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Abstract

INTRODUCTION: The timely and accurate diagnosis of eye conditions, such as myopia, cataracts, and diabetic retinopathy,
is critical for preventing vision loss. Conventional diagnostic techniques depend on the manual examination of eye fundus
images, a process that is often labour-intensive and susceptible to human errors.

OBJECTIVES: The proposed work aims to develop an automated deep learning-based solution for classifying eye diseases
using the newly released Eye Disease Image Dataset with 5,335 images and 10 classes, addressing limitations in traditional

manual diagnostic techniques.

METHODS: The proposed EyeFusionNet employs a dual-track architecture combining DenseNet169 for detailed local
feature extraction and Transformer-iN-Transformer for capturing global context and long-range dependencies. The outputs
are fused and refined using efficient channel attention to focus on important regions within the fundus images, with
explainable artificial intelligence used to provide visualisations to doctors to validate the diagnosis.

RESULTS: The EyeFusionNet achieved an accuracy of 89% on the publicly available dataset of eye fundus images,
outperforming state-of-the-art CNNs and transformer models, showcasing the potential of deep learning for eye fundus

image diagnosis.

CONCLUSION: The proposed EyeFusionNet introduces a dual-track architecture for eye disease classification, providing
a strong foundation for advancing automated diagnostic tools in clinical settings with the help of deep learning and

explainable artificial intelligence to empower clinicians.
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1. Introduction

Eye diseases represent a major global health issue, impacting
millions across the world and leading to vision loss or
blindness. In 2020, approximately 1 billion people worldwide
were affected by visual impairment that could have been
prevented or treated, with nearly 90% of them located in
lower-income and middle-income nations [1]. There are
numerous types of eye diseases, each presenting unique
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challenges, such as pterygium, glaucoma, and myopia.
Symptoms of these conditions can vary but often include
blurred vision, floaters, visual distortion, or a gradual loss of
vision, significantly impacting daily life and overall well-
being. Additionally, in 2020, approximately 1.07 million
individuals experienced blindness, and around 3.28 million
suffered from visual impairment, specifically as a result of
Diabetic Retinopathy (DR) [2].
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The after-effects of eye diseases can be profound, affecting
an individual’s quality of life, independence, and ability to
work or perform everyday tasks. Vision impairment can lead
to a loss of productivity, increased risk of injury, and even
emotional and psychological distress [3]. Eye diseases are
typically diagnosed through clinical examinations and
imaging techniques like fundoscopy, optical coherence
tomography, and visual field tests. However, traditional
diagnostic methods have limitations, such as dependency on
the examiner's expertise, potential delays in detecting subtle
changes, and limited access to specialised equipment in some
areas [4]. These challenges highlight the need for automated
solutions that can offer more efficient, accurate, and
accessible eye disease detection and management.

Automated diagnostic systems have significantly
improved the field of medical diagnosis by providing faster,
more accurate, and accessible methods for detecting and
diagnosing eye diseases. These systems rely on advanced
algorithms and Machine Learning (ML) models to process
medical images, detect patterns, and generate predictions
with limited need for human involvement. By automating the
diagnostic process, these systems can reduce the workload on
medical professionals and help ensure that patients receive
timely care [5]. ML, particularly, has shown great promise in
improving diagnostic accuracy and efficiency. ML models
can learn from vast amounts of data, improving their ability
to detect even subtle changes in medical images, which may
otherwise go unnoticed by the human eye [6]. The benefits of
ML include faster diagnosis, enhanced accuracy, and
improved patient outcomes [7].

However, ML has a few limitations, particularly when it
comes to medical image diagnosis. ML models often require
large, labelled datasets to achieve high accuracy, and they can
be prone to errors if the data used for training is biased or
incomplete [8]. Additionally, traditional ML models may
struggle to capture the complex, hierarchical features found
in medical images, limiting their effectiveness in certain
applications. Deep learning (DL) overcomes many of these
limitations by employing multi-layered neural networks that
autonomously extract features from raw data and learn
complex patterns and representations [9]. In medical image
diagnosis, DL excels at recognising intricate details within
images, such as fine textures or subtle abnormalities, which
are often critical in detecting conditions like DR or glaucoma.
Unlike traditional ML methods, DL does not require
extensive feature engineering, as it can learn directly from the
data, making it particularly effective for analysing large and
complex datasets [10]. In light of these capabilities, we are
proposing a DL framework designed to alleviate the stress
faced by the medical industry in diagnosing eye diseases. The
proposed work makes the following key contributions:

e A dual-track architecture combining the strengths
of DenseNet169 and TNT instead of a single path
CNN-based or Vision Transformer architecture.
DenseNetl169 effectively captures fine-grained
local features, while TNT models global context
and long-range dependencies. The fused and
enhanced feature maps overcome the limitations
of  traditional single-track  architectures,
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providing a more comprehensive representation
of eye fundus images.

e Lightweight attention-based refinement of the
combined feature maps using ECA. This
mechanism selectively emphasizes the most
informative channels, helping the model focus on
critical regions of the image while reducing
redundancy and computational overhead.

e Explainable Al integration using SHAP to
visualize and interpret the decision-making
process of the network. This enhances
transparency, reduces the “black box” nature of
DL, and supports clinical trust and adoption.

2. Literature Survey

DL-based techniques have been extensively utilized for
classifying eye diseases using fundus images. This section
offers an overview of the various DL approaches employed
in the detection of eye diseases from eye fundus images.
Convolutional Neural Networks (CNNs) have played a
pivotal role in transforming the field of image recognition and
classification, enabling more accurate and efficient analysis
of visual data [11]. CNNs are employed to automatically
extract a hierarchical set of features, which can subsequently
be used for classification, eliminating the need for manual
feature extraction. CNNs have played an integral role in the
detection and classification of various eye conditions like
glaucoma, myopia, and DR using colour fundus images.
Techniques such as Transfer Learning (TL) and Ensemble
Learning (EL) have been frequently applied in image analysis
of colour eye fundus images.

In one such attempt, Shamsan et al. developed an
automated system for the classification of Colour Fundus
Photography (CFP) images, leveraging hybrid techniques for
feature extraction and fusion [12]. The features were
extracted through a combination of DenseNet-121 and
MobileNet networks, with Artificial Neural Network (ANN)
used for classification. Additionally, Principal Component
Analysis (PCA) was employed to reduce high-dimensional
and redundant features. Ali et al. developed a method for
classifying DR by employing ResNet-50 and InceptionV3 for
feature extraction [13]. The extracted features were then
concatenated using a custom CNN for final classification.
The developed model showcased improved performance
compared to various state-of-the-art networks and previously
reported methods. Similarly, Al-Fahdawi et al. developed the
Fundus-DeepNet, which used fundus images for detecting
multiple ocular diseases [14]. The system is capable of
identifying various conditions like age-related macular
degeneration, cataracts, glaucoma, myopia, and hypertension.
The SENet block was incorporated to enhance feature
representation, while a Discriminative Restricted Boltzmann
Machine (DRBM)-based block was utilised for advanced
classification. Bernabé et al. designed a CNN-based model
for the classification of glaucoma and DR, employing a K-
Fold Cross-Validation approach for performance evaluation
[15]. The proposed method outperformed several ML
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techniques, including k-Nearest Neighbors (kNN), Decision
Trees (DT), Naive Bayes (NB), ANNs, Support Vector
Machines (SVM), and Random Forests (RF), as reported in
existing studies.

EL is a technique that improves predictive performance by
combining the outputs of multiple networks [16]. Employing
ensemble models aims to reduce prediction generalization
error. Zhao et al. introduced a binary DR classification
architecture named Bilinear Attention Net (BA-Net) [17].
The approach leverages a pre-trained ResNet-50, which is
processed through a custom attention network comprising a
three-layer CNN, called the RA-Net. Two identical RA-Net
streams are trained concurrently to construct the bilinear
model. The proposed architecture demonstrated superior
performance compared to various existing methods and prior
studies. Kim et al. proposed an ensemble model comprising
two state-of-the-art CNNs, VGG19 and EfficientNet-B7,
combined with an SVM classifier [18]. The network
classified fundus images into four levels of visual acuity and
demonstrated better performance when it was benchmarked
against state-of-the-art CNN architectures. Qummar et al.
designed a DR detection network to classify DR into 5 levels:
normal, mild, moderate, severe, and Proliferative Diabetic
Retinopathy (PDR) [19]. An ensemble of five deep CNN
models, which included ResNet-50, InceptionV3, Xception,
DenseNet-121, and DenseNet-169 was utilized to encode
extracted features and improve classification performance
across various stages of DR. Jiang et al. employed an
ensemble model consisting of InceptionV3, ResNet-152, and
Inception-ResNetV2 for DR classification [20]. The features
extracted from the three CNNs were combined using the
AdaBoost algorithm. The integrated model provided a
classified score along with the weighted Class Activation
Map (CAM).

TL is a technique that involves leveraging weights learnt
from one task and dataset to reduce the learning costs
associated with the target task [21]. Furthermore, TL often
results in enhanced performance, particularly when the tasks
are related, by allowing the model to fine-tune its knowledge
to the particularities of the new target task. Chen et al. applied
TL by utilizing a pre-trained InceptionV3 model [22].
Additionally, a new pre-processing algorithm was
implemented to enhance the quality and consistency of the
input retinal images. Zannah et al. proposed an automated
diagnosis system that combines TL-based CNNs with an ML
classifier for accurate eye disease classification [23].
EfficientNet, VGG16, VGG19, DenseNet, and ResNet50
were considered, with EfficientNet being selected as the final
CNN. The system also employed an ensemble of ML
classifiers, including Logistic Regression (LR), RF, Gaussian
Naive Bayes (GNB), DT, k-NN, SVM, AdaBoost, and
XGBoost. Features extracted from the EfficientNet model
were reduced using PCA and passed through the ML
ensemble classifier, with a Bayesian Optimization algorithm
used for hyperparameter tuning. Wan et al. employed TL and
hyperparameter tuning for four state-of-the-art models, which
included AlexNet, VGGNet, GoogleNet, and ResNet, to
classify DR images [24]. Aranha et al. developed a TL
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approach for diagnosing eye-related diseases using low-
quality fundus images [25]. An ensemble of state-of-the-art
CNNs was employed, with VGG16 serving as the base
model. Rieck et al. proposed a hybrid CNN—transformer
architecture for multi-class eye disease classification from
colour fundus images [26]. The model integrates
EfficientNet-B4 for local feature extraction with Swin
Transformer modules to capture global contextual
information and was evaluated on a real-world dataset
comprising nine eye diseases and a healthy class using
stratified five-fold cross-validation and achieved promising
results. These works showcase the potential of DL to
automate and fast-track eye disease diagnosis.

However, despite the effectiveness of these methods,
several limitations remain in the existing literature. Most
prior works rely primarily on transfer learning or ensemble
learning using generic, pre-trained CNN models that are not
specifically tailored to capture the integral and disease-
specific features present in retinal images. Furthermore, many
studies adopt single-track CNN architectures that emphasize
only local feature extraction, thereby overlooking global
contextual information that is critical for accurate fundus
image interpretation. Existing approaches also lack the
integration of lightweight attention mechanisms that could
guide the model to focus on the most informative retinal
regions. These limitations highlight the need for a hybrid
CNN-Transformer architecture capable of jointly modelling
both local and global features for improved classification
performance.

3. Methodology

This section describes the eye disease dataset utilised in the
proposed study in detail. In the subsequent section, the
architecture of the developed system and its components are
discussed briefly.

3.1. Dataset Description

This research utilizes a dataset comprising 5,335 images of
both healthy and diseased eyes, sourced from Anwara
Hamida Eye Hospital and BNS Zahurul Haque Eye Hospital
located in Faridpur, Bangladesh [27]. The images were
captured using the TRC-50DX and TL-211 digital fundus
cameras, which were connected to the D7500 and D90 Nikon
DSLR cameras with the help of hospital authorities between
July 2023 and February 2024. The dataset includes images
with different dimensions, stored in JPG format. The dataset
is divided into 10 categories: Disc Edema, Glaucoma,
Healthy, Macular Scar, Diabetic Retinopathy, Retinitis
Pigmentosa, Retinal Detachment, Central  Serous
Chorioretinopathy,  Pterygium, and Myopia. The
classification was assisted by a domain expert from a
healthcare institute to ensure accuracy. Prior to model
training, several preprocessing steps were applied to
standardize and enhance the images. All images were resized
to 224x224 pixels to maintain uniform input dimensions.
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Pixel intensity values were normalized to improve model
convergence. To improve generalizability and mitigate
overfitting, augmentation techniques were applied, including
horizontal and vertical flipping, rotation (x15°), zooming (up
to 10%), and width and height shifting by 10%. This
increased the dataset size to 16,242 images. Table 1
summarizes the dataset distribution after being divided into
training, validation, and test sets with a ratio of 70%, 20%,
and 10%, and was done randomly to ensure unbiased
representation. A few sample images are shown in Figure 1.

Table 1. Dataset Split of the Eye Color Fundus Images

3.2. EyeFusionNet

The proposed EyeFusionNet combines the strengths of
DenseNet169 and the Transformer-iN-Transformer (TNT)
model to develop a powerful dual-track architecture for the
classification of eye diseases using colour fundus images. In
this framework, the classification layers of both DenseNet169
and TNT are removed, and only their respective feature
extraction backbones are retained. The two networks operate
as parallel tracks to extract complementary representations
from the same input image. DenseNetl169, with its densely
connected convolutional blocks, effectively captures

Dataset hierarchical patterns, texture information, and fine-grained

spatial details. Its dense connectivity promotes feature reuse

Class Split and stable gradient flow, making it well-suited for extracting

Train Valid Test localized disease-specific features. In contrast, TNT

Disc Edema 533 152 77 leverages self-attention mechanisms to model global context
Glaucoma 2015 576 289 alllld li)ng-lliange1 .de.per.ldencie? across tlhe. imalge, O\Q?rcoming

the locality limitations of convolutional architectures.

Healthy 1873 535 268 The outputyfeature maps from the final feature extraction
Macnular Scar 1355 387195 layers of both networks are then fused through feature-level
Diabetic Retinopathy 2410 688 346 concatenation. ~ Specifically, TNT produces a 384-
Retinitis Pigmentosa 583 166 85 dimensional  global  feature representation, while
Retinal Detachment 525 150 75 DenseNetl69  generates a  1664-dimensional  deep
Central Serous Chorioretinopathy 424 121 61 convolutional featurg vector. These outputs are cqncatenated
Prerygium 7 20 1 al.ong the channel.dlmensmn, resul.tmg in a un1ﬁ§d 2048-
dimensional multi-scale, feature-rich representation that

Myopia 1575 450 226 integrates both local structural details and global contextual

Figure 1. Sample Images from the Eye Color Fundus
Images Dataset.

384 Features

information. This fusion strategy enables EyeFusionNet to
overcome the limitations of traditional single-track
architectures by jointly leveraging CNN-based spatial
representations and transformer-based contextual modelling.
To further refine the fused features and reduce redundancy,
an Efficient Channel Attention (ECA) module is
incorporated. The concatenated feature maps are passed
through the ECA layer, which adaptively emphasizes the
most informative channels while suppressing less relevant
ones with minimal computational overhead. The refined
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Figure 2. Visual Representation of the dual-track architecture of the proposed EyeFusionNet.
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Figure 3. Structural Overview of the TNT Network Path in the Proposed EyeFusionNet

features are then subjected to Global Average Pooling (GAP)
to reduce dimensionality while preserving the most
discriminative information. Finally, focal loss is employed as
the optimization objective to handle class imbalance and
enhance classification performance. The proposed
EyeFusionNet outputs the final eye disease classification
along with explainable visualizations generated using XAl
techniques, supporting clinical interpretability and validation.
The overall architecture of EyeFusionNet is illustrated in
Figure 2.

DenseNet-169

This section outlines the architecture and role of
DenseNet169 in the EyeFusionNet for extracting features
relevant to eye diseases like DR, glaucoma, optic disc edema,
and retinitis pigmentosa from fundus images. DenseNet169 is
a deep CNN based on densely connected blocks [28]. Unlike
traditional architectures, where each layer feeds its output
only to the next layer, DenseNet incorporates dense
connectivity, enabling each layer to utilize the outputs of all
preceding layers as inputs while also sharing its feature maps
with all following layers. This structure promotes the reuse of
extracted features, reducing redundancy and enhancing the
learning of critical patterns in the data. For eye fundus
images, DenseNet169 excels in capturing fine-grained spatial
features and patterns essential for identifying disease-specific
markers. For instance, it can effectively detect
microaneurysms and haemorrhages in DR, optic nerve
swelling in glaucoma, and pigmentation changes in retinitis
pigmentosa. Its ability to learn from both local and mid-range
dependencies makes it an invaluable component of the
proposed network. DenseNet complements the TNT by
providing detailed, localized feature maps. While
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DenseNet169 focuses on spatial patterns and texture details,
TNT excels at capturing global context and long-range
relationships. Together, they offer a holistic understanding of
fundus images, where DenseNet enriches the network with
localized structural information, and TNT adds semantic
depth by modelling dependencies across the entire fundus
image. This synergy ensures that EyeFusionNet effectively
leverages the strengths of both approaches for superior
classification performance.

Transformer-iN-Transformer

This section discusses the architecture of the TNT model and
its significance in EyeFusionNet. TNT is a self-attention-
based neural architecture designed to extract both local and
global features from images, addressing limitations in
traditional visual transformers that focus solely on patch-level
information [29]. By viewing an image as a sequence of
patches and further subdividing each patch into smaller sub-
patches, TNT enhances feature representation at multiple
granularities. In the proposed configuration, the input image
is first divided into non-overlapping patches of size 16x16
pixels, forming the “outer” patch tokens, with an outer
transformer dimension of 384 wused for patch-level
embeddings that capture global context. Each outer patch is
further subdivided into smaller sub-patches with an inner
transformer dimension of 24, encoding fine-grained local
details. TNT employs multi-head attention, with 6 heads in
the outer block to model interactions between patch
embeddings and 4 heads in the inner block to model
interactions among sub-patch embeddings. This allows the
model to focus on multiple aspects of the image
simultaneously at each granularity. The architecture stacks 12
TNT blocks sequentially, each containing an inner and an
outer transformer, enabling hierarchical feature extraction.
The inner block processes relationships among visual words
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within a patch, capturing subtle details such as
microaneurysms or pigment changes, while the outer block
models interactions between visual sentences across the
entire image to capture broader abnormalities like vascular
distortions or optic disc swelling. For analyzing eye fundus
images, TNT’s dual-level attention mechanism proves
particularly effective in identifying intricate patterns. In
EyeFusionNet, TNT complements DenseNetl69 by
providing a global perspective that aligns with the localized
spatial features extracted by the convolutional network. This
complementary relationship ensures that both detailed local
information and broader contextual patterns are leveraged,
resulting in a more holistic and robust feature representation
for the classification of eye diseases. The structure of the TNT
model and TNT block is illustrated in Figures 3 and 4.
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Figure 4. Schematic Overview of the TNT Block from
the TNT track of the EyeFusionNet.

Efficient Channel Attention

The ECA module plays an integral role in refining the fused
feature maps generated by EyeFusionNet’s dual-track
architecture [30]. By selectively emphasizing the most
informative channels, ECA enhances the network's ability to
focus on critical features that aid in detecting eye diseases
such as DR, glaucoma, and optic disc edema. Unlike
traditional channel attention mechanisms, which rely on
computationally expensive fully connected layers, ECA
employs a lightweight 1D convolution with an adaptively
determined kernel size to achieve efficient and precise
attention. The process begins with GAP to compute a
descriptor vector IZ,, for each channel ¢, summarizing the
spatial features across the feature map. This descriptor is
calculated using Eq. (1):

_ L ¢H W
|Zf T ooww Zi:l Ef=1 Xcuiu (1)

Where H and W denote the height and width, and X

.l
denotes the value at position i and j for channel c. The
descriptor vector IZﬁ encodes the global information for each
channel. Instead of using fully connected layers for channel
weighting, ECA employs a 1D convolution operation with
kernel size k, which is determined dynamically based on the
number of channels c, using a mapping function |¢ as
illustrated in Eq. (2)

k= o(C) @)

This approach ensures that the kernel size adjusts to the
feature map’s dimensionality, balancing expressiveness and
computational efficiency. The convolution output is then
passed through a sigmoid activation function ¢ to produce the
channel attention weights a as mentioned in Eq. (3):

k = a(Conv1D(Z. . kY (3)

These attention weights are used to refine the original feature
maps by scaling each channel with its corresponding weight,

resulting in the updated feature map IX,', as given in Eq. (4):

! = a..X, (4)

By applying the ECA module, EyeFusionNet prioritizes the
most relevant channels, allowing the model to focus on
informative regions in fundus images while suppressing
redundant information. This targeted refinement enhances the
diagnostic capability of the network, improving its overall
accuracy and robustness. The lightweight nature of ECA
ensures minimal computational overhead, making it an
efficient and effective choice for channel attention.

4. Results

This section provides a detailed summary of the
hyperparameter optimization, model evaluation, SHAP
visualisation, and a comparative study of the EyeFusionNet
against existing CNN and transformer networks.

4.1. Hyper-parameter tuning

The performance of DL models can be significantly improved
by optimizing hyperparameters, allowing for better
generalization and learning capacity. In this work, several key
hyperparameters were fine-tuned, including the learning rate,
weight decay, batch size, gradient optimizer, loss function,
and the learning rate scheduler step. A range of values was
tested for each parameter: learning rates and weight decay
values from 1 to 0.000001, and batch sizes between 16 and
64. Both the ADAM and SGD optimizers were evaluated for
their efficiency in model convergence, along with cross-
entropy and focal loss. The optimal configuration was
achieved when the learning rate was set to 0.0001, along with
a weight decay of 0.0001, and a batch size of 32. The Adam
optimizer was found to outperform SGD, and focal loss was
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used as the loss function. The learning rate scheduler used a
step size of 25 to ensure stable learning. The proposed
EyeFusionNet was trained for 100 epochs using cloud-based
computational resources on Google Cloud, equipped with an
NVIDIA T4 GPU with 16 GB GPU memory and 12 GB CPU
RAM. All experiments were implemented using the PyTorch
DL framework (version 2.6.0). This configuration enabled
efficient training and stable convergence of the proposed
model.

4.2. Evaluation of the EyeFusionNet

This section examines the performance of the proposed dual-
track network for eye disease classification. The dual-track
model, which combines DenseNet-169 and TNT, was
enhanced with ECA to refine the feature maps extracted by
both tracks. ECA helps focus on the most informative
channels, reducing redundancy and improving the ability of
the model to capture key features relevant to the classification
of eye diseases. During testing, the model recorded an
accuracy of 89%, a precision of 88%, a sensitivity (recall) of
90%, and an F1-score of 89%. These results indicate that the
dual track approach with ECA enhanced the ability of the
model to accurately classify eye fundus images and provided
a more robust solution for detecting eye diseases. The
performance of various sub-components used in the
EyeFusionNet is summarized in Table 2.

Table 2. Summary of the Components of
EyeFusionNet.

Model Performance Metrics

Sensitivity  F1

Accuracy Precision

DenseNet-169

Track 83% 86% 87% 86%
TNT Track 80% 84% 82% 83%
Dual Track 87% 88% 89% 88%
Dual Track
with ECA 89% 88% 90% 89%

Table 3. 5-Fold Cross-Validation Results
Fold Performance Metrics
Accuracy  Precision  Sensitivity F1
1 89% 90% 89% 90%
2 88% 89% 90% 90%
3 89% 89% 88% 89%
4 89% 88% 90% 89%
5 90% 89% 90% 90%
i’lgi‘(‘l‘ 89.0£0.7 89.0+0.7 89.4+09 89.6+0.5
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The precision-recall and ROC curves are provided in
Figures 5 and 6, respectively. To offer a more comprehensive
overview of the model’s performance, the t-SNE, prediction
confidence, and inference time plots have been included in
Figures 7, 8, and 9. The t-SNE plot visualizes the high-
dimensional feature representations learned by the model in a
two-dimensional space. This helps in understanding how well
the model clusters different eye fundus image classes such as
normal, diabetic retinopathy, or glaucoma based on their
underlying visual patterns. Clear separation in t-SNE space
reflects the model's ability to learn discriminative features
crucial for accurate diagnosis. The class-wise precision,
recall, and Fl-score are reported in Table 4, providing a
detailed quantitative evaluation of the model’s performance
across individual retinal disease categories. Furthermore, the
confusion matrix shown in Figure 10 highlights class-level
misclassifications, offering insight into prediction errors
among visually and clinically similar conditions.
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EyeFusionNet
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Inference Time (seconds)

Figure 9. Distribution of Inference Time During Testing

Figure 6. ROC Curves for the Proposed System

t-SNE Visualization of Predicted Probabilities

t-SNE Dimension 2

-20

-40

ecoococe

°

Class: Central Serous Chorioretinopathy
Class: Diabetic Retinopathy

Class: Disc Edema

Class: Glaucoma

Class: Healthy

e

"~

Class: Macular Scar
Class: Myopia

Class: Pterygium

Class: Retinal Detachment

Class: Retinitis Pigmentosa e
. ‘ ™

®
' L aie 2N
‘b e
Si

[
< WP,

Frequency

-40 -20 o 20 40
-SNE Dimension 1

Figure 7. t-SNE plot for EyeFusionNet

Prediction Confidence for Correct and Incorrect Predictions

= Correct Predictions
== incorrect Predictions

04 05 06 X
Prediction Confidence

Figure 8. Prediction Confidence Distribution for

EyeFusionNet

Inference Time for Each Image

True

CSCR- 54

Diabetic Retinopathy - 0

Disc Edema- 0

Glaucoma- 0

Healthy - 0

Macular Scar- 6
Myopia- 0

Pterygium - 0

Retinal Detachment - 0

Retinitis Pigmentosa -

CSCR- o

Figure 10.

Confusion Matrix (Test Set)

0 0 2 0 5 o 0 o 0 300

12 0 0 12 6 0 o 0
250

6 Y 0 0 0 o 0 o 0

200
0 o 0 o 0
- 150
8 o 0 o 0
0 o 0 o 0
- 100
0 o 0 o 0 o 1 o 0
0 o 0 o 5 o 0 70 0 -50
6 o 0 o 1 o 0 o 78
] . \ ' ! \ . ! | -0
z F & 2z 5§ & g8 & 38
H 5 £ = 3 s £ g £
a o 9 ® e > = =
kS i 3 kd 5 £ = G 2
£ 9 z 3 g ] E
g & 8 g ¢ ;B
S = 2 2
=1 E =]
2 £ 5
2 5
g £ d
Predicted

Confusion Matrix for EyeFusionNet

Table 4. Summary of the Components of

EyeFusionNet

Class

Performance Metrics
Sensitivity

Accuracy Precision

0.070

0.065

0.060

0.055

°
g
g

0.045

0.040

Central Serous

Chorio-
Retinopathy
Diabetic
Retinopathy
Disc Edema

Glaucoma
Healthy
Macular Scar
Myopia
Pterygium

&9 90 89 89

92

89
88
84
85
86
100

91

92
86
&5
87
88
100

94

86
89
&3
82
84
100

91

92
86
85
87
88
100

Retinal
Detachment 93 100 93 97
Retlmtls 0 100 o o6
Pigmentosa

800 1000 1200 1400 1600

Image Index

< EAI

EAI Endorsed Transactions on
Intelligent Systems and Machine Learning Applications
| Volume 2 | 2025 |



EyeFusionNet: A Hybrid CNN-Transformer Network for Automated Diagnosis of Eye Diseases using Colour Fundus

Imaging

To ensure unbiased and generalizable performance, 5-fold
cross-validation was conducted. This method splits the
dataset into five subsets, using four for training and one for
validation in each iteration, with all subsets serving as
validation once. The proposed system operates by analyzing
the input eye fundus image provided by the clinician and
returns the final classification outcome along with XAI
visualizations to enhance interpretability. As shown in Table
3, the overall results support the effectiveness of the proposed
model. Furthermore, Table 4 presents SHAP-based XAI
visualizations for selected retinal disease classes, including
Disc Edema, Macular Scar, Diabetic Retinopathy, and
Retinitis Pigmentosa. SHAP assigns importance scores to
image regions based on cooperative game theory, enabling
the decomposition of the model’s prediction into localized,
interpretable contributions. These visualizations highlight the
specific regions of the fundus image that most strongly
influenced the model’s classification decision [31].

For Disc Edema, the SHAP maps show concentrated
activations around the optic disc region, which is clinically
consistent with optic nerve head swelling and blurred disc
margins observed in affected patients. In the case of Macular
Scar, high-attribution regions are localized around the
macula, capturing irregular texture patterns and scarring that
are characteristic of macular damage. For Diabetic
Retinopathy, SHAP visualizations emphasize vascular
structures and lesion-prone areas, including regions
corresponding to microaneurysms, hemorrhages, and
exudates, reflecting the model’s reliance on pathological
vascular cues. Similarly, for Retinitis Pigmentosa, the
highlighted regions are predominantly distributed across
peripheral retinal areas, aligning with the progressive
peripheral degeneration that defines the disease.

The strong correspondence between the SHAP-
highlighted regions and established ophthalmic biomarkers
demonstrates that the model’s predictions are grounded in
clinically relevant visual evidence rather than spurious
correlations. This interpretability significantly reduces the
black-box nature of the deep learning framework and
enhances its reliability and suitability for deployment in real-
world clinical screening and diagnostic workflows.

4.3. Performance Comparison with Top DL
Networks

Within this section, the performance of the EyeFusionNet is
assessed on the publicly available Eye Fundus dataset. The
dataset was released in 2024, hence there are no existing
works available for comparison. Therefore, this is the first
work leveraging this dataset, and the proposed network has
been compared with state-of-the-art CNN and transformer
networks. For a fair comparison, all models were fine-tuned
and trained on the dataset. Among the CNN architectures,
DenseNet-169 achieved the highest accuracy of 83%, making
it the preferred choice for the first feature extraction track in
EyeFusionNet. Similarly, transformer-based models such as
Tokens-To-Token Transformer (T2T), Conv-Attentional

Image Transformer (CaiT), Swin Transformer (SwinT),
Data-Efficient Image Transformer (DeiT), Convolution-
Enhanced Image Transformer (CeiT), and Transformer-in-
Transformer (TNT) were evaluated. Among these, TNT
attained the highest accuracy of 80%. EyeFusionNet
surpassed all compared CNN and transformer models,
achieving an accuracy of 89%, along with improved
precision, sensitivity (recall), and Fl-score. The combined
performance metrics are summarized in Table 5, highlighting
the robustness and effectiveness of the proposed model in eye
disease classification.

5. Limitations & Future-Work

The proposed model for eye disease classification has some
limitations that highlight areas for future improvement and
research:

(i) While the model has shown good results, it has yet to be
tested in real-world clinical settings. To assess its
effectiveness and  adaptability in  healthcare
environments, clinical trials or pilot studies involving
healthcare professionals would be crucial. Real-world
feedback could help fine-tune the model for practical
deployment and improve its overall performance.

(il) The model currently uses only eye fundus images for
classification. Incorporating additional data types, such
as patient demographics, medical history, or genetic
factors, could provide a more holistic and accurate
diagnostic tool. Future research should explore the
integration of multi-modal data, which could enhance
the robustness of the model and generalize better across
different demographic groups.
As quantum computing technology advances, there is
potential for integrating quantum ML techniques to
enhance the model's computational efficiency. This
could be especially useful in handling large datasets or
complex feature sets, potentially leading to faster
training times and improved scalability. Future work
could explore how quantum ML can be leveraged to
optimize model performance.
The dataset used in this study exhibits class imbalance,
with certain eye diseases being underrepresented, which
may affect the model’s ability to generalize uniformly
across all classes. Future work can explore GAN-based
data augmentation techniques to generate synthetic
samples for minority classes and mitigate data
imbalance. In addition, external validation on
independent and multi-center datasets is required to
assess the robustness and generalizability of the
proposed model under diverse imaging conditions.

(iii)

(iv)
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Table 5. Comparison of the EyeFusionNet against DL

Networks
Model Performance Metrics
Accuracy Precision Sensitivity F1
EfficientNet-

BO 56% 60% 57% 58%
MobileNet 60% 63% 62% 62%
ShuftleNet 68% 71% 70% 71%

T2T 70% 72% 71% 71%
CaiT 76% 81% 77% 78%
EfficientNet-

BO 56% 60% 57% 58%
MobileNet 60% 63% 62% 62%
SqueezeNet 79% 83% 77% 77%

CeiT 79% 83% 81% 82%
ResNet-18 79% 83% 81% 82%
ResNet-50 79% 82% 82% 82%
ResNet-34 79% 83% 82% 82%

XceptionNet 79% 84% 82% 83%
TNT 80% 84% 82% 83%
AlexNet 81% 84% 83% 83%
DenseNet-121 82% 85% 84% 84%
DenseNet-201 83% 86% 85% 85%
DenseNet-169 83% 86% 87% 86%
EyeFusionNet 89% 88% 90% 89%
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Table 6. XAl Visualization using SHAP
Class XAI Visualisation
Disc Edema Macular Scar Diabetic Retinitis
Retinopathy Pigmentosa
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6. Conclusion

Eye disease diagnosis, particularly using colour fundus
images, is integral for the timely detection of conditions such
as DR, glaucoma, and macular degeneration. However,
manual analysis by specialists can be labour-intensive and
susceptible to inconsistencies, particularly in resource-
limited settings. To address these challenges, this work
introduces EyeFusionNet, an automated DL-based solution
for the classification of eye diseases using fundus images.
EyeFusionNet integrates the strengths of CNNs and
transformer models in a dual-fusion framework, enhancing
the extraction of high and low-level features. The proposed
system integrates DenseNet169, renowned for its capability
to extract detailed hierarchical features, with TNT, which
captures long-range relationships and high-level context
within the images. These two models operate in parallel,
extracting complementary features, which are then fused to
create a more comprehensive representation of the image.
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