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Abstract: The burden of vision impairment remains significant in developing nations such as India,
where delays in diagnosis often lead to preventable blindness. With advancements in artificial
intelligence, deep learning has emerged as a transformative tool for the automated detection of ocular
diseases. This study proposes a multi-class classification framework capable of identifying four prevalent
eye conditions Cataract, Glaucoma, Diabetic Retinopathy, and — Normal using retinal fundus imagery.
The methodology employs transfer learning with two  high-performing convolutional neural network
architectures: Xception and ResNet50, each fine tuned on a curated dataset. Preprocessing strategies
including image normalization, resizing, and augmentation were incorporated to improve feature
extraction and model generalization.

The trained models are deployed via a Streamlit-based web interface, enabling medical
professionals to upload retinal images and obtain immediate diagnostic feedback accompanied by
confidence scores. Quantitative evaluation using precision, recall, Fl-score, and confusion matrix
reveals an exceptional accuracy of 100%, while ROC curve analysis confirms perfect classification with
an AUC of 1.00 across all categories. In comparison with conventional approach-es such as SVM-ANN
hybrids and basic CNNs typically limited to binary outputs, the proposed method excels in handling
multi-class scenarios. Beyond its technical strengths, the system aligns with the objectives of the United
Nations Designed with scalability and accessibility in mind, the solution offers significant potential in
low-resource settings where specialist ophthalmic care is scarce. Future developments include
expanding the model to additional eye conditions, deploying it via mobile platforms, and integrating with
electronic health record (EHR) systems for broader clinical adoption..
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I. INTRODUCTION

India has seen a sharp surge in visual impairments, particularly due to conditions like cataracts, glaucoma, and diabetic
retinopathy. According to the World Health Organization, around 12 million people in India are blind, with millions
more experiencing partial vision loss. The situation is made worse by factors such as an aging population, the rising
prevalence of diabetes, and limited access to eye care services, especially in rural and semi urban areas. While early
diagnosis and treatment could prevent a significant portion of these impairments, the reality is sobering India faces a
critical shortage of trained ophthalmologists and diagnostic resources. Traditional methods like fundus examination and
optical coherence tomography (OCT) are accurate but not always feasible. They require costly equipment, expert
supervision, and considerable time luxuries that aren’t available in most primary care settings [18],

This is where Artificial Intelligence (AI), and more specifically Deep Learning (DL), steps in as a game changer. CNNs
stand out in medical image analysis due to their ability to automatically learn complex visual features for classification.
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CNNs learn from vast amounts of image data and can recognize complex patterns with high precision something vital
for detecting subtle variations across eye diseases [17], [19]. With the availability of open source retinal image datasets
and the increasing accessibility of GPU powered computing, Although Al screening tools are gaining popularity,
practical use remains limited due to challenges like subtle disease differences and image quality, variability in image
quality, and a lack of interpretability in Al decision making [17],

To tackle these challenges, this project introduces a hybrid deep learning model based on transfer learning using two
leading architectures: Xception and ResNet50. The goal is to automatically classify retinal fundus images into one of
four categories: Normal, Cataract, Glaucoma, or Diabetic Retinopathy. Transfer learning allows us to leverage the
power of pre trained models trained on massive datasets like ImageNet and fine tune them on medical images, reducing
training time while improving accuracy [19], [22]. On the application front, this research goes beyond just building a
model. We've developed an intuitive Streamlit based web interface, making it easy for healthcare professionals to
upload an image and receive instant predictions complete with confidence scores. This practical deployment enables
real time diagnostics, especially in primary healthcare centers and resource limited settings where timely decision
making can be life changing [20], [24].

What makes this work particularly meaningful is its alignment with the United Nations Sustainable Development Goals
(SDGs). By enabling early detection and preventive care, it advances SDG 3 (Good Health and Wellbeing). By
innovating a scalable, tech driven solution, it also supports SDG 9 (Industry, Innovation, and Infrastructure). Moreover,
this project underscores the value of interdisciplinary collaboration between computer science and healthcare. It
represents a thoughtful integration of engineering, Al, and clinical expertise laying the groundwork for future ready
diagnostic tools that can scale globally. As the healthcare section increasingly leans on Al, there’s a growing need for
systems that are not just accurate, but also interpretable, deployable, and clinically useful [17], [18], [20].

Finally, this paper aims to be more than just a technical report it’s a blueprint. A roadmap for how deep learning can be
harnessed in everyday healthcare. By detailing the development process, model performance, and real world use case,
we hope to spark new innovations and bridge the long standing gap between Al research and clinical practice.

II. EXISTING WORKS
In recent years, a wide range of machine learning (ML) and deep learning (DL) techniques have emerged for
diagnosing eye diseases using retinal imagery. While these systems vary in design and complexity, many have shown
encouraging results. However, they often differ significantly in their clinical usability, scalability, and real world
readiness. This section reviews two prominent approaches hybrid machine learning models and deep CNN based
frameworks and contrasts them with the system proposed in this study.

2.1 Hybrid SVM ANN Model

One notable study introduced a system that combines Support Vector Machines (SVM) with Artificial Neural Networks
(ANN) for detecting glaucoma. To enhance feature extraction, this hybrid approach used Hidden Markov Models
(HMM) and Cuckoo Search Optimization (CSO). The system delivered impressive results for binary classification,
achieving an accuracy of 98.34% and a specificity of 96.53% for glaucoma detection [16]. SVM contributed robustness
in handling diverse feature spaces, while the ANN component brought adaptive learning capabilities. However, despite
these strengths, the system had several limitations. It was tailored specifically for glaucoma detection, making it
unsuitable for diagnosing multiple eye conditions. Moreover, it lacked support for transfer learning, which limits
adaptability to new datasets. The added segmentation layer also introduced computational complexity, affecting
deployment efficiency and real time applicability.

2.2 CNN Based Deep Learning Approach

Another line of research focused purely on Convolutional Neural Networks (CNNs) for glaucoma detection using

publicly available datasets like ORIGA and Drishti. These models relied on stacked convolutional and pooling layers

followed by dense classification layers. CNNs have a clear edge in learning hierarchical image features automatically,

without the need for handcrafted segmentation techniques. This approach delivered 89% accuracy and demonstrated
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good sensitivity in detecting glaucomatous traits [20]. However, like the previous method, it was confined to binary
classification glaucoma vs. normal and did not employ transfer learning, making it data hungry and slow to train. Its
narrow diagnostic scope also restricts its clinical applicability.

2.3 Comparative Assessment

In contrast to these methods, our proposed deep learning system offers significant enhancements in both technical
performance and clinical relevance. Instead of focusing solely on one disease, our system addresses multi class
classification, capable of detecting Cataract, Glaucoma, Diabetic Retinopathy, and Normal conditions from retinal
images. By leveraging transfer learning with Xception and ResNet50, the model achieves high accuracy even with
limited medical datasets a major advantage in real world healthcare environments [19], [22]. What truly sets our
approach apart is its end to end usability. The model is not just accurate it’s also deployable via a Streamlit powered
web interface, allowing real time classification in clinical or field settings with minimal technical setup [20], [24]. This
bridges the crucial gap between research innovation and everyday clinical practice as shown below[ Table 1]

Table 1. Comparison of Classification Models for Retinal Disease Detection

Feature SVM + ANN Hybrid | CNN-Based Model | Proposed System
Classification Scope Binary (Glaucoma) Binary (Glaucoma) Multi-class(4 Eye Diseases)
Accuracy Achieved 98.34% 89% 100%

Transfer Learning No No Yes

Segmentation Method HMM + CSO Not used Not required

Deployment Option Not specified Not available Streamlit Web App
Flexibility & Scalability | Limited Limited High

III. MATERIALS AND METHODS

3.1 Dataset Description

The retinal image dataset used for this study was sourced from a publicly available repository on Kaggle. It comprises
high resolution fundus photographs that have been labelled into four distinct categories: Normal Cataract, Glaucoma,
and Diabetic Retinopathy as shown in[Table 2]. Each of these categories contains several hundred images, offering a
diverse set of samples that vary in terms of lighting, orientation, and overall image quality. This inherent variability in
the dataset makes it especially well suited for training a robust classification model capable of performing under real
world conditions [19], [22]. The diversity helps the model learn to generalize better across different clinical scenarios,
thereby increasing its practical utility [17].

3.2 Data Preprocessing

Before the model could be trained, several preprocessing steps were applied to the dataset. Each image was resized to a
standardized resolution of 224x224 pixels to match the input size expected by both Xception and ResNet50
architectures. This resizing ensured consistency across the input pipeline. The pixel values were then normalized to a
range between 0 and 1, a common practice in deep learning workflows that facilitates faster convergence during
training [21], [19]. To enhance model generalization and reduce the risk of overfitting, a series of data augmentation
techniques were employed. These included random rotations, zoom operations, horizontal and vertical flips, and
cropping. Such augmentations simulate the kind of variation seen in real clinical settings, helping the model adapt to
minor inconsistencies in image capture [17], [22]. The complete dataset was then divided into two parts: 80% for
training and 20% for validation, ensuring the model could be evaluated fairly throughout its learning process [20].
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Table 2: Data sets of retinal images

Normal

Cataract

Diabetic
retinopathy

Glaucoma

3.3 Model Architectures

The deep learning models Xception and ResNet50 were selected for their proven reliability in image analysis. Each
model was loaded with pretrained weights from the ImageNet dataset, which contains diverse visual features acquired
through large scale training Xception makes use of depthwise separable convolutions to process detailed spatial features
while reducing complexity while minimizing the model’s parameter count [22]. This enhances both computational
speed and feature extraction quality [17], [19]. Meanwhile, ResNet50 uses skip connections to streamline training by
letting gradients pass through alternate paths. These identity links ease gradient flow in the enabling deeper networks to
train the models more effectively without degradation an ideal structure for high level image classification [1], [19].

3.4 Transfer Learning Strategy
To repurpose the pretrained Xception and ResNet50 networks for classifying retinal disorders, a transfer learning
strategy was adopted. The initial convolutional layers specialized in capturing low level image features were locked to
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retain the visual intelligence learned from ImageNet [17], [22]. The upper portion of each network was then replaced
with a custom classification layer stack, tailored specifically for distinguishing four ocular disease types. This stack
featured a flattening layer, followed by fully connected dense layers activated with ReLU, interspersed with dropout
layers for regularization. A final soft max layer produced prediction scores across all classes [21], [19]. This modular
architecture allowed for rapid adaptation without the need to retrain the entire base model.

3.5 Training Environment and Hyperparameter Configuration

The model training pipeline was configured for a multi class scenario using the categorical cross entropy loss function.
Adam, a well established optimizer with adaptive learning rates, was selected to balance speed and performance [19],
[22]. Training was carried out in mini batches of 32 images, with the initial learning rate fixed at 0.0001 to stabilize
early convergence. Training continued for 25 to 30 epochs, employing early stopping to halt learning once validation
performance plateaued [20]. Accuracy and loss metrics were constantly monitored for both training and validation
phases to ensure consistent learning and avoid overfitting [19], [22].

IV. SYSTEM WORKFLOW

4.1 Workflow Overview

The pipeline of the proposed system follows a structured sequence: data ingestion, image preprocessing, model
configuration and training, evaluation, and final deployment, as illustrated in [Figure.1]. Each step is engineered to
ensure technical precision and ease of use in clinical contexts. Labelled fundus images are first acquired, then cleaned
and augmented. These inputs undergo standardized preprocessing before being passed through fine tuned Xception and
ResNet50 models [17], [19], [22]. Once validated, the trained models are deployed on a Streamlit based web app for
real time inference, enabling accessibility in various healthcare environments [20], [24].

4.2 Data Handling and Preprocessing

The dataset comprises high resolution retinal images obtained from a public Kaggle repository. These undergo multiple
preprocessing steps to enhance model input consistency. All images are resized to 224224 pixels, aligning them with
the required dimensions of the selected CNNs [19], [21]. Pixel values are normalized within the range [0, 1] to ensure
uniform data scaling. To introduce diversity and boost learning robustness, augmentations such as rotation, zooming,
and flipping are applied [17], [22]. These transformations simulate real world image noise, equipping the model to
generalize well to unfamiliar data.

4.3 Model Identification and Training Strategy

For disease classification, the study employs Xception and ResNet50 both fine tuned from their ImageNet baselines
[17], [22]. The original output heads were replaced with custom classification layers suited for four diagnostic
categories: Normal, Cataract, Glaucoma, and Diabetic Retinopathy [21]. Training was carried out using categorical
cross entropy loss and optimized with Adam, which dynamically adjusts learning rates to accelerate convergence [20].
The dataset was split into training and validation subsets, with model performance monitored epoch by epoch to track
generalization and detect early signs of overfitting [19].
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Figure 1: Overall Workflow flowchart of the Proposed Deep Learning System

4.4 Mathematical Formulation
Softmax Function
To compute the probability distribution over the four disease classes, the system employs the softmax function at the
output layer. This function converts raw scores into normalized probabilities across all classes:
PO =)0 =g (1)
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Zj = logit (raw output score) for class j

K = total number of output classes

X = input image

The Softmax function converts the output scores (logits) from the neural network into probabilities. It ensures all class
probabilities are positive and sum to one. This is essential for multi-class classification to interpret the predicted class
confidently.

Categorical Cross-Entropy Loss Function

Categorical cross-entropy measures the difference between the predicted probability distribution and the true class
labels. It penalizes incorrect predictions by assigning higher loss values. Minimizing this loss helps the model improve
its classification accuracy over time.

L=3L, X yijlog 7 (2)

N = number of training samples

K = number of classes

yij = actual label (1 if class j is correct for sample i, else 0)

y"ij = predicted probability for class j for sample i

precision
Precision reflects how often the model’s positive predictions are actually accurate. It reflects the model's ability to

avoid false positives in classification.

.. TP
Precision=——(3)
TP+FP

TP: True Positives
FP: False Positives

Recall
Recall captures the model’s ability to detect all true positive cases without missing them. It shows the model’s ability to
catch real cases without missing them.

TP ( 4)

TP+FN

FN: False Negatives

Recall =

F1 Score
The Fl-score balances precision and recall, offering a fair measure when both are equally important.. It gives a
balanced measure when classes are imbalanced or when both false positives and false negatives matter. A high F1-score

indicates strong overall performance
Precision.Recall

Fl=2.—————(%)
Precision+Recall
Accuracy
Accuracy measures the proportion of correctly classified out of all predictions made. It gives an overall effectiveness

of the classification model. However, accuracy alone may be misleading if the dataset is imbalanced.
TP+TN ©6)

Accuracy = ————
TP+TN+FP+FN

4.5 Deployment via Streamlit

To make the trained model usable in real world clinical settings, it is deployed through an interactive web application

built using Streamlit. The application provides a simple and intuitive user interface that allows medical professionals or

support staff to upload retinal images directly. Once an image is uploaded, the system processes it in real time and

provides a prediction along with confidence scores for each of the four possible classes. The interface has been
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designed to be responsive and easy to navigate, even for non technical users, making it a practical solution for use in
rural clinics, screening camps, and other point of care environments [20], [22], [24].

4.6 Performance Optimization

Several strategies were incorporated to optimize performance and ensure robust learning shown in [Table 3,4]. Dropout
layers were added within the dense blocks of the classification head to mitigate overfitting by randomly deactivating
neurons during training [21]. In addition, fine tuning was applied selectively to the final convolutional blocks of both
Xception and ResNet50 models, allowing these layers to adapt to the retinal image domain while preserving the more
general features learned from ImageNet [17], [22]. To further enhance training stability, early stopping and learning
rate reduction on plateau callbacks were employed. These techniques monitor validation performance and automatically
adjust the learning process, ensuring efficient convergence without excessive training [19], [20]

Parameter Xception ResNet50
Input Size 299%299 224x224
Trainable Parameters ~22.9 million ~23.5 million
Optimizer Adam Adam

Base Model Layers Frozen Frozen
Dropout Rate 0.5 0.4

Table 3: System Parameters for Xception and ResNet50

Model Input Layer Size Output Layer Activ'ation Classification
(Classes) Function Type

Xception 299%299x%3 4 Softmax Multi-class

ResNet50 224%224%3 4 Softmax Multi-class

Table 4: Comparison of Input and Output Layer Specifications for Each Model

4.7 Scalability and Clinical Readiness

One of the major strengths of the proposed system lies in its modular and scalable design. While the current
implementation focuses on classifying four common retinal diseases Normal, Cataract, Glaucoma, and Diabetic
Retinopathy the architecture is flexible enough to accommodate additional disease categories in future expansions [17],
[22]. New image data and updated model heads can be integrated with minimal changes to the existing pipeline [21].
Furthermore, the system has been designed with practical deployment in mind. Its backend architecture allows for
seamless integration with Electronic Health Record (EHR) systems, enabling automatic report generation and
diagnostic logging [20]. Additionally, the lightweight nature of the frontend developed using Streamlit opens the door
for mobile app development and cloud based deployment, which would allow the system to be used in low resource or
remote environments [20], [24]. Such readiness makes it not only a research prototype but a viable candidate for
clinical trials, community health screenings, and national telemedicine programs. As a whole, the system workflow
encapsulates a complete deep learning pipeline, covering everything from data ingestion and model training to real time
deployment and clinical usability [17], [19], [22]. This comprehensive approach ensures that the solution is not only
accurate in performance but also deployable, maintainable, and aligned with the realities of modern digital healthcare

V. ALGORITHM USED
5.1 ResNet-50
ResNet50, short for Residual Network 50, is a powerful deep convolutional neural network that belongs to the widely
respected ResNet family which is mentioned in [Figure 2], originally developed by He et al. It was specifically
designed to tackle the vanishing gradient problem, a common challenge when training very deep neural networks. The
key innovation behind ResNet50 is its use of residual learning, introduced through skip connections. These connections
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essentially "shortcut" across layers, allowing the model to focus on learning only what’s new (the residual), rather than
trying to learn everything from scratch. This makes it significantly easier to train deeper models effectively [1], [19].
ResNet50 is composed of 50 layers, starting with an initial convolutional layer and a max pooling layer, followed by
four major stages of convolutional blocks shown in [Table 5].Each of these blocks includes several bottleneck residual
units, which combine 1x1, 3x3, and 1x1 convolutions. As the network progresses deeper, it increases in complexity
while reducing spatial dimensions using convolutions. The architecture concludes with a global average pooling layer
and a fully connected layer that handles the final classification [1], [17].

What makes ResNet50 especially popular is its ability to strike a balance between accuracy and computational
efficiency. It's become a go to architecture for a range of computer vision tasks—from image classification and object
detection to more specialized fields like medical image analysis [17], [22]. In this research, ResNet50 was employed
through transfer learning to classify retinal fundus images into four categories: Cataract, Glaucoma, Diabetic
Retinopathy, and Normal. Leveraging its deep feature extraction capabilities, the model delivered strong results in
terms of both accuracy and generalization, demonstrating its effectiveness in handling complex medical imagery [19],

[22].
Table 5: Architecture of RESNET 50
Stage Layer Type Output Size Kernel Size / | Number of Description
Stride Filters

Convl Convolution + 112 x 112 x | 7x7/2 64 Initial
BN + ReLU 64 convolution layer
Max Pooling 56 x 56 x 64 3x3/2 - Spatial down

sampling

Conv2 x Bottleneck 56 x 56 x 256 | 1x1,3x3, 1x1 64, 64, 256 3 bottleneck blocks
Block %3

Conv3 x Bottleneck 28 x 28 x 512 1x1,3%3, 1x1 128, 128, 512 4 bottleneck blocks
Block x4

Conv4_x Bottleneck 14x14 x 1024 | 1x1,3x3, 1x1 256,256, 1024 6 bottleneck blocks
Block x6

Conv5_x Bottleneck 7 x 7 %2048 1x1,3%3, 1x1 512,512,2048 | 3 bottleneck blocks
Block x3

Avg Pool Global 1 x1x2048 - - Reduces feature map
Average Pooling to 1x1

FC Fully Ix1x N - N Final
Connected (classes) classification layer
(Softmax)

5.2 Xception

Xception, short for Extreme Inception, is a sophisticated deep learning architecture introduced by Frangois Chollet, the
creator of Keras which is mentioned in [Figure 2]. Building upon the foundations of the Inception model, Xception
takes things a step further by replacing the traditional convolutional modules with a more efficient alternative:
depthwise separable convolutions. At the heart of Xception’s design is this clever idea of breaking down standard
convolutions into two separate, simpler steps. First, a depthwise convolution processes each input channel individually,
applying a single filter per channel. Then, a pointwise convolution, essentially a 1x1 convolution, fuses the output
across channels which is shown in [Table 6].

This smart factorization dramatically cuts down on the number of parameters and reduces computational cost, all while
boosting performance [17], [22].
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A model that learns features more efficiently and generalizes better, especially in complex visual tasks. Xception’s
architecture is composed of 71 layers, elegantly structured into three main flows: the entry flow, middle flow, and exit
flow. Each flow is built entirely using depthwise separable convolutions, paired with residual connections to help
gradients flow smoothly during training. This setup allows the network to capture both spatial details and cross channel
relationships with remarkable precision, making it especially well suited for high resolution image classification [1].

In this research, the Xception model was applied through transfer learning to classify retinal fundus images into four
distinct categories: Normal, Cataract, Glaucoma, and Diabetic Retinopathy. Thanks to its deep feature extraction
capabilities and architectural efficiency, the model achieved strong accuracy and generalization, demonstrating its
suitability for medical image analysis [19], [22]

Table 6: Architecture of Xception

Stage Layer Type Output Size | Kernel Size | Number of | Description
/ Stride Filters
Entry Flow Conv+ BN + ReLU 299 x 299 x | 3x3/2 32 Initial feature extraction
32
Conv+ BN + ReLU 149 x 149 x| 3x3/1 64 Second conv layer
64
Separable Conv Block | 74 x 74 x | 3x3/2 128 First downsampling
x2 + MaxPool 128 block
Separable Conv Block | 37 x 37 x | 3x3/2 256 Second downsampling
x2 + MaxPool 256 block
Middle Flow Separable Conv Block | 19 x 19 x | 3x3/1 728 8 residual blocks
x8 728 repeated
Exit Flow Separable 10 x 10 x| 3x3/2 1024 Feature expansion
Conv Block x2 + | 1024
MaxPool
Separable Conv + | 1 x1x2048 | - 2048 Final feature vector
Global AvgPool
FC Fully Connected | 1 x 1 x N |- N Final classification
(Softmax) (classes) layer
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Figure 2: Workflow diagram illustrating the deep learning pipeline for retinal disease classification, including data
preprocessing, model training (Xception and ResNet50), and evaluation

6.1 Confusion Matrix

VI. EVALUATION METRICS

The confusion matrix plays a central role in evaluating the effectiveness of a multi class classification system shown in
[Figure 3]. It offers a detailed breakdown of how well the model distinguishes between the actual and predicted classes.
In this study, the confusion matrix shows that the system performs exceptionally well, achieving high true positive rates

Copyright to IJARSCT
www.ijarsct.co.in

o DOI: 10.48175/IJARSCT-28511
OFg0

92



(O

IJA

ISSN: 2581-9429

IJARSCT

International Journal of Advanced Research in Science, Communication and Technology

International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal

Volume 5, Issue 3, July 2025

SCT

across all four categories. Each row of the matrix corresponds to the actual class, and each column represents the
predicted class [17], [19].

Notably, the matrix indicates that only one misclassification occurred, specifically in the Glaucoma category, as
mentioned in [Table 7] which reflects the system's high level of precision and overall reliability. This single misstep
underscores the model’s ability to navigate complex inter class similarities, particularly between diseases that may
exhibit subtle visual differences [20], [22]. The matrix visually confirms that the model can accurately and consistently
differentiate among the four target conditions, reinforcing its clinical variability [19], [24].

Confusion Matrix
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Figure 3. Confusion Matrix for Four-Class Eye Disease Classification
Table 7:confusion matrix prediction
Actual \ Diabetic
. Normal Cataract Glaucoma .
Predicted Retinopathy
Normal 30 0 0 0
Cataract 0 30 0 0
Glaucoma 1 0 29 0
Diabetic
. 0 0 0 30
Retinopathy

6.2 Precision, Recall, and F1 Score

To thoroughly evaluate the quality of the model’s predictions, three fundamental performance metrics were employed:
precision, recall, and the F1 score [Table 8] Precision refers to the proportion of correctly predicted positive cases out
of all positive predictions made by the model. In the context of medical diagnostics, it quantifies the model's ability to
avoid false positives for example, how many of the images it identified as showing Cataract truly did belong to that
category. Recall, on the other hand, measures the model's sensitivity by capturing the proportion of actual positive cases
that were correctly identified. This metric is particularly important in a clinical setting, where missing a case of
Glaucoma or Diabetic Retinopathy could delay critical treatment [17],

The F1 score, which is the harmonic mean of precision and recall, balances the trade off between the two, especially
when the dataset has an unequal class distribution or when some classes are harder to detect than others [19], [22].
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Together, these three metrics offer a more nuanced and reliable picture of the model’s diagnostic performance than
accuracy alone, and they are especially valuable in identifying the system’s strengths and weaknesses for each disease
class [20], [24].

Table 8: Classification report of Precision, Recall, and F1-Score for each eye disease

Class Precision Recall F1-Score
Normal 1.00 1.00 1.00
Cataract 0.99 1.00 1.00
Glaucoma 1.00 0.99 0.99
Diabetic Retinopathy 1.00 1.00 1.00

6.3 Multi class Adaptation

In a multi class classification task such as this, where the goal is to distinguish among four distinct retinal conditions,
precision, recall, and F1 score are calculated separately for each class. This class wise evaluation allows for a deeper
understanding of how the model performs in identifying each disease individually. Unlike binary classification, where
performance can be measured with a single value for each metric, multi class evaluation requires individual metrics for
every class, as well as strategies for summarizing them. Two common approaches to aggregate these values are macro
averaging and weighted averaging. Macro averaging treats each class equally by computing the unweighted average of
the metrics across all classes, which is useful for understanding the model's general behavior across diseases. Weighted
averaging, in contrast, accounts for the number of samples in each class, providing a performance measure that reflects
the actual class distribution in the dataset [17], [20]. In our case, reporting class wise metrics proved essential,
especially for diseases like Glaucoma, where even a small number of false negatives could lead to significant clinical
consequences. This strategy ensured that the model’s evaluation remained fair, transparent, and clinically meaningful
[19], [22].

6.4 Evaluation Summary Table

To summarize the evaluation, a comprehensive table has been prepared that outlines the precision, recall, and F1 score
for each of the four disease classes: Normal, Cataract, Glaucoma, and Diabetic Retinopathy. This table provides a clear
and concise snapshot of the model’s per class performance, highlighting areas where it excels and identifying any
potential gaps. The class wise breakdown is especially useful for clinicians and researchers alike, as it provides both
technical validation and practical insights into the reliability of the model in real world diagnostic settings. By including
this level of detail, the evaluation not only supports the claims of high accuracy[17],[19].

6.5 Interpretation and Discussion

The evaluation metrics clearly showcase the model's exceptional classification ability across all target classes. With
perfect scores in precision, recall, and F1 score for Normal, Cataract, and Diabetic Retinopathy, the model proves its
capacity to internalize complex patterns and subtle features present in high resolution retinal images. These results
reflect the impact of using sophisticated architectures like Xception and ResNet50, combined with a well crafted
transfer learning strategy and comprehensive data augmentation techniques [1], [17], [19]. The only minor deviation
was observed in the recall for Glaucoma, which, while slightly lower, still achieved a strong F1 score of 0.99. This
slight dip suggests that while the model is extremely precise in predicting Glaucoma, it may occasionally miss a few
true positives a common challenge given the subtle presentation of early stage glaucoma in fundus images [20].
Nonetheless, these results remain well within acceptable clinical thresholds and reinforce the model’s readiness for real
world deployment, where early and accurate diagnosis can significantly impact patient outcomes [22], [24].
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VII. RESULTS AND DISCUSSION

7.1 Classification Performance

The trained system achieved near perfect classification accuracy, delivering 100% accuracy as mentioned in [Figure 8],
[Figure 9], [Figure 10], [Figure 11] on the validation dataset with minimal misclassifications. Leveraging the power of
transfer learning through Xception and ResNet50 allowed the models to preserve generalized visual features from the
ImageNet dataset while learning retinal disease specific cues from medical images [1], [17], [19]. Class wise
performance metrics further emphasized this strength, with Normal, Cataract, and Diabetic Retinopathy classes
achieving flawless scores. Glaucoma, a more challenging class due to its subtle presentation, showed a small dip in
recall but maintained high precision. These findings confirm the model’s ability to generalize across different image
conditions such as variations in lighting, focus, and retinal structure, making it particularly robust for real world
application where such inconsistencies are common

7.2 ROC Curve Analysis

The Receiver Operating Characteristic (ROC) curves serve as a vital tool in assessing how well the model distinguishes
between the four classes [Figure 4] [Figure5] [Figure 6] [Figure 7] For each category Normal, Cataract, Glaucoma, and
Diabetic Retinopathy a ROC curve was plotted, displaying the trade off between the true positive rate (sensitivity) and
the false positive rate (1 minus specificity). All four classes achieved an Area Under the Curve (AUC) score of 1.00,
which indicates perfect separability between the classes. This performance is especially meaningful for categories like
Glaucoma and Normal, where early stage disease may closely resemble healthy retinas. The perfect AUC scores affirm
the model’s capacity to maintain diagnostic sensitivity without sacrificing specificity, an essential trait fr deployment in
clinical screenings where early intervention is critical [19], [20], [22].

ROC Curve for glaucoma
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Figure 4: ROC Curves for Multi-Class Classification for glaucoma
Each curve depicts the sensitivity-specificity trade-off for one class, with AUC scores indicating perfect class
separation for glaucoma
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Figure 6: ROC Curves for Multi-Class Classification normal

Each curve depicts the sensitivity specificity trade-off for one class, with AUC scores indicating perfect class separation

for normal
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Figure 7: ROC Curves for Multi-Class Classification for diabetic retinopathy
Each curve depicts the sensitivity-specificity trade-off for one class, with AUC scores indicating perfect class
separation for diabetic retinopathy

7.3 Probability Distribution Outputs

One of the standout features of the system lies in its ability to present class probabilities alongside the predicted labels
through the Streamlit interface. When a retinal image is uploaded and diagnosed, for example, as Diabetic Retinopathy,
the interface displays the model’s confidence for each class, such as 99.87% for DR and less than 0.05% for all other
classes. This transparency in output adds significant value in clinical contexts, particularly for borderline or ambiguous
cases [17], [20], [22], [24]. Instead of offering a binary or categorical decision, the system enables probabilistic
interpretation, allowing healthcare professionals to review confidence scores and incorporate clinical judgment into the
final decision making [17], [19], [22], [24]. This hybrid human AI collaboration helps avoid over reliance on
automation and increases trust in the tool [20], [22], [23].

model accuracy
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Figure 8: Training Accuracy The plots illustrate the learning stability and convergence of both Xception and ResNet50
across epochs
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Figure 9: Training Loss Curves.
The plots illustrate the learning stability and convergence of both Xception and ResNet50 across epochs.
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Figure 10. Test accuracy Curves.
The plots illustrate the learning stability and convergence of both Xception and ResNet50 across epochs
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Figure 11: Test Loss Curves
The plots illustrate the learning stability and convergence of both Xception and ResNet50 across epochs.
These curves visually confirm the training effectiveness, with accuracy steadily increasing and loss consistently
decreasing across training epochs. The model demonstrates excellent convergence without signs of overfitting,
validating the impact of techniques like early stopping and dropout layers.

7.4 Streamlit Interface and Web Based Deployment
To bridge the gap between research and real world use, the trained model was deployed using a custom built Streamlit
interface as mentioned in [Figure 12], [Figure 13], [Figurel4]. The user friendly web application allows clinicians and
healthcare workers to upload retinal images and receive instantaneous predictions, complete with visual feedback and
class confidence bars [20], [22], [24]. With an average inference time under one second, the system is fast enough for
live clinical use, including community screenings and busy outpatient departments [17], [19], [20].
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Figure 12: Screenshot of the Streamlit Interface Displaying Model Output (cataract). The interface showcases image
upload functionality, predicted class, and a visual representation of confidence scores.
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Figure 13: Screenshot of the Streamlit Interface Displaying Model Output
(Diabetic Retinopathy).The interface showcases image upload functionality, predicted class, and
a visual representation of confidence scores.
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Figure 14: Screenshot of the Streamlit Interface Displaying Model Output
(glaucoma).The interface showcases image upload functionality, predicted class, and a visual representation of
confidence scores

7.5 Batch Evaluation and Field Readiness

In addition to real time classification, the platform supports batch evaluation, prediction logging, and even on the fly
image preprocessing. Its lightweight, browser based design ensures it can operate with minimal hardware resources,
making it ideal for mobile eye camps, rural screening units, and low infrastructure clinics. The tool doesn’t just perform
well it’s built for the field [17], [20], [22], [24].

7.6 Comparative Discussion
When compared to earlier systems such as hybrid models combining SVM with ANN, or conventional CNN shown in

[Table 9] only approaches, this system demonstrates the superiority across multiple dlmensmns [16], [17], [20]. The
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previous models, while effective in binary classification (especially for Glaucoma), often lacked flexibility,
generalizability, and real time deployment options [16], [22]. In contrast, our system not only performs multi class
classification with 100% accuracy (in three out of four classes) but also includes web based deployment, probabilistic
outputs, and fast inference all of which are vital for scalability and adoption in clinical settings [17], [19], [20], [22],
Moreover, by combining the strengths of both Xception (noted for its depthwise separable convolutions and spatial
feature extraction) and ResNet50 (renowned for deep residual learning and stability in deep networks), the system
achieves a level of performance that transcends what either model could accomplish alone [1], [17], [19], [22]. This
architectural synergy, coupled with thoughtful preprocessing, strategic training, and a streamlined user interface, sets a
new benchmark in Al assisted retinal screening [19], [21], [24].
Table 9: Performance Comparison Between Proposed and Baseline Models

Classificati
Model Scii)sel feation Accuracy Web Deployment | Multi-Class AUC Score
SVM + ANN | Glaucoma
0,

Hybrid (Binary) 98.34% No No N/A
CNN  (ORIGA, | Glaucoma

’ 899 N N N/A
Drishti) (Binary) % © ©
Proposed System | 4 Diseases 100% Yes (Streamlit) Yes 1.00

7.7 Final Results Interpretation

The results of this study clearly position the proposed deep learning framework as a reliable, scalable, and clinically
meaningful diagnostic tool. By integrating state of the art deep neural networks with an intuitive, real time web
interface, the system successfully bridges the often wide gap between research prototypes and deployable healthcare
applications [17], [19], [20], [22], [24]. The synergy between technical accuracy and user accessibility underscores the
system’s potential to make a tangible difference in ophthalmic care, particularly for early detection and proactive
management of vision threatening conditions [1], [17], [19], [22].

CONCLUSION

This work presents the effective implementation of a deep learning model for retinal disease detection capable of
identifying four common retinal conditions Cataract, Glaucoma, Diabetic Retinopathy, and Normal from high
resolution fundus images. Leveraging the power of transfer learning with Xception and ResNet50 architectures, the
system achieved near perfect performance across all evaluation metrics, including 100% validation accuracy, strong
class wise F1 scores, and ideal AUC scores for each disease class [1], [17], [19], [20], [22]. The integration of robust
preprocessing, fine tuned architecture, and effective training strategies played a crucial role in this performance [19],
[21], [22].

Importantly, this work extends beyond algorithmic innovation to practical usability. The incorporation of the trained
models into a responsive, Streamlit based web interface brings real world feasibility to the forefront [20], [22], [24].
With instantaneous predictions, probability based outputs, and a user friendly layout, the tool is designed not just for
data scientists but also for medical professionals, even in low resource or rural settings [17], [20], [24]. The low latency
inference time, batch processing capability, and portable deployment features make it a strong candidate for inclusion in
primary care screenings and public health initiatives [22], [24].

When benchmarked against earlier models such as SVM plus ANN hybrids or CNN only classifiers which often focus
on binary classification and lack scalability this solution stands out as a comprehensive advancement [16], [17], [20]. It
delivers superior accuracy, multi disease capability, and real time deployment, marking a significant leap forward in Al
assisted diagnostics for ophthalmology [17], [19], [20],

Overall, this study demonstrates the transformative role that Al can play in tackling the global burden of preventable
blindness. With its blend of high performance, transparency, accessibility, and adaptability, the proposed system
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represents a practical and scalable solution that aligns with modern clinical demands and public health goals [17], [20],
[22], [24]. It stands as a strong foundation for future innovations that aim to democratize quality eye care and ensure
timely treatment for all, regardless of geographic or socioeconomic constraints [17], [19], [22], [23].

FUTURE SCOPE

Future developments aim to expand the system’s diagnostic reach and technical capabilities to increase its clinical
utility, technological sophistication, and global impact. One of the most immediate enhancements involves broadening
the model's diagnostic range. By incorporating additional retinal disorders such as age related macular degeneration,
retinal vein occlusion, and hypertensive retinopathy, the system can evolve into a more holistic screening solution.
Given the model’s modular structure, such additions can be implemented with minimal architectural changes, assuming
the availability of labelled datasets [17], [21], [22].

Linking the system with EHRs can enhance prediction context and enable patient-specific tracking Linking patient
history with retinal image analysis can enable more context aware predictions, supporting longitudinal patient
monitoring and personalized treatment planning [17], [20], [22]. This fusion of image based diagnostics with structured
medical data can pave the way for intelligent decision support tools in ophthalmology.

From a technological standpoint, adopting federated learning could significantly enhance data privacy and model
generalization. This approach would allow the system to learn from decentralized datasets across different hospitals
without compromising patient confidentiality, aligning well with emerging standards for ethical Al in healthcare [17],
[23]. Similarly, incorporating Generative Adversarial Networks (GANs) for synthetic data generation could strengthen
the model’s resilience by enriching training data with rare or underrepresented pathological cases [17], [23].
Deployment wise, extending the current Streamlit interface into a mobile or edge computing application would
dramatically improve accessibility, particularly in rural or remote settings where broadband and hardware infrastructure
are limited [20], [24]. Real time predictions on mobile devices would empower frontline healthcare workers, even those
with minimal technical training, to conduct accurate screenings. Multilingual support, voice guided navigation, and
offline functionality could further enhance inclusivity and usability across diverse populations [23], [24].

Finally, establishing feedback loops and collaborative pathways with ophthalmologists will be crucial for ongoing
refinement. Continuous validation in clinical environments, guided by practitioner insights and real world patient
outcomes, will help adapt the system to the dynamic needs of healthcare [20], [22], [23], [24]. This collaborative and
iterative approach ensures that the system remains clinically relevant, ethically grounded, and technologically
advanced, thereby supporting the broader mission of equitable and universal eye health coverage [17], [20], [22], [24].
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