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Abstract: Diabetic Retinopathy is a severe eye disease caused by prolonged diabetes and is one of the leading causes of 

blindness worldwide. Early detection is essential to prevent vision loss, but traditional diagnosis methods rely on manual 

examination by ophthalmologists, which is time-consuming and prone to human error. This paper presents a smart healthcare 

system based on deep learning for the automated detection and classification of diabetic retinopathy using retinal fundus 

images. The proposed system utilizes a Convolutional Neural Network model to extract features and classify images into 

different stages of the disease. Image preprocessing techniques such as resizing, normalization, and noise reduction are applied 

to improve the quality of input data. The system is trained on a large dataset of retinal images and achieves high classification 

performance. The results demonstrate that the proposed model can assist healthcare professionals in early diagnosis, reduce 

workload, and improve screening efficiency. This approach contributes to accessible and cost-effective healthcare solutions.  

Index Terms: deep learning, diabetic retinopathy, healthcare AI, image classification

I. INTRODUCTION 

Diabetic Retinopathy (DR) is a progressive eye disease 

caused by long-term diabetes and is recognized as one of the 

leading causes of blindness across the globe. It occurs due to 

damage to the retinal blood vessels as a result of prolonged 

high blood glucose levels. In its early stages, DR may not 

present noticeable symptoms, making regular screening 

essential for timely diagnosis. As the disease advances, it can 

lead to severe vision impairment or permanent blindness if not 

treated appropriately. 

According to global health reports, the prevalence of diabetes 

is increasing at an alarming rate, which in turn raises the risk 

of diabetic retinopathy among affected individuals. Early 

detection and proper classification of DR severity play a 

crucial role in preventing vision loss. However, traditional 

diagnostic methods rely on manual examination of retinal 

fundus images by ophthalmologists. These methods are often 

time-consuming, subjective, and require specialized 

expertise, which may not be readily available in rural or 

under-resourced regions. 

Recent advancements in artificial intelligence (AI), 

particularly in deep learning, have provided promising 

solutions for automated medical image analysis. 

Convolutional Neural Networks (CNNs)  have proven to be 

highly effective in extracting meaningful features from 

complex image data and performing accurate classification 

tasks. In the context of diabetic retinopathy, CNN-based 

models can automatically detect key pathological features 

such as microaneurysms, haemorrhages, and exudates, 

enabling efficient and reliable diagnosis. 

This paper proposes a smart healthcare system for the 

automated detection and classification of diabetic retinopathy 

using deep learning techniques. The system processes retinal 

fundus images through various stages, including 

preprocessing, feature extraction, and classification, to 

determine the severity level of the disease. By leveraging 

CNN architectures, the proposed model aims to improve 

diagnostic accuracy while reducing dependency on manual 

intervention. 

Furthermore, the implementation of such automated systems 

can significantly enhance large-scale screening programs and 

support early diagnosis, especially in remote and resource-

limited areas. The proposed approach not only reduces the 

workload on healthcare professionals but also offers a cost-

effective and scalable solution for improving eye care 

services. This study highlights the potential of integrating 

artificial intelligence into healthcare systems to transform 

traditional diagnostic practices into more efficient and 

accessible solutions. 

II. LITERATURE REVIEW 

A. Deep Learning for Diabetic Retinopathy Detection 

Varun Gulshan et al. proposed a deep learning algorithm for 

the detection of diabetic retinopathy using retinal fundus 
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photographs. Their model, based on Convolutional Neural 

Networks (CNNs), was trained on a large dataset and 

demonstrated performance comparable to certified 

ophthalmologists. The study highlighted the effectiveness of 

deep learning in automated screening systems and 

emphasized its potential in large-scale clinical applications. 

B. Transfer Learning in Medical Image Classification 

Alex Krizhevsky et al. introduced deep CNN architectures 

such as AlexNet, which have been widely adapted for medical 

imaging tasks through transfer learning. Pre-trained models 

such as VGG16 and ResNet are commonly fine-tuned on 

retinal image datasets to improve classification accuracy 

while reducing training time and computational cost. These 

approaches have significantly improved DR detection 

performance, especially with limited datasets. 

C. Automated Feature Extraction Using CNNs 

Geoffrey Hinton and colleagues demonstrated that CNNs can 

automatically extract hierarchical features from images 

without manual intervention. In diabetic retinopathy 

detection, CNNs are capable of identifying critical features 

such as microaneurysms, hemorrhages, and exudates. This 

eliminates the need for handcrafted feature extraction 

techniques and improves robustness and scalability. 

D. Multi-Class Classification of DR Severity 

Kaggle competitions on diabetic retinopathy have encouraged 

the development of models that classify DR into multiple 

severity levels (No DR, Mild, Moderate, Severe, Proliferative 

DR). Various researchers have proposed multi-class 

classification frameworks using deep learning, achieving high 

accuracy and sensitivity. These approaches are essential for 

clinical decision-making, as they help determine appropriate 

treatment strategies. 

E. Smart Healthcare Systems and AI Integration 

Recent studies have focused on integrating AI-based 

diagnostic models into smart healthcare systems. These 

systems enable real-time screening, remote diagnosis, and 

cloud-based data management. By combining deep learning 

with telemedicine platforms, researchers have demonstrated 

improved accessibility to eye care services, particularly in 

rural and underserved regions. 

III. PROPOSED METHOD 

The proposed system aims to automatically detect and 

classify diabetic retinopathy (DR) from retinal fundus images 

using deep learning techniques. The overall workflow 

consists of five major stages: data collection, preprocessing, 

feature extraction, model training, and classification. The 

system architecture is designed to ensure accurate prediction 

while maintaining computational efficiency. 

A. Data Collection 

The dataset used in this study consists of retinal fundus 

images obtained from publicly available datasets such as 

APTOS 2019 Blindness Detection Dataset and EyePACS. 

The images are labeled into five categories based on the 

severity of diabetic retinopathy: No DR, Mild, Moderate, 

Severe, and Proliferative DR. 

The dataset is split into training, validation, and testing 

sets to ensure proper model evaluation and generalization. 

This division helps in assessing the model’s performance on 

unseen data. 

B. Data Preprocessing 

Data preprocessing is a crucial step to enhance the quality 

and consistency of input images. Initially, images are mapped 

to their corresponding labels, and incomplete or corrupted 

data samples are removed. 

The following preprocessing techniques are applied: 

• Image resizing to a fixed resolution (e.g., 224×224 

pixels)  

• Normalization of pixel values to a standard range (0–

1)  

• Noise reduction and contrast enhancement  

• Data augmentation techniques such as rotation, 

flipping, and zooming to increase dataset diversity 

and reduce overfitting  

These steps improve the robustness and generalization 

capability of the model. 

C. Feature Extraction Using CNN 

Feature extraction is performed using a Convolutional Neural 

Network (CNN), which automatically learns hierarchical 

representations from input images. The architecture consists 

of multiple convolutional layers that extract low-level 

features (edges, textures) and high-level features (lesions, 

blood vessel abnormalities). 

Activation functions such as ReLU introduce non-

linearity, while pooling layers (e.g., max pooling) reduce 

spatial dimensions and computational complexity. In 

addition, dropout layers may be used to prevent overfitting by 

randomly disabling neurons during training. 

D. Model Training 

The CNN model is trained using the preprocessed dataset 

through supervised learning. During training, images are 

passed through the network, and the model parameters are 

updated using backpropagation. 

An optimizer such as Adam Optimizer is used to 



International Journal of Science and Technology (IJST) | ISSN(O):2049-7318 | 2(3):30-35, 2026 

 

      33 
 

minimize the loss function, typically categorical cross-

entropy for multi-class classification problems. The model is 

trained over multiple epochs, and validation is performed 

after each epoch to monitor performance. 

To further improve accuracy, techniques such as early 

stopping and learning rate scheduling may be applied to 

prevent overfitting and optimize convergence. 

E. Classification 

After training, the model is used to classify retinal images into 

five stages of diabetic retinopathy: No DR, Mild, Moderate, 

Severe, and Proliferative DR. The final layer uses the Softmax 

Function to produce probability scores for each class. The 

class with the highest probability is selected as the predicted 

output. 

F. Performance Evaluation  

To evaluate the effectiveness of the proposed system, 

performance metrics such as accuracy, precision, recall, and 

F1-score are used. A confusion matrix is also analyzed to 

understand classification performance across different DR 

stages. 

    IV. PROPOSED ALGORITHM 

In the proposed smart healthcare system, retinal fundus 

images are processed through a deep learning pipeline to 

detect and classify diabetic retinopathy. The system follows a 

sequential flow from image acquisition to final prediction. 

A Convolutional Neural Network (CNN) is used to 

automatically learn features from the images and classify 

them into different severity levels. The process involves 

image preprocessing, feature extraction, and classification. 

 

  

Figure 1: LAYERS OF CNN MODEL 

 

1. Image Acquisition 

Retinal fundus images are collected from datasets 

such as EyePACS. These images serve as input to 

the system.  

2. Preprocessing Stage 

The input images are preprocessed to improve 

quality and consistency:  

• Resize images to fixed dimensions (e.g., 

224×224)  

• Normalize pixel values  

• Apply noise reduction and contrast 

enhancement  

• Perform data augmentation (rotation, flipping) 

3. Input to CNN Model 

The preprocessed images are fed into the CNN 

model for feature extraction. 

4. Feature Extraction 

• Convolution layers extract low-level features 

(edges, textures) 

• Deeper layers capture high-level features 

(lesions, abnormalities) 

• Activation function (ReLU) introduces non-

linearity 

• Pooling layers reduce dimensionality 

5. Training Phase 

• The model is trained using labeled data 

• Loss function: Categorical Cross-Entropy 

• Optimizer: Adam Optimizer 

• Weights are updated using backpropagation 

6. Classification Layer 

The fully connected layer processes extracted 

features and applies the Softmax Function to 

generate probability scores for each class. 

7. Prediction Output 

The system classifies the image into one of the 

following categories: 

• No DR 

• Mild 

• Moderate 

• Severe 

• Proliferative DR 

8. Evaluation and Decision Support 

The predicted output can assist doctors in diagnosis 

and early treatment planning 
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Figure 2: Brief of CNN Model Layers 

       V. STIMULATION RESULTS 

The performance of the proposed deep learning model is 

evaluated using standard metrics such as accuracy, loss, and 

confusion matrix. The model is trained and validated on a 

dataset of retinal fundus images to classify different stages of 

diabetic retinopathy. The accuracy graph shows a steady 

increase in both training and validation accuracy over the 

epochs, indicating effective learning of the model. The model 

achieves a maximum validation accuracy of 74.22%, 

demonstrating its capability to correctly classify retinal 

images into different categories. The close alignment between 

training and validation accuracy suggests that the model 

generalizes well without significant overfitting.  

The loss graph illustrates a gradual decrease in both training 

and validation loss as the number of epochs increases. This 

indicates that the model is successfully minimizing errors and 

improving its predictions over time. The smooth convergence 

of the loss curves confirms the stability of the training 

process.  

The confusion matrix provides a detailed evaluation of 

classification performance across different classes. Most of 

the predictions are concentrated along the diagonal, which 

represents correct classifications. However, some 

misclassifications are observed between similar stages such 

as moderate and severe diabetic retinopathy due to 

overlapping features in retinal images. Overall, the results 

indicate that the proposed CNN-based system performs 

effectively in detecting diabetic retinopathy. The combination 

of increasing accuracy, decreasing loss, and reliable 

classification results demonstrates the robustness and 

efficiency of the model in medical image analysis.  

1.Accuracy & Loss Graph  

 
 

Figure 3: Accuracy and loss graph 

The accuracy and loss graphs illustrate the performance of the 

model during training and validation phases. The accuracy 

curve shows a steady increase, reaching a maximum 

validation accuracy of 74.22%, which indicates effective 

learning. Simultaneously, the loss curve shows a gradual 

decrease, confirming that the model is minimizing errors and 

optimizing performance.  

2. Confusion Matrix   

 
Figure 4: Confusion Matrix 

The confusion matrix provides a detailed representation of the 

model's classification performance across different classes of 

diabetic retinopathy. The majority of predictions are 

concentrated along the diagonal, indicating correct 

classification of most samples. Some misclassifications are 

observed between similar classes such as moderate and severe 

stages due to overlapping features. Overall, the confusion 

matrix demonstrates the effectiveness of the model in 

distinguishing between different disease stages.  

                      VI. CONCLUSION 

In this paper, a smart healthcare system for the detection of 

diabetic retinopathy using deep learning techniques is 

presented. The proposed system utilizes a Convolutional 

Neural Network to automatically extract features from retinal 

images and classify them into different stages of the disease. 

The preprocessing techniques improve data quality, while the 

model training ensures effective learning and accurate 

predictions. The experimental results demonstrate that the 

model achieves a validation accuracy of 74.22%, with a 

consistent decrease in loss, indicating stable and efficient 

training. The confusion matrix further confirms that the 
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majority of predictions are correctly classified, proving the 

reliability of the system.  

Overall, the proposed approach reduces the need for manual 

diagnosis, supports early detection, and improves the 

efficiency of healthcare systems. This work highlights the 

potential of deep learning in developing intelligent and 

automated medical diagnosis solutions.  

      VII. FUTURE WORK 

Although the current system demonstrates effective 

performance in detecting diabetic retinopathy, several 

improvements can be made to enhance its accuracy, 

scalability, and clinical applicability. The model’s 

performance can be improved by training it on larger and 

more diverse datasets to strengthen its generalization across 

different imaging conditions. In addition, the use of advanced 

deep learning architectures such as ResNet, EfficientNet, and 

transfer learning techniques can further improve feature 

extraction and classification accuracy. The system can also be 

extended to support multi-disease detection, enabling 

identification of other eye diseases such as glaucoma and 

cataracts, thereby increasing its usefulness as a 

comprehensive screening tool. 

Further enhancements can focus on improving usability and 

deployment. Integrating the system into mobile or web 

applications would enable real-time detection and faster 

diagnosis. A user-friendly graphical user interface (GUI) can 

be developed to simplify interaction for medical professionals 

and non-technical users. Cloud-based deployment can 

provide remote access, scalability, and centralized data 

management. Additionally, incorporating explainable 

artificial intelligence (XAI) techniques such as heatmaps can 

help visualize model decisions and improve transparency. 

Integration with hospital databases and electronic health 

record (EHR) systems would further support practical clinical 

adoption and efficient patient management. 
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