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Abstract

Retinal diseases are a leading cause of preventable vision loss, especially in areas
lacking specialized eye care. Early diagnosis is essential for effective treatment and
preventing permanent damage. This thesis develops an automated deep learning
system for detecting and classifying retinal diseases from fundus images.

We utilized two available datasets in this study: APTOS 2019 for diabetic
retinopathy severity grading and ODIR 2019 for multi-disease classification, in-
cluding glaucoma, age-related macular degeneration (AMD), cataract, pathologic
myopia, retinal vein occlusion (RVO), and other conditions.

To enhance training efficiency and improve accuracy, we applied several prepro-
cessing techniques, including Contrast Limited Adaptive Histogram Equalization
(CLAHE) and Ben Graham’s enhancement method. Various deep learning models
including ResNet152, DeiT, Swin-V2, and MaxViT were trained and evaluated un-
der different configurations. Among these models, Swin-V2 demonstrated superior
performance in terms of both accuracy and generalization capabilities.

We implemented a two-stage diagnostic pipeline: the first model detects the
presence of retinal abnormalities, while a second model, activated upon detection of
diabetic retinopathy, estimates the severity level. To ensure practical applicability,
we developed a web-based platform that integrates these models into a user-friendly
diagnostic tool.

The results demonstrate the potential of combining deep learning approaches
with fundus imaging to provide scalable and accurate retinal disease screening. This
work establishes a solid foundation for future clinical validation and integration

into telemedicine platforms.
Key words:

Deep Learning (DL), Artificial Intelligence (AI),Convolutional Neural Networks(CNNs),Data
Processing, Vision Transformers (ViTs), Fundus Imaging, Retinal Diseases, Diabetic

Retinopathy (DR).
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INTRODUCTION

The field of ophthalmology has witnessed significant advancements, enabling ophthalmol-
ogists to perform precise clinical examinations and observe symptoms more accurately,
thanks to modern technological tools and advanced medical devices. Deep learning tech-
niques have emerged as powerful tools in ophthalmology due to their ability to analyze
large volumes of data quickly and accurately, contributing to the early detection of

diseases and enhancing the quality of patient care.

By automating the diagnostic process, these advanced models provide accurate predic-
tions, thereby accelerating the achievement of better treatment outcomes. In recent years,
the application of deep learning in ophthalmology has attracted considerable academic
interest, with numerous studies focusing on the detection of ocular abnormalities through

the analysis of fundus images

Conventional fundus images (CFI) is a widely utilized and efficient technique for
diagnosing various eye diseases. Its key advantages include rapid execution and ease
of use, enabling an ophthalmologists to obtain high-quality images of the fundus with
conventional fundus cameras, thus supporting routine clinical examinations. The afford-
ability of CFI ensures its widespread availability in various healthcare facilities, including
clinics and hospitals in remote regions with limited financial resources. Furthermore, CFI
provides detailed imaging of the central retinal areas, aiding in the early detection of
retinal diseases. This technique also requires minimal patient preparation, allowing for
quick, non-invasive examinations with minimal discomfort. Despite the emergence of
advanced imaging technologies, such as ultra-wide field imaging (UWFI), CFI continues
to be a vital diagnostic tool, owing to its simplicity and effectiveness in the retinal

diseases detection.

xii



INTRODUCTION

In this thesis, we propose an automated system for the detection of eye diseases
using fundus images, leveraging advanced deep learning techniques. The system begins
with data augmentation phase to augment the training dataset without requiring the
collection of new images by applying various data augmentation techniques, including
rotation, zoom, flipping, and shifting [1]. To further enhance image quality, particularly
in terms of brightness and contrast, we employ Ben Graham’s preprocessing (Ben’s)
along with the Contrast-Limited Adaptive Histogram Equalization (CLAHE) methods
[2, 3]. Additionally, we incorporate several state-of-the-art pre-trained models, such as
ResNet152 [1], Data-Efficient Transformer for Image Transformation (DeiT) [5], Swin-
ViT Transformer [6], and MaxViT [7], which have demonstrated high efficacy in image
classification tasks. These models will be fine-tuned to ensure optimal performance for
the specific task of eye disease detection. The primary contribution of this research is
the development of an intelligent image classification system for predicting eye diseases
through the training and evaluation of cutting-edge deep learning models. Furthermore,
the system provides accurate visual representations of regions affected by disease in eye
images. This contribution is expected to be valuable to both researchers and professionals

in the field of ophthalmology.

The remainder of the thesis is organized as follows. Chapter 1 is devoted to the
theoretical study, where the fundamental concepts related to the research topic are re-
viewed. It also discusses the relevant theoretical frameworks, techniques, and algorithms
in a general context. Furthermore, the chapter highlights the foundational principles
upon which the proposed system is built, aiming to identify existing research gaps and

propose potential solutions.

In Chapter 2, the proposed methodology for a retinal diseases detection based on
fundus images is explained. With a rationale for using deep learning models and archi-
tectures, which can be used on applications of eye diseases detection. In addition to

clarifying all the different proposed system steps in more detail.

In Chapter 3, experiments will be conducted to evaluate the efficiency of the proposed
system. This chapter presents the evaluation results, compares the performance of differ-
ent systems, and highlights the effectiveness of our approach. Based on the experimental
outcomes and supporting research, we provide detailed interpretations and assessments

of the proposed systems.

xiii



INTRODUCTION

In Chapter 4 The thesis concludes with a comprehensive summary, highlighting
its key contributions and providing final remarks.
Presents the development and deployment of a web-based diagnostic platform that
integrates the trained models into a practical, accessible system for clinical use. This
chapter details the platform architecture, user interface design, and system performance

in real-world scenarios

Xiv



Chapter 1

BACKGROUND METHODS

1.1 Introduction

Global estimates indicate that more than 250 million people were affected by retinal
disorders in 2020, [3, 9]. In Algeria, a national survey on ocular pathologies conducted in
2008 by the Ministry of Health and Hospital Reform (MSPRH),in collaboration with the
National Institute of Public Health (INSP) and the World Health Organization (WHO)
[10], reported that retinopathy accounts for 2.4% of blinding eye diseases. Early detection
of diabetic retinopathy (DR), along with timely medical intervention, can prevent up to

80% vision loss cases [11].

The early detection of retinal diseases remains a significant global challenge in oph-
thalmology. In this chapter, we will present the theoretical and technical foundations
required to understand a system designed for the detection of retinal diseases. We will
begin by reviewing the anatomy and characteristics of the normal eye fundus to establish
a reference point for identifying pathological changes. Next, we will explore several
common ophthalmic conditions, including diabetic retinopathy (DR), age-related macular
degeneration (AMD), retinal vein occlusion,Cataract, Myopia, and Glaucoma. Finally, we
will introduce the theoretical foundations of deep learning, which serve as the backbone

of our detection system.



CHAPTER 1. BACKGROUND METHODS

1.2 Eye Fundus Anatomy

OPTIC DISC

BLOOD VESSELS

Figure 1.1: Main anatomical structures on a fundus image.

The eye fundus refers to the interior posterior surface of the eye that can be visualized
through the pupil using specialized imaging techniques.The normal fundus color ranges
from light orange to deep red, depending on the individual’s pigmentation, age, and race.
The color primarily reflects the choroidal blood supply and the melanin content in the
retinal pigment epithelium (RPE). It encompasses several critical structures including
the retina, optic disc, macula, fovea, and the network of retinal blood vessels (fig. 1.1).
As the only location in the human body where blood vessels can be directly observed
non-invasively, the fundus provides a unique window into both ocular health and systemic

conditions.
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1.2.1 Retinal

The retina is a complex neural tissue that is the innermost layer of the eye responsible
for the visual processing that converts light energy from photons into three-dimensional
images [12]. Located in the posterior portion of the eyeball, the retina represents the only
extension of the brain that can be viewed directly from the outside world,giving clinicians
the ability to diagnose many diseases. Development of the retina begins during the fourth
week of embryogenesis and continues into the first year of life, making it vulnerable to
both genetic and environmental insults. As the most metabolically expensive tissue in
the human body, the retina consumes oxygen more rapidly than any other tissue. To
support this high metabolic demand, the retinareceives nourishment from a unique dual

blood supply that divides it into outer and inner layers for more efficient oxygenation [13].

The background retina appears orange-red due to the visualization of the retinal
pigment epithelium (RPE) and the underlying choroidal circulation. It contains the
photoreceptors (rods and cones) and the complex neural network that processes visual
information. The uniform appearance of the background retina in a healthy eye provides
the baseline against which pathological changes are identified. As, the peripheral retina
extends from the vascular arcades to the ora serrata (the anterior boundary of the retina).
This region contains predominantly rod photoreceptors and is responsible for peripheral
and dim-light vision. The peripheral retina is thinner than the central retina and may
show slight pigmentary variations in normal eyes. The following fig. 1.2 provides an
illustrative of the anatomical structure of the retina, showing its various layers and the

specialized cells involved in the visual process.

1.2.2 Optic Disc

The optic disc represents the entry point of the optic nerve into the eye and appears
as a round or slightly oval pale area, typically located 3-4 mm nasal to the fovea. With a
diameter of approximately 1.5 mm, it serves as the central hub for retinal nerve fibers
and blood vessels. Notably, the optic disc lacks photoreceptors, creating the physiological
blind spot in our visual field. In a normal fundus, the optic disc has well-defined margins
and a small central depression called the cup [11]. The cup-to-disc ratio (CDR) describes
the proportion of the cup diameter to the total disc diameter and is a critical parameter

in glaucoma assessment. Typically, in a healthy case, cup-to-disc ratio less than 0.4.
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Figure 1.2: Visual process and anatomical structure of the retina.

1.2.3 Macula and Fovea

The macula is a specialized region (approximately 5.5 mm in diameter) of the retina
located temporal to the optic disc, responsible for central vision and color perception. It
appears slightly darker than the surrounding retina due to the presence of xanthophyll
pigments. At the center of the macula lies the fovea a small depression approximately
1.5 mm in diameter that contains the highest concentration of cone photoreceptors,
providing the highest visual acuity. The fovea often appears as a small, dark red spot and
is avascular, receiving nutrition primarily through the underlying choroidal circulation.

A characteristic foveal light reflex is often visible in healthy eyes [11].

1.2.4 Retinal Blood Vessels

The retinal vasculature enters and exits the eye through the optic disc, branching
in a characteristic pattern across the retina. Arteries appear lighter red and narrower
with a more pronounced light reflex compared to veins, which are darker and wider.
The normal ratio of artery to vein width is approximately 2:3. These vessels typically
divide dichotomously, becoming progressively smaller toward the periphery, and do
not anastomose a characteristic that makes arterial or venous occlusions particularly
consequential. Arteries typically cross over veins at arteriovenous crossings, and any

deviation from this pattern may indicate abnormal vascular development[15].
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1.3 Fundus Image Acquisition Analysis

Fundus photography is an ophthalmic imaging technique used to capture detailed
images of the posterior segment of the eye, including the retina, optic disc, macula, and
retinal vasculature. This is achieved using a specialized device known as a fundus camera,
which typically captures images within a field of view (FOV) ranging from 30° to 50°,

centered on the posterior pole [L6].

The imaging process generally involves pharmacological pupil dilation using agents
such as tropicamide to allow sufficient light to enter the eye. A beam of light from the
camera passes through the cornea and lens, reflects off the retina, and is then collected
by an objective lens. The reflected light is focused onto a digital sensor that converts the
optical signal into a high-resolution digital image [17].

Fundus images are typically high-contrast, color photographs that enable detailed
visualization of retinal structures, such as the vascular tree, optic disc margins, and
macular region [18]. The resolution of these images generally ranges from 2 to 15
megapixels. Low-intensity flash is used to provide adequate illumination while minimizing
patient discomfort. The procedure is conducted in a dimly lit environment, with the
patient’s head stabilized to minimize motion artifacts. Specialized image analysis software

is used post-capture to support diagnostic interpretation [19].

Figure 1.3: Retinal Coverage in Fundus Photography Based on Field of View (FOV).
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The field of view in fundus photography determines the extent of the retina visualized
in an image (see fig. 1.3). A standard FOV (30°-50°) captures the posterior pole, including
the optic disc and macula. Wide-field imaging (up to 100°) allows visualization of the
mid-peripheral retina. Ultra-widefield imaging (>100°, up to 200°) enables assessment
of the far peripheral retina, revealing subtle pathologies such as retinal tears, holes, or

peripheral vascular abnormalities that may be missed in standard imaging [20, 21].

1.4 Retinal Diseases

Retinal diseases encompass a wide range of disorders that affect the retina, the light-
sensitive tissue at the back of the eye. These diseases can lead to vision impairment or
even complete blindness if not diagnosed and treated early. In this section, we present
an overview of the most common retinal pathologies, focusing on their clinical features,

causes, and relevance to automated detection systems.

1.4.1 Diabetic Retinopathy (DR)

Diabetic retinopathy (DR) is one of the most common and serious complications of
diabetes, affecting the blood vessels in the retina. It begins with micro aneurysms—tiny
bulges in the blood vessels of the retina, which can eventually leak fluid or bleed. As the
disease progresses, it can lead to more serious complications, where abnormal new blood
vessels grow in the retina. These new vessels are fragile and can lead to bleeding in the
vitreous, causing vision loss. DR progresses through several stages, these stages can be

summarized in the following fig. 1.4 [22, 23]:

1. Mild Non-Proliferative DR (NPDR):Characterized by microaneurysms—tiny

bulges in retinal blood vessels that may leak fluid.
2. Moderate NPDR: Shows larger areas of blood vessel damage and leakage.

3. Severe NPDR: Large portions of the retina become affected, with significant

blood flow reduction.

4. Proliferative DR (PDR): New, fragile blood vessels form (neovascularization),

risking vitreous hemorrhage and severe vision impairment.
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Figure 1.4: Progression of Diabetic Retinopathy DR from Mild to Proliferative Stages;
(a) Mild, (b) Moderate, (c) Severe and (d) Proliferative.

1.4.2 Age-related Macular Degeneration (AMD)

AMD is a degenerative disease that affects the macula, the central part of the retina
responsible for sharp central vision. This includes reading, driving, and anything that we
see when “looking straight ahead”. The rest of the retina is used for peripheral vision.
It is most common in older adults and exists in two forms: Dry (atrophic) and Wet

(neovascular) [24, 25] such as in fig. 1.5:

e Dry AMD: (85-90% of cases) involves the thinning of macular tissues and the

accumulation of drusen.
o« Wet AMD: is characterized by abnormal blood vessel growth under the retina,

7
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Figure 1.5: Age-related Macular Degeneration (AMD) disease, (a) Dry AMD and (b)
Wet AMD.

which can leak fluid and blood, leading to rapid vision loss.

1.4.3 Glaucoma

Figure 1.6: Difference Between a Healthy Retina (Left) and a Glaucoma-Affected Retina
(Right).

Glaucoma is a group of diseases that damage the optic nerve (fig. 1.6), often due to
increased intraocular pressure (IOP). It is a major cause of irreversible blindness. In early
stages, glaucoma typically presents no symptoms, which makes regular screening essential.
Over time, patients may experience peripheral vision loss that progresses to tunnel vision.
Fundus images may show cupping of the optic disc and thinning of the retinal nerve fiber
layer [22, 26]. The following Table. 1.1 summarizes the types of glaucoma, their causes,

and key clinical features:
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Table 1.1: Types of Glaucoma, Causes, and Features.

Type

Cause / Mechanism

Features

Primary Open-Angle
Glaucoma

Gradual dysfunction in fluid
drainage with an open angle

Slow progression, no early
symptoms, gradual periph-
eral vision loss

Angle-Closure  Glau-

coma

Sudden blockage of the drainage
angle

Severe eye pain, redness,
nausea, blurred vision a med-
ical emergency

Congenital Glaucoma

Congenital defect in eye drainage
system in infants

Enlarged eye, excessive tear-
ing, light sensitivity — usu-
ally detected early

Secondary Glaucoma

Resulting from other condi-
tions (e.g., injury, inflammation,
steroids)

Varies by cause; may resem-
ble open- or angle-closure

types

1.4.4 Retinal Vein Occlusion (RVO)

Retinal vein occlusion is the blockage of the central or branch retinal veins, resulting

in a backup of blood and fluid. This can cause hemorrhages, macular edema, and

ischemia. RVO is often associated with systemic conditions like hypertension, diabetes,

and arteriosclerosis. Depending on the location of the blockage, RVO is classified as
Central Retinal Vein Occlusion (CRVO) and Branch Retinal Vein Occlusion (BRVO) as
presented in fig. 1.7 [23, 27].

(a) (b)

Figure 1.7: Retinal Vein Occlusion (RVO), (a) Central Retinal Vein Occlusion (CRVO)
and (b) Branch Retinal Vein Occlusion (BRVO).
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1.4.5 Cataract

Cataracts involve the clouding of the eye’s natural lens, leading to progressively blurred
vision (fig. 1.8). They’re primarily age-related but can also result from injury, certain
medications, radiation exposure, or congenital factors. Symptoms include blurred vision,
increased glare sensitivity, fading colors, and decreased night vision [22]. Main types

include:

e Nuclear cataracts: Forming in the central lens nucleus, often causing initial

myopia before significant visual impairment.

« Cortical cataracts: Developing in the lens cortex, creating wedge-shaped opacities

that extend from the periphery.

Figure 1.8: (a) Helthy Retina and (b) Retina with Cataract.

1.4.6 Pathologic Myopia

Pathologic Myopia, also known as degenerative myopia, is a severe form of nearsight-
edness characterized not only by excessive axial elongation of the eye (typically >26.5
mm or a refractive error worse than -6.00 diopters) but also by progressive degenerative
changes in the retina, choroid, and sclera. These changes can lead to irreversible vision
loss. Due to its structural and progressive nature, it is considered a retinal disease rather
than merely a refractive error. Common complications include myopic maculopathy;,
posterior staphyloma, chorioretinal atrophy, lacquer cracks, choroidal neovascularization
(CNV), and retinal detachment [28, 29], see fig. 1.9.

10
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Figure 1.9: (a) Helthy Retina and (b) Retina with Pathologic Myopia.

1.5 Deep Learning Architectures

The advent of artificial intelligence, especially deep learning, has provided promising
methods for automated, accurate and scalable detection of retinal diseases. In this section,
we try to understand the architectures of deep learning in general, CNN and VIT in

particular.

1.5.1 CNN Architecture

Convolutional Neural Networks (CNNs) are among the most prominent deep learning
models used in image processing and visual pattern recognition. These networks rely on
the concept of using convolutional layers to extract spatial features from images, where
small filters are applied to local regions of the image to detect characteristics such as

edges or corners in [30].

A typical CNN architecture begins by stacking several convolutional layers. After
each convolutional layer, nonlinear activation functions such as ReLLU are applied to
introduce non-linearity into the model. These are often followed by Pooling layers,
such as Max Pooling or Average Pooling, which serve to reduce the spatial dimensions
and the number of computational parameters. This pattern—several convolutional layers
with ReLLU activations followed by a pooling layer—tends to repeat. As the image moves
deeper into the network, its spatial dimensions decrease, but the number of feature
maps generally increases due to the convolutional layers. In the final stages, the data is
flattened into a vector form using a flatten layer, then passed through Fully connected

layers to make the final decision (see fig. 1.10). CNNs are widely used in applications

11
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Figure 1.10: Architecture of a Convolutional Neural Network (CNN) for Image Classifica-
tion, Featuring Convolutional, Pooling, and Fully Connected Layers.

such as face recognition, medical image diagnosis, and autonomous driving systems, due

to their high capacity for generalization and pattern recognition in visual data.

1.5.2 VIT Architecture

Transformers are a neural network architecture introduced by Vaswani et al.in [31].
This model relies entirely on attention mechanisms to process sequential data, without
the use of recurrence or convolution. The core innovation, self-attention, allows the model
to compute contextual relationships between all elements of a sequence simultaneously,
enabling greater parallelism and more effective modeling of long-range dependencies.
Since then, this architecture has become foundational to a wide range of natural language
processing and computer vision tasks, thanks to its scalability and performance efficiency.
A key contribution of this architecture is self-attention, which computes interactions

among all positions in the sequence at once, regardless of their relative distance.

12
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Figure 1.11: Architecture of the Vision Transformer (ViT): Patch Embedding, Positional
Encoding, and Transformer-Based Processing for Image Classification.

The Vision Transformer (ViT) is a recent model in the field of computer vision
that builds upon the transformer architecture, which has proven highly effective in
natural language processing. ViT performs image classification by dividing the image
into fixed-size patches rather than processing it as a grid structure like in convolutional
neural networks (CNNs). Each patch is flattened into a vector and augmented with a
positional embedding to retain spatial ordering, along with a special classification token
[CLS] that is later used to derive the final image representation. This sequence of tokens
is passed through multiple transformer encoder layers based on multi-head self-attention
and feed-forward networks, enabling the model to capture global contextual relationships
across image regions.

Finally, the output corresponding to the [CLS] token is used for classification [32]. The
fig. 1.11 illustrates the structure and functioning of the Vision Transformer (ViT). ViT
is notable for its strong ability to model global relationships within images and has
achieved competitive or even superior performance compared to traditional CNN models,

especially when trained on large-scale datasets.

13
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1.6 Conclusion

In this chapter, we laid the foundational understanding of eye fundus anatomy, imaging
acquisition particularly fundus photography and common retinal diseases. As we discussed
the architecture of deep learning models, we highlighted how they work, especially
Convolutional Neural Networks and Vision Transformers. By leveraging both local and
global features in fundus images, these architectures can detect multiple pathologies with
a high degree of precision. This sets the stage for the design and implementation of our

proposed Al-based diagnostic system, which we detail in the subsequent chapters.

14



Chapter 2

PROPOSED WORKFLOW

2.1 Introduction

This chapter outlines the proposed methodology for the automated detection of retinal
diseases using fundus images from the APTOS 2019 dataset. With the growing prevalence
of diabetic retinopathy and other retinal conditions, early and accurate diagnosis through
automated systems has become increasingly vital. Leveraging deep learning techniques,

this system aims to enhance diagnostic accuracy and efficiency.

The chapter begins by describing the data preparation process, including data aug-
mentation and preprocessing steps designed to improve image quality and variability.
Following this, the architecture and implementation of the deep learning models used in
the system are detailed. Each component of the proposed system is carefully designed to

contribute to the overall performance and reliability of the system.

2.2 Proposed System Design

In fig. 2.1, we show the block diagram of proposed system for DR disease detection,
which has four main parts as database, data augmentation, data preprocessing and
deep learning models. In this work, we based our study on the APTOS 2019 dataset.
Mostly, medical databases are limited and constrained due to patient privacy concerns.
To address these challenges, we propose the use of data augmentation techniques [1],
such as rotation, zoom, flipping, and shifting. These techniques enhance the training
capabilities of deep learning models. Preprocessing methods [2, 3] are applied to en-

hance extracting features. Finally, the proposed system can diagnose and classify DR

15
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Dataset
(APTOS) 2019 dataset

v

Data Augmentation

rotation, zoom, flipping, and shifting

v

Data Preprocessing
Ben's preprocessing, CLAHE algorithm

v

Deep Learning Models
ResNet152, DelT, Swin-ViT, and MaxViT

Figure 2.1: Proposed workflow for deep learning-driven retinal disease detection.

disease using deep learning models such as ResNet152, Delt, Swin-ViT, and MaxViT [1-7].

After a careful evaluation of a set of proposed deep learning models based on
APTOS 2019 dataset, the best model that achieve superior performance measures and
effective ability in detecting diabetic retinopathy will be determined. Based on this
success, we will try to take advantage of this effective model to expand our diagnostic
capabilities beyond diabetic retinopathy and generalize the classification to the Odir
2019 dataset, for the purpose of developing a system for detecting and classifying the rest
of the diseases also associated with the retina including glaucoma, age-related macular

degeneration, and other retinal diseases.

16
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2.3 Datasets Description

Our study utilizes images data from two data bases, the reputable Asia Pacific Tele-
Ophthalmology Society (APTOS) 2019 dataset uses for DR disease classification. This
dataset was chosen for its broad recognition and the diversity of categories , which
support comprehensive analysis and robust comparison of our proposed method against
existing models. The APTOS 2019 Kaggle benchmark dataset [33], part of the blindness
detection challenge, contains 3,662 retinal fundus images captured under varying imaging
conditions by the Aravind Eye Hospital in India. The dataset categorizes images into
five levels of diabetic retinopathy severity, ranging from 0 to 4, as illustrated in fig. 2.2.
For our analysis, we allocate 80% of the dataset for training and 20% for validation.

Additionally, an independent set of 1,928 samples is used for testing.

Normelly Mild Moderate Severe  Proliverative

Figure 2.2: Fundus image samples of retinal diseases levels from the APTOS 2019 Dataset.

For the detection of other retinal diseases, our proposed system utilizes the Ocular
Disease Intelligent Recognition ODIR 2019 database [31]. The ODIR 2019 dataset of
fundus images represents a specialized dataset used for diagnosing eye-related diseases
based on the analysis of retinal images. The dataset includes eight different classifications
of eye diseases, such as Cataract, Glaucoma, AMD, Myopia, and other retina-related
conditions.

The following fig. 2.3 shows an example of fundus images included in the dataset.
Out of a total of 4,000 fundus images, 2,820 were allocated for model training. These
were divided into two sets: a training set comprising 80% of the images, and a validation

set representing the remaining 20% of the training images.
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NORMAL AMD GLAUCOM P-MYOPIA

CATARACT BRVO OTHERS

Figure 2.3: Fundus image samples of retinal diseases from the ODIR 2019 Dataset.

2.4 Data Augmentation Strategies

In medical field, the dataset is often limited due to various challenges. To overcome
this limitation, we employed a data augmentation techniques. These techniques involve
generating variations of the original images while preserving their features. Among these

techniques, The following fig. 2.4 shows the used techniques.

2.4.1 Rotation

Rotation technique involves rotating the original images by various angles within
a specific range from 0° to 360°, to increase the training data without compromising
the image features. In rotation of an image, the original image contains a point (x,y),

rotation by an angle # can be mathematically represented by the following equation [35]:
x cost —sinf| |z

=1 (2.1)
Y sinf  cosf | |y
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Figure 2.4: The used techniques for dataset augmentation.

Here, (x,y) are the original coordinates, (z',y’) are the new coordinates, and 6 is the

rotation angle.

2.4.2 Flipping

Horizontal and vertical flipping gy transposing the image, by swapping the point (z,y),
we can achieve both horizontal and vertical flipping. This straightforward operation effec-
tively doubles the dataset, providing mirrored versions of each image [35]. The following

transformation matrixes are used for horizontal and vertical flipping, respectively:

-0 )
)=06)

Zooming in/out is a commonly used data augmentation technique. The image dimen-

2.4.3 Zooming

sions can be modified using the A factor, greater than 1 for zooming in, and from 0 to 1
for zooming out [35]. Let I is the image with dimensions H x W, where H is the height

and W is the width. The new dimensions of the zoomed in image will be:

H' =\xH,

(2.4)
W' =X x W.
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In case of zoom out, the new dimensions will be:

H =
W=

x H,

o (2.5)

N L

H' is the new height and W’ is the new width of the image after zooming.

2.4.4 Shifting

Shifting is a type of data augmentation technique applied to images to increase
diversity and improve the model’s generalization ability. Horizontal involves shifting
left /right or right/left , while vertical involves shifting top/down or down/top [35]. Let [
is the image with dimensions H x W, where H is the height and W is the width. Vertical
translation (7,) and horizontal translation (7},), are used a transformation function the

following transformation equations:

Tv: (iL‘,y+Ay),

Ty = (v + Asyy) . (26)

Where, A, represents the horizontal shift and A, represents the vertical shift.

2.5 Data Preprocessing

Preprocessing of data improves the images quality, making it easier to extract subtle
patterns. Among various techniques, our study uses the both Ben’s and CLAHE methods,
successfully. Ben’s preprocessing technique is a complementary approach that focuses
on enhancing the visibility of fine retinal structures in fundus images [2]. This method
applies specialized filtering and intensity normalization to reduce noise while preserving
important diagnostic features. Particularly effective for addressing variations in image
quality commonly found in clinical settings, Ben’s preprocessing improves the detection of
subtle retinal changes that may indicate early-stage pathologies. For the seconde technic
which is Contrast-limited adaptive histogram equalization (CLAHE). This algorithm
designed to improve the illumination distribution in an image while mitigating the effects
of contrast enhancement [1]. It is based on histogram equalization techniques, but with
improvements to prevent excessive contrast in certain areas. CLAHE is applied to the
image using local divisions or small blocks, and the statistical distribution (histogram)
is calculated for each block individually. Subsequently, the contrast in each region
is enhanced using the adjusted histogram. When combined with CLAHE, this dual
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Figure 2.5: Steps of the CLAHE algorithm to improve data quality.

preprocessing approach significantly enhances the quality of input data for deep learning

models. CLAHE algorithm can be summarized in Table . 2.1. The steps have been

displayed in Fig. 2.5.

2.6 Deep Learning Models

In this work, we utilized the recent deep learning methods, ResNet152 based on

Convolutional Neural Networks (CNNs), and transformer-based models such as DelT,
Swin-ViT, and MaxViT.

21



CHAPTER 2. PROPOSED WORKFLOW

Table 2.1: CLAHE algorithm steps.

Steps Description

Step 1: Divide Image into Tiles
Step 2: Compute Local Histogram
Step 3: Clip the Histogram

Step 4: Redistribute Clipped Pixels
Step 5: Equalize the Histogram
Step 6: Interpolate Between Tiles
Step 7: Reconstruct Image

2.6.1 ResNet-152 Model

ResNet-152 algorithm consists of 152 layers, a large number compared to traditional
networks, which allows it to learn intricate and precise features from the data. Moreover,
ResNet-152 leverages the concept of residual connections, where the original input is added
to the output calculated by the deeper layers. This approach addresses the vanishing
gradient problem, which can occur when training deep networks [1]. By incorporating
residual connections, the network is able to learn more efficiently. Mathematically, the

residual connection can be expressed as:
y=F (2, {W;}) + . (2.7)
Where:
e y is the output of the residual block.

o F(x,{W;}) represents the learned function of the input x through the layers with
weights W;.

o 1z is the input to the residual block, and the addition of = ensures that the original

input is retained, facilitating the gradient flow during back-propagation.
This design of ResNet-152 helps mitigate the vanishing gradient issue, enabling more

effective training of very deep networks.

2.6.2 DelT Transformer

DelT model is based on the Vision Transformer architecture. In this setup, the larger
"Teacher" model is trained on a large dataset, while the smaller "Student" model learns

from the outputs of the "Teacher" during training [5]. The image is divided into small
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patches of fixed size, such as P x P. These patches are flattened and transformed
into vectors, which are then passed through Transformer layers using a self-attention
mechanism. Each patch is represented as a token and processed with self-attention to
obtain suitable representations of the full image. In DeiT, the larger "Teacher" model,
which is pre-trained or larger in size, is used to instruct the smaller "Student" model. The
smaller model is trained using both traditional loss functions (Cross-Entropy Loss) and
a distillation loss that measures the difference between the outputs of the smaller model
and the larger model using a metric like KL-Divergence [5]. Mathematically, Prediction

Loss (Cross-Entropy Loss) can be noted as:

C
LCOE = — Zyclo.g (gc) : (28)

c=1

Where, v, is the target of class ¢ and 7. is the predicted probability that the sample
belongs to class ¢ , which is the output of the model. KL-Divergence is used to measure
the difference between the probability distributions produced by the larger (Teacher)

and smaller (Student) models:

KL | Pas) = 3 Penlc) 0 (];8) | (2.9

Where, P, and Py represent the probability distributions produced by the larger and
smaller models, respectively. Finally, the total loss is computed by summing the two

losses:
Ltotal - LCE ‘l— )\ . KL (Ptch || Pstd) . (210)

Where, A is the weighting factor between the prediction loss and distillation loss.

2.6.3 Swin Vision Transformer

The Swin-ViT introduces improvements over the traditional Vision Transformer based
on Self-attention within windows and shifting attention across windows, enhancing the
model’s efficiency and speed when handling large images [6]. In Swin-ViT, the image is
divided into fixed-size windows, with each window being processed using a Self-attention
mechanism that computes the interdependencies between pixels within that window.
However, Self-attention at the level of individual windows may be insufficient in some cases,
which is why shifted window attention is employed. This approach involves shifting the

windows between network layers to promote interactions between neighboring windows,
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thereby improving the model’s ability to capture long-range dependencies [0].

. QKT
Attention (Q, K, V') = softmax | ——= | V. (2.11)
Vdy

Where, @ (Query), K (Key), V' (Value) and dy, is dimension of keys.

2.6.4 Multi-axis Vision Transformer

MaxViT is a model belonging to the Transformer class, designed to enhance the
capability of processing data across multiple axes, particularly in the context of images.
The core idea behind MaxViT is to employ a Multi-axis Attention mechanism to improve
the model’s performance in image interpretation by focusing on several axes or directions,
rather than relying on fixed axes as in traditional models. In MaxViT, attention is

computed across multiple axes, which can be mathematically expressed as follows [7]:

Attentionmulti—axis (Qa K? V) = Z Attention (Qamis; Kaa:isa %xis) . (212)

aris

2.7 Conclusion

The proposed system is based on the fundus images datasets. In this chapter, we present
the methodology for the detection of retinal diseases, along with the various components of
the system. The process begins with the implementation of data augmentation techniques,
followed by a preprocessing step to enhance the quality of the input data. Subsequently,
deep learning models are employed for retinal diseases classification. The effectiveness of
the system will be further validated in the next chapter through a detailed analysis of

the results.
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Experimental Evaluation

3.1 Introduction

In this chapter, we present a comprehensive evaluation of our proposed deep learning
system for ocular disease classification. The first part focuses on diabetic retinopathy
detection using the APTOS 2019 dataset, while the second part tests the model’s
generalization to a broader dataset covering nine ocular diseases. We begin by outlining
the key evaluation metrics, including Accuracy, Cohen’s Kappa, F1 Score, and AUC, along
with two clinically significant metrics—Sensitivity and Specificity—which are computed
and discussed to assess both the model’s ability to detect disease and avoid false alarms.
We describe the training configuration, including the choice of architectures, optimization
strategy, and the use of preprocessing techniques such as Ben’s method combined with
CLAHE. Four models—ResNet152, SwinV2, DeiT3, and MaxViT—are compared under
three experimental conditions: using raw images, augmented data, and the proposed
enhanced preprocessing. To interpret model decisions, Grad-CAM visualizations are
included. Additionally, we compare our system’s performance with existing literature on
the same dataset. Finally, the model is evaluated on the extended ocular disease dataset,
with detailed results including classification reports, confusion matrices, ROC curves,

and overall diagnostic performance.
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3.2 Evaluation Metrics

To assess the performance of the trained model in detecting diabetic retinopathy, we
employed four primary evaluation metrics: Accuracy, Cohen’s Kappa, F1 Score, and Area
Under the Curve (AUC). We adopted the Quadratic Weighted Kappa variant because
it more heavily penalizes large misclassifications—reflecting the ordinal nature of DR
grades from 0 to 4—adjusts for chance agreement in a manner analogous to clinicians’
inter-rater reliability assessments, is widely accepted in medical research for measuring
agreement, and served as the official metric in the APTOS 2019 Kaggle competition to

ensure direct comparability with benchmark submissions.

o Accuracy: Accuracy represents the percentage of correctly classified samples out
of the total number of samples. It is one of the simplest performance metrics but

can be misleading in cases of class imbalance [30].

o Cohen’s Kappa: Cohen’s Kappa measures the agreement between predicted labels
and true labels, accounting for the possibility of agreement occurring by chance. It
is considered a more reliable metric than accuracy, especially in situations with

class imbalance.

e F1 Score: The F1 Score is the harmonic mean of precision and recall. It is often
used when there is class imbalance and when both false positives and false negatives

are considered important.

« Area Under the Curve (AUC): The AUC represents the model’s ability to
distinguish between different classes. A higher AUC indicates better classification
performance. AUC is commonly used in medical tasks due to its importance in

evaluating model sensitivity and stability,this parameter are from [30].

3.3 Training Settings

In this section, we present the training configurations adopted for building the diabetic
retinopathy classification models. The experiments were conducted in an environment
equipped with a GPU, using the PyTorch library to design and train the models. The
Albumentations library was used for image augmentation, and Stratified K-Fold Cross-
Validation was applied to ensure balanced class distribution across each fold. A series of

experiments were conducted on all the models evaluated in this work, namely: ResNet152,
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SwinV2, DeiT3, and MaxViT, to determine the optimal hyperparameters that provide the
best performance. The results showed that the ideal training settings were nearly identical
across all models, allowing us to standardize the configuration for comparison. The final
selected settings are summarized below, and the detailed results of the experiments, along

with plots and tables justifying these choices:

o Epochs: Defines how many times the entire dataset is passed through the model

during training.

o Batch Size: Determines how many samples are processed together before the

model updates its weights.

o Learning Rate: Controls how quickly the model adjusts its parameters during

training.

e Loss Function: Used for multi-class classification to measure prediction accuracy

against true labels.

3.4 Analysis of Training Settings Experiments

To determine the most suitable training settings for all models used in this work,
several experiments were conducted to test different values for key hyperparameters. The
aim was to identify the configurations that provide the best performance in terms of
model generalization, stability, and evaluation metrics.

Below are the experimental results for each hyperparameter:

3.4.1 Batch Size Impact

Table 3.1: Accuracy with varying batch sizes.

Batch Size | ResNet152 | SwinV2 | DeiT3 | MaxViT
32 84% 84% 84% 85%
64 83% 83% 83% 84%
96 83% 82% 83% 83%
128 83% 82% 83% 83%

3.4.1.1 Analysis of Batch Size Impact on Model Performance

To study the effect of batch size on the performance of the four selected models, we fixed

the number of training epochs (Epoch = 25) and the learning rate (Learning Rate = le-4),
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and experimented with various batch size values: 32, 64, 96, and 128. We chose to start
with a batch size of 32 because it is a commonly used default in most machine learning
frameworks such as PyTorch. Additionally, it provides a good balance between training
stability, convergence speed, and GPU memory usage, making it a logical starting point
for performance optimization. As shown in the table, the best results were obtained
with a batch size of 32, where the MaxViT model achieved 85% accuracy, and the other
models (ResNet152, SwinV2, and DeiT3) reached 84%. When the batch size was increased,
performance either declined or remained unchanged, indicating that larger values may
not be optimal in this context. These findings are visually confirmed by the bar chart
fig 3.1, which clearly highlights the superior overall performance at a batch size of 32

compared to the other tested values.
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Figure 3.1: Accuracy comparison of models at different Batch size.

3.4.2 Epoch

Table 3.2: Accuracy vs. Epochs.

Epochs | ResNet152 | SwinV2 | DeiT3 | MaxViT
25 84% 84% 84% 85%
50 83% 83% 83% 83%
75 83% 83% 83% 83%
100 83% 83% 83% 83%
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3.4.2.1 Effect of Epoch Count on Model Accuracy

To assess the impact of the number of training epochs on model performance, we
conducted experiments with 25, 50, 75, and 100 epochs, while keeping other parameters
fixed (Batch Size = 32, Learning Rate = le-4). The results in the table show that the
best accuracy for all models was achieved at 25 epochs, with MaxViT reaching 85%,
while others achieved 84%. Increasing the number of epochs did not lead to performance
improvement and may have introduced overfitting or plateauing. This is visually confirmed

in fig 3.2, where performance stabilizes or slightly declines beyond 25 epochs.
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Figure 3.2: Model accuracy at different epoch counts.

3.4.3 Learning Rate Impact

Table 3.3: Accuracy vs. Learning Rate.

Learning Rate ResNet152 SwinV2 DeiT3 MaxViT

1 x 1072 1% 68% 55% 4%
1x1073 81% 74% 1% 84%
1x10? 84% 83% 84% 85%
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3.4.3.1 Effect of Learning Rate on Model Accuracy

We evaluated the impact of different learning rates (le-2, le-3, and le-4) on model
accuracy, keeping the batch size fixed at 32 and the number of epochs at 25. The results
clearly indicate that a learning rate of le-4 yielded the best performance across all
models, with MaxViT reaching 85% accuracy, followed by ResNet152 and DeiT3 with
84%. Higher learning rates (especially le-2) resulted in significantly lower accuracy, likely
due to unstable or suboptimal convergence. These findings are illustrated in fig 3.5,
confirming that le-4 is the optimal learning rate for stable and accurate training in our

experiments.
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Figure 3.3: Comparison of model accuracy across different learning rates.

3.5 Model Performance Comparison

In this study, the performance of four state-of-the-art deep learning models for diabetic
retinopathy classification—ResNet152, SwinV2, DeiT3, and MaxViT—was evaluated.
The models were tested across three separate experiments, each applying a different
preprocessing technique. The objective was to analyze the effect of each preprocess-

ing method on model performance using key evaluation metrics: Accuracy, Quadratic
Weighted Kappa, F1 Score, and AUC.
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3.5.1 First Experiment: (Raw Data)

In this experiment, the models were trained and evaluated using the original retinal
images without any preprocessing applied. tab 3.4 presents the performance of the four
models after training on the augmented dataset, evaluated using the same metrics as in

the first experiment.

Table 3.4: Comparison of models on various performance metrics Raw Data.

Model AUC Score F1 Score Kappa Score Accuracy

Resnet152 93.03% 83.36% 87.93% 84.29%

Swinv2 93.51% 83.48% 88.88% 84.15%

Deit3 93.44% 80.40% 85.09% 81.97%

Max vit 94.85% 84.11% 88.44% 84.70%
Analysis

Under raw data conditions, all models demonstrate strong classification capabilities,
but their strengths vary by metric. MaxViT achieves the highest AUC (94.85%), F1
Score (84.11%), and Accuracy (84.70%), indicating exceptional discriminative power and
balance between precision and recall. SwinV2, however, attains the highest Quadratic
Weighted Kappa (88.88%), our primary metric for this study, which measures agreement
with the ground truth after correcting for chance. This suggests SwinV2 provides the
most reliable ordinal predictions among the models. ResNet152 delivers consistently solid
performance across metrics, while DeiT3 shows comparatively lower F1 and Accuracy,

reflecting less effective raw-feature extraction.

3.5.2 Second Experiment: Data Augmentation

In the second experiment, various data augmentation techniques were applied to the
raw retinal images to increase data diversity and improve model generalization. This
included transformations such as rotation, flipping, and scaling. tab 3.6 presents the
performance of the four models after training on the augmented dataset, evaluated using

the same metrics as in the first experiment.
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Table 3.5: Comparison of models on various performance metrics(data augmentation) .

Model AUC Score F1 Score Kappa Score Accuracy

Resnet152 94.69% 82.17% 88.62% 84.15%

Swinv2 95.44% 85.52% 90.91% 86.20%

Deit3 94.45% 80.69% 86.85% 82.65%

Max vit 95.39% 84.94% 90.16% 85.79%
Analysis:

In this experiment, the application of data augmentation led to noticeable improve-
ments in model performance compared to the raw data scenario. All four models benefited
from the increased variability in the training data, with enhanced results across all evalu-
ation metrics. ResNet152 showed a slight improvement in AUC (94.69%) and maintained
a competitive Kappa score (88.62%), indicating a more stable performance. SwinV2
achieved the highest Kappa score (90.91%), marking it as the top-performing model in
this experiment according to our primary metric. It also recorded the highest F1 score
(85.52%) and Accuracy (86.20%), which further confirms its robustness. MaxViT closely
followed SwinV2, with a high Kappa score of 90.16 and AUC of 95.39%, suggesting
strong classification capabilities. DeiT3 showed the least improvement among the models,
with a Kappa score of 86.85% and the lowest accuracy (82.65%), despite a solid AUC
of 94.45%. Based on the Quadratic Weighted Kappa, SwinV2 is considered the best-
performing model in this experiment. Its consistent strength across all metrics, especially
in agreement with true labels, highlights its effectiveness when trained on augmented
data.

3.5.3 Third Experiment: Full Processing

In the final experiment, we evaluated the models using our proposed preprocessing
pipeline, which combines Ben’s color enhancement technique with CLAHE (Contrast
Limited Adaptive Histogram Equalization). This method was designed to enhance

important features in retinal images while improving contrast and reducing noise. The
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goal was to investigate whether this tailored preprocessing strategy would further improve

classification performance. tab 3.6 presents the results.

Table 3.6: Comparison of models on various performance metrics(Full Processing).

Model AUC Score F1 Score Kappa Score Accuracy

Resnet152 95.11% 84.61% 90.28% 85.52%

Swinv2 95.62% 88.11% 92.95% 88.11%

Deit3 94.88% 83.58% 90.83% 84.56%

Max vit 95.80% 86.58% 91.09% 86.89%
Analysis:

In the third experiment, all models demonstrated noticeable improvements compared
to the previous experiments, indicating the effectiveness of the proposed preprocessing
strategy. Among the models: SwinV2 achieved the highest Kappa Score of 92.95%,
which is the primary evaluation metric in this study, indicating superior agreement with
ground truth labels. It also recorded the highest F1 Score (88.11%) and matched the
highest Accuracy (88.11%), reinforcing its strong performance across multiple metrics.
MaxViT followed closely with a Kappa Score of 91.09% and the highest AUC Score
(95.80%), showing excellent capability in distinguishing between classes. ResNet152 and
DeiT3 also showed solid performance, but their Kappa Scores (90.28% and 90.83%
respectively) were slightly lower than those of SwinV2 and MaxViT. Considering all
evaluation metrics—especially Quadratic Weighted Kappa, which is the main metric
adopted in both this study and the APTOS 2019 Kaggle competition—SwinV2 stands

out as the best-performing model in this experiment.

3.6 Grad-CAM Visualizations

Interpreting Model Decisions Using Grad-CAM

Gradient-weighted Class Activation Mapping (Grad-CAM) is a widely used visualization
technique that helps interpret the decision-making process of deep convolutional neural
networks. It highlights the regions in the input image that the model considers most

relevant when predicting a specific class.
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In this study, Grad-CAM was manually implemented using PyTorch, without relying
on external libraries. The technique works by registering forward and backward hooks to
extract both the feature maps and gradients from a specific layer of the model—specifically,
the norm layer in the base transformer models used. These values are then used to generate

a class-discriminative heatmap that localizes important regions for the target prediction.

The mathematical principle behind Grad-CAM involves computing the gradients of
the class score y© with respect to the feature maps A* [37].
These gradients are globally average-pooled to obtain the importance weights oy,

which are then combined with the feature maps to produce the final heatmap as follows:

ReLU (Z OziAk> = Larad-cam (3.1)
k

This allows for highlighting only the features that positively influence the prediction,
helping to visually confirm whether the model is focusing on medically relevant areas

such as the macula, hemorrhages, or retinal vessels.

To gain a deeper understanding of how the trained models make their predictions,
Grad-CAM (Gradient-weighted Class Activation Mapping) was utilized to generate
heatmaps that highlight the regions each model focused on during classification. Grad-
CAM serves as a critical interpretability tool in the context of medical imaging, as it
allows us to verify whether the model relies on medically relevant features such as the
macula, hemorrhages, blood vessels, or other damaged regions in the retina. In this
study, Grad-CAM was applied to the four models used—ResNet152, SwinV2, DeiT3,
and MaxViT—and the resulting visualizations were analyzed using one representative
image from each of the five diabetic retinopathy classes (0 to 4). For each model, five

Grad-CAM images are presented, corresponding to the five severity levels.
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Ben’s Preprocessing + CLAHE Results

Before

0 -NoDR

1 - Mild

2 - Moderate

3 - Severe

4 - Proliferative DR

Figure 3.4: Comparison of fundus images before and after Proposed Prepossessing.
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Results

0-No DR

1 - Mild

2 - Moderate

3 - Severe

4 - Proliferative DR

SwinV2 MaxViT

Predicted: 0 - No DR Predicted: 0 - No DR

with Red Box

Predicted: 3 - Severe

With Red Box

Y.

Predicted: 4 - Proliferative DR

With Red Box

ResNet152 DeiT3

Predicted: 0 - No DR Predicted: 0 - No DR

Predicted: 2 - Moderate

With Red Box

Predicted: 3 - Severe

With Red Box

S
Predicted: 4 - Proliferative DR

Vith Red Box

Figure 3.5: Grad-CAM visualizations across DR grades and models.

This fig 3.5 illustrates the Grad-CAM heatmaps generated by the four evaluated models
(SwinV2, MaxViT, ResNet152, and DeiT3) for each diabetic retinopathy (DR) grade: 0
(No DR) to 4 (Proliferative DR). The red boxes indicate the regions the model focused

on when making its prediction.

Observation

Across all models, the central regions of the retina—especially around the macula

and optic disc—are highlighted, which aligns with clinical importance. The models

generally perform well in localizing relevant features, such as hemorrhages and exudates,

particularly in higher severity levels (grades 3 and 4), Notably:

e« SwinV2 and MaxViT demonstrate sharper and more focused activations, particu-

larly in severe and proliferative DR cases, suggesting better spatial attention.
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« ResNet152 provides balanced localization but with slightly less sharp focus compared

to transformer-based models.

e DeiT3 occasionally highlights broader or more dispersed regions, which may indicate

lower localization precision in some cases.

These visualizations support the interpretability of the models and validate that the

predictions are based on medically relevant regions of interest.

SwinV2 MaxViT ResNet152 DeiT3

Grad-CAM Overlay
—

0-NoDR

1 - Mild

2 - Moderate

3 - Severe

4 - Proliferative DR

S

Figure 3.6: Grad-CAM overlay examples from different models.

This fig 3.6 displays Grad-CAM heatmap overlays for each diabetic retinopathy
(DR) class using four different models: SwinV2, MaxViT, ResNet152, and DeiT3. These
overlays highlight the most influential regions in the fundus images that contributed to

the model’s prediction.
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Observation

In these visualizations, blue regions indicate areas of highest relevance according to

the model’s internal gradients, while red areas are less relevant. Notable insights include:

o SwinV2 and MaxViT tend to focus on distinct pathological regions, especially in

moderate to severe DR cases, showing good spatial discrimination.

« ResNet152 often concentrates on central retinal regions with sharper and more

localized activation in earlier stages.

o DeiT3 generally highlights more scattered areas, which may reflect broader attention

but also potential noise in focus.

These heatmaps enhance transparency in model decisions, making it easier to validate

whether the models are attending to medically meaningful features.

3.7 Optimal Model Performance and Outcome

Evaluation

This section provides a detailed evaluation of the performance of the best-performing
model, SwinV2, trained using the proposed preprocessing method (Ben’s preprocessing
+ CLAHE). The assessment includes multiple metrics such as the classification report,
confusion matrix, sensitivity, specificity, and ROC curves. These metrics collectively
offer a comprehensive understanding of the model’s ability to accurately classify the five
severity levels of diabetic retinopathy based on the APTOS 2019 dataset.

3.7.1 Classification Report

Table 3.7: Classification report per DR class including Precision, Recall, Specificity,
F1-Score, and Support.

Class Precision Recall (Sensitivity) Specificity F1-Score Support
0 - No DR 98% 99% 91% 98% 361
1 — Mild 76% 64% 97% 69% 74
2 - Moderate 80% 91% 93% 85% 199
3 - Severe 2% 46% 98% 56% 39
4 - Proliferative DR 78% 73% 97% 75% 59
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3.7.2

True Label

Confusion Matrix

Confusion Matrix (Normalized)

0-No DR 0.99 0.01 0.00 0.00 0.00
0.8

1 - Mild 0.05 0.64 0.28 0.00 0.03
0.6

2 - Moderate 0.02 0.04 0.9 0.03 0.01
-04

3 - Severe 0.00 0.00 0.33 0.46 0.21
-0.2

4 - Proliferative DR 0.00 0.03 0.20 0.03 0
-0.0
0-No DR 1 - Mild 2 - Moderate 3 - Severe 4 - Proliferative DR

Predicted Label

Figure 3.7: Confusion Matrix for DR classification.

3.7.3 ROC Curves
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Receiver Operating Characteristic (ROC) Curve
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Figure 3.8: ROC Curves for all classes.
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3.8 Comprehensive Results Analysis

The proposed model’s performance was thoroughly evaluated using multiple standard
evaluation tools, including the classification report, confusion matrix, overall sensitivity
and specificity, and the Receiver Operating Characteristic (ROC) curves for each of the
five diabetic retinopathy (DR) classes.

As presented in tab 3.7 the classification report highlights the model’s consistent and
balanced performance across all DR categories. The model achieved an overall precision
of 88.80%), an overall sensitivity (recall) of 88.24%, and an F1l-score of 88.38%, indicating
its strong capability in correctly classifying both majority and minority classes. In addi-
tion, The overall specificity reached 96.38%,which reflects the model’s high reliability in
correctly identifying non-DR cases and minimizing false positives—an essential aspect
in medical diagnostics. The confusion matrix fig 3.7 further demonstrates the model’s
classification accuracy, with a clear concentration of correct predictions along the diagonal.
The model showed outstanding performance in detecting Class 0 (No DR) and Class 4
(Proliferative DR), with minimal misclassifications. The other classes—Class 1 (Mild),
Class 2 (Moderate), and Class 3 (Severe)—were also predicted with high reliability,
highlighting the model’s ability to discern between subtle variations in retinal pathology.
Additionally, the ROC curves fig 3.8 provide further validation of the model’s effectiveness.

The curves for all five classes show high Areas Under the Curve (AUC), each ex-
ceeding the commonly accepted threshold of 90% for high-performing classifiers. This
reflects excellent trade-offs between true positive rates and false positive rates across the
board, confirming the model’s robust discriminative ability. In conclusion, the proposed
system demonstrates strong and balanced diagnostic capabilities for multi-class diabetic
retinopathy classification. The combination of advanced feature extraction using SwinV2
and refined preprocessing strategies (Ben’s preprocessing + CLAHE) played a crucial role
in achieving these outcomes. These promising results underline the system’s potential for

real-world deployment in automated DR screening and diagnostic decision support.

3.9 Comparison With State-of-the-Art

Overview of Selected Studies

In this section, we compare the performance of our proposed model with other recent
studies that used the APTOS 2019 dataset to classify diabetic retinopathy into five
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classes. The comparison focuses on key evaluation metrics such as Kappa, Accuracy, and

AUC, and also considers the models and preprocessing techniques used in each study.

This helps to clearly show how our approach performs relative to existing work.

Performance Comparison

Table 3.8: Comparative performance proposed models of existing approaches on AP-

TOS19.

Study Model Used Preprocessing Accuracy Kappa

Bodapati al [38] | Fusion of features from Xcep- | Not specified 81.7% 71.1%
tion and VGG16 with DNN

Tymchnko al [39] | Convolutional Neural Net-| Not specified Not re-| 92.55%
work with multi-stage trans- ported
fer learning

Fan al [10] CNN with Adaptive Multi- | Data Augmentation | 85.32% | 77.26%
stage Feature Fusion
SwinV2 Ben’s + CLAHE 88.11% | 92.95%

Our Proposed MaxViT 86.89% | 91.09%
ResNet152 85.52% | 90.28%
DeiT3 84.56% | 90.83%

Result Analysis

Tab 3.8 presents a comprehensive comparison between our proposed models and
several state-of-the-art approaches for five-class diabetic retinopathy classification. The
comparison includes the models used, preprocessing strategies, and their performance
in terms of accuracy and Cohen’s Kappa score. Bodapati et al. (2020) implemented a
hybrid approach by fusing features from Xception and VGG16 through a deep neural
network. However, they did not specify any preprocessing strategy. Their model achieved
an accuracy of 81.7% and a Kappa score of 71.1%, which reflects moderate agreement and
highlights the limitations in feature representation and data handling. Tymchenko et al.
(2020) employed an Xception-based convolutional neural network with data augmentation.
In addition, they incorporated external datasets to expand the training set. Despite
this enhancement, the study did not report the accuracy, and only provided a Kappa
score of 92.55%. Although this indicates strong agreement, the lack of accuracy reporting
limits the comprehensiveness of performance evaluation, especially when compared to
models trained and tested on the same dataset without external additions. Fan et al

developed a convolutional neural network enhanced with Adaptive Multi-stage Feature
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Fusion, and utilized data augmentation as a preprocessing strategy. Their model achieved
85.32% accuracy and 77.26% Kappa score. While these results show improvement over
earlier methods, the reliance on traditional CNN architecture may limit the model’s
ability to effectively capture global and hierarchical image features. In contrast, our
proposed models—particularly the SwinV2 model combined with Ben’s preprocessing
and CLAHE—achieved superior results, reaching 88.11% accuracy and 92.95% Kappa
score. This demonstrates the effectiveness of modern transformer-based architectures in
capturing long-range dependencies and detailed visual cues in retinal images. Furthermore,
the additional tested models—MaxViT, ResNet152, and DeiT3—also exhibited competi-
tive performance, all outperforming previously published works in both metrics. These
findings emphasize the effectiveness of combining modern deep learning architectures
with suitable preprocessing strategies to improve the performance of multi-class retinal
disease classification. Rather than integrating multiple models, each architecture was
evaluated independently, demonstrating that transformer-based models—when coupled

with appropriate image enhancement techniques—can achieve state-of-the-art results.

3.10 Generalization to Other Eye Diseases

After identifying the best-performing model for DR classification using the APTOS
2019 dataset, we extended our investigation to evaluate the model’s generalization capa-
bilities on a broader set of ocular diseases. Specifically, this phase focuses on assessing the
model’s ability to accurately classify nine distinct ocular disease categories, representing a
diverse range of eye conditions with varying visual characteristics. To maintain consistency
and ensure fair evaluation, we employed the same training strategy, hyperparameters,
and evaluation metrics used in the previous experiments. The objective here is not to
draw direct comparisons between datasets but to validate the robustness and adaptability
of the proposed system when exposed to new and heterogeneous diagnostic categories.
The following subsections present both global performance metrics—such as accuracy,
Cohen’s Kappa score, Fl-score, and AUC—and detailed diagnostic results, including the

classification report, confusion matrix, and ROC curves.

Global Metrics

To assess the overall diagnostic effectiveness of the model on the expanded ocular

disease dataset, we calculated four primary performance metrics: Accuracy, Cohen’s
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Kappa Score, F1-Score, and Area Under the ROC Curve (AUC). These metrics offer
a comprehensive overview of the model’s generalization capability beyond diabetic
retinopathy.

In term of accuracy, the model achieved an overall accuracy of 87.98%, indicating that
a high proportion of images were correctly classified across the nine disease categories.
Also for Kappa Score, the Cohen’s Kappa score reached 93.91%, reflecting a strong
agreement between the model predictions and the ground truth labels, while accounting
for random chance. This high score reinforces the reliability of the model in multi-class
medical. For F1 Score, the macro-averaged F1 score was 86.73%), balancing both precision
and recall across all classes. This value highlights the model’s ability to maintain a fair
performance even in the presence of class imbalance or visually similar conditions. Lastly,
the macro-averaged AUC was 98.56%, indicating an excellent ability to discriminate
between classes across all decision thresholds. An AUC close to 100% confirms the model’s
robustness in differentiating pathological signs in retinal images.

The obtained results indicate that the SwinV2 model maintains a high level of
performance even when applied to wider range of ocular diseases, demonstrating its
efficiency and robustness. Moreover, these results support the effectiveness of the proposed

system architecture in diagnosing various eye-related pathological conditions.

Detailed Diagnostic Performance

In this subsection, we examine the model’s behavior on each of the nine ocular disease
categories by presenting the full classification report, the normalized confusion matrix,
and the ROC curves.

Table 3.9: Classification Report — Generalization to Other Eye Diseases.

Class Precision Recall Specificity F1-Score Support
0 - Normal (N) 78% 92% 97% 84% 435

1 - Diabetes (D) 92% 88% 98% 90% 424

2 - Glaucoma (G) 91% 91% 99% 91% 69

3 - Cataract (C) 91% 94% 98% 92% 64

4 - AMD (A) 95% 79% 99% 87% 53

5 - Myopia (M) 91% 96% 100% 93% 51

6 - BRVO 100% 100% 100% 100% 9

7 - CRVO 100% 100% 100% 100% 4

9 - Other 89% 60% 97% 72% 182
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3.10.1 Confusion matrix

True Label
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Figure 3.9: Confusion matrix for generalized retinal diseases.

3.10.2 ROC Curve and AUC
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Figure 3.10: ROC Curves for generalized retinal diseases classification.
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3.10.3 Comprehensive Results Analysis

The generalized classification model was comprehensively evaluated using a wide array
of diagnostic tools, including the full classification report, the confusion matrix, global
sensitivity and specificity values, and individual Receiver Operating Characteristic (ROC)
curves for each of the nine ocular disease categories.

As presented in tab 3.9 the classification report reveals the model’s robust and reliable
performance across a heterogeneous set of eye diseases. The model achieved an overall
precision of 89.14%, overall sensitivity (recall) of 86.00%, and an F1-score of 88.48%,
highlighting its strong ability to correctly classify both common and rare ocular conditions.
Furthermore, the overall specificity reached 99.00%, reinforcing the model’s reliability in
correctly identifying non-diseased classes and minimizing false positives—an essential
factor in clinical applications where overdiagnosis must be avoided. The normalized
confusion matrix fig 3.9 illustrates a clear dominance of correct predictions along the
diagonal, suggesting that the model consistently identifies the correct class with minimal
confusion between categories. High-precision results were particularly observed in BRVO
and CRVO, with perfect scores (100%) in both sensitivity and specificity, despite the
small number of support images—demonstrating the model’s capability to generalize well,
even on limited samples. Meanwhile, classes such as No DR (N) and Diabetic Retinopathy
(D) also achieved notable results, with sensitivities of 92% and 88%, respectively, showing
that the model continues to excel in detecting diabetic-related conditions. For Myopia (M)
and Glaucoma (G), the model maintained high recall and specificity, further indicating
that it can capture diverse pathological patterns within fundus images. However, slight
performance variability was observed in the Other Conditions (O) class, which recorded
a sensitivity of 60%. This can be attributed to the heterogeneity of visual patterns
and underlying pathologies grouped within this "catch-all" category. Despite this, the
high specificity (97%) ensures that the model remains cautious in assigning such broad

diagnoses, a desirable trait in clinical screening.

The ROC curves presented in fig 3.10 further validate the classifier’s diagnostic strength.
Each curve lies well above the diagonal baseline, with all AUC values exceeding 93%. The
macro-averaged AUC of 98.56% confirms the system’s exceptional ability to distinguish
between multiple eye diseases across varying decision thresholds. These results affirm the
model’s strong discriminative power in real-world screening scenarios.

In summary, the proposed model—leveraging the SwinV2 architecture and enhanced

image preprocessing techniques (Ben’s preprocessing + CLAHE)—demonstrates outstand-
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ing diagnostic capabilities across a diverse spectrum of ocular diseases. Its performance
remains stable and reliable even in the face of class imbalance and inter-class visual
similarities. This robustness positions the system as a powerful and scalable diagnostic
support tool, capable of enhancing early detection and classification in a wide range of

ophthalmic applications.

Experimental conclusion

In this chapter, a comprehensive experimental study was presented to evaluate the
performance of a set of advanced deep learning models in classifying the stages of dia-
betic retinopathy using the APTOS 2019 dataset. The study consisted of three different
experimental phases: using raw data, applying data augmentation techniques, and finally
the proposed system, which relies on enhanced preprocessing using CLAHE and Ben’s

preprocessing methods.

The results demonstrated that the SwinV2 model achieved the best performance across
all evaluation metrics, especially in terms of Kappa score and classification accuracy,
outperforming the other models (MaxViT, ResNet152, DeiT3). Furthermore, the model
analysis was enriched through the Grad-CAM technique, which highlighted SwinV2’s
strong ability to focus precisely on relevant regions in the images, indicating its efficiency
in decision interpretation. Additionally, the proposed system’s results were compared
with previous studies in the literature and showed superior performance, despite relying
solely on the original dataset without incorporating external data. The final results were
also analyzed through the confusion matrix and the classification report, confirming the
model’s capability to accurately identify different disease stages, with notable strengths
in sensitivity and specificity across most classes.

Therefore, the proposed system can be considered a promising step toward the develop-
ment of accurate and reliable Al-based diagnostic tools in the medical field, particularly

for the early detection of diabetic retinopathy.

3.11 Owur proposed Web-Based Diagnostic Platform

3.11.1 Overview of the Deployment Strategy

To bridge the gap between research and practical implementation, we deployed our

best-performing deep learning models into a web-based diagnostic platform. The system
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is designed to facilitate automated detection and staging of retinal diseases using fundus
images. It consists of a two-stage classification workflow where the first model detects
the presence of any of six retinal conditions or confirms a normal retina, and a second

model performs diabetic retinopathy (DR) staging if DR is detected.

3.11.2 Model Selection for Deployment

The SwinV2 model was selected for deployment due to its superior performance in
both multi-disease and DR-specific tasks. On the APTOS 2019 dataset, it achieved an
accuracy of 85%, a Fl-score of 84.94%, and an AUC of 95.39% when using enhanced
preprocessing. For the ODIR 2019 dataset, SwinV2 also led all performance metrics
in general disease classification. These results demonstrated the model’s generalization

capability and made it an ideal candidate for real-time deployment.

3.11.3 System Workflow

The user will be greeted with Platform home page wich contain info and Serveries

@F Home About Services Team How It Works News Blog CONTACT
evescore —

Visionary Al solutions

Empowering diagnosis with precision

VIEW SERVICES

Figure 3.11: platform home page.

The services we providing varies from ai diagnostics, Schedule appointment to En-
hanced treatment planning .
The workflow of the diagnostic platform is structured as follows: The user uploads a

fundus image via the web interface.
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Eye Disease Detection

Select Detection Type

Diabetic Retinopathy Other Eye Diseases

Figure 3.12: Diagnose interface.

1. Stage 1: The image is classified by the general disease detection model into one
of seven categories: Normal, Diabetic Retinopathy, Glaucoma, AMD, Cataract,
Pathologic Myopia, or RVO.

Eye Disease Detection
Prediction Result

Classification Confidence

Normal %

-]

Diabetes 13.80%

I

Glaucoma 58.84%

[

Cataract 5.53%
>

AMD 1.36%

{

Myopia 0.72%

{

BRVO 0.31%

CRVO 0.26%

Other diseases 8.01%

»

Figure 3.13: Example of Glaucoma detection percentage.
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=

Glaucoma 58.84%

[

Cataract 5.53%
»

AMD 136%

(

Myopia 072%

(

BRVO 0.31%

i

CRVO 0.26%

i

Other diseases 8.01%

[

Original Image Grad-CAM Overlay Detected Regions

Figure 3.14: Exemple of detection Glaucoma visualization.

Eye Disease Detection

Prediction Result

Classification Confidence

Normal n.so%
-

Diabetes 10.74%
I

Glaucoma 156%
{

Cataract 0.48%
{

AMD 49.48%
T TE

Myopia 0.55%
[}

BRVO 0.49%
|

CRVO 0.33%
i

Other diseases 24.57%
—

Figure 3.15: Example of AMD detection percentages.
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e

Glaucoma 1.56%
(]

Cataract 0.48%
(

AMD 49.48%
C I

Myopia 0.55%
(

BRVO 0.48%
{

CRVO 0.33%
i

Other diseases 2457%

Original Image Grad-CAM Overlay Detected Regions

Back to Upload

Figure 3.16: Example of AMD detection visualization.

Eye Disease Detection

Prediction Result

Classification Confidence

Normal 129%

{

Diabetes n.80%

I

Glaucoma 1.66%

q

Cataract 19.49%
)

AMD 0.62%

[}

Myopia 63.21%

[E—————

BRVO 0.30%

'

CRVO 0.45%

i

Other diseases 1.08%

1

Figure 3.17: Example of Myopia detection percentage.
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g

Glaucoma 166%

q

Cataract 10.49%
e

AMD 0.62%

{

Myopia 63.21%

[

BRVO 0.30%

CRVO 0.45%

(

Other diseases 1.08%

{

Original Image Grad-CAM Overlay Detected Regions

Back to Upload

Figure 3.18: Example of Myopia detection visualization.

2. If the predicted class is DR, Stage 2 is triggered: the DR-staging model is called
to determine the specific grade (0 to 4).

t " Analyze Diabetic Retinopathy Severi J

Classification Confidence

Normal 6.40%

@ J

Diabetes 61.91%

(G ]

Glaucoma 1.86%

¢

Cataract 13.57%
>

AMD 1.03%

(

Myopia 8.65%

a»

BRVO %

(

CRVO 112%

(

Other diseases 4.36%

(]

Figure 3.19: Example of DR detection percentage.
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Eye Disease Detection
Prediction Result

Q Diabetes Detected in Eye

The analysis has detected signs of diabetes in the eye. For a more detailed assessment of diabetic retinopathy
progression and severity level, we recommend using our specialized diabetic retinopathy detection model.

Analyze Diabetic Retinopathy Severity

Classification Confidence

Normal 6.40%

Figure 3.20: DR detection.

Figure 3.21: Example of DR detection visualization.

3. The platform displays the result and provides Grad-CAM visual explanations to

indicate the model’s focus area as shown .

This cascaded design ensures computational efficiency while maintaining diagnostic

precision.

3.11.4 Implementation Details

The platform was built using a lightweight and scalable technology stack:

e Frontend: Developed using HTML and CSS within the Flask framework, providing

a simple and interactive user interface

o Backend: Implemented in Python using the PyTorch library. Image preprocessing

is performed using Ben’s method and CLAHE to enhance image quality in alignment

with the model’s training conditions.
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o Hosting:The platform runs locally and is accessed via an ngrok link, offering easy

testing and demonstration without requiring full cloud deployment.

Both models were exported using TorchScript and loaded into the platform backend to
ensure compatibility and performance. Image preprocessing (CLAHE and Ben’s method)

is applied at upload time to match the model training conditions.

3.11.4.1 Mods

Mode 1: Specializes in classifying only diabetic retinopathy (DR) severity levels, ranging
from grade 0 (no disease) to grade 4 (proliferative DR).
Mode 2: Capable of classifying six different eye diseases, including diabetic retinopathy.

3.11.5 User Interface Features

The diagnostic interface is intuitive and designed for ease of use by non-technical users.

It includes:
o A simple image upload panel.
e Real-time prediction with disease name and DR grade.
o Grad-CAM overlays for enhanced interpretability.

o Clear output text and probability /confidence levels.

3.11.6 Benefits and Limitations
This platform offers several practical advantages:
» Real-time, automated diagnosis based on state-of-the-art deep learning.
o Modular design that supports easy model updates and scalability.
« Potential for deployment in clinics, rural screening programs, or educational settings.
Current limitations:
o The system has not been clinically validated with real-world patient data.
o Model performance may degrade with poor-quality or out-of-distribution images.

o Integration with hospital databases .
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3.12 Conclusion

This chapter highlighted the successful development and deployment of an Al-powered
web-based diagnostic platform tailored for retinal disease detection. The system demon-
strated significant advantages, including real-time automated analysis, a modular design
for flexible updates, and potential applicability in diverse settings such as clinics, remote
screening programs, and educational environments. The two-stage model architecture
ensured diagnostic precision while optimizing computational efficiency.

Despite these strengths, certain limitations remain. The system has not yet undergone
clinical validation with real-world patient data, which is essential for regulatory approval
and clinical adoption. Additionally, the model’s performance may be affected by poor-
quality or out-of-distribution images, and integration with hospital databases is still
under development.

Overall, this work represents a promising contribution toward practical, Al-based
diagnostic solutions in ophthalmology, bridging the gap between research and clinical

utility while laying the groundwork for future improvements and clinical integration.
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Chapter 4

CONCLUSION

The thesis presented the design, development, and evaluation of a computer-based system
for automatic detection of retinal diseases using fundus imaging. By leveraging modern
deep learning techniques, we built a diagnostic framework capable of identifying multiple
retinal conditions, including diabetic retinopathy, glaucoma, AMD, cataract, and others.
The system was trained and tested on two widely recognized datasets—APTOS 2019
and ODIR 2019—using various preprocessing strategies to enhance image quality and

model performance.

Among the models explored, SwinV2 achieved the most consistent and accurate
results across both datasets. The model showed strong generalization for multi-disease
classification and high sensitivity in diabetic retinopathy grading, particularly when

supported by CLAHE and Ben’s preprocessing techniques.

To demonstrate the practical use of our work, we deployed the best-performing
models into a functional web-based platform. This platform provides an accessible inter-
face for users to upload fundus images and receive real-time diagnostic predictions, with
automatic staging when diabetic retinopathy is detected. The system was designed to be

intuitive, modular, and adaptable for future extensions.

Overall, this work provides a complete diagnostic pipeline—from dataset preparation
and model training to platform deployment—that can serve as a foundation for real-world
medical screening tools. While the results are encouraging, further testing in clinical
environments and integration with broader healthcare systems are recommended as next

steps.
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