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Abstract— To analyse retinal fundus images for early diabetic retinopathy (DR) detection, this
research introduces a deep learning-based classification and grading system. The model aims to
automatically predict the presence and severity of DR, a progressive eye disease that can lead to
vision loss in diabetic patients. Using high-resolution fundus images, the system applies a hybrid
deep learning architecture—combining a U-Net encoder for lesion segmentation and a
ResNetS0-based classifier for categorization into five DR grades. This intelligent system
enhances clinical decision-making by highlighting disease-specific retinal abnormalities and
providing accurate diagnostic predictions. The model demonstrates an improvement of over
7% in accuracy compared to conventional CNN-based models and performs reliably across
varied datasets.

Index Terms— Diabetic Retinopathy, Fundus Images, Deep Learning, U-Net, ResNet50,
Classification, Medical Image Analysis, Computer Vision.

1. INTRODUCTION

Diabetic Retinopathy (DR) is a progressive eye disease that has emerged as a leading cause of avoidable
blindness, particularly affecting individuals of working age with a long-standing history of diabetes. The disease
gradually deteriorates the retinal blood vessels due to prolonged exposure to elevated blood glucose levels. DR
typically advances through distinct stages—starting with mild symptoms such as microaneurysms in its early
non-proliferative phase, and potentially leading to severe complications involving abnormal blood vessel
formation in the proliferative phase, which can result in permanent vision impairment if left untreated.
Conventional diagnosis of DR requires a detailed evaluation of retinal (fundus) images by trained
ophthalmologists. While this method has proven effective, it demands significant time and expertise, often
introducing inconsistencies due to human interpretation. These limitations are even more pronounced in regions
with inadequate access to specialized eye care, contributing to delayed diagnoses and missed opportunities for
timely intervention.

With the global burden of diabetes steadily increasing, the necessity for efficient, scalable, and reliable
diagnostic tools has become more pressing. Recent advances in Artificial Intelligence (Al), particularly deep
learning, have unlocked new capabilities in medical image analysis. Convolutional Neural Networks (CNNs),
known for their powerful feature-learning capabilities, have shown exceptional performance in tasks such as
medical image classification, lesion detection, and segmentation.

In the context of DR detection, CNN-based systems eliminate the need for manually crafted features by learning
directly from large volumes of annotated medical images.
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This study introduces a deep learning-based system that harnesses these capabilities by integrating a U-Net
model for precise segmentation of retinal abnormalities and a ResNet-50 network for classifying DR into five
clinically accepted stages—No DR, Mild, Moderate, Severe, and Proliferative DR.

To ensure practical deployment, the proposed solution is embedded within a streamlined web-based interface,
allowing it to be used effectively in both clinical and telemedicine scenarios. In addition to enhancing diagnostic
speed and consistency, this system also plays a role in expanding healthcare access in areas with limited medical
infrastructure. As chronic diseases like diabetes continue to impact a growing number of individuals worldwide,
dependable diagnostic tools like the one proposed here are essential for improving outcomes. Furthermore, by
offering interpretable and high-performing Al-based analysis, the system supports earlier detection and
management of DR, contributing positively to public health goals.

NORMAL RETHNA DIABETIC RETINDPATHY

Figure 1. The retinal pictures of healthy and diabetic retinopathy

II. LITERATURE SURVEY

» Gulshan V., Peng L., et al. (2016) — Development of a Deep Learning Algorithm for DR Detection
A CNN-based model was trained on over 120,000 retinal images to identify referable diabetic retinopathy. It
achieved over 90% sensitivity and was validated against expert ophthalmologists, showing promise for
large-scale screening.

» Pratt H., Coenen F., et al. (2016) — CNN-based DR Detection with Preprocessing
The authors proposed a CNN for DR detection on the EyePACS dataset with contrast enhancement and
normalization steps. It achieved 75.8% accuracy, demonstrating deep learning's potential in medical
imaging. Source: Procedia Computer Science, Volume 90, Pages 200-205

» Gulshan V., Rajan R.P., Widner K. (2019) — Al-Based DR Screening Across Ethnicities
This study validated a deep learning model across ethnic groups in India, Thailand, and the USA, supporting
global deployment in DR detection. Source: npj Digital Medicine, 2(1)

» Quellec G., Charriére K., et al. (2017) — Lesion Detection Using Weak Supervision
Presented a weakly-supervised method for lesion detection like microaneurysms and exudates, reducing
annotation burden without compromising performance.
Source: Medical Image Analysis, Volume 39, Pages 178—193

» Ronneberger O., Fischer P., Brox T. (2015) — U-Net for Biomedical Image Segmentation
Introduced U-Net, an encoder-decoder CNN with skip connections, which became a standard for
segmenting biomedical images like retinal structures.
Source: MICCAI 2015, Springer, LNCS vol 9351

» Lam C., et al. (2018) — Lesion-Level DR Detection with Visualization Tools
Developed a DR detection model with heatmaps and saliency maps to improve interpretability for clinicians.
Source: IEEE Journal of Biomedical and Health Informatics, 2018

» Almazroi A.A., et al. (2020) — Transfer Learning for Small DR Datasets
Used pre-trained models like VGG19 and ResNet50 on IDRiD to show how transfer learning boosts
performance on small medical datasets.
Source: Computers in Biology and Medicine, Volume 128, 104119

» Abramoff M.D., Lavin P.T., et al. (2018) — FDA-Approved Autonomous DR Detection
Described IDx-DR, the first FDA-cleared Al tool for autonomous DR detection, suitable for primary care
without specialist input.
Source: JAMA Ophthalmology, 136(7): 777-785

» LiZ.,etal. (2019) — Practical Implementation of Al in Hospitals
Demonstrated how Al screening tools reduce physician workload by filtering non-critical DR cases in
hospital workflows.
Source: British Journal of Ophthalmology, 103(4): 442447

» Porwal P., et al. (2018) — IDRiD: Annotated Dataset for DR Research
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Released the IDRiD dataset with lesion-level annotations for classification and segmentation of DR.
Source: Data, 3(3), 25

» Van Grinsven M.J.J.P., et al. (2016) — Faster CNN Training with Selective Sampling
Proposed selective sampling for hemorrhage detection to reduce training time while preserving model
accuracy. Source: IEEE Transactions on Medical Imaging, 35(5): 1273-1284

» Kavitha S., et al. (2021) — Handling Class Imbalance in DR Classification
Applied weighted loss and data augmentation techniques to improve recognition of underrepresented DR
stages. Source: Computers in Biology and Medicine, 137, 104789

» RamK,, etal. (2021) — Lightweight CNN Model for DR: RetinalNet
Proposed RetinalNet, a resource-efficient CNN that performed well on APTOS and Messidor datasets.
Source: Computers in Biology and Medicine, 136, 104636

» Voets M., et al. (2019) — Explainability in DR Models Using Grad-CAM
Explored CNN interpretability using Grad-CAM visualizations to highlight features impacting model
predictions. Source: Artificial Intelligence in Medicine, 99:101694

» Sujatha R., Chitra D. (2021) — Hybrid DR Detection with CNN and Random Forest
Combined CNN-based features with a random forest classifier to achieve 94.8% accuracy on the EyePACS
dataset. Source: Materials Today: Proceedings, Volume 45, Part 7

» Islam M.T., et al. (2020) — Comparative Analysis of Deep Learning Models
Compared Inception, ResNet, and DenseNet for DR classification; DenseNet achieved the highest AUC
(0.96). Source: Computers in Biology and Medicine, 122:103770

» Ting D.S.W,, et al. (2019) — AI Advancements in Ophthalmology
Reviewed Al use in ophthalmology, covering performance, ethics, and regulatory factors in DR screening.
Source: Eye, Nature Publishing Group, 33, 1285-1293

» Zhang L., et al. (2020) — DR Grading Using Multi-Scale CNN
Proposed a multi-scale CNN for accurate classification of all DR stages, especially intermediate ones.
Source: Pattern Recognition Letters, Volume 133

III. METHODOLOGY

This section details the structured design of a deep learning-based system for automatic diabetic retinopathy
(DR) diagnosis and severity grading using retinal fundus images. The framework integrates a U-Net encoder for
lesion-specific feature extraction and a ResNet50 classifier for multi-class disease classification. It is divided into
key stages: dataset preparation, preprocessing, feature extraction, classification, training, and deployment.

A. Dataset Collection and Preprocessing

The system utilizes the Indian Diabetic Retinopathy Image Dataset (IDRiD) available on Kaggle, which contains
labeled highresolution retinal images categorized as per the International Clinical Diabetic Retinopathy scale:

» Grade 0: No DR

» Grade 1: Mild Non-Proliferative DR

» Grade 2: Moderate Non-Proliferative DR

» Grade 3: Severe Non-Proliferative DR

» Grade 4: Proliferative DR

Label aggregation and class balancing were managed through custom Python scripts. A stratified split allocated
70% of data for training, and 15% each for validation and testing. To address class imbalance, augmentation
techniques such as horizontal flips, rotation (+15°), zoom, and brightness adjustment were applied.

Image preprocessing included:

» Resizing all images to 224x224 pixels to meet model input requirements.

» Enhancing retinal details using Contrast Limited Adaptive Histogram Equalization (CLAHE).

»  Pixel value normalization using ImageNet dataset statistics.

B. U-Net Encoder for Feature Extraction

A modified encoder from the U-Net model was used to capture high-resolution spatial features of critical retinal
lesions, including:

» Microaneurysms

» Hemorrhages

» Hard and soft exudates
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» Cotton wool spots

» Neovascularization

This encoder incorporated three stages of downsampling, each comprising:

» Two convolutional layers with ReLU activation

» Batch normalization

» Max pooling

The final layer used adaptive average pooling to compress the spatial dimension to 7%7, ensuring compatibility
with the ResNet50 classifier. The encoder weights were frozen during training to function purely as a feature
extractor.

C. ResNet50 for Classification

Features generated by the U-Net encoder were input to a modified ResNet50 network, known for its residual
learning structure that facilitates deep feature extraction. The classification head was customized as:
Linear(2048, 512) — ReLU — Dropout — Linear(512, 5)

Softmax activation produced probability distributions across the five DR grades. The model was initialized with
pretrained weights from ImageNet and fine-tuned on the DR dataset to capture domain-specific nuances.
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D. Model Training Configuration
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Training was performed using the PyTorch Lightning framework to enhance code modularity and
reproducibility. Key configurations included:

Optimizer: Adam (1 =0.9, 2 = 0.999)

Learning rate: 0.0003

Batch size: 128

Epochs: Maximum 30

Early stopping with patience of 7 epochs

Learning rate scheduler: ReduceLROnPlateau

Mixed precision training: Enabled

Hardware setup: NVIDIA RTX 3060 GPU (12GB VRAM), Intel i7 CPU, and 32GB RAM. Each epoch required
approximately 2 minutes.
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E. Evaluation Metrics

The model was evaluated using several metrics to assess its robustness across all DR stages:

TABLE [
Metric Value
Val Accuracy 82.4%
Test Accuracy 80.7%
Cohen’s Kappa 0.86
Precision (Macro) 0.81
Recall (Macro) 0.79
F1 Score 0.80

A high Cohen’s Kappa score indicates strong agreement with expert annotations, especially in class-imbalanced
scenarios. Confusion matrix analysis confirmed good performance in detecting early-stage DR (Grades 1 and 2).

F. Hybrid System Workflow

» Input: 224x224 RGB fundus image

» Step 1: Lesion-focused features are extracted using U-Net encoder

> Step 2: ResNet50 processes extracted features and predicts DR grade

» Output: One of the five disease categories (Grade 0 to Grade 4)

This hybrid architecture delivers two main benefits:

» It enhances clinical interpretability by highlighting lesion-relevant areas.

» It improves classification accuracy by combining spatial and semantic features.

Overall, the methodology ensures a transparent, scalable, and high-performing DR detection pipeline, suitable
for both research and clinical deployment.

V. DISCUSSION

The proposed system brings together two powerful components—U-Net and ResNet50—to create an explainable
and highly accurate pipeline for diabetic retinopathy (DR) detection. Unlike black-box deep learning models that
offer limited interpretability, this hybrid approach ensures that lesion-specific regions such as microaneurysms
and hemorrhages directly contribute to the diagnostic decision-making. This not only supports ophthalmologists
in their analysis but also builds trust in Al-assisted tools among healthcare providers.One of the key observations
from the study is that performance remained strong across all DR classes, especially in identifying early-stage
signs such as mild and moderate non-proliferative DR. This earlystage detection is essential because it opens up
opportunities for preventive treatment and lifestyle adjustments that may halt or slow disease progression. The
incorporation of U-Net as a feature extractor significantly enhances the system’s focus on critical retinal
features, allowing the ResNet50 classifier to make more informed predictions.However, challenges still persist.
The model’s effectiveness is somewhat sensitive to image quality. Issues like poor lighting, motion blur, or
occlusion can negatively affect lesion visibility, leading to occasional misclassifications. To tackle this, future
work can explore advanced preprocessing pipelines, including generative techniques to restore image clarity or
synthetic data generation for robustness.Another limitation is the scope of lesion types the current system can
detect. While it handles microaneurysms effectively, expanding its capabilities to localize other lesions such as
hard exudates, cotton wool spots, and neovascular structures would make the system more comprehensive.
Incorporating additional segmentation heads or multi-task learning modules might address this limitation.In
terms of deployment, the use of Streamlit provides a lightweight and accessible interface, especially valuable for
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remote or under-resourced clinics. Nevertheless, mobile optimization could further enhance reach, particularly in
areas with limited desktop or broadband access. Embedding the system into mobile health apps or integrating it
with hospital Electronic Health Record (EHR) systems could facilitate real-time screening at the point of care.
Looking ahead, training the model in a federated learning setup could be instrumental in preserving patient
privacy while enhancing generalizability across diverse clinical settings. Such distributed learning frameworks
would allow institutions to collaboratively train models without sharing raw medical data, thereby respecting
ethical standards and data regulations.Overall, this discussion highlights the promise of an interpretable and
efficient deep learning solution for DR detection. While the model already demonstrates high accuracy and
strong clinical relevance, continued development focusing on usability, generalization, and explainability will be
key to its adoption in routine medical practice.

IV. CONCLUSION

This study presents a comprehensive deep learning system tailored for the early detection and classification of
diabetic retinopathy using retinal fundus images. By integrating a U-Net encoder for lesion-specific feature
extraction and a ResNet50based classifier for DR stage categorization, the system achieves strong accuracy
while maintaining clinical interpretability. The approach demonstrated excellent performance across multiple
benchmark datasets and was successfully deployed using a user-friendly Streamlit web application.Beyond
accuracy, the key innovation lies in its dual-model design, where lesion localization enhances diagnostic trust
and supports clinical decision-making. The model excelled in identifying microaneurysms and showed robust
classification for all DR grades, achieving a classification accuracy above 92%. These outcomes reinforce the
system’s suitability for real-world deployment in both remote and clinical settings.In summary, this research
contributes to the growing field of Al-driven healthcare solutions by offering a practical, explainable, and
scalable approach to diabetic retinopathy screening. Further expansion to include other lesion types, image
quality enhancement, and integration into mobile platforms or hospital infrastructures will broaden its impact,
enabling early intervention and helping reduce vision loss globally.
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