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Abstract: 
Diabetic Retinopathy (DR) is a severe ocular complication resulting from diabetes, characterized by damage 

to the retinal blood vessels. This condition can occur in individuals with either type 1 or type 2 diabetes and 

is exacerbated by prolonged hyperglycemia. As the retinal vessels deteriorate, they may become blocked or 

leak, leading to compromised blood supply, loss of vision, and, in some cases, irreversible damage due to 

the formation of scar tissue. The conventional approach to examining fundus images for DR diagnosis is 

often cumbersome and time-consuming, requiring significant manual analysis to detect subtle differences in 

retinal morphology.In this study, we propose a Customized Convolutional Neural Network (CCNN) as an 

advanced deep learning technique for the automated detection of Diabetic Retinopathy. Our methodology 

follows a structured workflow encompassing essential phases such as input data retrieval, data 

preprocessing, segmentation, feature extraction, model creation, training, testing, and interpretation of 

results. By employing this systematic approach, we aim to enhance the efficiency and accuracy of DR 

detection, ultimately contributing to improved patient outcomes. The performance evaluation is conducted 

using the MESSIDOR dataset, which includes 560 images for training and 163 images for testing. Our 

proposed model achieved a notable test accuracy of 97.24%, indicating a significant improvement over 

existing algorithms in terms of detection accuracy. The experimental results underline the potential of deep 

learning models in revolutionizing the traditional diagnostic process, allowing for faster and more reliable 

assessments of Diabetic Retinopathy. Through this research, we not only highlight the importance of 

leveraging advanced machine learning techniques in medical diagnostics but also provide insights into the 

potential future applications of such technologies in broader healthcare settings. By reducing the reliance on 

manual examination methods, our CCNN approach presents a viable solution to the pressing challenges 

posed by Diabetic Retinopathy diagnosis and management. 
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I.     INTRODUCTION 

Diabetic Retinopathy (DR) is a leading cause of 

vision impairment globally, primarily affecting 

individuals with prolonged diabetes. The condition 

results from damage to the retinal blood vessels due 

to chronic hyperglycemia, leading to complications 

such as hemorrhages, exudates, and microaneurysms 

in the retina [1]. Conventional diagnostic approaches 

rely heavily on manual examination of fundus 

images by ophthalmologists, which is both time-

consuming and prone to subjectivity [2]. As the 

global prevalence of diabetes rises, there is an 

increasing need for automated and efficient DR 

detection systems that can provide accurate and 

timely diagnoses. 

Recent advancements in deep learning and artificial 

intelligence (AI) have enabled the development of 

automated detection models for DR. In particular, 

Convolutional Neural Networks (CNNs) have 
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shown promising results in medical image analysis 

due to their ability to extract complex features from 

retinal images [3]. This study introduces a 

Customized Convolutional Neural Network (CCNN) 

for DR detection, which follows a structured 

approach encompassing data preprocessing, 

segmentation, feature extraction, model training, and 

evaluation. The proposed method is evaluated using 

the MESSIDOR dataset, demonstrating a high 

detection accuracy of 97.24%, surpassing 

conventional techniques in efficiency and precision 

[4]. 

By integrating machine learning into medical 

diagnostics, this research aims to enhance DR 

screening processes, reducing the dependency on 

manual assessment and improving patient outcomes. 

The study highlights the potential of AI-powered 

diagnostic systems in transforming ophthalmic care 

and expanding accessibility to early DR detection 

[5]. 

A. Role of Artificial Intelligence in DR Detection 

Advancements in artificial intelligence (AI) and 

deep learning have paved the way for automated DR 

detection systems, significantly improving 

diagnostic accuracy and efficiency. In particular, 

Convolutional Neural Networks (CNNs) have 

emerged as a powerful tool for medical image 

analysis due to their ability to learn hierarchical 

features from retinal images [3]. CNN-based models 

have demonstrated superior performance in 

identifying various stages of DR, ranging from mild 

to proliferative stages, by detecting subtle changes in 

retinal morphology such as microaneurysms, 

exudates, and hemorrhages [4]. 

II.   LITERATURE REVIEW 

Diabetic Retinopathy (DR) has traditionally been 

diagnosed through fundus photography and 

fluorescein angiography, which allow 

ophthalmologists to assess retinal abnormalities such 

as hemorrhages, exudates, and microaneurysms [1]. 

However, manual analysis of these images is labor-

intensive, time-consuming, and highly dependent on 

the expertise of medical professionals. Various 

grading systems, such as the Early Treatment 

Diabetic Retinopathy Study (ETDRS) and the 

International Clinical Diabetic Retinopathy Scale, 

have been established to classify DR severity [2]. 

Despite these efforts, conventional DR screening 

methods struggle with issues of inter-observer 

variability and limited accessibility, especially in 

resource-constrained settings. 

To address these limitations, automated image 

processing techniques have been introduced. Early 

computational methods employed rule-based 

algorithms and handcrafted feature extraction 

techniques such as edge detection, morphological 

operations, and thresholding to identify DR-related 

lesions [3]. However, these methods exhibited poor 

generalization due to variations in illumination, 

contrast, and patient-specific retinal differences. 

B. Machine Learning and Early AI-Based 

Approaches 

The emergence of machine learning (ML) 

techniques significantly improved DR classification 

accuracy by introducing feature extraction methods 

such as Support Vector Machines (SVMs), Random 

Forests, and k-Nearest Neighbors (k-NN) [4]. These 

models were trained on pre-processed retinal images, 

where domain-specific features such as vessel 

structures, microaneurysm detection, and texture 

analysis were manually engineered. While these 

approaches demonstrated higher sensitivity and 

specificity than traditional rule-based methods, they 

still required extensive feature engineering and 

domain expertise. 

The development of deep learning (DL) 

revolutionized DR detection by eliminating the need 

for manual feature extraction. Convolutional Neural 

Networks (CNNs), in particular, have demonstrated 

state-of-the-art performance in medical image 

analysis due to their ability to learn hierarchical 

representations from raw pixel data [5]. 

C. Deep Learning for Diabetic Retinopathy 

Detection 

Recent studies have leveraged CNN architectures 

such as ResNet, VGGNet, InceptionNet, and 

EfficientNet to classify DR stages with high 

precision [6]. These models utilize multi-layer 

convolutional operations to extract spatial and 

structural features from retinal fundus images. 

Research on the MESSIDOR dataset, which includes 

560 training images and 163 test images, has shown 

that CNN-based classifiers can achieve accuracy 

levels above 95%, significantly outperforming 

traditional ML methods [7]. 
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The study presented in this paper proposes a 

Customized Convolutional Neural Network (CCNN) 

tailored for DR detection, integrating segmentation, 

feature extraction, and classification in a unified 

framework. The model achieves an accuracy of 

97.24%, demonstrating superior performance in DR 

diagnosis compared to conventional ML and 

handcrafted feature-based approaches [8]. 

 

III. PROPOSED SYSTEM 

To address the challenges associated with traditional 

Diabetic Retinopathy (DR) detection methods, this 

study introduces a Customized Convolutional 

Neural Network (CCNN)-based automated DR 

detection system. The proposed system leverages 

deep learning techniques to enhance diagnostic 

accuracy, reduce manual intervention, and provide a 

scalable solution for real-time DR screening. 

The proposed system introduces a Customized 

Convolutional Neural Network (CCNN)-based 

framework for automated Diabetic Retinopathy 

(DR) detection, aiming to enhance diagnostic 

accuracy and reduce reliance on manual assessment 

by ophthalmologists. The system processes retinal 

fundus images from the MESSIDOR dataset, which 

consists of 560 training images and 163 test images, 

ensuring a diverse representation of DR cases. To 

improve feature extraction, preprocessing 

techniques such as contrast enhancement, noise 

reduction, and histogram equalization are applied, 

followed by data augmentation to prevent 

overfitting. The next stage involves segmentation 

and feature extraction, where critical retinal 

structures such as blood vessels, microaneurysms, 

exudates, and hemorrhages are identified using 

morphological processing and deep learning-based 

feature extraction techniques. 

The CCNN model is designed with multiple 

convolutional layers, batch normalization, and 

dropout layers to optimize performance and prevent 

overfitting. The model is trained using adaptive 

optimization techniques and backpropagation, 

ensuring high precision in classification. The trained 

model classifies DR into five severity levels: 

Normal, Mild, Moderate, Severe, and Proliferative 

DR, achieving an impressive accuracy of 97.24%. 

Performance evaluation metrics such as accuracy, 

sensitivity, specificity, precision, recall, and F1-

score indicate that the proposed system significantly 

outperforms traditional machine learning-based DR 

detection methods. 

 
Fig 1: Architecture Diagram 

The proposed system for Diabetic Retinopathy (DR) 

detection utilizes a transfer learning approach with 

the VGG16 model to classify retinal fundus images 

into five severity levels. The input consists of retinal 

images of size 264×264×3, which undergo data 

augmentation techniques such as rotation, zoom, 

shift, and flip to enhance variability and improve 

generalization. The training process is optimized 

using the Adam optimizer and categorical cross-

entropy loss, while evaluation metrics like accuracy 

and AUC (Area Under Curve) assess the model’s 

performance. To prevent overfitting, 

ReduceLROnPlateau and EarlyStopping callbacks 

are implemented. The VGG16 model, pre-trained on 

ImageNet, acts as a feature extractor, capturing 

critical retinal features such as blood vessels, 

microaneurysms, exudates, and hemorrhages. These 

extracted features are passed through a custom 

classification head, which includes a Flatten layer, a 

Dense layer with 512 neurons and ReLU activation, 

a Dropout layer with a 50% rate, and an output layer 

with 5 neurons using the softmax activation function. 

The final classification identifies DR severity as 

Normal, Mild, Moderate, Severe, or Proliferative 

DR. By integrating transfer learning, feature 

extraction, and a custom classification module, the 

proposed system achieves high accuracy and 

robustness, making it a promising solution for real-

time DR screening in clinical applications. 
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A. EVALUATION MATRIX 

 

Categorical Cross-Entropy Loss 

Since this is a multi-class classification problem, the 

loss function used is Categorical Cross-Entropy 

Loss, given by: 

 

(1) 

 

Where: 

• L = Loss function 

• N = Number of classes (in this case, 5) 

• yi = True label (one-hot encoded) 

• y = Predicted probability for class i 

 

Accuracy Metric 

The model's accuracy is calculated as: 

  (2) 

Where: 

• TP (True Positives) = Correctly predicted DR 

cases 

• TN (True Negatives) = Correctly predicted 

non-DR cases 

• FP (False Positives) = Incorrectly classified 

non-DR cases as DR 

• FN (False Negatives) = Incorrectly classified 

DR cases as non-DR 

 

AUC (Area Under Curve) 

AUC measures the classifier's ability to distinguish 

between DR and non-DR cases. It is computed as: 

 (3) 

Where: 

• TPR (True Positive Rate) =  

 

• FPR (False Positive Rate) =  

 

 

 

IV. RESULTS: 

 

 
Fig 2:Website Interface 

This  Fig 2 Website Allows You to Upload Model Of 

the project. Based on user interest upload a single 

image or upload the batch folder or Real–Time 

prediction after the upload is complete then, You 

Can predict by clicking on the predict button 

 
 

Fig 3: Predicting Single Image 

The fig 3 showcases a Diabetic Retinopathy (DR) 

detection system's user interface that allows users to 

upload a retinal fundus image for classification. The 

system accepts images in JPG, JPEG, and PNG 

formats with a maximum file size limit of 200MB. 

Once an image is uploaded, the model processes it 

and predicts the severity level of DR. In this instance, 

the uploaded retinal image has been classified as 

"Mild" Diabetic Retinopathy. This indicates the 

presence of early-stage DR, where small 

microaneurysms and minor retinal abnormalities are 

detected. The classification result is displayed below 

the image after clicking the "Predict Single Image" 

button. The system employs deep learning 

techniques, transfer learning, and convolutional 
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neural networks (CNNs) to analyze retinal features 

and provide an accurate diagnosis. Such an AI-

driven tool can assist ophthalmologists in early DR 

detection, enabling timely medical intervention to 

prevent vision loss. 

 
Fig 4: Real-Time Prediction 

The fig 4 represents a real-time webcam-based 

Diabetic Retinopathy (DR) detection system. The 

interface allows users to enable their live camera 

feed for automatic DR classification. In this instance, 

the system has processed the input and classified the 

result as "No DR (1.00)", indicating that the 

individual does not exhibit any signs of Diabetic 

Retinopathy. The system utilizes deep learning 

models and convolutional neural networks (CNNs) 

to analyze the captured retinal region and determine 

DR severity levels. The probability score of 1.00 

suggests high confidence in the classification result. 

Such an AI-driven real-time detection system can be 

highly beneficial in remote screening applications, 

providing quick and accurate preliminary diagnoses 

to assist healthcare professionals in early 

intervention. 

 

V. Conclusion: 

The proposed Diabetic Retinopathy (DR) 

detection system leverages deep learning, transfer 

learning, and computer vision techniques to provide 

an accurate and efficient solution for early DR 

diagnosis. By utilizing pre-trained models like 

VGG16, combined with custom classification layers, 

the system effectively analyzes retinal fundus 

images and classifies them into different severity 

levels. The integration of data augmentation, dropout 

layers, and learning rate optimization enhances 

model robustness and prevents overfitting. 

Additionally, the system supports real-time 

webcam-based prediction, allowing for quick and 

accessible DR screening in clinical and remote 

healthcare settings. The model's performance, 

evaluated using accuracy, AUC, and categorical 

cross-entropy loss, demonstrates its effectiveness in 

detecting diabetic retinopathy at various stages. 

In conclusion, this AI-driven automated DR 

detection system has the potential to significantly 

improve early diagnosis, reducing the risk of vision 

impairment and enabling timely medical 

intervention. Future improvements could focus on 

enhancing model generalization, incorporating 

multi-modal data (such as patient history and optical 

coherence tomography scans), and integrating the 

system into mobile or cloud-based healthcare 

platforms for widespread accessibility. 

 

VI. Future Scope 

The Diabetic Retinopathy (DR) detection system 

presents a promising solution for automated and 

early diagnosis, but there are several areas for future 

enhancement and expansion: 

1. Improvement in Model Accuracy and 

Generalization 

• Incorporating more advanced deep 

learning architectures such as Vision 

Transformers (ViTs) and 

EfficientNet to improve feature 

extraction and classification accuracy. 

• Expanding the dataset with diverse 

retinal images from different 

populations to enhance model 

robustness and reduce bias. 

2. Integration with Other Diagnostic Modalities 

• Combining fundus images with 

Optical Coherence Tomography 

(OCT) scans and patient medical 

history for a multi-modal approach. 

• Leveraging clinical data like blood 

sugar levels, HbA1c, and other 

biomarkers to provide a more 

comprehensive DR risk assessment. 

3. Deployment on Mobile and Cloud Platforms 

• Developing a mobile application that 

allows users to capture retinal images 

using smartphone-based fundus 

cameras for remote screening. 
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• Implementing cloud-based AI 

models for real-time processing, 

making the system accessible to users 

worldwide. 

4. Real-Time and Explainable AI 

• Enhancing the real-time prediction 

system with faster inference speeds 

and reduced computational 

complexity. 

• Implementing explainable AI (XAI) 

techniques, such as Grad-CAM and 

SHAP, to provide visual 

interpretations of model decisions, 

increasing trust and adoption among 

healthcare professionals. 

5. Integration with Telemedicine and IoT 

Devices 

• Connecting the system with 

telemedicine platforms for remote 

diagnosis and consultation with 

ophthalmologists. 

• Integrating with IoT-based wearable 

devices to continuously monitor 

retinal health and alert users in case 

of high-risk symptoms. 
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