causes black pigmenta-

tion and gradual degeneration of the retina. Its symptoms include difficulty seeing at

night and decreased side vision. As peripheral vision worsens, people may experience

"tunnel vision". However, complete blindness is uncommon. The onset of symptoms

7



CHAPTER 1. INTRODUCTION

is generally gradual and often occurs in childhood [15]. Retinoblastoma is a cancer

that begins in the retina and commonly affects young children but can rarely occur in

adults. It is a rare form of eye cancer and a common form of cancer affecting the eye

in children. It may occur in one or both eyes [16]. A macular bunker is a scar that

forms over the part of the eye responsible for color, central vision, and detail (the mac-

ula). This scar can cause a wrinkle, resulting in blurred vision [17]. Coats’ disease is a

rare congenital, nonhereditary disorder causing full or partial blindness, characterized

by abnormal development of blood vessels behind the retina. Coats’ disease can also

cause glaucoma. It can have a similar presentation to that of retinoblastoma [18].

1.2 Retinal Disease Diagnosis Methods

1.2.1 Retinal imaging techniques

Retinal imaging is the process of capturing images of the retina, which involves ana-

lyzing the acquired images to diagnose and study various anomalies. Different imag-

ing techniques allow for the external viewing of the retina and its tissue, including

brain tissue. The history of retinal imaging dates back to Jean Merry, a French physi-

cian who first observed retinal vessels in a cat by submerging them in water[19]. How-

ever, this method was not practical for human use, leading to the invention of the

ophthalmoscope. The challenge with early ophthalmoscope imaging was the risk of

infectious diseases for physicians. Consequently, the development of photographic

eye imaging, specifically the fundus camera in 1910, gained popularity. Another sig-

nificant advancement was the invention of fluorescein angiographic imaging. This

technique utilized a fundus camera equipped with narrow band filters to capture im-

ages of a fluorescent dye injected into the bloodstream, which binds to leukocytes.

Fundus photography provides a 2D representation of the semi-transparent, 3D reti-

nal tissue. Stereo fundus photography initiated the exploration of the 3D shape of

the retina, which was subsequently superseded by confocal scanning laser ophthal-

moscopy and optical coherence tomography (OCT). OCT, in particular, has opened up

new possibilities for investigating neurodegenerative diseases and serves as a poten-

tially useful biomarker for assessing central nervous system neurodegeneration.

8



CHAPTER 1. INTRODUCTION

1.2.2 Fundus photography imaging

Fundus imaging is a technique that produces a two-dimensional (2D) representation

of the three-dimensional (3D) surface inside the eye, as shown in Figure 1.9. This

imaging system consists of a specialized low-power microscope and a camera that are

connected. During the imaging process, the patient positions their chin on a chin-rest

and rests their forehead against a bar. Meanwhile, the operator adjusts and aligns the

camera before activating the shutter release to generate a flash and capture the im-

age. The resulting image is an enlarged and upright depiction of the fundus, with

the typical field of view ranging from 30° to 60°, and a magnification of 32.5, depend-

ing on the optical properties of the system. It is possible to modify these parameters

by utilizing zooming or auxiliary lenses, which enables a wider field of view (FOV)

by capturing multiple images at different fixation points. Conversely, improving im-

age quality can be achieved by administering mydriatic eye drops to dilate the pupils

prior to imaging. This dilation enlarges the FOV of the fundus and enhances the over-

all image clarity. Retinal imaging using a fundus camera is cost-effective and safe

for documenting retinal abnormalities. It is commonly used in the assessment of di-

abetic retinopathy, glaucoma, occlusions, and hypertensive retinopathy, serving as a

screening tool to identify early stages of retinopathy before symptoms appear. Fundus

imaging is also routinely applied in various other eye conditions, such as monitoring

changes in the optic nerve or detecting growth or alterations in pigmented retina le-

sions like choroidal nevi through serial photographs.

Figure 1.9 : Fundusphotography imaging[20]
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CHAPTER 1. INTRODUCTION

1.2.3 Diagnosis approaches

The acquired retinal image are subject to manual subjective examination of the disease

of interest and may be assisted by the device specific quantification and measurement

of disease landmarks in some cases.

1.2.4 Retinal disease classification

Various diseases can be diagnosed and classified from retinal images through fundus

camera imaging. The most common and leading cause of blindness includes class-

fication of diabetic retinopathy, hypertensive retinopathy, glaucoma and occlusion to

their types. These diseases can be diagnosed with fundus camera. On the other hand,

diabetic retinopathy can be classified into four stages; mild, moderate, proliferative

and severe. Occlusions can be divided into two categories as branch and central. The

figure 1.10 presents sample images, acquired with fundus camera, from each class of

the labelled sets.

Figure 1.10 : Typical sample class images

10



CHAPTER 1. INTRODUCTION

1.2.5 Manual diagnosis drawbacks

The conventional approach entails physicians performing examinations by visually

inspecting retinal images that have been scanned. This particular method is character-

ized by its time-consuming nature, susceptibility to observer bias, and tiresomeness

of the process due to the large images involved. Moreover, the manual process of ex-

amining retinal images for the purpose of diagnosing and identifying diseases neces-

sitates the expertise of trained professionals, which presents an additional challenge

due to the potential scarcity of such experts, particularly in developing countries like

Ethiopia.

1.3 Problem Statement

The manual diagnosis of eye diseases from retinal images captured by fundus cam-

era is a time-consuming, tedious, and subjective process that requires highly trained

experts to differentiate between similar features.

Computer aided disease diagnosis methods are showing promising results in au-

tomating disease diagnosis. But still there are challenges due to unrecognized deep

learning technique tuning and performance assessments. Related works on disease di-

agnosis from retinal images through deep learning have shown good progress, yet still

challenges in the tuning technique and performance assessment many works indicate

inconsistent results in multiple disease classification diagnosis from retinal images.

Beside researchers promising work on proposing different methodological approaches

for automation, most of their work heavily relies on public data availability than other

concerns like prevalence. After-all,there is a gap in research focusing on enhancing the

robustness and generalization of deep learning models across diverse patient popula-

tions to ensure consistent performance in real-world clinical settings [22]. Therefore, a

lack of a fast, accurate, and consistent retinal disease classification from retinal images

with datas included from Ethiopian context, hinders the management and treatment

of important eye diseases and overall affects health service delivery.
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1.4 Objective

1.4.1 General objectives

The general objective of this study is to develop an automatic multiple disease diag-

nosis and classification system using deep learning technique from retinal images.

1.4.2 Specific objectives

• To implement a state-of-the-art convolutional neural network (CNN) architec-

ture for the classification of the four common eye complications using retinal

images captured by a fundus camera.

• To develop a high-accuracy classification system for diagnosing and classifying

the four common eye complications using the implemented CNN architecture

and retinal fundus images.

• To evaluate the accuracy of the developed model in classifying eye complications

by calculating metrics such as precision, recall, F1-score, sensitivity and overall

classification accuracy.

• To develop a user-friendly graphical user interface for the system interface, al-

lowing health care professionals to easily input retinal images and access the

classification results.

• To compare the diagnosis time reduction to traditional manual methods, and

assess the potential time savings by the automated approach.

1.5 Research Questions

• How can state of art deep learning technique can be implemented effectively to

achieve high accuracy retinal disease classification model?

• How do the advancements in CNN architectures enable more robust and accu-

rate classification system?

• What training strategies, hyperparameter and optimization methods should be

12
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employed to ensure the deep learning based model generalizes well and achieves

high classification accuracy?

• How does the the performance of developed model can be evaluated?

• what are the preferences and requirements for the system interface and how does

the developed model meet those requirements?

• How does diagnosis using deep learning algorithms impact the time required

for diagnosing retinal diseases compared to manual methods?

1.6 Significance of the Study

• Application wise computer aided classification of retinal diseases using deep

learning significantly improves accuracy and also reduces the diagnosis time re-

quired for manual diagnosis techniques and consequently, these research finding

can be used as decision support system to be used in ophthalmology health ser-

vice delivery especially where cases are too much and experts are scarce.

• the contextual representative local data contributes valuable data for further

studies within problem domain in developing universally diagnosing models.

1.7 Scope

The main aim of this thesis is to study and develop multiple disease diagnosis model

from retinal images using ResNet50 based transfer learning techniques. Using Python

programming language and CNN architectures, the four common eye complications,

with data included from within the Ethiopian context, were diagnosed and classified

into types and subtypes from retinal images captured by the fundus camera. In ad-

dition to that, the study will also consider developing a GUI interface for system de-

ployment.

13
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1.8 Organization of the Study

The rest of the thesis has been organized into four chapters. In Chapter 2, related

works on the automatic classification of diseases have been reviewed. Chapter three

explains the methodology and materials used to approach this study. The next chapter

is about the results and the discussion of the results obtained. Finally, the conclusion

and recommendation for future work of the study have been discussed in Chapter 5.
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Chapter 2

Literature Review

2.1 Automatic Retinal Disease Type Classification Meth-

ods

A review of related works in computer aided diagnosis(CAD) based multiple disease

diagnosis from retinal images with deep learning techniques is discussed in this chap-

ter. The summary is indicated with related existing gaps.

2.1.1 Computer aided diagnosis of retinal disease

Computer aided diagnosis is a cost-effective, feasible, objective, and does not necessi-

tate the presence of highly trained experts. CAD based diagnosis has become a major

research subject in medical imaging and CAD based diagnosis from retinal imaging

can help increase diagnosis accuracy, reduce subjective variability of disease type clas-

sification and subtypes, and reduce the workload of ophthalmologists.

CAD based disease diagnosis can be seen in classification, segmentation and object de-

tection problems.from retinal images can be approached through segmentation, which

is based on disease specific biomarkers to identify the disease and aid physicians in

diagnosis[19]. The most common segmentation applications focus on OD/OC seg-

mentation, lesion segmentation and blood vessel segmentation. Generally, segmenta-

tion is a disease specific approach to diagnosis. On the other hand, classification is a

method of categorizing objects or data points to it’s predefined categories based on its

characteristics or attributes. Retinal disease classification can be seen as disease type,
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classifying different retinal diseases, and as sub-types where specific disease classifi-

cation is done based on the severity scale of the disease.

CAD based disease classification procedures employ either machine learning or deep

learning techniques, which are generally included under artificial intelligence systems.

Artificial intelligence is an umbrella term consisting of both machine learning and

deep learning techniques [23].

2.1.2 Classical machine learning

Traditional machine learning is one technique to automate systems to ease the work

load of humans. It solves the problems of segmentation, classification, and detection

and relies on crafted features of an image (i.e., shape, texture, color, etc.). With this

technique, the image pixels are used as input to the feature extraction process in order

to get the feature vectors through quantifying the image content [24]. The feature

vectors that resulted from feature extraction serve as an input to the machine learning

models. Machine learning is limited by the largeness of the data, feature extraction

and dimensionality problems while developing the algorithm.

2.1.3 Deep learning

Deep learning is a technique to automate systems that have networks capable of learn-

ing. from data. It differs from traditional machine learning in that an individual’s fea-

ture selection is not expected, and the algorithm itself learns on its own which features

are best for classifying the data. It is a model of multi-layered networks that mimics

the human brain and learns from large amounts of data, which is good for handling

feature extraction and dimensionality problems [25].

Deep learning algorithms use a hierarchical learning method. That is, information

from the first layer becomes an input to the next layer. That is, if primarily only edge

like regions have been detected in the lower level layers of the network. Then these

edge regions define corners and contours. Merging corners and contours can lead to

identifying object parts in the next layer [26]. In deep learning models, a series of hid-

den layers extract features from the input image, and the final output layer classifies

the image and obtains the output class label.
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Among deep learning techniques convolutional neural networks (CNN) is highly ap-

plicable in medical image classification problems [27]. The concept of CNN has passed

through perceptrons which is the first artificial neuron. The progress then advanced

with back propagation algorithm that enabled an iterative weight update. LeNet5

has been later in place which was used for bank cheque signature recognition at a

time. LeNet5 allowed the spatial hierarchical features from input data.It is also the first

model architecture in introducing convolutional layers, pooling layers and fully con-

nected layers which are the typical CNN architecture. Then after many more models

have devised with different advances. Figure 2.1 shows the graphical representation

of the connection of layers in a neural network.

Figure 2.1 : Typical CNN architecture

Transfer learning

Transfer learning is a term in deep learning that refers to passing the weight values of

a trained neural network to a new use case so that building and training the network

from scratch will be avoided and the new network will know the learned features.

Using pretrained models with less computational power and time can achieve this.

Moreover, pretrained networks are quite competitive against training from scratch

[26, 28]. Pretrained models can be used either as a feature extractor or as a classifier by

directly freezing the completely convolutional base layer and optimizing the last fully

connected layer, or the model can be used as a classifier by fine-tuning it. Currently,
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there are different pretrained models that can be used for image classification, seg-

mentation, and object detection (with weights trained on ImageNet) [28]. Figure 2.2

below depicts the most common transfer learning models for image classification.

Figure 2.2 : Transfer learning models

Hyperparameters and parameters of deep learning models

When training a neural network, hyper-parameters and parameters are the two key

things under consideration. Hyper-parameters are parameters that one sets manually

before training a system to get the best result, and once they are set, they cannot change

during the training. A typical set of hyperparameters for a neural network includes

the number of hidden layers, initialization weight values, learning rate, decay rate,

dropouts, and activation functions. Parameters are the ones that the model uses to

make predictions. Parameters are weights and biases that the machine learns. These

values differ for each experiment and epoch. Moreover, they are highly dependent on

the type of data and the task.

2.2 Related works on retinal Disease type and sub-type

Classification from Retinal Image

Computer aided classification systems capable of accurately classifying multiple dis-

eases from retinal images have gained popularity among researchers. In recent years,
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research has focused on the development of computer-aided systems to automati-

cally classify multiple diseases from retinal images using deep learning algorithms

that have been recorded.

One study by S.Pouyanfar et al,[29] focused on automatic diabetic retinopathy grading

using deep learning and achieved an accuracy of 87%, specificity of 94%, and sensi-

tivity of 87%, demonstrating the feasibility of applying deep learning in retinal image

analysis. They used a CNN architecture and approximately 3,648 retinal images for

diabetic retinopathy classification. However, this study was limited to classifying dia-

betic retinopathy subtypes.

Another study by R. Arunkumar and P. Karthigaikumar, [30] proposed a deep be-

lief neural network and multi-SVM classifier to classify six diseases, including age

related macular degeneration, diabetic retinopathy, macular edema, retinoblastoma,

retinal detachment, and retinitis pigmentosa. However, glaucoma and hypertensive

retinopathy were not considered in this study.

In a different study by S. Qummar et al. [31], a method was proposed for automatic

classification of multiple diseases from retinal images using a CNN architecture. The

paper also examined the effect of image resolution on accuracy and found an accuracy

of 82.03% with 31x35 images and 78.91% with 46x53 images.

Another study by Chen et al. [32] proposed and found that the integration of multi-

scale hollow CNNs is a feasible way to improve the classification of diseases from

retinal images on small datasets. This study focused on optimizing the architecture

and relied on publicly available data, without considering disease type classification.

On the other hand, a study of J. Y. Choi et al.[33] explored multi-categorical classi-

fication using the CNN architecture MatConvNet and examined the effect of multi-

categorization on accuracy on small size data. The study found an accuracy of 30%

with 10 categories classification and found 72% with 3 class categorization. While this

study focused on the effect of multi-categorization, it did not consider development

of classification system and found out as multicategorization affects the classification

accuracy.

In addition to the above-mentioned related works and gaps in previous research on
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disease diagnosis and classification from retinal images, others have discussed and

summarized them as shown in the table below.

Table 2.1 : Literature Review Table

Author Method Finding

[34] CNN from fun-

dus images

Focused on Integration of multi scale shallow CNNs

on small datasets. Does not consider common causes

of blindness. Diabetic retinopathy grading.

[35] CNN from fun-

dus images

Found better accuracy for DR. Only diabetic classifi-

cation. VGG19 Pre-trained CNN Architecture

[36] DCNN

(DenseNet121

pretrained

network) on

APTOS fundus

images

Used DCNN and Diabetic retinopathy grading. found

precision of 86%, recall of 87% ,F1score of 86% and

quadratic weighted kappa of 91.96% and is limited to

diabetic classification.

[37] CNN from fun-

dus images

HR classification using CNN. Is only HR subtype clas-

sification.

[38] CNN from fun-

dus images

Found better accuracy for DR. Only diabetic classifi-

cation. Pre-trained CNN Architecture

[39] CNN from fun-

dus images

Used DCNN and Diabetic retinopathy grading.

Found better accuracy for DR. Only diabetic classifi-

cation.

[40] CNN from fun-

dus images

HR classification using CNN. Is only HR subtype clas-

sification.

[41] CNN from fun-

dus images

DNN. Classified DR into severe, proliferative, and

non-proliferative. Is limited to only three DR stages.
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Table 2.2 : Continued Literature Review Table

Author Method Finding

[42] Used stacking

method on

fundus images.

Study considered the five class classification of

DR and also focused on imbalanced dataset effect

achieved 80.8% accuracy. Is only DR sub-type clas-

sification.

2.3 Major Gap Analysis and Summary

In summary, previous works show the significance of computer-aided diagnostic sys-

tems and deep learning approaches to automatic disease diagnosis from retinal im-

ages, which is a big step towards early diagnosis and prevention of exacerbations of

the disease. A number of state-of-the-art methods have been developed in the past that

have helped in the automatic segmentation and identification of retinal landmarks and

pathologies.

However, most of the previous works concentrated on the diagnosis and classification

of diabetic retinopathy,which is of course prevalent and major cause of blindness, as

most of them relied on public data availability. Others developed a model to diag-

nose and classify selected diseases based on the availability of datasets in their context

rather than the prevalence of those diseases. To be specific there is a gap in research

focusing on enhancing the robustness and generalizability of deep learning models

across diverse patient populations to ensure consistent performance in real-world clin-

ical settings. After all, there has not been such a developed system using datasets from

our country.

In this work, a classification approach has been introduced to automatically diagnose

diseases from retinal images, which are common and leading causes of blindness.
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Chapter 3

Methodology

3.1 Introduction

This chapter provides details of the materials and methods utilized to obtain the best

retinal disease classification from fundus images using deep learning techniques for

the readers of this study. Data collection, data preprocessing, model architecture,

model training, testing and deployment, as well as research evaluation metrics and

materials, are all covered in this area. The next part organizes and presents all of the

above described procedures.

3.2 Research Design

This work was based on experimental research and the systematic development of dis-

ease diagnosis and classification from retinal fundus images using deep learning. In

this research, there are independent variable hyper-parameters and dependent vari-

ables that includes the training and validation accuracy and metrics used for perfor-

mance evaluation.

The dataset consists of retinal fundus images that have been collected from online and

offline sources. Online data has been collected from different publicly available online

datasets, “The Kaggle dataset [48]” and “The 39 category(paper pointed dataset(Cen

et al., 2021))” [49] for the disease types and subtypes.

The data was split into training sets, validation and test sets. The training and valida-

tion sets were used for the development and optimization of the models that can be
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used to classify the four disease types and the subtypes classifying models belonging

to DR and occlusions. In addition to the hold out validation, 5 fold cross validation

was used in order to systematically develop high performing model. The performance

evaluation of the model was conducted using an independent test dataset once train-

ing completed, with testing performed on the model validated through hold-out vali-

dation sets. In conclusion, a graphical user interface that is simple to use is designed

for the most effective classification trained model. The overall methodology of the

system can be summarized as indicated in Figure 3.1 below.

Figure 3.1 : Overall methodology in block diagram

3.3 Datasets

For this research, both local retinal images and images from online datasets were used

for training, validation, and testing of the system. This helps the system learn differ-

ent features from a variety of images. Data from Ethiopia is especially important, as

relevant data is not readily available online.

23



CHAPTER 3. METHODOLOGY

3.3.1 Online training datasets

Online data has been collected from different publicly available Online datasets, “The

Kaggle dataset [48]” and “The 39 category(paper pointed dataset(Cen et al., 2021))”

[49] for the disease types and subtypes.

For the purpose of disease diagnosis, expert clinicians provided the ground truth la-

bels based on fundus camera imaging of diverse age groups. The original publications

setting out these datasets provide a comprehensive explanation of the specific diag-

nostic criteria and procedures utilized in assigning the ground truth labels [48, 49].

Table 3.1 : Online data size

Class Types Disease Type Data Size

Normal 580

Diabetic Retinopathy 584

Disease type occlusion 576

Glaucoma 434

HR 359

No DR 1801

Mild 489

DR Subclasses Moderate 1031

Proliferative 328

Severe 393

CRAO 147

Occ Subclasses BRAO 386

Normal 430

24



CHAPTER 3. METHODOLOGY

3.3.2 Local datasets

Additionally, 9,314 local retinal fundus images were collected from databases with the

help of an ophthalmologist at the Blue Visual Clinic in Addis Ababa, Ethiopia. These

are images captured specifically for the disease types and subtypes under study, using

Kowa VX-10 alpha digital fundus camera from from diverse age groups mostly above

20 years old.

Table 3.2, below shows the number of local data acquired from the Blue Visual Clinic,

providing details on the number of images collected for each disease types and sub-

type.

Table 3.2 : Local data size

Class Types Disease Type Data Size

Normal 440

Diabetic Retinopathy 550

Disease type occlusion 380

Glaucoma 420

HR 180

No DR 898

Mild 1016

DR Subclasses Moderate 993

Proliferative 914

Severe 835

CRAO 641

Occlusion Subclasses BRAO 522

Normal 450
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3.4 Dataset Preprocessing

The preprocessing steps in the study were kept minimal to maintain a better general-

ization of the image conditions. A basic preprocessing step using the built in prepro-

cessing function of Keras, ImageDataGenerator, was performed [50]. The ImageData-

Generator was set to perform a rotation of 90, 180, and 270 degrees, horizontal and

vertical, for all the images in the dataset to increase the total number of data points

without affecting the image’s features with the selected augmentation techniques. The

fundus photography images of the dataset have been resized to 224×224 to match the

transfer learning model input image dimension. Figure 3.2 shows the sample result

from data augmentation.

Figure 3.2 : Sample augmentation

3.5 Proposed Method for Disease Type and Subtype

Classification from Retinal Images

In classification problems, the increase in the number of classes poses a challenge to

correctly classify an instance into one of them compared to making the same classifica-

tion with fewer classes P. D. Moral et al, [51]. On the other hand, according to the study

by kim et al. [52] conducted on, two class classification and multi class nine class clas-
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sification using VGG19, Inception V3 and ResNet50, ResNet resulted in higher classifi-

cation accuracy in-terms of multiple class classification whereas, VGG19 and inception

V3 outperformed in binary classification. Therefore, for this study, ResNet50 transfer

learning based classification of selected retinal diseases into types and sub-types has

been considered in order to systematically develop high accuracy classification model.

3.5.1 Transfer learning with CNN

Classification is a way of categorizing which class a given object belongs to. There

are a lot of deep learning models at present. These models are deep-belief networks,

convolutional neural networks, and recurrent neural networks. In this work, a con-

volutional neural network is proposed to be used. Convolutional neural networks

(CNN) are deep learning architectures that have recently been employed successfully

for image recognition and classification tasks [52]. It contains a convolutional layer,

max pooling, and a fully connected layer. Convolutional layers apply a convolution

operation to the input images, passing the result to the next layer. Pooling layers re-

duce the dimensions of the data by combining the outputs of neuron clusters at one

layer into a single neuron in the next layer. The final fully connected layers connect

every neuron in one layer to every neuron in another layer. The soft-max classifier is

generally used to recognize the classes in deep-learning algorithms and classify dis-

eases accordingly. Generally, the input image is then fed to the CNN model. Since

there will be a limited number of data points, transfer learning will be applied by re-

training a model trained for another task by selecting the best performing model, and

data augmentation has been performed. The soft max classifier classifies the disease

types and subtypes. Lastly, evaluation of the model has been performed.

3.5.2 Transfer learning based model architecture

The ResNet50 transfer learning model, which is 50 layers deep, handles vanishing gra-

dients, and is a powerful model in classification tasks, has been used as convolutional

base in this study with additional custom layers and softmax for classification.
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ResNet50 model

It was first introduced by He et al. in 2015 in a paper entitled Deep Residual Learning

for image recognition [53]. It is known that deep convolutional neural networks are

highly useful in solving image classification problems. But, before ResNet, training

a very deep neural network was difficult due to the problem of vanishing gradients.

As the gradient is back propagated to earlier layers and has repeated multiplication,

the gradient becomes extremely small. For this reason, as the network goes deeper, its

performance gets saturated, or it will start degrading rapidly.

The major advantage of using ResNet is that it allows training extremely deep

neural networks successfully without being affected by vanishing gradients. This

is achieved by introducing an "identity shortcut connection” that skips one or more

layers. And add the input of a layer to the output of the layer so as to feed the next

layer of the network. Identity short-cut connections add neither extra parameters nor

computational complexity [52].

Figure 3.3 : ResNet50 model architecture

Generally for this study, pretrained ResNet50 has been used as convolutional base

followed by additional custom layers with flattening layer, Dense layer with Relu

activation, drop out of 0.2 and softmax on the top for tuning and making classification.

Figure 3.4 : ResNet50 based designed model architecture
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3.5.3 Hyperparameters of the model

In this research, different hyper-parameters were fine-tuned to increase the perfor-

mance of the system. These include choosing the right optimizer, adjusting the learn-

ing rate, choosing the appropriate activation function, and choosing the proper loss

function.

As an optimizer, the ADAM [53] optimizer was chosen for its best performance in

terms of both speed of convergence and accuracy. The number of epochs used was 50,

the learning rate was set to 0.00001, and the activation function used was ReLu. The

loss function for multiclass classification was categorical-cross-entropy.

3.6 Performance Evaluation Metrics

After building a model and training the network, its performance must be evaluated

so as to know the true result. There are different ways to evaluate a model. The first

one is by using a confusion matrix and getting the TP, TN, FP, and FN rates of the

predicted values. The second is by calculating and getting the precision, recall, F1-

score, and overall accuracy values of a model. For instance, for a binary classifier

of classes A and B, a model can be evaluated using a confusion matrix. Figure 3.5

indicates the TP, TN, FP, and FN components for class A. From the table, we can see

that the green-shaded part indicates the TP and TN parts [53].

• A TP (True Positive) value indicates that what is predicted is true.

• A TN (True Negative) value indicates that the predicted class is truly negative.

• A FP (False Positive) value indicates that a thing is predicted as if it is part of the

class while it is not.

• FN (False Negative) the prediction indicates that it is not part of the class while

it is.

Once the confusion matrix is ready, the classification report containing the accuracy,

precision, recall specificity, and F1-score can be done. So, given a class prediction
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Figure 3.5 : Confusion matrix instance

from the classifier, the precision is the one that answers the question, “How likely

is it to be correct?” It is calculated using equation (3.1), and recall or sensitivity will

indicate the answer to “Will the classifier identify it?” It is calculated using equation

(3.2); the F1-score is the harmonic mean of precision and recall. It is calculated using

equation 3.3.. The model is said to be performing well if we have a high F1-score,

and specificity is the one that determines the proportion of actual negatives that are

correctly identified. To measure the proportion of actual negatives that are correctly

identified, the specificity of the model was calculated using equation (3.4). Finally, the

model’s performance was measured using the accuracy metrics in equation (3.5). The

performance metrics were calculated using the equations given below:

precision =
TP

TP + FP
(3.1)

Recall =
TP

TP + FN
(3.2)

F1 − score =
2 ∗ precision ∗ recall

precision + recall
(3.3)

Speci f icity =
TN

TN + FP
(3.4)

Accuracy =
TP + TN

TP + TN + FP + FN
(3.5)
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3.7 Graphical User Interface (GUI)

In this study, tkinter and Python programming language, was used to develop the

final interface of the system. It incorporates the “browse image button” and “load im-

age button” to browse and load the digital retinal image, respectively, and the “browse

weight button” and “load weights buttons” to browse and load trained model weights.

The “test image button” will be used to operate the classification with loaded model

weights and the image. The “notification box” helps to give feedback on each of ev-

ery single click. Furthermore, the “test button” helps to make classification tests on

the image, and the result will be displayed on the space labeled “Your result shown

here”.Figure 3.6 shows a snap shot of the general layout of the developed GUI.

Figure 3.6 : GUI template

3.8 Materials

Software:

• Python 3.7.3 software with different modules like keras, tensor flow, sklearn and

others for writing and training the system.

• Jupiter notebook python IDEs were used to write and execute the code.
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• Tkinter and Jupyter notebook to develop the graphical user interface of the sys-

tem (GUI).

• kaggle dataset data repository and 39 category dataset.

Hardware:

• fundus camera

• ASUS Intel(R) Core(TM) i5-8250 CPU, @ 1.60GHz 1.80GHz Laptop having 8GB

RAM, 64 bit operating system, x64-based processor, Windows 10.
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Result and Discussion

4.1 Preprocessing Result

Images augmentations were made with built in keras function, ImageDataGeneration,

using rotation and flipping operations to meet class wise data balancing and data

boosted as well. Accordingly, the class wise data has been limited to an average

of 2276 for disease type, 2669 for DR sub-type and 2576 for occlusion sub-type

classifications respectively. Image has augmented two times, three times, and four

times, depending on the true data size in data repositories. Moreover, Table 4.1 shows

the overall total data size distribution.

Table 4.1 : Total dataset after augmentation

Types True size Generated Total

DR class 1634 1134 2768

Occlusion 739 1436 2175

Disease type Glaucoma 817 1634 2451

HR 614 1842 2456

Normal 1016 1016 2032

No DR 2699 - 2669
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Table 4.1 – Total dataset after augmentation

Types True size Generated Total

Mild 1505 1194 2669

DR Subclasses Moderate 2024 675 2669

Proliferative 1242 1457 2669

Severe 1228 1441 2669

CRAO 788 1576 2364

Occ Subclasses BRAO 908 1816 2724

Normal 880 1760 2640

Generally, about 11,882, 13,345 and 7728 images have been used for disease type, DR

sub-type and Occlusion sub-type respective classification.

Train-validation-test set split has done by keeping 10% of total datasize for testing,

20% of remained training set for validation sets and the remaining set to be used as

training datasets.

4.2 Model Training Results

In this study, 5 fold cross validation and hold out validation methods were employed

in order to assess the performance of each of the models during training.

4.2.1 Disease type classification training result

The disease type classification indicates the classifications of DR, HR, Glaucoma, Oc-

clusion and Normal. The model’s performance using 5 fold cross validation has been

measured and presented as averaged train and validation accuracy with included train

and validation accuracy scores for each of folds as in the Table 4.2.
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Table 4.2 : 5-fold Disease Type Cross-Validation

Folds Training Accuracy Validation Accuracy

Fold 1 93% 89%

Fold 2 95% 91%

Fold 3 94% 91%

Fold 4 95% 91%

Fold 5 96% 91%

Averaged Accuracy 94.6% 90.4%

Accordingly, the average training and validation accuracy obtained from five cross

validation was 94.6% and 90.4% with individual folds training accuracy from 93% to

96% and for validation accuracy from 89% to 91%.

The result for hold out validation method represents training and validation accura-

cies and losses as shown with training curves in the Figure 4.1. For disease type classi-

fication, a better validation loss was achieved at the 47th epoch, which is a validation

loss of 0.1490. Hence, the model has saved the weight value acquired at the 47th epoch

for the classification task. As a result, 97.68% training accuracy and 94.433% validation

accuracy were achieved.

Figure 4.1 : Disease type model training accuracy and loss curve
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4.2.2 DR Subclass classification

For this subclass, with holdout method better validation is achieved at 49th epoch with

loss of 0.090. Hence, the model has saved the weight value acquired at the 49th epoch

for the classification task. As a result, 98.68% training accuracy and 95.25% validation

accuracy were achieved.

Figure 4.2 : Model training accuracy and Loss for DR

On the other hand, for models performance assessment using 5 fold cross validation,

the average training accuracy and validation accuracy obtained were 94.2% and 91.8%,

with individual folds training accuracy from 93% to 95% and validation accuracy rang-

ing from 91% to 93%. The Table 4.3 below presents related findings.

Table 4.3 : 5 fold DR sub-type cross validation

Folds Training accuracy Validation accuracy

fold 1 95% 93%

fold 2 94% 92%

fold 3 94% 91%

fold 4 95% 92%

fold 5 93% 91%

averaged accuracy 94.2% 91.8%
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4.2.3 Occlusion subclass

By the same procedure, 5 fold and hold out validation were used on occlusion sub-

type datasets. Consequently, better training and validation accuracy and loss were

recorded at 43rd epoch with hold out validation as shown in the figure 4.3 below.

Hence, the model has saved the weight value acquired at the 43rd epoch for the clas-

sification task with 96.43% training accuracy and 95.54% validation accuracy.

Figure 4.3 : Occlusion subtype model training accuracy and loss curve.

On the other hand, for 5 fold cross validation, 91.7% averaged training accuracy and

88.8% validation accuracy with individual folds training accuracy ranging from 90 to

93, and validation accuracy from 87% to 90% was achieved as in the table 4.4 below.

Table 4.4 : 5 fold occlusion sub-type cross validation

Folds Training accuracy Validation accuracy

fold 1 93% 90%

fold 2 92% 89%

fold 3 90% 87%

fold 4 93% 90%

fold 5 91% 88%

averaged accuracy 91.7% 88.8%
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4.2.4 Summary of training results

During the training of each models, the state of the model at each step of the training

algorithm has been evaluated to give an idea of how well the model is learning using

training datasets and also be evaluated on both a 5 fold cross and hold-out validation

dataset to have an idea of how well the model is “generalizing”. The training curves

from hold out method and averaged training and validation accuracies from the 5 fold

cross validation tell us the dynamics whether the model training under fits, over fits

or is of good fit. The models training curve to good fitted when identified training

and validation loss decreases to a point of stability with a minimal gap between the

two final accuracy and loss values. After all, in both cross validation and hold out

validation resulted in consistent and satisfactory results highlighting potential of the

model for real world application.

4.3 Testing Phase Results

4.3.1 Disease type classification test result

Figure 4.4 : The four class confusion matrix
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Based on the confusion matrix done, the TP, TN, FP, and FN values were known, and

from those values, the precision, recall, specificity, F1-score, and test accuracy were

calculated. Table 4.5 below represents the overall result of the disease type classifica-

tion.

Table 4.5 : The Four class evaluation metrics result

Precision Recall Specificity Accuracy F1 score

DR 97% 96% 99% 98% 96%

Glaucoma 94% 93% 99% 97% 93%

HR 92% 89% 98% 96% 90%

Occlusion 91% 94% 98% 97% 92%

Normal 94% 96% 99% 98% 95%

4.3.2 DR-subclass classification test result

Figure 4.5 : DR subclass confusion matrix
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From the results found using the confusion matrix, the precision, recall, specificity, F1-

score, and test accuracy results were calculated and known through the classification

report. Table 4.6 indicates the subtype classification results.

Table 4.6 : Evaluation metrics for DR subclass

Precision Recall Specificity Accuracy F1 score

No DR 97% 96% 99% 99% 96%

Mild 90% 92% 97% 96% 91%

Moderate 86% 91% 96% 95% 88%

Proliferative 95% 92% 99% 97% 93%

Severe 95% 92% 99% 97% 93%

4.3.3 Occlusion subtype classification

Figure 4.6 : Occlusion subclass confusion matrix
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From the results found using the confusion matrix, the precision, recall, specificity, F1-

score, and test accuracy results were calculated and known through the classification

report. Table 4.7 indicates the subtype classification results.

Table 4.7 : Evaluation metrics for Occlusion subclass

Precision Recall Specificity Accuracy F1-score

CRAO 88% 94% 95% 94% 91%

BRAO 96% 93% 98% 96% 94%

Normal 95% 93% 97% 96% 94%

Finally, the general performance of the developed models for disease type and sub-

type classification of a given image was assessed, with an averaged test precision,

recall, f1 score, specificity and accuracy and the summarized as in the table 4.8 below.

Table 4.8 : Evaluation summary table

Class types Precision Recall Specificity Accuracy F1-score

Four class 93.6% 93.6% 98.6% 97.2% 93.2%

DR Subtype 92.6% 92.6% 98% 96.8% 92.2%

Occlusion Subtype 93% 93.3% 96.6% 95.3% 93%

4.4 GUI

The developed GUI provided an interactive platform for users to interact with the

system and has been tested with respect to response time and ease of use. It has been

found to be easy to use and convenient for users. Once initialized, the result was

achieved within 5 seconds. With “Browse Image”, “load weights” and “Test” buttons,
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it is enabled to easily upload images and obtain test result. In addition the “notification

box” pops up the feedback for each click in steps.

After all, some of individuals who got interacted with the system reported that they

were able to easily load images and get test results without the need for an extensive

technical knowledge. Furthermore, the snapshot illustrations are given in appendix

part.

4.5 Discussion

The retina, being metabolically active part of our eye, is susceptible to various organ

specific and systemic based diseases that can manifest within it. The majority of these

diseases are incurable, necessitates routine screening and are the main causes of blind-

ness [21]. Diabetic retinopathy, glaucoma, occlusion and hypertensive retinopathy are

common eye health problems and causes of blindness nowadays [9]. These diseases

primarily cause retinal complications and can be obtained from a retinal examination.

The challenges posed by these diseases and the importance of the retina in disease

diagnosis make multiple disease diagnoses from the retina a matter of high concern.

Retinal images acquired through a fundus camera has remained an irreplaceable imag-

ing mode due to its flexibility, cost and ease of use. Once the retinal image is acquired,

physicians look at the image and differentiate the related anomalies, which is a com-

mon technique to identify common eye health problems and their sub-types. Unfor-

tunately, there is still a shortage of experts, especially in developing countries like

Ethiopia, where the increasing number of patients makes disease diagnosis and man-

agement tedious and complicated. Moreover, the subjective nature of retinal image

interpretation, which relies on expert performance, combined with the similarity fea-

ture of retinal images, often leads to misdiagnosis. Consequently, there is a need for a

computer-aided diagnosing system.

In this study, a diagnosis of multiple diseases from retinal images into types and sub-

types has been proposed based on a deep learning technique. For model training, val-

idating and testing, fundus photography images were acquired from online datasets

(Kaggle and the 39 category) and local data from Blue Visual Clinic. In the preprocess-
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ing step, image resizing and data augmentation were applied to images multiple times

based on the required data size. The aim of preprocessing the images is to balance the

data and increase the dataset, enabling the classification model to take advantage of

the improved data as the performance of deep learning models are highly dependent

on the type and quantity of training data.

Data augmentation was performed by rotating the images 90 degrees, 180 degrees,

270 degrees and flipping vertically and horizontally more of bring class wise data

balancing and also to increase the available data without affecting its features. As

a result, the total number of data points increased two times, three times, and four

times based on the original data size. To maintain a balanced number of data points

in each class, the number of images in each class was limited to an average of 2376 for

disease type, 2669 for DR sub-type and 2576 for occlusion sub-type. Next, all image

data were resized to 224 x 224 to have a uniform image size and make them suitable

and matched input to classifying model. A 5 fold cross validation and the holdout

method validation was used, with dataset split into 70% training, 20% validation and

10% testing sets.

The main aim of this study was to classify retinal disease types into diabetic retinopa-

thy, glaucoma, hypertensive retinopathy, occlusion, and normal. Additionally, to clas-

sify DR and occlusion into their subtypes. To achieve this, three different classification

models were developed using the ResNet50 based transfer learning with soft-max

as classifier. The best result was achieved by training a fine-tuned ResNet50 model,

which used an ADAM optimizer, a learning rate of 0.00001, a Rectified Linear Unit

(ReLU) activation function, a batch size of 32, and a categorical cross-entropy loss

function for fifty epochs.

The learning performance of the model over 50 epochs was evaluated by plotting a

learning curve for hold out validation as shown in Figure 4.1 to Figure 4.3 and pre-

sented as averaged accuracy for 5 fold cross validation, during each training phases.

For hold out validation two different metrics, accuracy and loss, were used to eval-

uate the model’s optimization according to cross-entropy loss and its classification

accuracy. A good result was obtained when the accuracy curve increased and the loss

curve decreased with an increasing number of epochs for both the training and val-
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idation datasets.Therefore, both metrics plot were created for each training task. By

reviewing the learning curves shown in Figure 4.1 to Figure 4.3, the performance of

the model was evaluated for all classification tasks. It can be concluded from the plots

that the model learned well and had good generalizability performance for all classi-

fication tasks, as indicated in Figures Figure 4.4, Figure 4.5 and Figure 4.6.afterall,

For 5 fold cross validation the model resulted in an averaged training accuracy of

94.6% with individuals folds accuracy ranging from 93% to 96% in disease type clas-

sification model. For DR subtype an average training accuracy of 94.2% with subfold

training accuracy range between 93% to 95%. For occlusion similar result with aver-

age training accuracy of 91.7% and individual training accuraries ranging from 90% to

93% has achieved.

Afterall, both cross validation and hold out validation yielded consistent and satisfac-

tory results, indicating models potential for real world application.

Finally, testing was performed using separate test dataset and model evaluation met-

rics were then calculated. An averaged test accuracy of 97.2%, 96.8% and 95.3% were

achieved for disease type, DR sub-type and Occlusion sub-type respective classifi-

cation. These indicate that the result with ResNet50 based classification model was

satisfactory, and outperformed similar studies [32, 43] within the problem domain in

terms of evaluation metrics and comparison summary is provided as in the table 4.9

below.

Table 4.9 : Result comparison table

Precision Recall Specificity Accuracy F1 score

pratt et. al [32] - 30% 95 75% -

Qummar et al [43] 63.85% 51.5% 86.72% 80.8% 53.74%

our method for DR 93.2% 93.4% 98.2% 93% 93.2%

Additionally, a provided user-friendly and easily applicable GUI solve the problem

with the existing retinal disease diagnosis method and will assist physicians in making
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diagnosis decisions and making better disease management plan.

On the hand, by considering the time taken by experienced ophthalmologist to make

the manual diagnosis during local data acquisition, comparison with automated

method resulted in significant time difference. On average, the automated approach

significantly required less time for retinal disease diagnosis compared to the manual

procedure. The manual diagnosis took considerably longer time due to the time re-

quired for interpretation and decision making. Therefore, the time saving facilitated

by automated approach can enhance work flow and resource allocation, and indicates

a need for continued research and implementation of the technique for better patient

care.

4.6 Limitation

In this study, ResNet50 based transfer learning has been used as a deep learning tech-

nique. In order to improve the accuracy of the model even further it is important to in-

vestigate model ensemble techniques and also include more contextual data sources to

develop universally classifying system. Again in terms of model evaluation, it is ben-

eficial to conduct an extensive performance evaluation by incorporating other cross-

validation techniques which is limited to 5 fold cross and hold-out validations in this

study. and testing the model on multiple datasets.
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Conclusion and Recommendation

5.1 Conclusion

This study proposed an automatic disease type and subtype diagnosis using deep

learning classification to types and subtypes from retinal images. ResNet50, which is

a pretrained model on the ImageNet dataset with 1000 object categories, as convolu-

tional base through transfer learning and with softmax as a classifier was used to clas-

sify retinal diseases into diabetic retinopathy, hypertensive retinopathy, glaucoma, and

occlusion. Further classifies diabetic retinopathy into four subtypes (Normal, Mild,

Moderate, proliferative and severe, and occlusion into two subtypes (branch and cen-

tral occlusion).

The pre-trained ResNet50 was used as convolutional base as a feature generator, and

the extracted features were fed to a soft-max classifier. The results obtained were then

compared to the related bench mark finding. The overall results obtained were much

better for type and subtypes classification. Moreover, average accuracy of 97.2%,

96.8%, and 95.3% were achieved for subtype classification, DR sub-type classification

and occlusion sub-type classification respectively.

This developed system can be used as a decision support system in the diagnosis of

diseases from retinal images, and this will have a great impact by helping ophthalmol-

ogists, especially in those low resource settings where the expertise is scarce.
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5.2 Recommendation

It can be seen from the literature that most works are done using specific types of

datasets. Using a variety of data sources diversified in gender, ethnicity, race, color,

and others is still important in order to develop a universal diagnostic system that is

not biased due to the mentioned conditions. Even in this study, the local data included

was from a single medical center due to a lack of facilities and costs at different sites.

This study is limited to classifying the top four causes of blindness, but it is also im-

portant to identify the classes of other retinal disease types. Moreover, it is limited to

classifying retinal diseases from one-time fundus images, but such research can be ex-

tended to chronological time images to predict the exacerbation of incurable diseases

like diabetics, which have a greater impact on their management.
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GUI Source Code

54



55



56



57



58



59



60



Appendix B

Transfer Learning Source code
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Appendix C

Sample Code for 5-fold Model

Evaluation

5 Fold cross validation
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Snapshot Captures for Graphical User

Interface Result

Browse Image
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