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Abstract

Early detection of eye diseases are essential to prevent severe vision impairment and
improve patient care. Eye diseases such as cataract, glaucoma, and diabetic retinopathy are
among the leading causes of vision loss if not diagnosed at an early stage. The goal of this
project is to use artificial intelligence to develop an automated classification system for retinal
images, which uses retinal fundus images to classify the four most common retinal diseases
(i.e., cataract, diabetic retinopathy, glaucoma, and normal). We designed an image classification
system which uses the Vision Transformer (ViT) deep learning model to classify images into
four categories: cataract, diabetic retinopathy, glaucoma, and normal. Before training occurred,
all images were pre-processed by using various methods of resizing, normalizing, and applying
data augmentations to enhance the model's performance and generalization. The performance
metrics used to evaluate the overall performance of the trained model were accuracy, precision,
recall, F1-score, confusion matrix, and ROC curve. Overall, the proposed model achieved an

average overall accuracy of 93.48% on the test dataset.

Keywords: Eye Disease Detection, Retinal Image Classification, Vision Transformer (ViT),

Deep Learning, Medical Image Analysis, Streamlit.

1. Introduction

Preventing vision loss and maintaining healthy eyes begins with early detection of eye

diseases, including cataracts, glaucoma and diabetic retinopathy which are the most three
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common causes for developing blindness. Early-stage detection and treatment of those will
lower chances for developing permanent vision issues, as well. While traditional techniques
require an ophthalmologist, who has received specialized training to manually inspect retinal
photographs. Unfortunately, it often takes a long time for the ophthalmologists to complete their

exams, making it difficult to provide care to people in need in many parts of the world.

Artificial intelligence (Al) has advanced rapidly in recent years, so automated analysis
of medical images has become an option for addressing the challenges faced by eye care
providers. In particular, deep learning models such as convolutional neural networks and
transformer models have demonstrated superior performance on complex visual data and are
capable of learning useful information from retinal images automatically. Therefore, Al-based
systems can help healthcare providers reduce the workload associated with diagnosing eye
diseases and increase the speed at which those diagnoses are made. The interpretability of

medical Al continues to be an important factor in the development of medical Al

Many systems on the market only detect a single type of eye disease and have
complicated installations, which make them less useful to consumers; also, these systems
typically have non-user-friendly interfaces, thus making them less usable by non-experts.
Therefore, there is a need for a total system that detects multiple types of eye diseases with ease
and accessibility to all users. This paper describes an artificial intelligence (AI) based
classification system that uses images of the retina taken using retinal fundus cameras to classify
common eye diseases. The system uses a Vision Transformer (ViT) model to classify the
images as cataracts, diabetic retinopathy, glaucoma, and normal. Different preprocessing
methods are applied to improve the quality of the data and the performance of the model. In
addition, a web-based user interface allows users to easily upload retinal images and receive
predictions on their level of probability (e.g., whether or not they have retinal pathology) and
the results. The proposed system offers a fast, accurate, and user-friendly way to detect the

presence of eye diseases at an early stage.

2. Literature Review

As the number of people with visual impairments continues to rise, the demand for
effective scalable diagnostic systems is increasing as well. According to the World Health
Organization, millions worldwide are affected by various types of eye disorders including
diabetic retinopathy, glaucoma and cataracts; these disorders are often preventable or treatable
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if detected at an early stage of development. The use of traditional diagnostic methodologies
relies heavily on manual contact-based assessments conducted by trained ophthalmologists.
These assessments are time-intensive to conduct, often inaccessible in regions of the globe

where trained ophthalmologists do not practice.

Recently, there has been much progress made in the use of deep learning to analyze
medical imaging data for diagnostic purposes. The two papers published by LeCun et al. and
Schmidhuber provided the basis for much of the ongoing research on neural networks and
hierarchical feature learning, as well their application in Al-based systems [2][3]. A further
important milestone occurred with the development of convolutional neural networks (CNNs)
as highlighted by AlexNet, which dramatically enhanced image classification accuracy
compared to previous methods [4]. There have also been substantial advances made with the
development of large image classification datasets (e.g., ImageNet) which have helped advance

current models and speed up research within the area of computer vision [5].

Deep learning methods have yield strong results via Medical Imaging Technologies.
Litjens et al laid the groundwork for deep learning over conventional image processing showing
that deep learning techniques are superior to previous techniques for extracting complex
features within medical images [6]. Gulshan et al created a system to identify diabetic
retinopathy and achieved the same level of accuracy for detection as a highly trained
Opthalmologist [7]. Pratt et al., similarly, have created systems that use CNN models for
classifying patient images of retinal disease and have provided successful evidence for the

detection of diseases in these patients [8].

Several researchers have focused their research efforts on Diabetic Glaucoma. For
instance, Isha et al used deep learning techniques for identifying Glaucoma and outlined the
potential for Automated Screening Systems [9]; The presence of datasets such as IDRiD has
created capabilities for building and validating models that would otherwise not have existed
[10]; the use of vessel segmentation techniques within retinal images may also assist in
increasing the ability to extract features from images in these patients, creating greater

classification ability [11].

Transformer Models created by Vaswani et al have also dramatically improved image
classification in a variety of applications, including medical imaging. The use of attention

mechanisms in transformer Models extend the ability of the model to establish relationships
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across the entire image and have provided significantly improved results for image

classification, including medical images [14].

Machine Learning and scientific computing can be performed using Scikit-learn and
SciPy which offer the basic foundation of tools to efficiently process data and analyse it
[15],[]16]. Deep Learning frameworks (i.e., PyTorch and TensorFlow) enable scalable
development and training of models [17],[9]. Grad-CAM is used to enhance the interpretability
of models by visualising which areas of an image are most important in making a prediction
[18]. Datasets that can be accessed via Kaggle are also available for training and evaluating

models for classifying retinal diseases [20].

Building upon these contributions, the proposed system develops an Al-based retinal
image classification model using a Vision Transformer architecture. The system has an web
interface so that user can upload retinal eye(s) images and then get back an analysis from a
doctor on whether user have eye diseases such as a cataract, diabetic retinopathy, or glaucoma
so that user can find out if any of these conditions are present in their early stages and get help

from the health system with treatment.

3. Problem Statement

Detecting eye diseases like cataracts, glaucoma, and diabetic retinopathy is a key step
in preventing blindness and providing prompt treatment. Currently, the most tests done by
ophthalmologists involve visually inspecting retinal fundus photographs. This process is time-
consuming and requires specialized skills, making it hard to accommodate many patients over
time. Furthermore, most of the automated testing available is either designed to detect only one
disease process or requires a complicated setup that is not user-friendly for either the general
public or healthcare providers. Thus, there needs to be a system that is both smart and easy to
use for automatically analysing retinal photographs, accurately detecting multiple diseases, and
providing an easy-to-use web browser interface for both at-home users and healthcare

professionals to assist with early diagnosis and improved eye health.
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4. Proposed Methodology
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Figure 1. System Architecture

Figure 1 is the system architecture of the Retinal Image Classification. It shows the Al-
based retinal imaging system works and the user interacts with the different parts of the system.
The first step in this process is for a user to upload a retinal image using the system’s user
interface. The user will send the image to the preprocessing stage. During preprocessing, the
image will undergo three main steps that will standardize it for the deep learning model: 1.)
resizing, 2.) normalizing, and 3.) augmenting the measures in the image. This makes sure both

the model can learn from it and the model has a better chance at being accurate and reliable.

Once the image is preprocessed, it is given to the Vision Transformer (ViT) model. The
system will first retrieve a pre-trained model file (with the file extension of. pth) that contains
learned weights from previous training sessions. The ViT model will perform two major
operations on the processed retinal image. It extracts features from the image using attention
mechanisms with respect to spatial context and will classify the retinal image based upon its
analysis of global relationships in the retinal image. This classification allows the system to

recognize complex relationships associated with multiple eye diseases.

After executing the two major functions of feature extraction and classification, the ViT
system generates a list of output probabilities for each disease class associated with the

processed retinal image. The probabilities will be associated with categories of disease such as
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cataracts, glaucoma, diabetic retinopathy, and normal. The category with the highest probability
will be used as the output prediction. The user will be able to visualize the predictions, including
related data, via a Streamlit user interface once the image classification system has completed
processing the image. The entire workflow for diagnosing any of the four diseases is fast,

automated, and user-friendly.
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Figure 2. Data Flow Diagram

Figure 2 shows flow diagram of the Retinal Image Classification. An automated retinal
image classification pipeline utilizing a deep learning approach is depicted in the diagram
below. The pipeline initiates with an input retinal image obtained from a standard fundus
camera. The image proceeds to undergo preprocessing, including resizing the image to a
specified resolution (e.g. 224 x 224 pixels), normalizing the pixel values to a common scale,
and converting the image into a tensor format compatible with the deep learning model. By
standardizing images in this fashion, the resulting dataset exhibits greater integrity and

facilitates improved performance of the classification model.

The Vision Transformer (ViT) model will classify the pre-processed image from the
preprocessing step. The ViT does not rely on local features of the image as in CNNs but instead
uses an attention mechanism to model the relationships between all of the pixels of the input
image; therefore, the ViT has a better ability to extract and represent features of the complex

retinal images than deep learning. Such features can aid in identifying subtle differences among
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retinal images resulting from ophthalmic diseases (e.g. cataracts, glaucoma, and diabetic
retinopathy). Following feature extraction, the features are forwarded to a classification layer
(often utilizing a softmax function), which maps the outputs of the ViT model to a probability
score for each of the underlying classes in the classification system. The class associated with

the highest probability then becomes the model's prediction.

The overall output of the deep-learning-based automated image classification pipeline
is an identified condition (cataracts, glaucoma, diabetic retinopathy, or no condition).
Therefore, every image can be examined quickly and accurately via an automated pipeline,
thereby eliminating the need for examination by human observer(s) and enabling healthcare

personnel to identify ophthalmic disorders at the earliest possible date.

5. Results and Discussion
5.1 Simulation Setup

The proposed system is developed using Python for building the deep learning model
and performing retinal image classification. The model is implemented using the PyTorch
framework along with the timm library, which provides the Vision Transformer architecture
used for detecting eye diseases. Image preprocessing techniques such as resizing,
normalization, and augmentation are applied using Torch vision to prepare retinal images for
model training and testing. Streamlit can create a user interface that enables users to upload
their ocular image(s) and see the prediction results. Also used with Streamlit are the libraries
NumPy, Matplotlib, Seaborn, and Scikit-learn for data analysis and performance assessment.
The combination of deep learning and web technology results in developing an efficient, user-

friendly platform for automated detection and analysis of ocular disease.

The dataset for retinal images used here is from Kaggle [20]. The dataset was divided
into two subsets for training (80% of the data) and validating (20% of the data), thus enabling
the training of the model and the performance evaluation of the model. At the pre-processing
stage, multiple pre-processing procedures were carried out to increase the level of
generalizability and robustness before passing the images to the model. Foremost, the pixel
intensity values were normalized by applying the mean and standard deviation values; this
ensures the inputs are consistent and will provide accurate representations to enable efficient

learning. The normalization process leads to stability of the training process, as it allows the
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model to converge faster than it would without normalization. Secondly, data augmentation
procedures were used to provide increased variety in the dataset and lower the probability of
overfitting. Examples of data augmentation techniques used include horizontally flipping the
image randomly, rotating the image slightly (+/- 10°), and changing the brightness of the image;
each simulates the variations seen in real life retinal images, which help generalize the
prediction probability of the model to new data. The dataset contains four classes representing
common eye conditions: cataract, diabetic retinopathy, glaucoma, and normal. Model training

was performed using a GPU environment wherever available to accelerate computations.
5.2 Model Training

The Vision Transformer (ViT—small patchl6 224) architecture was employed for

classification. Table 1 shows the simulation parameter and their values.

Table 1. Simulation Parameter Table

Parameter Value
Loss Function CrossEntropyLoss (Label Smoothing = 0.1)
Optimizer Adam
Learning Rate 0.0001
Batch Size 32
Epochs 20

?
. v
Figure 3. Homepage
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The input page allows users to upload retinal images for analysis shown in Figure 3.

The uploaded image is displayed for confirmation before processing is shown in Figure 4.
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Figure 4. Upload Page

Figure 5 shows the prediction result page displays the detected eye disease along with

the confidence score generated by the trained model.

- Q Prediction Result

Detected: Diabetic Retinopathy

Confidence: 92.45%

Disease Information

Figure 5. Prediction Page

A bar chart Figure 6, shows that each category of the predictions for eye diseases
contains probabilities with each having a very high prediction probability for one category. This

means that there is one category for which the final prediction can be made with high confidence

Journal of Soft Computing Paradigm, June 2026, Volume 8, Issue 2 151



Al-based Retinal Image Classification for Early Detection of Eye Diseases

in comparison to all other categories. A probability chart is generated to visualize the prediction
scores for each disease category. The homepage of the Al-based Retinal Eye Disease users
understands the model output clearly. Detection system presents an overview of the application

along with information about different eye diseases.

Prediction Probability

Figure 6. Probability Chart

The model setup allowed the training of the model on distinguishing characteristics
across four separate categories of illness while achieving a maximum balance between

computational efficiency and accuracy, which is reflected in Table 2.

Table 2. Training and Validation Accuracy at Different Epochs

Epoch Train Accuracy (%) Validation Accuracy (%)
1 80.29 85.48
5 95.59 88.74
9 98.11 94.22
13 98.37 93.48
18 98.81 93.78
20 98.74 94.22

At Epoch 13, the best performance from the saved model was recorded, which resulted

in a Validation Accuracy of 93.48%.
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5.3 Model Testing
The trained model evaluation resulted in a score of 93.48% on the validation dataset.
Classification Report:

Table 3. Classification Report of the Proposed Model (Precision, Recall, and F1-Score

for Each Class)
Class Precision Recall Flscore
Cataract 0.95 0.93 0.94
Diabetic Retinopathy 0.99 1 1
Glaucoma 0.89 0.91 0.9
Normal 0.91 0.89 0.9

Table 3 shows the model's classification performance for precision, recall and F1-score

for each of the disease categories.
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Figure 7. Confusion Matrix

The Confusion Matrix depicted in Figure 7 shows strong Classification performance
(Accuracy, Precision & Recall) across all Class categories. The majority of the
misclassifications observed are between Diabetic Retinopathy and Glaucoma (due to similar

retinal characteristics).
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Figure 8. ROC Curve

Figure 8 shows the ROC curves demonstrates the separation between different types of
disease categories for all five types of diseases, as indicated by the relatively high AUC values
for each of the five diseases. A test accuracy of 93.48% demonstrates that this model has the
ability to analyze and classify retinal fundus images correctly (at least) when analyzing
previously unseen examples of these types of images. The model training included the
implementation of a process to provide a wider range of training images through random
flipping and rotating to improve overall performance, as the lighting and orientation of the
images. Nevertheless, there were several misclassifications between the two classes (diabetic
retinopathy as well as glaucoma) due to their similar appearance/differences as seen via fundus
images. The application was designed with usability in mind through a Streamlit web
application interface that allows users to upload images and receive predictions and associated
confidence scores with the results. On the practicality side, a GPU was required during training
for optimal model development, this resource may not always be available in low resource
settings. Furthermore, the performance of the model may vary from the specified accuracy and
if it is evaluated with new datasets whose image quality, acquisition methods and lighting levels

differ from those of the development dataset.

The proposed system demonstrates effective performance in retinal image classification
by accurately identifying multiple eye diseases using a Vision Transformer-based approach.
This model opposed to conventional single disease identification systems, provides an
automated solution for multi-class classification. We made it easy for users to generate

predictions of retinal photographs through integration of a web interface based on Streamlit.
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While this model is highly accurate, the prediction accuracy will change with the introduction
of different datasets that have different imaging characteristics. Improvements in the future will
include the addition of numerous and more diverse data sets; optimizing for low resource
environments and deploying it through scalable cloud-based solutions to make use of this model

in real world environments.

6. Conclusion and Future Scope

This study proposes an artificial intelligence (Al)-based approach for the early
identification of common eye disorders based on retinal fundus images. The new Al-based
technique employs a Vision Transformer (ViT) model to effectively categorize fundus images
into four groups: cataract, diabetic retinopathy, glaucoma, and normal. The utilization of
various preprocessing techniques (i.e., resizing, normalization, and data augmentation)
significantly enhances the model's performance. Additionally, with an impressive classification
rate of 93.48%, the Al-based solution demonstrates its ability to reliably and automatically
detect prevalent eye diseases. Along with providing excellent predictive performance, the
creation of a simple-to-use web application via Streamilt enhances the usability of the Al-
assisted imaging system. Therefore, the new Al solution provides a scalable, cost-effective, and
accessible automated imaging solution for early detection of coursing eye disorders that can
help prevent blindness due to eye diseases. Although the current results obtained are
encouraging, the model's performance may differ based on the source of the input data used
(e.g., different dataset(s) or imaging modalities). Future research efforts will investigate how to
improve the robustness of the model through the development and/or utilization of larger and
more diverse image datasets. Furthermore, the deployment of the proposed Al solution can be
completed once a sufficient number of retinal images obtained from actual clinical practices are

available.
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