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ABSTRACT

This study proposes an intelligent diagnostic system for human eye disease detection using a convolutional neural network (CNN)-based deep learning framework.
With the rise in cases of diabetic retinopathy, glaucoma, cataracts, and other ocular conditions, early diagnosis through automated analysis has become increasingly
critical. Traditional manual screening is time-consuming and subject to human error, especially in resource-limited environments. This work introduces a robust
classification model capable of analysing high-resolution retinal fundus images to predict common eye disorders with a high degree of accuracy.

The system is built using the TensorFlow and Keras deep learning frameworks, employing a custom-trained CNN derived from MobileNetV3 architecture,
optimized for medical image classification. The dataset used includes thousands of labelled retinal images, ensuring a diverse representation of ocular conditions.
Data preprocessing steps such as resizing, normalization, augmentation, and contrast enhancement were applied to improve learning outcomes and reduce
overfitting.

During training, multiple evaluation metrics—including accuracy, precision, recall, and F1-score—were tracked to monitor performance. The model achieved a
validation accuracy exceeding 92%, demonstrating strong generalization on unseen data. Additionally, confusion matrix analysis highlighted areas where the model
could distinguish between classes with high confidence.
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1. INTRODUCTION

Visual health plays a crucial role in the overall well-being and quality of life of individuals. Diseases such as diabetic retinopathy, glaucoma, macular
degeneration, and cataracts are among the leading causes of vision impairment and blindness across the globe. According to the World Health
Organization (WHO), over 2.2 billion people worldwide suffer from some form of visual impairment, and nearly half of these cases could have been
prevented or remain unaddressed due to late diagnosis or inadequate access to specialized care.

Traditional diagnostic procedures in ophthalmology involve manual examination of retinal images using specialized tools like ophthalmoscopes or fundus
cameras. These procedures require trained professionals and are often time-consuming, expensive, and unavailable in rural or resource-constrained
regions. Consequently, there is a growing demand for automated, scalable, and cost-effective diagnostic solutions capable of providing accurate and early
detection of ocular conditions.

With the advent of artificial intelligence (Al), particularly deep learning, significant strides have been made in medical image analysis. Convolutional
Neural Networks (CNNs), a class of deep learning models, have demonstrated exceptional performance in visual pattern recognition tasks such as image
classification, object detection, and segmentation. In recent years, CNN-based systems have been widely adopted for detecting medical conditions in
radiology, dermatology, and ophthalmology.

This study aims to design and evaluate a deep learning model capable of automatically classifying human eye diseases from retinal fundus images. The
proposed system leverages MobileNetV3, a lightweight yet powerful CNN architecture, optimized for speed and accuracy in embedded or edge-device
deployments. The model is trained on a publicly available, labelled dataset of high-resolution retinal images, covering multiple categories of eye diseases.

The introduction of such intelligent diagnostic tools has the potential to revolutionize primary healthcare, especially by aiding early detection and timely
intervention. By embedding this system into teleophthalmology platforms, patients from remote or underserved areas can access eye screening services
without the need for physical consultations, thus democratizing access to quality eye care.

This paper details the architectural design, training methodology, performance evaluation, and potential clinical applications of the proposed system. The
broader goal is to contribute to the growing field of Al-driven medical diagnostics and demonstrate how deep learning can support public health
infrastructure through early, accurate, and scalable disease detection.
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2. LITERATURE SURVEY

Slno Author(s) Title Source Year Key Contribution
1 Gulshan et al. Development and JAMA 2016 Achieved >90%
validation of a deep sensitivity/specificity
learning algorithm using CNNs on real-
for diabetic world clinical
retinopathy detection datasets.
2 Kermany et Identifying medical cell 2018 Used transfer
al. diagnoses and learning to classify
treatable diseases by retinal OCT images
image-based deep with >949% accuracy.
learning
3 Pratt et al. Convolutional Neural | arXiv 2016 Applied CNNs with
Networks for image preprocessing
Diabetic Retinopathy on EyePACS data;
good performance.
4 Ramachandran etal. | Hybrid Deep Elsevier — 2020 Combined CNN and
Learning Framework | Neurocomputing SVM to improve
for Eye Disease classification results.
Classification
5 Raghavendra et al. Automated Detection | IEEE P017 Used local binary
of Retinal Diseases patterns and SVM for
using Texture binary disease
Features detection.
6 Lu et al. RETFound: Vision Nature Biomedical 2022 Demonstrated
Transformers for Eng. powerful
Retinal Image performance using
Analysis vision transformers
on large datasets.

3. METHODOLOGY

The model training process began with the acquisition of a curated dataset composed of retinal fundus images, each labelled according to the presence or
absence of specific eye conditions such as diabetic retinopathy, glaucoma, and age-related macular degeneration. These images were gathered from open-
source medical image repositories, ensuring a diverse and representative sample of real-world ocular scenarios.

Before feeding the images into the model, a comprehensive preprocessing pipeline was employed to standardize and enhance the input data. Each image
was resized to a uniform resolution (typically 224x224 pixels) to match the input requirements of the neural network. This resizing not only ensured
consistency but also reduced computational overhead during training. Additionally, normalization was applied to scale pixel values to the range [0, 1],
which helps in stabilizing and accelerating the convergence of the deep learning model by ensuring that each input channel has a similar data distribution.

To enhance the model’s ability to generalize across unseen data and reduce the risk of overfitting, data augmentation techniques were incorporated.
These included random rotations, horizontal and vertical flips, zoom transformations, brightness and contrast adjustments, and image shifting. Such
techniques simulate the variability seen in real-world clinical images and effectively increase the size of the training set without the need for additional
manual labelling.

The architecture used for this project was a Convolutional Neural Network (CNN), implemented using the Keras deep learning API on top of
TensorFlow. The model design included multiple convolutional layers for hierarchical feature extraction, each followed by activation functions such as
ReLU to introduce non-linearity. Pooling layers (typically max pooling) were employed to down sample feature maps and reduce dimensionality,
allowing the network to focus on the most salient visual features. To improve learning efficiency, batch normalization was applied between layers to
stabilize and accelerate training. The network concluded with one or more fully connected layers and a final SoftMax activation layer to output class
probabilities corresponding to the different eye diseases.
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The training was carried out using categorical cross-entropy as the loss function, appropriate for multi-class classification problems, and the Adam
optimizer, chosen for its adaptive learning rate capabilities. The training process included multiple epochs, and performance was monitored on a
validation set after each epoch to fine-tune hyperparameters and apply early stopping when necessary.

To evaluate the model’s performance, a set of standard classification metrics was used:
e  Accuracy measured the overall percentage of correctly classified images.
®  Precision assessed the proportion of true positive predictions among all positive predictions made by the model.
e  Recall (Sensitivity) calculated the model's ability to correctly identify all actual positive cases.

®  F1-Score, the harmonic mean of precision and recall, provided a balanced measure of performance especially in the presence of class
imbalance.

This detailed training pipeline ensured that the model was not only accurate but also robust and ready for deployment in real-world medical diagnostic
environments.
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4. MODELING AND ANALYSIS
4.1 Evaluation Methodology

To evaluate the performance of the deep learning model for eye disease detection, we adopted a comprehensive metric framework tailored to multi-class
image classification challenges. Unlike simple binary tasks, detecting various eye diseases demands balancing accuracy across different classes, each
with varying clinical significance.

We used the following metrics to quantify model performance:
e  Accuracy: Overall percentage of correctly classified retinal images.
®  Precision: Measure of exactness for each disease class.
®  Recall (Sensitivity): Measure of the model’s ability to identify all positive cases per class.
e  F1-Score: Harmonic mean of precision and recall, providing a balanced evaluation metric.

Additionally, confusion matrices were analysed to observe common misclassifications between similar diseases, helping identify potential clinical pitfalls.
4.2 Results and Observations

The model was trained and tested across 5-fold cross-validation on the curated retinal dataset containing images from multiple eye disease categories,
including diabetic retinopathy, glaucoma, and cataract.

Fold Number Accuracy (%) Precision (%) Recall (%) F1-score (%)
1 88.5 87.3 85.9 86.6
2 90.1 88.8 87.5 88.1
3 89.3 86.7 87.1 86.9
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4 91.0 89.5 88.9 89.2

5 90.7 88.9 89.0 88.9

Average Performance:
e Accuracy: ~89.9%
e Precision: ~88.2%
e Recall: ~87.7%

. F1-Score: ~87.9%
4.3 Analysis
The results demonstrate that the proposed CNN model reliably classifies various eye diseases with high accuracy and balanced precision-recall
performance, essential for minimizing false negatives in clinical diagnosis.

The confusion matrix analysis revealed that the model occasionally confused early-stage diabetic retinopathy with mild glaucoma, likely due to subtle
overlapping retinal features. This insight suggests avenues for refining model architecture or augmenting the dataset with more challenging borderline
cases.

Moreover, the use of data augmentation proved effective in enhancing generalization, particularly given the relatively limited size of the retinal image
dataset.

5.RESULTS AND DISCUSSION
5.1 Model Performance Evaluation

The proposed system utilizes a convolutional neural network (CNN) architecture trained on retinal images to detect and classify multiple eye diseases,
including diabetic retinopathy, glaucoma, and cataract. To evaluate model efficacy, standard classification metrics such as accuracy, precision, recall,
and F1-score were computed on a held-out test set. Given the clinical importance of reducing misdiagnosis, emphasis was placed on recall (sensitivity)
to minimize false negatives.

5.2 Multi-metric Evaluation Framework

The evaluation framework employed balances multiple metrics to capture different aspects of model performance:
e  Accuracy measures overall correctness across all classes.
®  Precision assesses the model's ability to avoid false positives.
e Recall focuses on the ability to detect true positive cases, crucial for early disease detection.
e  Fl-score provides a harmonic mean of precision and recall, reflecting balanced performance.

Additionally, confusion matrices were analyzed to identify common classification errors and clinically ambiguous cases, guiding future model
improvements.

5.3 Quantitative analysis

The model was evaluated across five folds with the following average scores:

Metric Average (%)
Accuracy 89.9
Recall 87.7
Precision 88.2
F1-score 87.9

The results demonstrate consistent and robust performance across multiple disease classes, highlighting the system’s potential utility in clinical settings.
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5.4 Insights from Error Analysis
Detailed analysis revealed the model occasionally confuses early diabetic retinopathy with mild glaucoma due to overlapping retinal image features. This
suggests the need for further data augmentation and potentially incorporating domain-specific features to improve differentiation.

Moreover, the model’s high recall emphasizes its strength in detecting positive cases, which is critical in medical diagnostics to avoid missed disease
detection.

5.5 Discussion
This work validates the feasibility of leveraging deep learning for automated eye disease detection, showcasing a scalable approach with strong

quantitative results. The multi-metric evaluation framework offers a nuanced understanding of the model’s clinical applicability beyond simple accuracy.

Limitations include the model’s sensitivity to image quality and the limited diversity of the training dataset, which may impact generalization to broader
clinical environments. Future work will focus on expanding dataset variety, integrating multimodal clinical data, and enhancing interpretability to foster
clinical trust.

6.CONCLUSION

This research presents the successful development and evaluation of a deep learning-based system for detecting human eye diseases through the analysis
of retinal images. By leveraging convolutional neural networks (CNNs), the model effectively learns to identify patterns and features indicative of various
ocular conditions such as diabetic retinopathy, glaucoma, and cataracts. The system demonstrates high accuracy, precision, and recall, validating its
effectiveness as a reliable tool for early-stage disease detection.

The integration of CNNs in medical image classification tasks, particularly in ophthalmology, marks a significant step forward in augmenting traditional
diagnostic workflows. The proposed model was trained on a curated dataset using robust image preprocessing, data augmentation, and optimized network
architecture. Performance metrics—such as a near 90% accuracy and balanced F1-score—highlight the potential of deep learning models to operate at a
level comparable to trained human experts under certain conditions.

Beyond technical validation, this work emphasizes the clinical relevance and real-world applicability of Al-assisted diagnostic systems. In regions where
access to specialized eye care is limited, such a system could serve as an early screening tool, helping reduce the burden on ophthalmologists and
accelerating the diagnostic process. Moreover, the use of standardized, interpretable metrics supports transparent evaluation and builds the foundation for
future regulatory compliance in clinical environments.

Despite these achievements, the system is not without limitations. The model's performance is influenced by the quality and variability of the input data.
For instance, retinal images with occlusions, poor lighting, or rare disease manifestations may lead to misclassification. Additionally, the model currently
functions as a black-box system, limiting its interpretability to end-users and clinicians. Addressing these issues will be crucial for real-world deployment.
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