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Abstract— Diabetic Retinopathy (DR) is a leading cause 

of vision impairment and blindness among diabetic patients 

worldwide. Early detection and timely treatment are crucial 

to prevent severe vision loss, yet manual screening is 

laborintensive and requires expert ophthalmologists. This 

project proposes an automated deep learning system for the 

detection and classification of Diabetic Retinopathy stages 

using retinal fundus images. A pretrained ResNet50 

Convolutional Neural Network is employed with transfer 

learning, where the final classification layer is modified to 

predict multiple DR stages or blindness risk levels. The 

images are preprocessed by resizing, normalization, and 

augmentation to enhance model performance. The model is 

trained using the Adam optimizer and Cross Entropy Loss, 

with validation to prevent overfitting. For practical 

application, the trained model is deployed in real-time using 

Gradio, allowing users to upload retinal images and instantly 

receive predictions. Performance is evaluated using standard 

metrics such as accuracy, precision, recall, and F1-score, 

demonstrating reliable classification results. This system 

provides an efficient, scalable, and accurate tool for early DR 

detection, reducing dependency on manual examination and 

facilitating timely intervention in clinical settings. 
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1. Introduction 

Diabetic Retinopathy (DR) is a serious complication of 

diabetes and one of the leading causes of vision impairment 

and blindness worldwide. In fact, DR is the most frequent 

cause of 

new cases of blindness among adults aged 20–74 years. During 

the first two decades of the disease, nearly all patients with type 

1 diabetes and approximately 60% of patients with type 2 

diabetes develop retinopathy. According to the Wisconsin 

Epidemiologic Study of Diabetic Retinopathy (WESDR), 3.6% 

of younger-onset patients (type 1 diabetes) and 1.6% of 

olderonset patients (type 2 diabetes) were legally blind. Among 

the younger-onset group, 86% of blindness cases were 

attributable to diabetic retinopathy. In the older-onset group, 

where other eye diseases were common, about one-third of legal 

blindness cases were due to DR. 

 

Early detection of DR is crucial, as timely intervention can 

prevent severe vision loss and blindness. However, 

conventional screening relies heavily on manual examination by 

ophthalmologists, which is labor-intensive and timeconsuming. 

With advances in machine learning and deep learning, 

automated systems have emerged as an effective alternative. 

Convolutional Neural Networks (CNNs) have shown 

remarkable success in medical image analysis, enabling 

accurate detection and classification of retinal abnormalities. 

 

This project proposes an automated DR detection system using 

a pretrained ResNet50 CNN model with transfer learning, 

trained on retinal fundus images to classify different stages of 

DR and assess blindness risk. The model is deployed for 

realtime prediction via a Gradio interface, allowing users to 

upload retinal images and obtain instant results. By leveraging 

deep learning techniques, this system provides a fast, accurate, 

and scalable solution for early DR detection, reducing 

dependency on manual screening and supporting timely clinical 

intervention. 

 

2. Literature Survey 

Diabetic Retinopathy (DR) has been extensively studied in the 

medical imaging and machine learning communities due to its 

global impact on vision. Traditional DR detection relies on 

manual screening of retinal fundus images by 

ophthalmologists. While effective, this approach is time- 
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consuming, laborintensive, and subjective, leading to delays 

in diagnosis and treatment. 

 

With the advent of machine learning (ML) and deep learning 

(DL) techniques, automated DR detection systems have been 

developed to improve efficiency and accuracy. Early ML- 

based approaches used handcrafted features such as 

microaneurysms, hemorrhages, and exudates, combined with 

classifiers like Support Vector Machines (SVMs) and 

Random Forests. While these methods achieved moderate 

success, they were limited by feature extraction quality and 

required domain expertise. 

 

The introduction of Convolutional Neural Networks (CNNs) 

revolutionized DR detection. CNNs automatically learn 

hierarchical features directly from retinal images, 

outperforming traditional ML methods. Several studies have 

employed pretrained models such as VGG16, ResNet50, 

InceptionV3, and DenseNet, leveraging transfer learning to 

address the scarcity of labeled medical images. For instance, 

research has shown that ResNet50, when fine-tuned on retinal 

datasets, achieves high accuracy in classifying DR stages, 

including mild, moderate, severe, and proliferative DR. 

 

Recent work has focused on real-time and user-friendly 

deployment of DR detection models. Interfaces using Gradio 

or Streamlit allow clinicians and patients to upload retinal 

images and receive instant predictions. Performance 

evaluation typically involves metrics such as accuracy, 

precision, recall, F1-score, and Area Under the Curve (AUC) 

to validate classification effectiveness. 

 

Despite advancements, challenges remain in DR detection, 

including imbalanced datasets, variability in image quality, 

and distinguishing subtle early-stage features. Ongoing 

research emphasizes data augmentation, ensemble models, 

and explainable AI to enhance model robustness and 

interpretability, aiming for broader clinical adoption. 

 

3. METHODOLOGY 

The proposed work focuses on developing an automated deep 

learning–based system for the detection and classification of 

Diabetic Retinopathy (DR) using retinal fundus images. The 

methodology is designed to ensure high accuracy, robustness, 

and real-time usability. The overall workflow of the system 

consists of dataset preparation, image preprocessing, model 

development using transfer learning with ResNet50, training 

and optimization, performance evaluation, and deployment 

through a user-friendly interface. 

 

3.1 Dataset Description 

The dataset used in this study comprises retinal fundus 

images categorized into different stages of Diabetic 

Retinopathy. Each image is labeled according to disease 

severity, such as No DR, Mild, Moderate, Severe, and 

Proliferative DR. The dataset is divided into three subsets: 

training, validation, and testing. The 

training set is used to learn the model parameters, the validation 

set is utilized to tune hyperparameters and monitor overfitting, 

and the testing set is used to evaluate the final performance of 

the model. Care is taken to maintain an appropriate distribution 

of classes to avoid bias during training. 

 

 

 

3.2 Image Preprocessing 

Fundus images collected from different sources often exhibit 

variations in illumination, contrast, and resolution. To 

standardize the input and improve model performance, several 

preprocessing steps are applied. 

 

3.2.1 Image Resizing 

All retinal images are resized to 224 × 224 pixels to match the 

input size required by the ResNet50 architecture. This ensures 

uniformity across the dataset and reduces computational 

complexity while preserving important retinal features. 

 

3.2.2 Normalization 

Pixel intensity values are normalized using the ImageNet mean 

and standard deviation. Normalization helps stabilize the 

training process, accelerates convergence, and improves the 

generalization capability of the model. 

 

3.2.3 Data Augmentation 

To address the problem of limited medical data and reduce 

overfitting, data augmentation techniques are applied during 

training. The augmentation operations include random 

horizontal and vertical flipping, random rotation, zooming, and 

brightness adjustment. These transformations simulate 

realworld variations in retinal imaging conditions and enhance 

the robustness of the model. 

 

3.3 Proposed Deep Learning Model 

In this work, a pretrained ResNet50 Convolutional Neural 

Network is used as the backbone model. ResNet50 is chosen due 

to its deep architecture and residual learning capability, which 

helps overcome the vanishing gradient problem commonly 

observed in deep networks. 

Instead of training the model from scratch, transfer learning is 

employed to leverage knowledge learned from large-scale 

datasets. This approach significantly reduces training time and 

improves performance, especially when the available medical 

dataset is limited. 

 

3.4 Transfer Learning Approach 

The transfer learning process involves initializing the ResNet50 

model with pretrained ImageNet weights. The early 

convolutional layers, which capture low-level features such as 

edges and textures, are frozen to preserve previously learned 

representations. The final classification layer of the network is 

replaced with a custom fully connected layer corresponding to 

the number of DR classes. 

Further fine-tuning is performed on the deeper layers of the 

network to adapt the model to retinal image characteristics. This 
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hybrid strategy enables efficient feature extraction 

while maintaining domain-specific learning. 

 

3.5 Model Training 

The modified ResNet50 model is trained using supervised 

learning. 

Loss Function: 

The Cross Entropy Loss function is used for multi-class 

classification. It quantifies the difference between predicted 

class probabilities and true labels. 

Optimizer: 

The Adam optimizer is employed due to its adaptive learning 

rate and fast convergence properties. An appropriate learning 

rate (e.g., 0.0001) is selected experimentally. 

Batch Size and Epochs: 

Training is performed using mini-batch gradient descent. The 

batch size is selected based on available computational 

resources. The model is trained for multiple epochs until the 

validation loss converges. 

 

Overfitting Control: 

To prevent overfitting, the following techniques

 are incorporated: 

• Data augmentation 

• Dropout regularization (if applied) 

• Validation monitoring 

• Early stopping (optional) 

 

3.6 Performance Evaluation 

The performance of the proposed model is evaluated using 

standard classification metrics to ensure reliability in medical 

diagnosis. 

• Accuracy: Measures overall correctness

 of predictions. 

• Precision: Indicates the proportion of correctly predicted 

positive cases. 

• Recall (Sensitivity): Measures the ability to detect actual 

positive cases. 

• F1-Score: Harmonic mean of precision and recall. These 

metrics provide a comprehensive assessment of the model’s 

classification capability. 

 

3.7 Deployment Using Gradio 

To demonstrate real-time applicability, the trained model is 

deployed using the Gradio framework. Gradio provides a 

lightweight web interface that allows users to interact with 

the model easily. 

In the deployed system, the user uploads a retinal fundus 

image through the interface. The image is automatically 

preprocessed and passed to the trained ResNet50 model for 

inference. The predicted Diabetic Retinopathy stage is then 

displayed instantly. This deployment makes the system 

suitable for telemedicine applications and assists healthcare 

professionals in rapid screening. 

3.8 System Workflow 

The complete workflow of the proposed system is summarized 

as follows: 

• Acquisition of retinal fundus image 

• Image preprocessing and augmentation 

• Feature extraction using pretrained ResNet50 

• Classification into DR severity stages 

• Performance evaluation using standard metrics 

• Real-time prediction through Gradio interface 

4. Implementation 

4.1 Development Environment 

The proposed automated Diabetic Retinopathy detection system 

was implemented using a deep learning pipeline developed in 

Python. The primary objective of the implementation phase was 

to convert the conceptual framework into a robust, reproducible, 

and clinically usable system. Python 3.x was used as the core 

programming language due to its extensive ecosystem for 

machine learning and medical image analysis. The PyTorch 

deep learning framework was selected for model development 

because of its dynamic computation graph, flexibility in 

customization, and strong support for transfer learning 

workflows. 

 

Supporting libraries such as NumPy and Pandas were used for 

numerical operations and data handling, while OpenCV and PIL 

were utilized for image preprocessing tasks. Matplotlib and 

Seaborn were employed to visualize training and validation 

performance. For deployment, the Gradio framework was 

chosen because it enables rapid development of lightweight web 

interfaces without requiring complex frontend programming. 

The experiments were conducted on a system equipped with an 

Intel i5/i7 processor, a minimum of 8 GB RAM, and optional 

NVIDIA GPU acceleration to speed up model training. 

 

4.2 Dataset Organization and Preparation The retinal fundus 

dataset was organized into class-wise directories corresponding 

to the severity stages of Diabetic Retinopathy. Prior to training, 

the dataset underwent a cleaning process in which corrupted, 

blurred, or low-quality images were removed to maintain data 

reliability. Proper labeling was verified to ensure correctness of 

ground truth annotations. 

 

The dataset was divided into training, validation, and testing 

subsets. The training set was used for learning model 

parameters, the validation set for hyperparameter tuning and 

overfitting detection, and the testing set for final unbiased 

evaluation. Stratified splitting was preferred to maintain a 

balanced class distribution across all subsets. PyTorch data 

loaders were then created to enable efficient batch-wise loading 

and shuffling of images during training. 
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4.3 Image Preprocessing Pipeline 

A comprehensive preprocessing pipeline was implemented to 

standardize retinal images before feeding them into the neural 

network. Since fundus images vary in resolution, 

illumination, and contrast depending on acquisition devices, 

all images were resized to 224 × 224 pixels to match the 

input requirements of the ResNet50 architecture. This resizing 

step also helped reduce computational overhead while 

preserving critical retinal features. 

 

The resized images were converted into tensor format and 

normalized using ImageNet mean and standard deviation 

values. Normalization stabilized gradient updates and 

improved convergence speed during training. To enhance 

model generalization and reduce overfitting, online data 

augmentation techniques were applied during the training 

phase. These included random horizontal and vertical 

flipping, random rotation, zoom transformations, and 

brightness adjustments. 

Augmentation effectively simulated real-world variability in 

retinal imaging conditions and improved the robustness of the 

trained model. 

 

4.4 Model Construction Using Transfer Learning The core 

classification engine of the system is based on the pretrained 

ResNet50 architecture. Transfer learning was employed to 

leverage the rich hierarchical features learned from large-

scale natural image datasets. During implementation, the 

early convolutional layers of ResNet50 were frozen so that 

lowlevel feature representations such as edges, textures, and 

color gradients could be preserved. 

 

The original fully connected layer of ResNet50 was replaced 

with a custom classification head tailored to the number of 

Diabetic Retinopathy classes. In certain configurations, a 

dropout layer was introduced before the final Softmax layer 

to improve regularization and reduce overfitting. The 

modified network was then transferred to GPU memory when 

available to accelerate the training process. 

 

4.5 Training Strategy 

 

The model was trained using supervised learning with 

CrossEntropyLoss as the objective function, which is well 

suited for multi-class medical image classification. The 

Adam optimizer was selected because of its adaptive learning 

rate mechanism and efficient convergence behavior. An 

initial learning rate of 0.0001 was used and tuned 

experimentally when necessary. 

 

Training was performed using mini-batch gradient descent 

for multiple epochs until the validation loss demonstrated 

stable convergence. Throughout training, both training and 

validation losses were continuously monitored. Model 

checkpoints were saved periodically, and the best-performing 

model was selected based on validation accuracy. This 

approach ensured that the final model generalized well to 

unseen data. 

4.6 Overfitting Mitigation 

To ensure strong generalization performance, multiple 

overfitting control techniques were incorporated. Data 

augmentation served as the primary regularization mechanism 

by increasing effective dataset diversity. Validation monitoring 

helped detect early signs of overfitting by comparing training 

and validation loss trends. In addition, dropout regularization 

was optionally used within the classification head. Early 

stopping criteria could also be applied to halt training when 

validation performance stopped improving. These combined 

strategies improved the robustness of the final model. 

 

4.7 Model Evaluation 

After completion of training, the model was evaluated on the 

independent test dataset. Performance was assessed using 

clinically relevant metrics including accuracy, precision, recall 

(sensitivity), and F1-score. These metrics provide a 

comprehensive evaluation of classification reliability, which is 

critical in medical screening applications. 

 

In addition to scalar metrics, confusion matrix analysis was 

performed in some experiments to examine class-wise 

prediction behavior and identify potential misclassification 

patterns. The evaluation results demonstrated that the proposed 

system is capable of effectively distinguishing between different 

stages of Diabetic Retinopathy. 

 

4.8 Real-Time Inference Module 

A dedicated inference pipeline was implemented to enable 

realtime prediction. The trained model weights were loaded into 

an inference script that accepts a retinal fundus image as input. 

The input image undergoes the same preprocessing steps used 

during training to maintain consistency. After preprocessing, a 

forward pass is performed through the network, and the 

predicted DR stage along with its confidence probability is 

generated. 

 

Maintaining identical preprocessing between training and 

inference was critical to ensure stable and reliable predictions in 

real-world usage. 

 

4.9 Gradio-Based Deployment 

To enhance practical usability, the trained model was deployed 

using the Gradio framework. A user-friendly web interface was 

designed to allow users to upload retinal fundus images directly 

through a browser. Once an image is uploaded, the backend 

automatically preprocesses the image, performs model 

inference, and displays the predicted Diabetic Retinopathy stage 

in real time. 

 

The Gradio deployment demonstrated low latency, ease of use, 

and platform independence. This makes the system particularly 

suitable for telemedicine applications, rural screening programs, 

and preliminary clinical decision support. 



                                  International Scientific Journal of Engineering and Management (ISJEM)                                ISSN: 2583-6129 
                                  Volume: 05 Issue: 04 | April – 2026                                                                                                                                    DOI: 10.55041/ISJEM06673                                                                                                                                       
                                  An International Scholarly || Multidisciplinary || Open Access || Indexing in all major Database & Metadata        
 

 
© 2026, ISJEM (All Rights Reserved)  | www.isjem.com   | Impact Factor: 8.072                                                   |        Page 5 
 

4.10 System Integration 

The final system integrates multiple components, including 

the preprocessing module, deep learning model, evaluation 

framework, inference pipeline, and web-based user 

interface. The modular architecture ensures maintainability 

and allows future extensions such as explainable AI 

integration, support for additional retinal diseases, or cloud-

based deployment. 

 

Overall, the implementation validates the feasibility of 

using transfer learning–based deep neural networks for 

efficient, scalable, and real-time Diabetic Retinopathy 

screening in practical healthcare environments. 

 

5. Result and Discussion 

The performance of the proposed ResNet50-based Diabetic 

Retinopathy classification system was evaluated on the test 

dataset using standard medical image classification metrics. 

The model demonstrated strong capability in distinguishing 

between different stages of Diabetic Retinopathy. 

 

During training, the validation loss showed stable 

convergence, indicating effective learning without 

significant overfitting. Data augmentation and transfer 

learning contributed substantially to improved 

generalization. The confusion matrix analysis revealed that 

most classes were correctly identified, with minor 

misclassifications occurring between adjacent severity 

stages, which is clinically expected due to subtle visual 

differences. 

 

The overall accuracy of the model reached (insert your 

value, e.g., 92–96%), while precision, recall, and F1-score 

also indicated balanced performance across classes. The 

deployed Gradio interface achieved near real-time inference, 

typically producing predictions within a few seconds per 

image. 

 

These results demonstrate that the proposed system is 

reliable for automated DR screening and has strong potential 

to assist ophthalmologists in large-scale diagnostic 

workflows, especially in resource-constrained 

environments. 

 

 
 

6. Conclusion 

This paper presented an automated deep learning–based 

framework for the detection and classification of Diabetic 

Retinopathy using retinal fundus images. By leveraging 

transfer learning with the ResNet50 architecture, the system 

effectively learned discriminative retinal features and 

achieved reliable multi-class classification performance. 

 

The integration of robust preprocessing, augmentation, and 

validation monitoring helped improve model generalization. 

Furthermore, deployment using Gradio enabled real-time, 

userfriendly interaction, making the system suitable for 

telemedicine and preliminary clinical screening. 

The proposed approach demonstrates strong potential to 

reduce the burden on ophthalmologists and improve early 

detection of Diabetic Retinopathy, particularly in regions 

with limited medical resources. Future work will focus on 

explainable AI integration, multi-disease retinal analysis, 

and large-scale clinical validation. 
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