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ABSTRACT: Diabetic Retinopathy (DR) is a major complication of diabetes that can lead to irreversible vision loss if 

not detected early. This project presents a deep learning-based system for automated detection and classification of DR 

using retinal fundus images. A pretrained ResNet-50 model is fine-tuned using transfer learning to classify images into 

five DR severity levels. Image preprocessing techniques are applied to enhance model performance, and the system is 

trained on benchmark datasets. Results demonstrate the effectiveness of convolutional neural (CNN) in improving 

diagnostic accuracy, offering a reliable tool for computer-aided DR screening 
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I. INTRODUCTION 

 

Diabetic Retinopathy (DR) is a common complication of diabetes and a leading cause of vision impairment and 

blindness worldwide. It results from damage to the blood vessels of the retina, which worsens over time if not detected 

and treated early. Early diagnosis plays a crucial role in preventing irreversible vision loss. However, manual screening 

by ophthalmologists is time-consuming, labor-intensive, and subject to human error. With the increasing prevalence of 

diabetes, there is a growing need for automated, accurate, and scalable screening systems. Deep learning, particularly 

Convolutional Neural Networks (CNNs), has shown significant promise in medical image classification. These models 

can automatically learn and extract complex features from images without manual intervention. Transfer learning 

allows pretrained CNNs to be adapted for medical tasks with limited training data. This project introduces a deep 

learning-based approach for DR detection and classification using retinal fundus images. A pretrained ResNet-50 

model is fine-tuned to classify images into five stages of DR severity. ResNet-50 is chosen for its strong performance 

in visual recognition tasks due to its deep residual architecture. Preprocessing techniques such as resizing, 

normalization, and enhancement are applied to improve model performance. The system is trained and evaluated on 

publicly available benchmark datasets of fundus images. Experimental results indicate that the proposed model 

achieves high classification accuracy. This demonstrates its effectiveness in supporting early diagnosis of DR. The 

developed system offers a reliable, efficient tool for computer-aided diagnosis, reducing the burden on clinicians and 

improving screening accessibility 

 

II. LITERATURE SURVEY 

 

[1] Zhang et al. (2025) propose a hybrid attention-based deep learning model for early detection of diabetic 

retinopathy from retinal fundus images. The authors introduce an attention-guided convolutional neural network that 

enhances lesion localization, focusing on microaneurysms and hemorrhages. They emphasize the importance of 

interpretability in medical AI and incorporate attention maps to assist clinicians in validating predictions. The paper 

also discusses performance improvements using data augmentation and ensemble techniques.Their experiments on the 

EyePACS and Messidor datasets show improved sensitivity and specificity compared to traditional CNN approaches. 
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The paper highlights that explainable AI can aid clinical adoption and trust. 

 

[2] Kumar et al. (2024) present a transfer learning approach for DR classification using lightweight CNN models 

optimized for mobile deployment.The study leverages pretrained models such as MobileNetV3 and EfficientNet-B0, 

fine-tuning them on high-resolution fundus image datasets. The authors compare performance across different 

hardware platforms, targeting low-resource environments and telemedicine.The paper demonstrates that lightweight 

models, when optimized with pruning and quantization, can achieve real-time performance without significantly 

compromising accuracy. The researchers argue that such models are suitable for deployment in rural clinics and mobile 

DR screening units 

 

[3] Ahmed and Singh (2023) examine ensemble deep learning techniques to improve diabetic retinopathy detection 

accuracy and robustness.Their approach combines multiple CNN architectures, including ResNet-50, InceptionV3, and 

DenseNet-121, into a voting-based ensemble classifier. The paper also explores various preprocessing methods such as 

CLAHE (Contrast Limited Adaptive Histogram Equalization), image normalization, and cropping of the optic disc 

region.They report that ensemble learning mitigates individual model weaknesses and performs consistently well across 

multiple DR datasets. This work demonstrates the value of model diversity in enhancing the generalizability of DR 

classification systems. 

 

[4] Li et al. (2022) focus on segmentation-based diabetic retinopathy detection using U-Net and attention 

modules.Rather than classifying entire images, the authors segment key pathological regions such as exudates, 

hemorrhages, and neovascularization. They integrate spatial attention mechanisms to refine the feature extraction 

process and improve lesion localization.The paper emphasizes that segmentation-based methods offer greater 

interpretability and may assist in treatment planning by providing pixel-level lesion information. Experiments 

conducted on IDRiD and e-ophtha datasets show that attention-guided segmentation significantly improves DR stage 

prediction accuracy. 

 

[5] Gulshan et al. (2021) present a large-scale study validating the performance of a deep learning system for DR 

detection across different ethnic and geographic populations.Using an InceptionV4-based model trained on over 

100,000 retinal images, the authors evaluate the model on diverse external datasets. The study highlights challenges in 

generalization due to variations in image acquisition, patient demographics, and disease distribution.They recommend 

rigorous validation on independent datasets before clinical deployment. Their findings support the scalability and 

reliability of deep learning systems when trained and validated on large, diverse datasets. 

 

[6] Pratt et al. (2020) develop a convolutional neural network for automatic detection of diabetic retinopathy from 

retinal fundus photographs.The study introduces a relatively shallow CNN architecture to classify DR into five severity 

levels. The authors emphasize the role of preprocessing steps, such as contrast normalization, resizing, and Gaussian 

blur filtering, in enhancing the image quality and training stability.The model is trained on the Kaggle EyePACS 

dataset, achieving over 75% accuracy. The paper demonstrates that even simpler CNN architectures can perform 

effectively with proper training and augmentation, particularly in data-rich environments. 

 

[7] Lam et al. (2019) propose a hybrid approach combining handcrafted features and deep learning for robust DR 

detection.This research explores the fusion of traditional feature extraction techniques, such as GLCM (Gray-Level Co-

occurrence Matrix) and histogram analysis, with CNN-generated features. The authors argue that combining domain 

knowledge with automated learning can boost classification accuracy, especially when dealing with imbalanced 

datasets.They test their method on the DIARETDB1 dataset and show improved specificity and sensitivity compared to 

pure CNN approaches. The study suggests that hybrid techniques offer resilience in low-data or low-quality scenarios. 

 

III. EXISTING SYSTEM 

 

Currently, diabetic retinopathy detection is primarily performed through manual examination of retinal images by 

ophthalmologists. In some digital systems, traditional machine learning models like Support Vector Machines (SVM), 

Random Forests (RF), and basic CNNs are used to classify fundus images. These models often rely on handcrafted 

features such as blood vessel segmentation, lesion detection, and texture analysis. While effective to some extent, these 

traditional systems have limitations. Manual feature extraction is time-consuming and often misses subtle patterns. 
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Moreover, many models operate offline without real-time feedback, making them unsuitable for large-scale screening. 

Data preprocessing steps are minimal, resulting in models that are sensitive to variations in image quality. 

     

IV. DE-MERITS OF EXISTING SYSTEM 

 

• Limited accuracy and generalization to unseen data due to reliance on handcrafted features. 

• Inability to handle noisy, low-quality, or variable images effectively. 

• Longer processing time due to manual examination and traditional methods. 

• Lack of real-time predictions, which delays early diagnosis and treatment. 

• Not scalable for mass screening in clinics or rural healthcare centers. 

• Poor adaptability to different imaging devices and environments. 

 

V. PROPOSED SYSTEM 

 

The system utilizes color retinal fundus images collected from publicly available datasets, such as Kaggle, which 

represent various stages of Diabetic Retinopathy (DR), including No DR, Mild, Moderate, Severe, and Proliferative 

DR. These images undergo a series of preprocessing steps including resizing, normalization, and contrast enhancement, 

applying different techniques to improve the visibility of microaneurysms, hemorrhages, and exudates. Deep learning 

models automatically extract relevant features through convolutional filters, where a pretrained ResNet-50 model is 

employed for feature extraction and fine-tuned using transfer learning to learn discriminative features specific to 

different DR stages. The system classifies the retinal fundus images into five DR severity levels by minimizing cross-

entropy loss with the Adam optimizer, and evaluates the model's performance using metrics like accuracy. Finally, the 

trained model is deployed through a web-based interface or a clinical decision support tool, allowing real-time DR 

screening by enabling image uploads, automated analysis, and displaying classification results to assist 

ophthalmologists in accurate diagnosis and timely treatment.      

 

The main objectives of our proposed system are: 

✓ To Automate Diabetic Retinopathy Detection 

✓ To Improve Classification Accuracy Using Deep Learning 

✓ To Assist Clinicians with Faster and More Reliable Diagnosis 

✓ To Reduce Diagnostic Time and Human Error 

✓  

 
 

 

FIG 1: PROPOSED SYSTEM 
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VI. METHODOLOGY 

 

 
 

Fig 2: Methodology Diagram 

 

The proposed methodology begins with retinal fundus image input, collected from publicly available benchmark 

datasets. These images serve as the foundation for training and evaluating the deep learning model for Diabetic 

Retinopathy (DR) detection.In the preprocessing stage, various techniques are applied to enhance the image quality 

and prepare the data for model input. This includes resizing images to a standard dimension (e.g., 224x224 pixels), 

ensuring compatibility with the model’s input layer. Normalization is also applied to scale pixel intensity values 

between 0 and 1, improving model convergence during training. Additionally, contrast enhancement techniques such 

as CLAHE (Contrast Limited Adaptive Histogram Equalization) are used to highlight retinal features like blood vessels 

and lesions.Following preprocessing, the data is fed into a deep learning (DL) method, where transfer learning 

using a pretrained ResNet-50 model is employed. ResNet-50, known for its residual connections, allows for effective 

learning even with a smaller dataset and accelerates training.  

 

The model is fine-tuned to learn discriminative features from the preprocessed retinal images. These features capture 

pathological signs like microaneurysms, hemorrhages, and exudates that indicate different stages of DR.After feature 

extraction, the classification phase determines the severity level of Diabetic Retinopathy. The model classifies images 

into five categories: No DR, Mild, Moderate, Severe, and Proliferative DR. The classification output is based on the 

probability scores assigned to each class during inference.This process is validated using standard evaluation metrics 

such as accuracy. The proposed pipeline ensures a scalable, automated, and reliable framework for early DR diagnosis. 

Ultimately, this system reduces the dependency on manual grading by ophthalmologists and aids in timely intervention 

to prevent vision loss 
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Fig 3: Workflow of Diabetic Retinopathy system 

 

VII. RESULTS 

 

The following chapter presents the results derived at the end of the flow 

 
 

Fig 4:  GUI Interface for User Authentication and Image Upload in Diabetic Retinopathy Detection System 

 

 
 

Detection System 
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Fig 5: Display of Prediction Result Showing Diabetic Retinopathy Classification Output as ‘Severe’ After Image 

Upload 

 

VIII. CONCLUSION AND FUTURE SCOPE 

 

The project aimed to develop a deep learning-based system for the automatic detection of Diabetic Retinopathy (DR) 

using fundus images. A user-friendly graphical interface was implemented to facilitate image upload, user 

authentication, and prediction display. The model accurately classified the severity of DR into different classes such as 

No DR, Mild, Moderate, Severe, and Proliferative. Deep learning techniques have significantly improved diagnostic 

accuracy compared to traditional manual methods. The integration of preprocessing techniques enhanced the quality of 

input images, which improved model performance. The system provides quick, reliable, and accessible screening 

support, especially in remote or underserved areas.The GUI makes it easy for medical practitioners and patients to use 

the system without requiring technical knowledge. The application demonstrates real-time detection results, helping in 

early diagnosis and timely treatment. The model was trained on a well-structured dataset and showed promising results 

in terms of accuracy and classification. Security features like login and signup ensure safe usage and user-level data 

protection. Overall, the system contributes to reducing blindness due to late-stage DR by enabling early detection. 

For future scope, the model can be enhanced with more diverse and larger datasets for better generalization. Integration 

with cloud storage and hospital databases can allow for seamless data management and retrieval. Adding explainable 

AI techniques like heatmaps could help doctors interpret the results more clearly. Real-time screening integration with 

fundus cameras can enable immediate diagnosis in clinics. Multi-disease detection can implemented to identify other 

retinal conditions like glaucoma or AMD. Finally, a mobile app version can increase accessibility for users in rural or 

low-resource settings. 
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