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ABSTRACT

Diabetic Retinopathy (DR) is a major cause of vision loss all over the world, and if diagnosed early, it can be
prevented. In this paper, we propose an automated retinal image classifier using an Explainable Vision
Transformer (ViT) model to classify Diabetic Retinopathy (DR) on the APTOS 2019 retinal image dataset. It
leverages the transformer's attention mechanism to focus on clinically relevant regions in retinal fundus images,
demonstrating high interpretability and strong predictive performance. Pre-processing techniques to enhance
model generalisation include image resizing, image normalisation, and image augmentation. ViT models have
been trained to achieve about 95 per cent accuracy on the validation set for predicting five levels of DR severity.
Moreover, attention maps visually illustrate regions that significantly impact the model's decision-making process
and, in addition, provide interpretable outputs for medical experts. The proposed strategy highlights the
opportunities afforded by transformer-based architectures for medical imaging, with their high-performance
enabling safety and reliability in DR screening.

Keywords: Diabetic Retinopathy, Vision Transformer, Explainable Al, Medical Image Analysis, Deep Learning,
Attention Mechanism, Fundus Imaging.

1. Introduction

One of the most prevalent microvascular complications of diabetes is Diabetic Retinopathy
(DR), causing slow vision loss and blindness when not treated. Early screening of people with
diabetes with early intervention is still important to prevent diabetic visual loss. It is estimated
that there are several million diabetics in the world at high risk of DR, and therefore, screening
with early intervention is still vital [1]. The conventional DR detection method involves a
trained ophthalmologist examining retinal fundus images, which is cost-intensive, resource-
intensive, and labour-intensive, and may lead to inter-observer variability.

Recently, new trends of deep learning revolutionised the analysis of medical images, such as
Convolutional neural networks (CNNs) and vision transformers (ViTs). ViTs are built on a
self-attention architecture that is particularly helpful for complex visual recognition tasks,
capturing global dependencies within images. The interdependencies among all image patches
are jointly encoded in ViTs (as opposed to standard CNNs, which only extract local features),
resulting in improved feature representations that span tasks (such as DR classification).

Despite these developments, most deep learning models lack interpretability, and clinicians
therefore do not trust automated predictions. This challenge may be addressed with techniques
from explainable Al (XAI), which enable a person to visualise how different aspects of the
image influence the model's decision. This explainability can be applied to DR classification,
enabling the ophthalmologist to learn that the model is responsive to clinically relevant lesions,
such as microaneurysms, haemorrhages, and exudates.

In this paper, a novel Explainable Vision Transformer (EViT)- based DR classification
technique is proposed, which not only leverages attention-based visualisation to achieve high
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accuracy but also performs preprocessing and data augmentation to enhance interpretability for
clinicians. The explainability, coupled with automated screening, can help the system achieve
its goal of supporting early diagnosis more efficiently and boost trust in Al-assisted DR capture.

Thus, the current research paper aims to develop an explainable framework for a Vision
Transformer and its application to the detection of diabetic retinopathy using retinal fundus
images. The proposed solution will not only achieve high classification accuracy but also
provide interpretable insights into the decision-making process and support healthcare
professionals in early diagnosis and appropriate management of DR. By combining explainable
artificial intelligence methods with the Vision Transformer architecture, the model will be able
to identify key regions in retinal images that are predictive of the various stages of the disease.

2. Research Methodology

The proposed framework detects diabetic retinopathy (DR) using an Explainable Vision
Transformer (ViT). The process involves data preparation, image preprocessing, training the
model, understanding the model, and assessing its performance.

A. Dataset Preparation

This APTOS 2019 Blindness Detection dataset was used for training and testing. It consists of
retinal fundus images with five levels of DR (No DR, Mild DR, Moderate DR, Severe DR, and
Proliferative DR), resized to 224 x 224 pixels, normalised, and enhanced using the CLAHE
method. To improve the model's generalisation, data augmentation techniques were used,
including rotation, mirroring, zooming, and brightness adjustment.

B. Vision Transformer Model

The retinal images were split into 16x16 patches and converted into embedding vectors. These
embeddings were fed into a pre-trained Vision Transformer trained with multi-head self-
attention for global retinal features.

C. Model Training

The CrossEntropyLoss function was used to train the Vision Transformer with the AdamW
optimiser, a learning rate of 3 x 107%, and a batch size of 32. The model was trained for 50
epochs, with early stopping and model checkpointing to avoid overfitting.

D. Explainability

To improve interpretability, Attention Rollout and Grad-CAM were used to visualise the retinal
regions that affected the model's prediction. The visualisations enable the clinicians to see how
the model makes decisions.

E. Performance Evaluation

The accuracy, precision, recall, F1-score, and AUC were used to evaluate the proposed model.
A confusion matrix was also used to evaluate the prediction system's performance, accounting
for class-wise performance.

3. Theory and Calculation

The proposed system is based on the Vision Transformer (ViT) model, developed to detect DR
in retinal fundus images. First, the input image is divided into fixed-size patches; the patches
are represented as embeddings and then passed to a multi-head self-attention network to obtain
global retinal features. A Softmax classifier is used to classify the extracted features into 5 DR
severity levels. Attention is applied to the model to highlight regions of the retina that are
important for making predictions, thereby making the model's predictions more interpretable.
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3.1. Mathematical Expressions and Symbols
1. Number of Image Patches

N =(H x W)/P"2
N = Number of image patches
H=Image height
W= Image width
P= Patch size
2. Softmax Classifier
P, = ;z_%}
P;= Probability of class i
z;= Output score of class i
n= Number of classes (5)

3. Evaluation Metrics

TP+TN
TP+TN+FP+FNTP+TN

Accuracy =

Precision =
TP+FP

TP
Recall =
TP+FN

__ 2XPrecisionxRecall

F1

Precision+Recall

TP = True Positives
TN = True Negatives
FP = False Positives
FN = False Negatives
4. Results and Discussion

The proposed Explainable Vision Transformer (ViT) model was tested on the APTOS2019
Blindness Detection dataset, comprising five classes of diabetic retinopathy classification. The
model's validation accuracy was 95%, which is good for distinguishing between the various
stages of DR.

Accuracy, Precision, Recall, F1-score and AUC were used as the metrics for evaluating the
model. The experimental results show that the Vision Transformer effectively learned local
retinal lesions and global image features, achieving reliable classification. The attention maps
produced by the explainability module highlighted clinically relevant areas, such as
microaneurysms, haemorrhages, and exudates, adding transparency and interpretability to the
model's predictions.

The proposed ViT model offers better interpretability through attention visualisation and a
stronger global feature representation than conventional CNN-based approaches. The
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outcomes of these studies confirm the potential of the proposed framework to support
ophthalmologists in early DR screening with high accuracy and explanatory power.

5. Preparation of Figures and Tables

Class: 1 3
Class: 4 Classz0

a -

Class: 0 Class: 0

Class: 2 Class: 3

Class: 2

3 --

Figure 1: Input Image

Class: 0 Class: 2 Class: 1
] >

Table 1: Classification of Diabetic Retinopathy Based on Severity

Sno | Name of the stage Description

01 No DR No visible abnormalities in
the retina.
02 Mild NPDR Presence of microa-

aneurysms in retinal blood vessels.

03 Moderate NPDR Increased haemorrhages and

blockage of some blood vessels.

04 Severe NPDR Significant ~ blockage  of

blood vessels reduces the retinal blood supply.

05 Proliferative DR Growth of abnormal new

(PDR) blood vessels leading to the risk of vision loss.
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6. Formatting Tables

Figure 2: Output Image

Table 2: System design of explainable vision transformer for diabetic retinopathy detection

System Techniques Used [Description

Module

Data Public retina Retinal fundus images are taken in high- resolution used to train

Acquisition fundus datasets  |and evaluate them. Many stages of diabetic retinopathy are found
(EyePACS, in images that are normal, mild, moderate, severe, and proliferative
Kaggle DR) DR.

Image Image Image denoising, image enlargement, image sharpening and

Preprocessing normalisation, contrast improving, and the fundus images undergo resizing (e.g.
resizing, noise 224x224), normalisation, and CLAHE or histogram equalisation to
removal, contrast jamplify lesions (microaneurysms, haemorrhages, and exudates).
enhancement

Data Rotation, flipping, [The techniques of augmentation are used to enhance the model's

Augmentation [scaling, brightness |generalisation and minimise overfitting by augmenting the training
adjustment data.

Patch Vision Fixed-size patches (e.g. 16x16) are obtained from each input image.

Embedding Transformer Patch [The patches are flattened and projected into embedding vectors,
extraction which are fed into the transformer encoder.

Vision Multi-head self- [Transformer layers learn global features of retinal features. Multi-

Transformer |attention, head attention acquires spatial links between lesions across the

Encoder positional fundus image.
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encoding
Feature Latent feature High-level feature embeddings of pathological features, including
Representation [vector generation |microaneurysms, haemorrhages, and exudates, are generated by
the transformer encoder.
Classification [Fully connected [Features obtained are forwarded to a dense classification layer to
Layer layer+Softmax classify images by DR severity (No DR, Mild, Moderate, Severe,
Proliferative).
Explainability |Attention Explainability methods bring to light areas of images used to make
Module visualisation, predictions and to enhance the Al system's clinical understanding
Grad-CAM, and confidence.
attention rollout
Evaluation Accuracy, Standard medical image classification measures are used to
Metrics Precision, Recall, |evaluate performance in terms of reliability and diagnostic
Fl-score, AUC  performance.
Deployment  (Clinical decision [It is possible to incorporate the trained model into a screening
Interface Support system  [system that would help ophthalmologists detect and grade DR
ecarly.

6.1. Formatting Figures

Table 3: Summary of related work in DR detection

Ref. [Work Title Limitation Identified Relevance to Proposed
System
[1] |Automated DR Detection withRequires large datasetsMotivates deep learning- based
CNNs and heavy computation jon DR screening
[2] [Vision Transformer ArchitectureNeeds large-scale trainingBasis for  transformer- based
data DR model
[3] [ViT for Medical Imaging Limited interpretability inSupports explainable ViT
original models .
adaptation
[4] |Grad-CAM for Explainability |CNN-specific; notGuides attention map
directlyfor ViTs visualization for DR
[5] |[Explainable ViTs in VisionApplication to medical Provides a  framework for
Tasks . ot i explainable DR classification
images still limited
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7. Conclusions

One of the most frequent problems of diabetic people is diabetic retinopathy (DR), which leads
to impaired vision; in the early stages, vision loss can be prevented. In this study, an Automated
DR Detection and Classification Using Retinal Fundus Image-Based Explainable Vision
Transformer (ViT) framework was introduced. The proposed approach adopts the powerful
Vision Transformer model to learn visual features from images and applies explainable
artificial intelligence (XAI) to make the results comprehensible. The retinal images were
preprocessed using data augmentation, normalisation, and resizing to improve model
performance and generalisation. The APTOS 2019 Blindness Detection dataset was used to
fine-tune and categorise images into five DR intensities using a pre-trained Vision Transformer
model. In addition, a visualisation component was added to highlight which part of the retina
was affected by the model's prediction, helping the clinician understand and validate the
diagnosis. Experimental results indicated that the proposed model achieved 95% validation
accuracy, along with high performance metrics such as Precision, Recall, F1, and AUC. The
attention maps selected clinically relevant retinal features, such as exudates, haemorrhages, and
microaneurysms, thereby enhancing the transparency and reliability of the system. The Vision
Transformer learned global context and made more interpretable predictions than traditional
CNN-based approaches. The proposed framework is efficient, accurate, and explainable. It can
enable ophthalmologists to make early diagnoses, decrease screening workload and enhance
access to retinal care, especially in resource-poor environments. The integration of
transformers and explainable Al has the potential to create more trustworthy models for
medical image analysis and to improve Al-driven clinical decision-making.
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