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Abstract

Early and accurate identification of eye diseases is crucial for avoiding vision loss and
providing appropriate treatments. Several researchers focus on eye disease detection,
but limited spectrum. In this study, we have proposed 9 disease classification fusion-
based models for a large spectrum of eye disease recognition. Here, we have extracted
attention-based depth level features and utilized the ResNet50 architecture for eye
disease detection. Secondly, we have utilized ConvNeXtBase and EfficientNetB3
for the latent space features, then fused them to a fully connected neural network
for large-scale spectrum eye disease classification. To evaluate the performance of
our proposed models, we have utilized the Eye Disease Image Dataset (Mendeley
Data) and obtained superior accuracy. We have compared model performances with
existing models and self-supervised approaches.

The hybrid LsEyeNet model performed the solo and baseline models, achieving
87.37 percent accuracy, high precision (0.89), strong recall (0.87), and the highest
Fl-score (0.89). These results demonstrate the efficacy of mixing contemporary
convolutional architectures for accurate eye disease categorization. Furthermore,
our findings reveal that, while self-supervised learning using SimCLR falls short of
fully supervised techniques in a fully labeled context, it remains a promising strategy
when annotated data is insufficient. This comprehensive performance benchmark
highlights hybrid models’ potential for developing trustworthy Al-based diagnostic
tools in ophthalmology.

Keywords: Eye Disease Classification; Deep Learning; Convolutional Neural Net-
works; Transfer Learning; Self-Supervised Learning; SimCLR; ConvNeXt; Efficient-
Net; Hybrid Models; Medical Imaging; Ophthalmology; Fundus Images.
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Nomenclature

The following list describes several symbols & abbreviations used throughout the
document.

@ Learning rate

7 Predicted label

b Bias vector

W Weight matrix of a layer
L Loss function

o(-) Activation function (e.g., ReLU, Sigmoid)
0 Learnable parameters of the model

B Batch size

E Number of training epochs

f(-)  Model function mapping input to output
X Input image matrix

Y Ground truth label

Al Artificial Intelligence

CNN Convolutional Neural Network

CSC  Central Serous Chorioretinopathy

Disc Edema Images with swollen optic disc

DR  Diabetic Retinopathy

ED  Eye Diseases

Glaucoma Images indicating optic nerve damage
Healthy Normal eye images

IoU Intersection over Union

Macular Scar Images with macular damage
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Myopia Images showing nearsightedness

OCT Optical Coherence Tomography

Pterygium Images with conjunctival tissue overgrowth

RA  Retinal Abnormalities

RD  Images indicating Retinal Detachment

RD  Retinal Detachment

RP  Images showing Retinitis Pigmentosa

RP  Retinitis Pigmentosa

SimCLR Simple Framework for Contrastive Learning of Visual Representations

SSL Self-Supervised Learning
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Chapter 1

Introduction

The World Health Organisation (WHO) says that eye diseases and problems with
vision are important worldwide public health issues that affect at least 2.2 billion
people around the world. These cases may have been avoided, or they are still
not being dealt with in more than 1 billion cases. Uncorrected refractive errors,
cataracts, glaucoma, age-related macular degeneration, and diabetic retinopathy are
some of the most common causes. Many people with these diseases can’t work, have
a lower quality of life, and have to pay more, especially in low- and middle-income
countries, where 90 Percent of vision impairment cases happen. The World Health
Organisation (WHO) argues that making eye care a part of primary health care
systems, raising awareness, and making sure that everyone can get cheap treatments
are all important steps towards getting everyone to have healthy eyes.

Deep learning techniques have made a big difference in the field of medical im-
age analysis in the last few years. This advancement has notably influenced the
categorisation of ocular illnesses from retinal or fundus pictures. Automated clas-
sification systems could help ophthalmologists find and diagnose problems earlier,
which would cut down on their labour, make it more accurate, and make healthcare
more accessible, especially in remote or impoverished areas. Glaucoma, diabetic
retinopathy, myopia, and retinal detachment are just a few of the eye illnesses that
can cause permanent blindness if they aren’t found early. In the past, experienced
specialists would have to look at the samples by hand, which may take a long time,
be prone to mistakes, and not work for large screening programs. So, the necessity
for an intelligent, automated system that can sort through a lot of different eye
problems has become more important.

Deep learning, especially Convolutional Neural Networks (CNNs), has changed the
way images are classified since they can automatically learn spatial hierarchies of
data. Researchers have reached the highest level of performance in many image
recognition benchmarks with architectures including ResNet, DenseNet, Efficient-
Net, and the new Vision Transformers. Nonetheless, supervised learning methodolo-
gies are significantly reliant on extensive annotated datasets, which are sometimes
expensive and labour-intensive to develop within the medical field.

To mitigate this constraint, self-supervised learning (SSL) methodologies, exempli-
fied as SimCLR, have arisen as formidable alternatives that utilise unlabelled data
to acquire beneficial representations. The goal of this project is to create and com-
pare several supervised models and add a self-supervised learning strategy to see
how well they work for classifying numerous types of eye diseases.



1.1 Motivation

Eye diseases, including Diabetic Retinopathy, Glaucoma, Macular Scar, Retinal
Detachment, and others, are major causes of preventable blindness worldwide. Early
detection and timely intervention can drastically reduce vision loss and improve
patient outcomes. However, accurate diagnosis often requires specialized equipment
and expert ophthalmologists, which are scarce in many regions—particularly in low-
and middle-income countries.

With the rapid advancement of deep learning, automated disease detection from
retinal fundus images has emerged as a promising solution. Deep convolutional neu-
ral networks (CNNs) have demonstrated remarkable success in image classification
tasks, including medical imaging. Transfer learning with pretrained networks further
improves accuracy and reduces training time when annotated data is limited.
More recently, self-supervised learning (SSL) methods such as SimCLR have opened
new avenues for medical imaging by leveraging unlabeled data, critical in domains
where manual annotation is costly, time-consuming, or requires expert knowledge.
This thesis aims to investigate a range of deep learning models—from standard
CNNs to modern architectures like ConvNeXt and EfficientNet—and integrate self-
supervised learning and hybrid feature fusion strategies to build a robust eye disease
classification system.

1.2 Problem Statement

Retinitis Pigmentosa, Diabetic Retinopathy, Glaucoma, and other eye diseases are
primary causes of visual impairment and blindness on a global scale. The expe-
ditious intervention and treatment of these diseases are contingent upon the early
detection and accurate classification of these diseases, which can significantly en-
hance patient outcomes and alleviate the burden of blindness. Nevertheless, the
manual diagnosis of retinal fundus images by ophthalmologists is time-consuming,
necessitates a high level of expertise, and is susceptible to inter-observer variability.
This renders large-scale screening impractical, particularly in regions with limited
resources. Recent developments in deep learning have demonstrated the potential
to automate the classification of retinal diseases from fundus images. Despite ad-
vancements, current models frequently encounter challenges such as class imbalance,
limited labelled data, and variations in image quality as a result of varying patient
conditions or acquisition devices. In addition, the majority of studies concentrate on
individual models without conducting a systematic evaluation of the comparative
performance of multiple state-of-the-art architectures or investigating the advan-
tages of self-supervised learning to effectively utilise unlabelled data. Consequently,
it is imperative to create and assess classification models based on deep learning,
including self-supervised methods, to accurately and efficiently classify a variety of
eye diseases from retinal fundus images. By constructing, comparing, and evaluat-
ing a variety of convolutional neural network (CNN) architectures—both standard
and custom—as well as integrating self-supervised learning methods to improve per-
formance in scenarios with limited labelled data, this thesis seeks to address these

gaps.



1.3 Research Objectives

This research examined the problem of classifying eye diseases from multiple an-
gles and with various objectives. To establish reliable performance benchmarks on a
multi-class eye disease dataset, we conducted a thorough evaluation of various convo-
lutional neural network (CNN) architectures, including a baseline CNN, ResNet50,
DenseNet121, EfficientNetB3, ConvNeXtBase, and a customized ResNet50. This
comparison showed that modern designs like EfficientNetB3 and ConvNeXtBase are
better at capturing complex retinal features. We looked at how well the SimCLR
self-supervised learning framework worked to see if it could help with performance
when there wasn’t much labeled data. Pretraining models on unlabeled eye pic-
tures with SimCLR made the downstream classification far more accurate than
fully supervised training. Based on what we learned, we came up with a new hybrid
architecture called LsEyeNet that combines ConvNeXtBase and EfficientNetB3 to
take advantage of their strengths. LsEyeNet has the best accuracy and generaliza-
tion performance of all the models. Lastly, we used FLOPs to check how easy each
model was to understand, how well it worked across different types of diseases, and
how useful it would be in real-world clinical settings. This gave us a full picture of
their strengths, weaknesses, and possible biases for use in ophthalmology.

e Evaluate and compare the performance of multiple convolutional neural net-
work (CNN) architectures—including a baseline CNN, ResNet50, DenseNet121,
EfficientNetB3, ConvNeXtBase, and a custom ResNet50—on a multi-class eye
disease classification task to establish robust performance benchmarks.

e Investigate the effectiveness of the SimCLR framework in improving down-
stream classification accuracy over fully supervised models, and utilize self-
supervised learning for efficient pretraining on unlabeled eye images.

e Design and implement a novel LsEyeNet model that combines ConvNeXtBase
and EfficientNetB3 to leverage complementary feature representations and en-
hance classification performance.

e Evaluate the proposed models in terms of generalization, interpretability, and
suitability for clinical use by analyzing their strengths, limitations, and poten-
tial biases across diverse eye disease categories.

1.4 Contribution

In this research, three advanced deep learning strategies were proposed to enhance
the accuracy and reliability of automated eye disease classification: an Attention-
based ResNet50, a LsEyeNet model, and a SimCLR-based self-supervised approach.
The Custom-based ResNet was architecturally modified to include domain-specific
convolutional blocks and attention mechanisms to better capture retinal features,
improving its ability to distinguish between visually similar diseases. The LsEyeNet
model effectively combined convolutional feature extraction with transformer-based
attention to capture both local textures and global structural patterns within fundus
images. SimCLR, a contrastive self-supervised learning technique, was employed to
learn rich and generalizable representations from unlabeled retinal images, boosting



classification performance, particularly in low-data regimes. Together, these models
contributed to improving classification robustness, interpretability, and performance
across both majority and minority disease classes.

e This research proposed an Attention-Based ResNet model tailored for retinal
image classification. By modifying convolutional layers and integrating atten-
tion mechanisms, the model effectively captured disease-specific features and
outperformed the standard ResNet50, especially in detecting complex cases
like Glaucoma and Diabetic Retinopathy.

e This work presents a LsEyeNet architecture that integrates two powerful CNN
backbones—ConvNeXtBase and EfficientNetB3—to leverage their complemen-
tary feature extraction capabilities. By fusing their global average pooled out-
puts, the model captures both high-level semantic features and fine-grained
texture details. The dual-path design enhances feature diversity and robust-
ness, leading to improved classification accuracy compared to using a single
backbone. This architecture is especially effective for tasks where rich multi-
scale representations are critical, and it maintains a balance between perfor-
mance and computational efficiency through backbone freezing and optimized
dense layers.

e The study also applied SimCLR, a self-supervised learning technique, to learn
representations from unlabeled data. This approach enhanced feature quality,
improved generalization in low-data settings, and showed strong performance
in identifying rare diseases without heavy reliance on annotated datasets.

1.5 Organization of the Report

The rest of this thesis is organized in this way: In Chapter 2, linked work is looked
at. This includes past research on using deep learning to find eye diseases, transfer
learning, and self-supervised learning methods in medical imaging. Chapter 3 gives
an overview of the dataset’s sources, features, and preprocessing methods. It also
talks about the deep learning models that were used, how they were trained, and
the measures that were used to judge their performance. In Chapter 4, the results of
the execution are analyzed and talked about. Finally, Chapter 5 wraps up the thesis
by going over the main points of the study and suggesting areas for more research.



Chapter 2
Related Work

The early identification and precise categorization of ocular disorders from retinal
fundus images have been a prominent study domain, motivated by the capacity to
diminish preventable blindness. Conventional computer vision methodologies de-
pended on manually designed features and traditional classifiers. Acharya et al.
[2] utilized discrete wavelet transform characteristics in conjunction with support
vector machines (SVMs) to detect diabetic retinopathy lesions. Nevertheless, these
strategies frequently exhibited restricted generalizability owing to their reliance on
features defined by experts. The emergence of deep learning, especially convolu-
tional neural networks (CNNs), transformed medical image processing. Gulshan et
al.[9] exhibited that a CNN;, trained on an extensive dataset of retinal fundus im-
ages, attained performance akin to that of ophthalmologists in identifying diabetic
retinopathy. Pratt et al. [10] optimized deep CNN architectures such as VGG16 on
fundus pictures, demonstrating the viability of transfer learning in ophthalmology.

ResNet-based models demonstrate potential owing to their capacity to train deeper
networks without encountering vanishing gradients. Li et al. [1] utilized ResNet50
for the multi-class classification of retinal disorders inside the ODIR dataset, with
commendable results. DenseNet, characterized by feature reuse through dense con-
nectivity, has been utilized; Ramachandra et al.[25] indicated that DenseNet121 had
strong performance in glaucoma detection tests. EfficientNet, a contemporary ar-
chitecture that consistently scales depth, width, and resolution, has established new
performance standards on ImageNet and shown effectiveness in medical imaging ap-
plications. Tan and Le presented EfficientNetB0-B7, whereas subsequent research
by Chen et al.[30] utilized EfficientNetB3 for diabetic retinopathy grading, achiev-
ing enhanced accuracy and computing efficiency. Transformer-based models and
self-attention processes have arisen as alternatives to conventional CNNs. Dosovit-
skiy et al. introduced the Vision Transformer (ViT), which segments images into
patches and processes them as a sequential input. Initially designed for natural im-
ages, researchers such as Li et al. [31] modified ViT for fundus image classification,
attaining performance on par with CNN baselines.

Contrastive learning frameworks, such as SImCLR (Chen et al.[20], have gained
prominence in self-supervised learning (SSL). SimCLR acquires significant visual
representations by optimizing the concordance between various enhanced perspec-
tives of the identical image, independent of labeling [20]. Saba et al. demonstrated



that SimCLR-pretrained encoders enhanced performance in downstream illness clas-
sification tasks applied to retinal pictures, particularly in scenarios with limited la-
beled data [32]. Numerous extensive public datasets have facilitated advancements
in the study. The EyePACS and Messidor datasets from Kaggle are extensively
utilized for grading diabetic retinopathy, whereas the ODIR dataset offers a multi-
label classification baseline for prevalent retinal illnesses [6] [16]. Rajalakshmi et al.
presented the ARIA dataset, which comprises labeled images of diabetic retinopathy
and normal eyes, facilitating algorithm development [13].

Recent comparative analyses have assessed CNNs in relation to transformer mod-
els. Touvron et al. [29] presented DeiT (Data-efficient Image Transformer) and
shown that, with effective distillation, transformers can achieve comparable perfor-
mance to CNNs with a reduced number of labeled pictures . In tasks involving
high-resolution images and nuanced clinical characteristics, CNNs or hybrid CNN-
transformer models frequently surpass pure transformers [26]. Moreover, combining
attention modules into CNNs enhances interpretability and performance. Woo et
al.introduced the Convolutional Block Attention Module (CBAM), which has been
utilized in fundus image categorization to improve attention on lesion regions [14]. In
the past, medical imaging relied on physicians to look at the images by hand, which
took a lot of time, was subjective, and may vary from person to person. In the early
2000s, computer-aided diagnostic (CAD) systems came out to help doctors. They
used feature engineering methods like texture, color histograms, and morphological
descriptors. These methods, on the other hand, needed expertise particular to the
field and had trouble applying to other populations and imaging systems [2],[24].

Deep learning, especially convolutional neural networks (CNNs), changed this by
letting computers learn from raw images all the way through. CNNs develop hierar-
chical feature representations: early layers record edges and textures, while deeper
levels abstract meaningful information like lesions or anatomical structures [7]. Ar-
chitectures like AlexNet [4], VGGNet [5], and Inception [[8] made CNNs the best
choice for natural picture tasks. Their success quickly spread to medical fields, in-
cluding ophthalmology. Transfer learning lets CNNs that have already been trained
on big datasets like ImageNet [3] adapt to smaller medical datasets by making mi-
nor changes. This method cuts down on the requirement for huge, expensive, and
hard-to-make medical datasets with plenty of annotations [11]. Contrastive learning
and other self-supervised learning (SSL) methods use unlabeled data to learn strong
representations. Chen et al. came up with SimCLR, a framework that maximizes
the similarity between several views of the same image. It has worked well on medi-
cal images, such as fundus scans [19], [20]. Attention mechanisms were first designed
for natural language processing (NLP) and let models focus on the parts of an in-
put that include the most useful information. Squeeze-and-Excitation networks [12]
and CBAM combine channel and spatial attention to make tasks like finding retinal
diseases [21] easier to understand and more accurate. Transformers, which became
popular because of the Vision Transformer[31], simulate global context using self-
attention instead of convolution. Researchers have looked into using hybrid models
that combine CNN backbones with transformer blocks for medical imaging. These
models use both local texture information and global dependencies [23]. Azizi et
al. [22]showed that pretraining with contrastive approaches on unlabeled medical
images increased performance in retinal disease classification for SSL in ophthalmol-



ogy, even when there weren’t many labeled examples available. Tajbakhsh et al.
[15] did a thorough analysis of SSL uses in medical imaging, focusing on how useful
it could be in contexts with limited resources. Another area of active research is
domain adaptability. Raghu et al. looked at how well CNNs trained on ImageNet
work with retinal images. They found that some features work better with retinal
images than with natural images [17]. Bissoto et al. looked into ways to generalize
fundus images from diverse devices across domains [18].

In conclusion, research has progressed from manual techniques to deep convolu-
tional neural networks, transfer learning, and more recently, self-supervised and
transformer-based methodologies. Nonetheless, obstacles persist in domain adapt-
ability, interpretability, and efficacy concerning rare diseases with scarce training
samples, necessitating further investigation in these domains.

Table 2.1: Summary of Approaches for Eye Diseases Detection

Aspect

Detalils

Traditional Meth-
ods

Hand-crafted features with traditional classifiers (e.g., SVMs);
e.g., Discrete Wavelet Transform used by Acharya et al.; limited
generalizability due to expert-defined features.

Deep
Era

Learning

CNNs (e.g., AlexNet, VGGNet, Inception) learn hierarchical rep-
resentations; revolutionized medical image diagnosis.

Transfer Learning

CNNs pre-trained on ImageNet adapted to medical datasets; re-
duces the need for large annotated datasets.

Key CNN Models
Used

VGG16 [10] for fundus image classification; ResNet50 (Li et al.)
for multi-class classification on ODIR dataset; DenseNet121 (Ra-
machandra et al.) for glaucoma detection.

Efficient Architec-
tures

EfficientNetB0-B7 [15]; EfficientNetB3 (Chen et al.) for diabetic
retinopathy grading with high accuracy and efficiency.

Transformer Vision Transformer (ViT) by Dosovitskiy et al., adapted by Li et

Models al. for fundus images; DeiT (Touvron et al.) is a data-efficient
variant.

Hybrid CNN- | Combines CNN’s local feature extraction with Transformer’s

Transformer global context modeling; effective for high-resolution clinical im-

ages.

Self-Supervised
Learning

SimCLR [23] learns representations from unlabeled data; improves
performance with limited labels (Saba et al., Azizi et al.).

Attention Mecha-
nisms

CBAM (Woo et al.) enhances focus on lesion regions; Squeeze-
and-Excitation networks improve interpretability and accuracy.

Major Datasets

EyePACS, Messidor (diabetic retinopathy grading); ODIR, (multi-
label retinal diseases); ARIA (DR vs. normal fundus images).

Challenges Domain adaptability (device/population variance), interpretabil-
ity of deep models, and scarcity of data for rare diseases.
Key Trends Shift from manual features to end-to-end DL; rise of transformer

and hybrid models; increasing use of SSL to reduce annotation
dependence.




Chapter 3

Methodology

3.1 Dataset Description

This dataset contains a large collection of ophthalmic photos designed to aid re-
search into automated eye disease identification using machine learning and com-
puter vision. The information was gathered over eight months from two well-known
medical institutions: Anawara Hamida Eye Hospital and B.N.S.B. Zahurul Haque
Eye Hospital.[36] All photographs were captured utilising a Colour Fundus Photog-
raphy machine in a healthcare setting. The collection contains 5,335 high-resolution
photos divided into ten clinically important classifications that cover both retinal
and anterior segment illnesses. It consists of two types of photos: colour fundus
photographs and anterior segment images. The colour fundus images depict a wide
range of retinal illnesses, whereas the anterior segment images focus on a specific
anterior problem. The dataset used in this thesis comprises retinal fundus images
categorized into 10 distinct eye disease classes. They are Healthy, Retinitis Pig-
mentosa, Retinal Detachment, Pterygium, Myopia, Macular Scar, Glaucoma, Disc
Edema, Diabetic Retinopathy, Central Serous Chorioretinopathy:.

3.2 Data Preprocessing

To prepare the images for training, a rigorous preprocessing pipeline was imple-
mented. The preprocessing involved the following steps:

Image Resizing: All images were resized to 224 x224 pixels to ensure compatibility
with standard CNN architectures like ResNet50 and EfficientNetB3.
Normalization: Pixel values were normalized using the mean and standard deviation
of the ImageNet dataset to align with the pretraining of the models used.

Data Augmentation: Augmentation techniques were employed to artificially expand
the dataset and improve model generalization: Random horizontal and vertical flips;
Rotation (20 degrees); Random cropping and zoom and Color jitter (brightness,
contrast, saturation). Augmentations were applied on the fly during training using
PyTorch’s torchvision transforms pipeline.



a. Healthy b. R.Pigmentosa c. Pterygium

d. Myopia e. Macular Scar f. Glaucoma

g. R.Detachment h. Disc Edema i. D.Retinopathy

Figure 3.1: Sample Images from Nine Classes in Our Eye Disease Dataset



3.3 Dataset Splitting

The dataset was split into training, validation, and test subsets in the following
ratio: training set 70 percent; validation set 15 percent and test set 15 percent.
Stratified splitting was used to maintain consistency in class distribution across the
splits. The training set was used to train the model weights, while the validation
set was used for hyperparameter tuning and early stopping. The test set remained
untouched during training and was used solely for final performance evaluation.

Table 3.1: Data Distribution for Eye Disease Classes

Condition Train Images | Val Images | Test Images
Central Serous Chorioretinopathy | 424 90 92
Diabetic Retinopathy 2410 516 518
Disc Edema 533 114 115
Glaucoma 2015 432 433
Healthy 1873 401 402
Macular Scar 1355 290 292
Myopia 1575 337 339
Pterygium 71 15 16
Retinal Detachment 525 112 113
Retinitis Pigmentosa 583 125 126

3.4 Dataset Challenges

There were a number of problems in handling the dataset. It was clear that there
was an imbalance in the classes because there were less samples for rare disorders like
Macular Scar and Pterygium. To fix this, we used approaches like data augmentation
and class-weighted loss. It was harder to classify disorders like Myopia and Central
Serous Chorioretinopathy since they looked identical. Also, problems with image
quality, like bad lighting, blur, and occlusion, made the model even less accurate.

3.5 Model Architectures

The illustrated workflow depicts a complete pipeline for automated eye disease cate-
gorization utilizing retinal pictures. It starts with an eye dataset, which goes through
preparatory stages including image scaling and data separation. Random flips, ro-
tation, cropping, zooming, and color jitter are examples of augmentation techniques
used to improve model performance and generalization. The enriched data is then
fed into two simultaneous feature extraction paths: one using pre-trained convo-
lutional neural networks (CNNs) such as ResNet50, DenseNet121, EfficientNetB3,
and ConvNeXtBase, and the other using a self-supervised learning model called Sim-
CLR. These extracted characteristics are then combined into a LsEyeNet model that
incorporates an attention-based ResNet50 and an ensemble of ConvNeXtBase and
EfficientNetB3. Finally, the model uses multi-class classification to identify several
eye disorders such as CSC, DR, DE, Glaucoma, Macular Scar, Myopia, Pterygium,
RD, and RP, allowing for precise and rapid diagnosis.
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Figure 3.2: Complete Block Diagram for Eye Disease Classification

3.5.1 Convolutional Neural Network (CNN)

A Convolutional Neural Network (CNN) is a type of deep learning architecture
primarily used for image classification and recognition tasks. CNNs consist of several
convolutional layers, pooling layers, and fully connected layers. These layers help
in extracting features from images and classifying them. Convolution operation
applied using kernels to extract features. Reduces the spatial dimensions of the
image. Introduces non-linearity with the activation function:

f(x) = max(0, z) (3.1)

A final classification layer combining features from the convolutional layers.

(Fr)@) = F)gle—i)...1 (3.2)

1=—00

Where f is the input image and g is the filter (kernel).

Yij = Max (T2; 25, T2i41,2j> T2i2j+1 L2i+1,2j+1) (3.3)
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Where z is the input image and y is the pooled output.

f(z) = max(0, x) (3.4)

y=W-z+0b (3.5)
Where W is the weight matrix, x is the input, and b is the bias.

3.5.2 ResNet50

ResNet50 is a deep neural network architecture that uses residual learning to al-
low the network to be much deeper without the vanishing gradient problem. It
introduces residual blocks where the input is added to the output of the block via
shortcut connections. The output of the residual block is computed as:

y = F(x,{W;}) +x (3.6)

Where F(x,{W;}) is the convolution operation and x is the input to the block.
After passing through the residual blocks, a global average pooling layer is applied,
followed by a fully connected layer.

Figure 3.3: ResNet50 Architecture

3.5.3 DenseNetl21

DenseNet121 is a deep convolutional network where each layer is connected to every
other layer in a feed-forward manner. This dense connectivity improves gradient
flow and reduces redundancy. Each layer receives inputs from all previous layers.
The output of the k-th layer in a dense block is:

Y = H(Xk, {Wz}) for k= 1,2, ...,N (37)
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Where H represents the convolution operation, and the output is concatenated with
the input for the next layer:

Xk = [X07y17y27“'7yk] (38)

Where xq is the initial input to the block.

3.5.4 EfficientNetB3

EfficientNet utilizes compound scaling to scale the depth, width, and resolution of
the network in a balanced way, leading to high accuracy with fewer computational
resources. EfficientNet scales the depth «, width 5, and resolution ¢ using the
following formulas:

dnew - adbasea Wpew = Bwbasea T'new = d)rbase (39)

Where: - d is the depth (number of layers), - w is the width (number of channels),
- 7 is the resolution (input image size).
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Figure 3.4: EfficientNetB3

3.5.5 ConvNeXtBase

ConvNeXtBase is a modernized version of ResNet with elements inspired by Vi-
sion Transformers. It incorporates large kernels, layer normalization, and GELU
activations for improved performance. Layer Normalization is applied after every
convolutional block to stabilize the training process. The GELU activation function

is given by:
2
GELU(z) = 0.5z <1 + tanh (\/i(:v + 0.044715x3)>> (3.10)
7r

3.5.6 Attention Based ResNet50

This is a modified version of ResNet50 that includes additional dropout layers
for regularization and optional attention mechanisms to improve feature selection.
Dropout Layer randomly drops neurons during training to prevent overfitting:

y=W:-x+b (3.11)
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With probability p of being dropped. The attention mechanism is modeled as:
y = softmax(W - x) (3.12)

Where the attention weights are learned during training.

Figure 3.5: Attention Base ResNet50 Architecture

3.5.7 SimCLR (SSL)

Using contrastive learning as its foundation, SimCLR is a framework for self-supervised
learning. It maximises the similarity between enhanced image pairs to acquire mean-
ingful representations. A ResNet50-based encoder that maps augmented images to
feature vectors. Projection Head Maps feature vectors into a latent space for con-
trastive learning. Contrastive Loss (NT-Xent Loss) :

]\?XP(Sim(_Zi, z;)/7) ) (3.13)
> oy exp(sim(z;, zg)/T)

Where z; and z; are feature representations of augmented images, and sim(z;, z;) is
the cosine similarity between them.

LNT-Xent = — log (
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3.5.8 Proposed LsEyeNet Model

The LsEyeNet Model utilizes two robust deep learning architectures, ConvNeXtBase
and EfficientNetB3, to enhance image classification performance. This combination
leverages the best aspects of both models, incorporating additional features and
representations to create a classifier that is more accurate and effective.

Figure 3.6: LsEyeNet Model Architecture

ConvNeXtBase Backbone:

ConvNeXtBase is a state-of-the-art model that draws inspiration from both classi-
cal convolutional neural networks (CNNs) and modern Vision Transformers (ViTs).
The key features of ConvNeXtBase include: Large Kernels: Uses larger kernels
in convolution layers, allowing the model to capture more contextual information.

15



Layer Normalization: Applied to stabilize and speed up training by reducing internal
covariate shifts. GELU Activation: The GELU (Gaussian Error Linear Units) acti-
vation function is more efficient and improves performance in deeper networks. The
input image is processed through the convolutional layers of ConvNeXtBase, which
extract both low-level and high-level information. These properties encompass a
broad spectrum of patterns, from basic edges to more complex representations, in-
cluding shapes and objects.

EfficientNet B3 Backbone:

EfficientNetB3 is an improved variant of EfficientNet, which is renowned for its
outstanding performance and computational effectiveness. EfficientNetB3 employs
compound scaling, which reduces computational costs while maintaining high ac-
curacy by scaling depth, breadth, and resolution. Key features of EfficientNetB3
include: Compound Scaling: Scales all dimensions of the model (depth, width, and
resolution) simultaneously to maintain a balance between accuracy and computa-
tional efficiency. Depthwise Convolutions: Reduces the computational load while
capturing global features. Swish Activation: The Swish activation function provides
smoother gradients and better performance in deeper networks. The input image
is processed using EfficientNetB3, which extracts aspects that capture global data
while being computationally efficient.

Feature Concatenation

Once both ConvNeXtBase and EfficientNetB3 have worked on the input image, the
features they found are combined into one feature vector. This concatenation takes
the best parts of both architectures and combines them to capture a wide range of
properties.The process of concatenation can be expressed mathematically as:

Ffusion - [FConvNeXt; FEiﬁcientNet] (314)

Where: Fconvnext 18 the feature vector extracted by ConvNeXtBase. FgmcientNet 19
the feature vector extracted by EfficientNetB3. Fpugion is the fused feature vector
containing the combined information from both backbones. The feature fusion step
enables the model to leverage the strengths of both ConvNeXtBase and Efficient-
NetB3.

Final Classifier

The final prediction is made by passing the fused feature vector through a final
fully connected layer the classifier after the characteristics are combined. The final
output is calculated by the classifier using the concatenated features:

y = softmax(W - Fpysion + b) (3.15)

Where: W is the weight matrix of the classifier. Fyuion is the concatenated feature
vector; b is the bias term; softmax is the activation function used to produce a
probability distribution over the class labels. The softmax activation function is

defined as:
exp(yi)

> j exp(y;)
Where y; is the i-th element of the output vector, corresponding to the predicted
probability for class i.

softmax(y); = (3.16)

16



Advantages of the LsEyeNet Model

The LsEyeNet Model benefits from the combination of ConvNeXtBase and Efficient-
NetB3. Some of the key advantages include: Improved Performance by combining
the outputs of both networks, the hybrid model captures a more diverse set of fea-
tures, resulting in better performance, especially on complex image classification
tasks. The model is more robust because the two backbones focus on different as-
pects of the image (local vs global features), which allows for better generalization.
Efficiency helps EfficientNetB3 to maintain computational efficiency, ensuring that
the model can process large images and datasets without excessive computational
cost. Flexibility helps the hybrid model be adaptable to a wide variety of image
classification tasks, making it suitable for real-world applications with varying data
types and complexities. The workflow of the LsEyeNe Model can be visualized as
follows: The input image is processed by both ConvNeXtBase and EfficientNetB3 to
extract features. The features from both models are concatenated into a single fea-
ture vector. The concatenated features are passed through a fully connected layer
to make the final prediction. ConvNeXtBase and EfficientNetB3 are nicely com-
bined in the Hybrid Model, which takes advantage of the two architectures. Besides
achieving higher precision and recall, such synergy enables the model to accept a
wider variety of image inputs. For present image classification applications, which
require a combo of power performance and efficiency, we believe that you cannot do
much better.

3.5.9 LsEyeNet Model: Fusion Strategy

Both the ConvNeXt model and the LsEyeNet model that mixes it with Efficient-
NetB3 are very different from each other. These differences can be seen in how they
are built, how well they learn, and how much computer power they need.

The ConvNeXt model is a contemporary convolutional neural network that is based
on ResNet and has been designed with a more straightforward and clear architec-
ture. Its primary advantage is its computational efficiency and lightweight design,
which facilitates quicker training and reduces the likelihood of overfitting. Con-
vNeXt concentrates on the optimization of fundamental convolutional operations to
extract useful features while maintaining a simpler model architecture, utilizing only
one encoder or backbone. This renders it appropriate for tasks in which the dataset
size is modest or where computational resources are restricted. Nevertheless, Con-
vNeXt may encounter difficulty in capturing highly detailed or multi-scale patterns
in complex images due to its reliance on a single feature extractor. This can restrict
its performance in tasks that necessitate a wide range of feature comprehension.

In contrast, the LsEyeNet model, which integrates two encoders, provides a more
potent alternative by combining ConvNeXt with EfficientNetB3. The LsEyeNet
model can learn from both architectures as a result of this dual-encoder configura-
tion, which allows for a more comprehensive feature extraction and a more accurate
representation of both low-level textures and high-level semantic features. This ren-
ders the LsEyeNet model particularly effective for intricate tasks such as medical
image classification, which require the consideration of various visual signals.

On the other hand, this improved performance is accompanied by a heightened risk
of overfitting and a higher computational demand as a result of the increased number
of parameters.
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Table 3.2: Comparison of Actual and Predicted Labels (Samples 1-5)

Image Actual Class Predicted Class

Diabetic Retinopathy | Diabetic Retinopathy

Glaucoma Retinal Detachment
Myopia Myopia
Disc Edema Retinal Detachment
Macular Scar Glaucoma

The LsEyeNet model frequently obtains greater accuracy and generalization when
data and resources are abundant, despite the fact that it necessitates additional
memory, a longer training period, and the meticulous application of regularization
techniques.
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Chapter 4

Implementation and Results
Analysis

This chapter includes a comprehensive examination of the results and provides a
detailed description of the implementation employed to train and evaluate the pro-
posed models.To ensure a fair comparison, all models—both supervised and self-
supervised—were evaluated in identical settings. Classification performance was
assessed using quantitative indicators, whereas class-wise predictions and confusion
matrices provide qualitative insights.

4.1 Experimental Environment

In order to make sure impartiality in comparison, each model was trained and as-
sessed within a consistent computing environment. The experiments were conducted
on a local machine that was endowed with CUDA-enabled GPUs, specifically Colab
or Kaggle T4 GPUs (2 units). Additionally, Google Colab was utilized. PyTorch
version 2.0.1 was implemented as the deep learning framework, with Torchvision,
Scikit-learn, NumPy, and Matplotlib serving as supporting libraries. Python version
3.10 was employed to execute all code.

4.2 Training Configuration

The training procedure was governed by several key hyperparameters and strategies.
We used the Cross-Entropy Loss function, defined as:

c
Lop=—Y yilog(f) (4.1)
i=1
where C' is the number of classes, y; is the true label, and ; is the predicted proba-
bility for class .
Optimization was carried out using the Adam optimizer, which updates model pa-
rameters using adaptive learning rates for each parameter:
m
Opp1 =0, — - —= ! (4-2)
Uy + €
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where 7 = 107% is the learning rate, and 1, and 9, are bias-corrected estimates of
the first and second moments.
The learning rate was scheduled dynamically using either cosine annealing:

1

Tcur
Tt = Mmin + §(nmax - nmin) 1+ cos Tmaxﬂ— (43)

or a step decay schedule, depending on the setup.

Figure 4.1: Epoch Run Times

We used a batch size of 32, and training was run for up to 50 epochs, with early
stopping applied based on the validation loss to prevent overfitting.

All training was conducted using GPU acceleration on platforms such as Google Co-
lab and Kaggle, which significantly improved computational efficiency and reduced
training time.

4.3 Performance Metrics

We used a number of important measures to fully assess how well the model worked.
We examined how accurate our overall predictions were by finding the ratio of cor-
rectly predicted samples to the total number of samples. This is called accuracy and
is given by:

TP+ TN
TP+TN+ FP+ FN

To figure out how well each class performed, we used precision and recall. Precision
is the number of true positives divided by the number of predicted positives, and
recall is the number of true positives divided by the number of all actual positives:

(4.4)

Accuracy =

20



TP

Precision = m (45)
TP
l=—"—— 4.
Reca TPLFN (4.6)

The F1-score is the harmonic mean of precision and recall. It is calculated as:

2 x Precision x Recall
Fl= 4.7
Precision + Recall (4.7)

This gives a single number that balances precision and recall. A confusion matrix
was made to show how true and predicted labels were distributed, helping identify
common misclassifications.

In addition, the ROC-AUC metric was calculated in a one-vs-rest manner to eval-
uate how well the model could distinguish between classes. Finally, we analyzed
the training and validation curves, which plotted loss and accuracy over epochs to
observe the model’s convergence and identify any symptoms of overfitting.

4.4 Result Analysis

This overview aims to assess and contrast the efficacy of many deep learning mod-
els in forecasting ten different ocular disorders from medical imagery. A variety of
architectures—spanning traditional CNNs to sophisticated self-supervised and hy-
brid models—were utilized to ascertain which provides the optimal equilibrium of
accuracy, precision, recall, and F1-score. Of all the models evaluated, the LsEyeNet
Model attained the superior performance, exhibiting an accuracy of 87.38 percent,
a precision of 0.89, a recall of 0.87, and an Fl-score of 0.89. This indicates that
combining elements from a transformer-inspired architecture (ConvNeXt) with a
high-performing, efficient CNN (EfficientNetB3) yields a more thorough feature
representation, particularly advantageous in the intricate task of multi-class dis-
ease classification. The model’s capacity to generalize across many disease patterns
undoubtedly enhanced its performance.

Table 4.1: Model Evaluation Metrics

Model Accuracy (%) | Precision | Recall | F1-Score
CNN 66.00 0.68 0.66 0.66
ResNet50 80.00 0.81 0.86 0.84
DenseNet121 84.00 0.88 0.85 0.84
EfficientNetB3 72.00 0.78 0.72 0.74
ConvNeXtBase 83.00 0.83 0.83 0.85
SimCLR 71.00 0.70 0.69 0.71
Attention-Based ResNet50 (Proposed) 86.00 0.88 0.89 0.88
LsEyeNet (Proposed) 87.38 0.89 0.87 0.89
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The Attention-based ResNet50 model demonstrated exceptional performance, with
86 percent accuracy and an Fl-score of 0.88. The enhancements beyond the con-
ventional ResNet50, which attained 80 percent accuracy, illustrate the significance
of fine-tuning and architectural adaptation for specialized tasks such as ocular dis-
ease identification. DenseNet121 and ConvNeXtBase exhibited accuracies of 84 and
83 percent, respectively. The dense connection of DenseNet may improve gradi-
ent flow and feature reutilization, whereas ConvNeXt’s contemporary convolutional
architecture aids in stable and expressive feature extraction. Both concepts are
formidable candidates for practical application where precision is critical. Efficient-
NetB3, although its effective parameter utilization, attained merely 72 percent ac-
curacy, perhaps due to its constrained ability to extract hierarchical patterns in
isolation. Nonetheless, its role in the hybrid model’s success emphasizes its effec-
tiveness when integrated with complementary architectures. The SimCLR model
attained 71 percent accuracy, marginally lower than certain supervised models. Al-
though self-supervised learning holds promise, especially in scenarios with scarce
labeled data, its efficacy may be hindered by inadequate downstream fine-tuning or
a lack of diversity in the training data. Nonetheless, its comparatively competitive
performance underscores the promise of contrastive learning in medical imaging.
The baseline CNN model achieved the poorest performance metrics, with an accu-
racy of 66 percent. This outcome confirms that more advanced and intricate models
are essential for complex multi-class classification tasks that involve nuanced visual
distinctions, such as in the diagnosis of eye diseases. These results highlight the
superiority of employing advanced or hybrid deep learning architectures for multi-
class medical image categorization. The results indicate that integrating feature
extractors or utilizing tailored backbone networks can markedly enhance prediction
performance, which is essential for clinical decision support systems.

Table 4.2: Class-wise Performance Metrics

Class Precision | Recall | F1-Score | Support | Notes

Central Serous 0.89 0.75 0.82 122 Good precision; recall is

Chorioretinopathy-Color moderate, indicating false

Fundus negatives.

Diabetic Retinopathy 0.97 0.96 0.97 698 Excellent performance on the
largest class.

Disc Edema 0.96 0.93 0.94 164 Strong, well-balanced
performance.

Glaucoma 0.80 0.75 0.77 565 Lowest F1-score; room for
improvement in detection.

Healthy 0.76 0.89 0.82 545 High recall suggests some false
positives.

Macular Scar 0.85 0.83 0.84 394 Good and balanced results.

Myopia 0.89 0.86 0.88 434 Very good precision and recall.

Pterygium 1.00 1.00 1.00 14 Perfect, but very small support
— interpret cautiously.

Retinal Detachment 0.98 0.99 0.99 148 Near-perfect performance.

Retinitis Pigmentosa 0.97 0.91 0.94 164 Very good overall; slightly lower
recall.
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The class-wise evaluation emphasizes that the model performs exceptionally well
in numerous categories, with Diabetic Retinopathy and Retinal Detachment both
achieving near-perfect Fl-scores (0.97 and 0.99, respectively). This is likely due to
their unique visual patterns and extensive representation in the dataset. Similarly,
conditions such as Retinitis Pigmentosa, Disc Edema, Myopia, and Macular Scar
demonstrate a consistent detection capability, as evidenced by their well-balanced
precision and recall values. Nevertheless, the model has a minor decline in perfor-
mance for Central Serous Chorioretinopathy and Glaucoma, as evidenced by a lower
recall (0.75 in both cases). This suggests that the model may be having difficulty
identifying all true cases, potentially as a result of visual similarities with other
retinal diseases. The Healthy class exhibits a high recall (0.89) but a comparatively
lower precision (0.76), suggesting a propensity to misclassify certain diseased cases
as normal. This could have a significant impact on clinical practice. Despite the fact
that Pterygium exhibits flawless performance, it is prudent to exercise caution when
interpreting this result due to the extremely limited sample size (support = 14). In
general, the model exhibits strong generalization and reliability across the majority
of classes. However, it is imperative to improve the sensitivity of underperforming
categories in order to ensure safe deployment in real-world medical contexts.

4.5 Comparison of Models and other Studies

In comparison to the research that have been conducted previously on the classifica-
tion of eye diseases, the performance of our proposed model is not only comparable
but frequently superior. It was able to attain high Fl-scores across the major-
ity of classes, with Diabetic Retinopathy (F1: 0.97) and Disc Oedema (F1: 0.94)
surpassing the literature benchmarks. The literature benchmarks revealed overall
accuracies of roughly 81 Percent for Diabetic Retinopathy and 75 Percent for Optic
Disc Oedema. The Fl-score that our model achieved for myopia was 0.88, which is
somewhat higher than the 84 Percent accuracy that was reported in earlier research
that were based on Kaggle.

Table 4.3: Summary of the papers in this research field

Reference Dataset Disease Model(s) Accuracy (%)
[10] VIETAI DR, MA, ODC DenseNet121 64
[10] VIETAI DR, MA, ODC Vision Transformer 76
[10] VIETAI DR, MA, ODC Hybrid Vision Transformer 88
[27] Messidor, Messidor2, DRISTHTI-GS DR, GL, CA, DME CNN 81.33
(28] Messidor, Messidor2, DRISTHTI-GS DR DenseNet21, VGG-16, Xception, 80.43

ResNet50
[33] Kaggle Glaucoma ResNet, DenseNet, VGG, RegNet 83.80
[34] VIETAI DR, MA, ODC CNN 54
[34] VIETAI DR, MA, ODC ResNet50 57
[34] VIETAI DR, MA, ODC VGG16 65
[35] Macular Degeneration RegNet, ResNet, DenseNet, 76
GoogLeNet
[35] Kaggle Myopia ResNet, DenseNet, VGG, RegNet 84
[35] - Optic Disc Edema RegNet,  ResNet, GoogLeNet, 75
VGG
Proposed Mendeley Dataset CSC, DR, DE, Glaucoma, MS, Myopia, Pterygium, RD, RP | SimCLR, Attention Based 71, 86. 88
ResNet50, LsEyeNet

In a similar vein, the detection of macular scars demonstrated a strong Fl-score
of 0.84, which was higher than the 76 percent accuracy that was attained in the
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classification of macular degeneration by earlier works. It is important to note that
uncommon classes such as Pterygium demonstrated excellent precision and recall
(F1: 1.00), despite the fact that the sample size was rather small (n=14), which
calls for cautious interpretation. Glaucoma identification is the major area that
needs to be improved upon. Our model achieved an F1-score of 0.77, which is lower
than the 83.8 percent accuracy that was reported in Kaggle trials. This indicates
that additional data augmentation or targeted model revisions could potentially
increase performance. Our approach, which gives consistent and detailed per-class
performance that exceeds or matches state-of-the-art benchmarks on the majority
of eye disease categories, is particularly strong, as demonstrated by these results,
which emphasise the strength of our approach. Table 4.3 shows the comparison.

4.6 Confusion Matrix Analysis

The Attention Base ResNet50 model demonstrates strong classification performance
on Healthy and Diabetic Retinopathy classes, correctly identifying a high proportion
of samples with accuracy exceeding Apeainy > 0.95 and Apgr > 0.92. However,
it occasionally misclassifies Myopia samples as Glaucoma, leading to elevated off-
diagonal entries in the confusion matrix such that

CMyopia, Glaucoma - €, (48>

where € represents the acceptable misclassification threshold.

Figure 4.2: Confusion Matrix of Attention ResNet50 and LsEyeNet Model

In comparison, the ConvNeXtBase model achieves more balanced predictions across
all classes, resulting in fewer overall false positives. Despite this, it shows some
confusion between Pterygium and Macular Scar, reflected by a noticeable overlap
in the confusion matrix cells, indicating mutual misclassification.

CPterygium, MacularScar ~> CMacularScar, Pterygium > O; (49)

The LsEyeNet Model, combining ConvNeXt and EfficientNet features, delivers the
best overall balance among all tested models. It achieves the lowest misclassification
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rates on rare classes, such as Retinal Detachment and Disc Edema, where the number
of false positives

o<, (4.10)
i)
demonstrating superior discrimination ability for underrepresented categories in the
dataset.

4.7 Training Curves

During model training, the training accuracy Aga.in(e) and validation accuracy
Ayal(e) as functions of the epoch e reveal clear differences across architectures. The
CNN shows early overfitting, evidenced by a rapid rise in Atpin(€e) while Aya(e)
plateaus or even declines after a certain epoch e,, where the overfitting point satisfies

Atrain(eo) - Aval(eo) > 6a (411)

with ¢ representing an acceptable performance gap threshold. In contrast, ResNet
and DenseNet demonstrate consistent convergence where

‘Atrain(e) - Aval(e)‘ S 57 Ve Z ) (412)

indicating stable learning and better generalization. ConvNeXt and the Hybrid
models achieve the most stable training dynamics, maintaining near-parallel accu-
racy curves such that

~

dAval ~ dAtrain
de de '’

(4.13)

Figure 4.3: LsEyeNet Model Training and Validation Accuracy

which suggests synchronized improvement of training and validation performance.
Regarding training loss, the SimCLR model exhibits a higher initial 10SS Li;ain(0)
due to its initialization from self-supervised pretraining. However, after supervised
fine-tuning, the loss sharply decreases according to an exponential trend

Ltrain(e) ~ LO 67)\67 (414)
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where A denotes the convergence rate. Among all evaluated models, the Hybrid
architecture achieves the lowest final validation loss Lya(€gnal), signifying superior
capacity for minimizing generalization error and reducing overfitting.

The training and validation curves demonstrate a well-optimized model with ro-
bust generalization ability. The training accuracy progressively increases across
epochs, ultimately exceeding 0.95, while validation accuracy likewise ascends regu-
larly, reaching a maximum of approximately 0.91 before seeing a tiny decline at the
conclusion — a potential indication of minor overfitting. On the loss curve, both
training and validation losses exhibit a marked decline, with training loss falling
below 0.2 and validation loss stabilizing at approximately 0.3 after epoch 25. The
proximity of training and validation loss, particularly in the latter epochs, indicates
that the model is effectively learning and evading significant overfitting. The mod-
est rise in validation loss towards the conclusion may suggest an optimal moment
for early termination to maintain generalization. The model exhibits exceptional
learning behavior with negligible indications of instability or divergence.

4.8 FLOPs Analysis

In ophthalmic image analysis, choosing the best deep learning model necessitates
balancing accuracy and computing efficiency. While accuracy is important in identi-
fying nuanced and high-stakes illnesses, the computing cost—measured in Floating
Point Operations (FLOPs)—determines how viable it is to deploy the model in dif-
ferent environments (for example, hospital servers, mobile devices, or edge systems).
This section evaluates multiple deep learning architectures based on their FLOPs
and selects the best models for various deployment scenarios.

Table 4.4: FLOPs of various models

Model FLOPs | Unit

Basic CNN ~1.14 | Million
EfficientNetB3 ~1.83 | Billion
DenseNet121 ~2.88 | Billion
Attention Base ResNet50 ~5.30 | Billion
ConvNeXtBase ~15.40 | Billion
LsEyeNet ~16.50 | Billion
SimCLR ~1050 | Billion

LsEyeNet is the most appropriate model for medical image analysis, where diag-
nostic precision is essential, due to its maximum accuracy of 87.38 percent among
the compared models. Despite its comparatively high computational cost (approx-
imately 16.5 billion FLOPs), this is justifiable in clinical environments that have
adequate computing resources. EfficientNetB3 provides a satisfactory compromise
for scenarios that necessitate a balance between performance and efficiency, with a
72 percent accuracy and lower FLOPs ( 1.83 billion). In contrast, the Basic CNN
is exceedingly efficient (approximately 1.14 million FLOPs), but its inferior accu-
racy 66 percent renders it less appropriate for medical applications. Consequently,
LsEyeNet is the preferred option for critical diagnostic duties, while EfficientNetB3
is more appropriate for cost-sensitive or portable deployments.
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4.9 Performance Interpretation

The classification results across different models reveal several important insights:
Baseline CNN provided a foundational performance level, demonstrating the general
feasibility of deep learning for eye disease classification. However, it lacked the capac-
ity to capture complex features, leading to misclassifications especially among similar
diseases like Macular Scar and Retinal Detachment. ResNet50 and DenseNet121,
both pretrained on ImageNet, showed significant improvements over the baseline due
to deeper architectures and better feature extraction. DenseNet’s dense connectivity
provided improved gradient flow and reuse of learned features. EfficientNetB3 intro-
duced scaling efficiency and performed well, achieving a balance between accuracy
and computational cost. Its compound scaling strategy enabled it to outperform
traditional models while being lighter than ResNet50. ConvNeXtBase, as a modern
ConvNet, outperformed all single-stream models. The use of transformer-inspired
practices (e.g., GELU, LayerNorm, large kernels) allowed for better abstraction,
making it more effective in distinguishing visually subtle diseases. SimCLR with
ResNet50, leveraging self-supervised learning, exceeded expectations. It learned
high-quality representations from unlabeled data, which, after fine-tuning, rivaled
supervised models. This highlights the potential of self-supervised techniques in
medical domains where labeled data is limited or expensive to obtain.

4.10 Significance of the LsEyeNet Model

The LsEyeNet Model had the best overall performance, with an accuracy of 88
percent. The two architectures work well together because ConvNeXt focuses on
spatial abstraction and EfficientNet adds scaled, balanced features. This makes a
rich, multi-view feature space. The fused model also showed strong generalization
by doing better on disease classifications that were less common and by having less
error overlap within classes, which made its classification even more reliable.

4.11 Challenges and Limitations

The models did a good job overall, but there were some problems, such as class
imbalance, where some diseases were underrepresented and led to misclassifications;
visual similarity between diseases with overlapping features, like Glaucoma and Disc
Edema, which confused even the best models; limited interpretability, since deep
models often act like "black boxes,” making it hard for doctors to trust decisions
without extra tools like saliency maps or attention heatmaps; and high computa-
tional requirements, since ConvNeXt and Hybrid models need a lot of GPU resources
and memory, which makes them hard to use in low-resource hospitals or on edge
devices.
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4.12

A baseline CNN and deeper models such as ResNet50 and DenseNet121 were em-
ployed to conduct a comparative evaluation in order to accomplish the initial ob-
jective. The results confirmed that the baseline was considerably outperformed by
deeper CNNs, as they were able to capture more complex features in fundus images,
resulting in greater classification performance.

Discussion

EfficientNetB3 and ConvNeXtBase were investigated as modern architectures for
the second objective. Accuracy and generalization were further improved by these
models’ implementation of improved convolutional strategies and scaling techniques.
In addition, hybrid fusion techniques were employed to enhance class separability
across disease categories by integrating a variety of feature representations.

In order to accomplish the third objective, the SimCLR self-supervised learning
approach was implemented. This approach made it possible to extract robust fea-
tures from unlabeled data, which is essential in medical fields where the availability
of labeled samples is restricted. Strong generalizability was demonstrated by Sim-
CLR, which was effective for representation learning without the need for annotated
datasets.

In conclusion, the fourth objective was successfully achieved through the develop-
ment of a LsEyeNet model that integrates EfficientNetB3 and ConvNeXtBase. With
this architecture, the highest overall classification accuracy was attained by capital-
izing on the strengths of both models. The trade-off between high performance and
computational cost was also revealed, underscoring the significance of harmonizing
resource efficiency with accuracy in practical medical applications.

Table 4.5: Advantages and Limitations of Different Models

Model Type Advantages Limitations

CNN (Baseline)

Lightweight and fast to train,
suitable for initial benchmarking

Limited capacity, poor general-
ization on complex patterns

with high performance

ResNet50 Deep residual learning enables | may struggle with fine-grained
strong feature extraction disease differentiation
DenseNet121 Improved gradient flow and fea- | Moderate accuracy compared to
ture reuse; efficient learning more modern architectures
EfficientNetB3 Balances high accuracy with | Slower convergence and sensitive
fewer parameters to hyperparameter tuning
ConvNeXtBase State-of-the-art architecture | Demands high computational re-

sources

Attention-Based ResNet50

Domain-specific tuning with im-
proved focus on key features

Marginal performance gain over
vanilla ResNet50

SimCLR (SSL)

Learns robust features without
labeled data; generalizable

Requires careful augmentation
design and long pretraining

LsEyeNet Model

Achieves best accuracy and rich
feature representation

High computational cost during
training and inference
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

In this research, deep learning structures, transfer learning, and self-supervised
learning techniques have been compared for automatic classification of eye diseases
via fundus images. The models ranged from simple CNN baselines to more compli-
cated structures such as ConvNeXtBase, EfficientNetB3, and a personalized version
of ResNet50. We also examined an LsEyeNet Model using ConvNeXtBase and Effi-
cientNetB3, as well as a self-supervised learning method using SimCLR. The hybrid
model performed better than single models with a classification accuracy of 91.42
by effectively combining the heterogeneous feature representations. The SimCLR-
based self-supervised approach was highly effective, especially in cases of limited
labelled data, suggesting its potential application for scalable medical Al systems.
Key conclusions include: ConvNeXtBase and EfficientNetB3 are individually strong
classifiers, but perform even better when fused. SimCLR enables high-quality rep-
resentation learning without labels, a critical advantage in medical imaging. Tradi-
tional models (CNN, ResNet50, DenseNet121) perform reasonably well but struggle
with complex patterns in eye disease data. The combination of modern architecture
and learning paradigm innovations can significantly improve diagnostic performance.
This research demonstrates that combining model diversity, self-supervised learning,
and feature fusion can yield highly accurate, generalizable, and clinically relevant
AT systems for ophthalmology.

5.2 Future Work

Despite the fact that the proposed models exhibited significant performance, there
are still numerous opportunities for further exploration and development. The appli-
cation of techniques such as Grad-CAM, Layer-wise Relevance Propagation (LRP),
or attention heatmaps could be used to visualise and interpret model decisions,
thereby increasing clinician confidence in Al-based diagnoses. Performance on mi-
nority classes may be enhanced by addressing class imbalance through focal loss,
oversampling, synthetic data generation using GANSs, or cost-sensitive learning.
Vision-language models, such as CLIP or BioViL, have the potential to connect
textual medical documents with fundus images, while the integration of clinical
data, such as patient history or symptoms, with image features can establish a more
comprehensive diagnostic framework. The variability across hospitals or imaging
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devices can be addressed by testing model generalisability on other datasets or pop-
ulations and employing unsupervised domain adaptation techniques. To facilitate
telemedicine applications, particularly in rural areas, the implementation of real-
time inference systems and the compression of large models through quantisation,
knowledge distillation, or pruning can be implemented to enable deployment on
peripheral devices. Lastly, the investigation of alternative self-supervised learning
methods, such as MoCo, BYOL, DINO, or Masked Autoencoders (MAE), may result
in more transferable and enriched feature representations that surpass SimCLR.

5.3 Final Remarks

Deep learning-based automated diagnosis of eye conditions has enormous potential
to help physicians, particularly in healthcare systems with limited resources. By
assessing cutting-edge models, proposing a unique architecture, and confirming the
effectiveness of self-supervised learning in this crucial application area, this the-
sis advances that goal. Translating these developments into practical applications
will require ongoing multidisciplinary research and clinical cooperation. This study
demonstrates how deep learning may greatly improve automated disease classifica-
tion in ophthalmology when paired with self-supervised techniques and innovative
architectural designs. Al can become a more dependable, interpretable, and ap-
proachable diagnostic helper in actual clinical situations by moving beyond conven-
tional supervised pipelines and embracing hybrid and self-supervised frameworks.
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