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Abstract: Diabetic retinopathy (DR) is a leading cause of blindness worldwide, and early detection is
crucial for effective treatment. This study investigates the development of a deep learning-based image
processing system for automated detection of DR. A convolutional neural network (CNN) was trained on
a dataset of retinal images to classify DR severity. This paper presents a comprehensive study of a Deep
Learning (DL)-based image processing system designed to automate the detection and grading of DR
from retinal fundus images. By leveraging convolutional neural networks (CNNs) and advanced image
preprocessing techniques, the proposed system aims to deliver accurate, scalable, and real-time
diagnostic support. We discuss the architecture, preprocessing pipeline, dataset utilization, evaluation
metrics, and potential integration into clinical workflows. Our experimental results demonstrate
promising accuracy and sensitivity, highlighting the viability of DL systems in augmenting ophthalmic
diagnostics
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Introduction

Diabetic Retinopathy is a micro vascular complication of diabetes that affects the retina, potentially
leading to irreversible blindness if not detected and treated early. Traditional screening methods rely on
ophthalmologists manually examining retinal fundus images, which can be subjective, time-consuming,
and costly in areas with limited medical resources. Recent advancements in artificial intelligence,
particularly Deep Learning, have shown tremendous potential in medical image analysis. DL techniques
can automatically learn hierarchical features from images, enabling accurate classification and anomaly
detection. This paper focuses on developing a DL-based image processing system tailored for the
detection of DR, addressing challenges such as class imbalance, image quality variability, and
interpretability.

Related work

Various computer-aided diagnostic (CAD) systems have been proposed for DR detection, ranging from
traditional machine learning models using hand-crafted features to more recent DL models. Early works
used feature extraction techniques like histogram of oriented gradients (HOG), Gabor filters, or texture
analysis, followed by classifiers such as support vector machines (SVMs). However, these approaches
lacked generalizability.
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The success of CNNs in image classification, object detection, and medical imaging has led to their
adoption in DR detection tasks. Research team developed a CNN-based model that achieved
performance comparable to ophthalmologists on the EyePACS dataset. Other works explored transfer
learning using architectures like ResNet, Inception, and EfficientNet to boost performance on limited
datasets.

Methodology
The proposed system comprises the following key stages:

¢ |mage Acquisition & Preprocessing

e Feature Extraction via CNN

e Classification of DR Severity

¢ Model Evaluation
Raw fundus images exhibit variability in illumination, resolution, and noise. We apply:

e Contrast Limited Adaptive Histogram Equalization (CLAHE)

¢ Image resizing and normalization

e Circular cropping to focus on the retina

e Augmentation (rotation, flipping, zooming) to address class imbalance
Model Architecture
We use a fine-tuned EfficientNet-B3 model, selected for its balance between accuracy and
computational efficiency. The model is pretrained on ImageNet and modified with a custom
classification head for DR severity grading (0—4 scale based on the International Clinical Diabetic
Retinopathy scale).
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Fig. EfficientNet-B3 structure: (a) EfficientNet-B3, (b) MBConv6 5 x 5

SGS Engineering & Sciences, VOL. 1 NO .2 (2025): LGPR

https://spast.org/index.php/techrep/index



https://spast.org/index.php/techrep/index

Layers include:
e Pretrained convolutional backbone
¢ Global Average Pooling
e Dropout (0.5)
e Fully connected layer with softmax activation
Dataset
We use the publicly available Kaggle EyePACS dataset, containing over 35,000 labeled retinal images.
The dataset includes images graded by ophthalmologists from 0 (no DR) to 4 (proliferative DR).
Training and Optimization
¢ Loss function: Categorical Crossentropy
e Optimizer: Adam (initial LR = 1e-4)
e Metrics: Accuracy, Precision, Recall, AUC
e Epochs: 50 with early stopping
e Batch size: 32

Experiments and Results
Performance Metrics

Metric | Value
Accuracy | 91.3%
Precision | 88.9%
Recall 89.7%
AUC 0.94

The model shows strong performance across all DR stages, particularly excelling at binary classification
(DR vs. no DR). The confusion matrix revealed some misclassifications between adjacent DR
stages (e.g., mild vs. moderate), indicating the inherent difficulty in edge cases. Fine-tuning the
decision threshold and integrating a second opinion model (e.g., ensemble learning) can help
mitigate this.

Discussions

The system demonstrates that DL can achieve near-expert level performance in DR detection. Major
advantages include Scalability for large-scale screening, Consistency in diagnosis, Reduced burden on
clinical professionals. However, challenges remain Generalizability across populations and imaging
devices, Interpretability of black-box models, Ethical concerns about reliance on Al in clinical decision-
making. Future directions include Integration of attention mechanisms for explainability, Domain
adaptation for multi-device and multi-ethnic dataset robustness, Real-time deployment on edge devices
in rural clinic

Conclusions

This paper presented a deep learning-based image processing system for automated DR detection. By
leveraging EfficientNet and effective preprocessing strategies, the system achieved high accuracy and
sensitivity on a benchmark dataset. With continued refinement and validation, such systems can be
instrumental in early DR detection, especially in resource-limited settings.
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