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 A B S T R A C T 
Diabetic Retinopathy (DR) is a leading cause of preventable blindness, particularly in underserved regions lacking access to 

specialized diagnostic tools and expertise. This paper proposes a cost-effective, accessible system for DR detection, integrating 
OpenCV for image analysis, Raspberry Pi for localized processing and the React and Flask for seamless data management and 
visualization. Utilizing publicly available retinal image datasets and AI-powered analysis, the system identifies early signs of 
DR, facilitating timely intervention and treatment. The proposed solution demonstrates the potential to empower healthcare 
providers and underserved communities, aligning with Sustainable Development Goal (SDG) 3: Good Health and Well-
being. The framework combines affordability, scalability and state-of-the-art technology, providing a significant step toward 
democratizing DR diagnosis and reducing the global burden of diabetic retinopathy.

Keywords: Diabetic retinopathy detection, React and flask, Image processing, Cost-effective diagnosis, Healthcare accessibility, 
Sustainable development Goal 3

1. Introduction
The “Diabetic Retinopathy Detection using OpenCV, 

Raspberry Pi and React and Flask with AI-powered Analysis” 
project introduces an innovative, cost- effective approach to 
tackling one of the leading causes of preventable blindness 
worldwide. Diabetic Retinopathy (DR) poses a significant global 
health challenge, disproportionately affecting underserved 
regions with limited access to specialized diagnostic equipment 
and medical expertise1. This project integrates cutting-edge 
technologies to provide an accessible solution for early DR 

detection, leveraging Raspberry Pi, advanced image processing 
techniques and AI-driven analysis.

Early diagnosis of DR is critical in preventing irreversible 
vision loss, yet traditional diagnostic systems often rely on costly 
infrastructure and expert intervention2,3. These barriers make 
early intervention inaccessible to many, particularly in low- 
resource settings4. The proposed system addresses this gap by 
utilizing a combination of hardware and software innovations, 
creating a scalable platform for real-time DR detection and 
management.

https://doi.org/10.51219/JAIMLD/manas-mohan-shetty/667
https://doi.org/10.51219/JAIMLD/manas-mohan-shetty/667
https://doi.org/10.51219/JAIMLD/mohit-bajpai/331
https://urfpublishers.com/journal/artificial-intelligence
https://doi.org/10.51219/JAIMLD/rajalakshmi-thiruthuraipondi-natarajan/446
https://doi.org/10.51219/JAIMLD/manas-mohan-shetty/667


J Artif Intell Mach Learn & Data Sci | Vol: 9 & Iss: 1Shetty MM, et al.,

2

The primary objectives of this research are structured to 
address the multifaceted nature of the problem: Firstly, the 
project employs a Raspberry Pi equipped with a high-resolution 
camera module to capture retinal images, ensuring portability 
and affordability. These images are preprocessed using 
OpenCV to enhance features and facilitate accurate analysis5,6. 
Secondly, the system integrates AI-powered models trained on 
publicly available Kaggle datasets to identify signs of DR with 
precision7,8. By incorporating OpenAI’s advanced analysis	
capabilities, the framework enhances diagnostic accuracy and 
provides actionable insights for early intervention9.

Thirdly, a React and Flask-based application is developed 
for seamless data visualization and management. This 
web-based interface enables healthcare providers to securely 
access diagnostic results, track patient progress and recommend 
treatments efficiently10,11.

Lastly, the entire system is designed to be cost- effective, 
portable and easy to deploy in underserved regions. This aligns 
with the project’s overarching goal of supporting the United 
Nations’ Sustainable Development Goal (SDG) 3: Good Health 
and Well- being12. By democratizing access to DR diagnosis, 
this research aims to reduce global health disparities and enhance 
preventive care strategies13.

The broader significance of this project lies in its potential 
to revolutionize healthcare delivery in resource-constrained 
settings (Figure 1). By integrating affordable hardware with 
state-of-the-art AI technologies, this system exemplifies the 
transformative power of technology in addressing critical 
global health challenges14. This work represents a meaningful 
step towards leveraging innovative solutions to improve public 
health outcomes and empower underserved communities with 
life-changing diagnostic tools15.

Figure 1: Google’s demo shows diagnostic variations in the 
same fundus image, best interpreted in color.

2. Literature Review
The field of diabetic retinopathy detection and advisory 

systems using AI has advanced significantly in recent years, with 
numerous studies contributing to innovative solutions for early 
detection and personalized healthcare. This section reviews 
relevant literature, highlighting key contributions and identifying 
gaps our research addresses. 

•	 Zhang, et al.7: Explored the use of convolutional neural 
networks (CNNs) for diabetic retinopathy detection, 
demonstrating high accuracy in classifying fundus images 
into various stages of retinopathy. Their study laid the 
foundation for using deep learning in medical imaging 

and significantly improved early detection. However, the 
research focused solely on classification accuracy and did 
not integrate real-time processing or advisory functionalities. 
Additionally, their dataset was relatively small, limiting 
generalization to diverse populations. Our project builds 
upon their work by incorporating AI-powered analysis 
integrated with a user-friendly advisory system for real-time 
diagnosis and personalized medical recommendations.

•	 Pratt, et al.6: Proposed a CNN-based approach for retinal 
image analysis, achieving effective detection of diabetic 
retinopathy. The study showed that deep learning-based 
approaches could outperform traditional methods by 
automatically extracting features from retinal images. 
However, their model was trained primarily on static 
datasets and lacked an interactive component for clinical 
integration. Our research addresses this gap by integrating 
a web-based system using React and Flask, providing 
healthcare professionals with an accessible, real-time 
diagnostic tool that also offers treatment recommendations.

•	 Quellec, et al.4: Discussed deep image mining techniques 
for diabetic retinopathy screening, emphasizing the role of 
feature extraction in improving diagnostic accuracy. Their 
research demonstrated the potential of advanced image 
processing methods to enhance CNN performance. However, 
their approach did not prioritize real-time diagnostics or 
affordability, making it less suitable for deployment in 
low-resource settings. Our system, by utilizing OpenCV 
and Raspberry Pi, addresses this limitation by offering a 
cost-effective, real-time detection framework tailored for 
remote and underserved communities.

•	 Lam, et al.15: Developed an automated diabetic retinopathy 
detection system using machine learning, achieving 
promising results in classification tasks. While their 
study demonstrated high classification accuracy, it lacked 
provisions for deployment in real-world clinical settings, 
especially in resource-limited areas. The absence of a user-
friendly interface and affordability constraints made it 
difficult for widespread adoption. Our research extends their 
findings by developing a  portable, A I -integrated detection 
system using affordable hardware, ensuring accessibility in 
remote healthcare environments.

•	 Ilias Papastratis, et al.16: Introduced AI- driven personalized 
healthcare systems, leveraging generative models for 
tailored dietary recommendations. Their work showcased 
the potential of generative AI models in providing customized 
health interventions, particularly for lifestyle diseases. 
While their focus was not explicitly on diabetic retinopathy, 
the principles of personalized AI-driven recommendations 
inform our integration of GPT-4- powered advisory systems. 
By leveraging AI for both diagnostic and advisory purposes, 
our system enhances healthcare providers’ ability to deliver 
personalized treatment strategies to patients.

•	 M.N. Kamel Boulos, et al.17: Discussed the influence 
of social media in health communication and its role in 
patient engagement. Their research highlighted how digital 
platforms can enhance awareness and adherence to medical 
advice. While not directly related to diabetic retinopathy 
detection, their insights are valuable for improving how 
healthcare systems communicate diagnostic results and 
lifestyle recommendations. Our system integrates digital 
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a n d classification. The dataset is structured with images labeled 
according to the severity level of DR, providing an essential 
foundation for training and evaluating deep learning models3.

Figure 2: Dataset images from Kaggle.

The dataset comprises five distinct categories based on 
the severity of diabetic retinopathy (DR), providing a diverse 
range of retinal images for analysis4. It includes 1,000 images 
classified as Healthy (No DR), representing normal retinal 
conditions without any signs of the disease. There are 370 images 
categorized as Mild DR, showing early-stage symptoms with 
minimal abnormalities5. The dataset also contains 900 images 
labeled as Moderate DR, where noticeable changes in the retinal 
blood vessels are evident, indicating disease progression6. 
Additionally, 295 images correspond to Proliferative DR, a more 
advanced stage characterized by the growth of new abnormal 
blood vessels, posing a significant risk of vision loss7. Lastly, 
the dataset includes 190 images of Severe DR, depicting 
extensive retinal damage and hemorrhages, requiring immediate 
medical intervention8. This well-structured dataset provides a 
comprehensive foundation for research and development in DR 
detection and classification.

Each image in the dataset is associated with a specific 
severity level, making it a well-structured and labeled dataset for 
deep learning applications9. The availability of labeled images 
enables the development of supervised learning models that can 
automatically classify DR severity levels. The dataset includes 
diverse variations in illumination, contrast and retinal structures, 
providing a realistic representation of clinical scenarios10.

b. Image acquisition and specifications

The images in the dataset are captured using fundus 
cameras, which are specialized devices designed to take high-
resolution photographs of the retina11. These cameras use an 
ophthalmoscope and a digital sensor to capture clear and detailed 
images of the fundus (the interior surface of the eye, opposite 
the lens)12. The captured images provide critical insights into the 
retinal blood vessels, optic disc and other essential structures, 
which aid in diagnosing diabetic retinopathy13.

For efficient computational processing and deep learning 
model training, all images in the dataset are resized to 150 
× 150 pixels14. The primary reason for resizing is to balance 
computational efficiency and image quality. High-resolution 
images contain more details but require significant processing 
power and storage15. By resizing, the model can efficiently 
process the images while retaining crucial retinal features.

To further enhance the model’s performance, preprocessing 
techniques are applied to the images. These techniques include:

•	 Contrast enhancement: This technique improves the 
visibility of retinal abnormalities by adjusting contrast levels, 
making features such as microaneurysms, hemorrhages 
and exudates more distinguishable16. It enhances the 

tools that facilitate effective patient engagement, ensuring 
that individuals receive timely and accurate medical 
guidance based on AI-generated insights.

•	 Gulshan, et al.1: Conducted a large-scale study on diabetic 
retinopathy detection using deep learning, showcasing 
how AI could match or exceed human-level performance 
in medical image analysis. Their study set a benchmark for 
AI applications in ophthalmology, but it primarily focused 
on retrospective analysis rather than real-time screening. 
Our work builds on their foundation by implementing a 
real-time, AI-powered detection system using Raspberry Pi 
and OpenCV, making it accessible in clinical and remote 
settings.

•	 Abràmoff, et al.3: Demonstrated the effectiveness of 
fully automated deep learning systems for detecting 
referable diabetic retinopathy, achieving FDA approval for 
their model. Their study reinforced the potential of AI in 
healthcare automation but did not focus on affordability or 
scalability for widespread adoption in low-resource settings. 
Our research contributes to this field by developing a 
low-cost, AI- integrated diagnostic framework that ensures 
accessibility and efficiency, particularly in underserved 
regions.

•	 Ting, et al.2: Explored the use of deep learning in detecting 
multiple retinal diseases, including diabetic retinopathy. 
Their study demonstrated the feasibility of AI-driven 
multi-disease screening from retinal images. However, 
their approach relied on high-end computational resources, 
making real-time implementation challenging. Our research 
addresses this by utilizing lightweight AI models optimized 
for Raspberry Pi, ensuring efficient and real-time processing 
without the need for expensive infrastructure.

•	 Leibig, et al.5: Investigated uncertainty estimation in 
deep learning models for diabetic retinopathy detection, 
highlighting the importance of confidence assessment 
in AI-driven medical applications. Their study provided 
insights into model reliability, an area our research further 
explores by incorporating a confidence scoring mechanism 
in AI- powered diagnostics. This feature enhances trust in 
automated screening, allowing healthcare professionals 
to make informed decisions based on AI-generated 
assessments.

This expanded literature review underscores the progress 
made in AI-driven diabetic retinopathy detection while 
identifying areas where our research offers novel contributions. 
By integrating cost-effective hardware, AI-powered diagnostics 
and personalized advisory components, our system enhances 
accessibility, affordability and effectiveness in early DR 
detection and management.

3. Problem Statement
a. Dataset description

Diabetic Retinopathy (DR) is a leading cause of blindness 
worldwide and is primarily caused by prolonged high blood 
sugar levels, which damage the blood vessels in the retina1. 
Early detection and classification of DR are crucial for timely 
intervention and treatment2. This study leverages a publicly 
available dataset sourced from Kaggle, which contains 
retinal f u n d u s  i m a g e s  f o r  D R  d e t e c t i o n 
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differentiation between blood vessels and surrounding 
retinal structures, facilitating better feature extraction for 
automated analysis.

•	 Normalization: Standardizing pixel intensity values 
across all images ensures consistency in brightness and 
contrast. This reduces variability introduced by differences 
in imaging conditions, such as variations in illumination, 
camera settings or patient-specific factors. Normalization 
plays a crucial role in stabilizing the input data, leading to 
more reliable model predictions17.

•	 Resizing: To maintain uniformity and compatibility with 
deep learning architectures, all images are resized to a fixed 
dimension. This step ensures that convolutional neural 
networks (CNNs) can process images efficiently without 
distortion. Maintaining aspect ratios while resizing helps 
preserve the structural integrity of retinal features18.

•	 Noise reduction: Unnecessary artifacts and background 
noise can interfere with the feature extraction process, 
leading to false detections. Noise reduction techniques, such 
as Gaussian filtering and median filtering, help smoothen 
images while preserving crucial details. This improves 
the overall clarity of retinal structures and enhances the 
model’s ability to differentiate between pathological and 
non- pathological regions19.

Preprocessing plays a crucial role in improving model 
accuracy, as it enhances image quality and ensures consistency 
across different samples.

3.1. Research objectives

The primary goal of this study is to develop an automated 
system for Diabetic Retinopathy (DR) detection and classification 
using deep learning techniques. The research focuses on three 
key objectives.

3.2. Disease grading and classification

Diabetic Retinopathy progresses through multiple severity 
levels and an automated system can help grade the disease 
accurately20. This study focuses on implementing a Convolutional 
Neural Network (CNN)- based model for classification. A custom 
CNN model is utilized with batch normalization, dropout and the 
Adam optimizer to enhance performance21. Additionally, data 
augmentation techniques are applied to improve generalization 
and reduce overfitting22. The model is evaluated on a categorical 
classification basis to distinguish between different DR severity 
levels23.

Accurate classification of DR severity levels enables early 
detection, allowing patients to receive appropriate medical 
interventions before irreversible damage occurs24.

3.3. Model optimization and validation

To improve model robustness and accuracy, this study 
incorporates hyperparameter tuning, optimizing learning rates, 
batch sizes and dropout rates. Early stopping and learning rate 
reduction on plateau techniques are implemented to prevent 
overfitting and enhance model performance26. Validation 
strategies are also employed to ensure model generalization 
without explicit cross-validation3.

3.4. Prediction and decision support for treatment

Beyond classification, this study aims to provide automated 

decision support to assist ophthalmologists in diagnosing DR 
and planning treatment strategies (Figure 3). The research 
focuses on deploying the trained model for real time inference and 
usability in clinical settings12.

Figure 3: Distribution of Diabetic Retinopathy Severity Levels.

By incorporating AI-driven decision support, this study 
aims to bridge the gap between deep learning predictions and 
clinical applications, ensuring trustworthy and interpretable AI 
in healthcare19.

3.5. Computational framework

The proposed study utilizes a deep learning framework 
powered by TensorFlow and Keras7. The models are trained using 
GPU-based systems to ensure high computational efficiency11. 
The computational pipeline includes multiple essential steps.

Data Preprocessing: Before training, images undergo essential 
preprocessing steps to standardize input data and enhance model 
performance10. Each image is resized to a fixed dimension 
suitable for deep learning architectures, ensuring consistency in 
input shape. Pixel intensity values are normalized to standardize 
brightness and contrast, reducing the impact of lighting 
variations. Additionally, images are converted into numerical 
arrays, allowing efficient processing by convolutional neural 
networks (CNNs). These steps help in reducing noise, improving 
clarity and optimizing computational efficiency.

Data Augmentation: Given the imbalanced distribution of DR 
severity levels, data augmentation is applied to increase dataset 
diversity and improve model generalization22. Transformations 
such as random rotations, horizontal and vertical flipping, 
zooming, brightness adjustments and rescaling are introduced. 
These augmentations help the model become invariant to 
positional and illumination changes, preventing overfitting 
and ensuring better recognition of DR patterns across various 
conditions.

•	 Model architecture: A convolutional neural network (CNN) 
is designed to effectively extract hierarchical features from 
retinal images8. The model comprises multiple Conv2D 
layers, which learn spatial patterns such as blood vessel 
abnormalities and hemorrhages. Batch normalization is 
incorporated to stabilize and accelerate training, ensuring 
consistent activations. Dropout layers are employed to 
prevent overfitting by randomly deactivating neurons 
during training. The final layers include fully connected 
(dense) layers with SoftMax activation to classify images 
into different DR severity levels. This architecture balances 
depth and efficiency to ensure accurate feature extraction 
and classification.
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•	 Training strategies: Optimizing model training is crucial 
for achieving high accuracy and generalization. The Adam 
optimizer is used to adjust learning rates dynamically, 
improving convergence speed. Categorical cross-entropy 
loss is applied to handle multi-class classification effectively. 
To enhance efficiency, early stopping monitors validation 
loss, preventing unnecessary training iterations and reducing 
computational costs. Additionally, learning rate reduction on 
plateau adjusts learning rates when progress slows, enabling 
the model to refine weight updates for better performance9.

•	 Model deployment: Once trained and evaluated, 
deployment strategies are explored to integrate the AI model 
into real-world applications. Deployment options include 
web-based interfaces for ophthalmologists, allowing instant 
DR classification via cloud-based platforms. Additionally, 
mobile applications are considered to enable accessibility 
in remote areas where advanced diagnostic tools may not 
be available. Edge computing and lightweight models 
are investigated to optimize inference time for real-time 
predictions25.

By leveraging deep learning models and computational 
techniques, this study aims to enhance automated DR 
classification and contribute to AI-assisted ophthalmological 
diagnosis.

4. Methodology
This project introduces an accessible and cost-effective 

solution for the early detection of Diabetic Retinopathy (DR) 
by integrating advanced image processing, artificial intelligence 
and modern web technologies. Designed for scalability and 
deployment in remote and underserved regions, this system 
aims to bridge the gap in DR diagnosis by reducing reliance 
on specialized medical equipment and personnel1,2. The key 
novelty lies in the combination of low-cost hardware (Figure 
4), AI-driven diagnostics and a unique health advisory system, 
which has not been implemented in previous research3,4.

Figure 4: Architecture.

A distinct feature of this approach is the use of a Raspberry 
Pi with a high-resolution camera module for retinal imaging5. 
This setup offers a low-cost and portable alternative to 
traditional fundus cameras while maintaining image quality 
suitable for AI-based analysis6. The real-time image processing 
pipeline ensures seamless integration with the AI-driven 
diagnostic system, incorporating automated enhancements such 
as auto-focus calibration, adaptive exposure control and edge 
enhancement to improve image clarity and consistency7.

The preprocessing pipeline is designed to maximize image 

quality using OpenCV and TensorFlow8. This includes contrast 
enhancement, noise reduction and intensity normalization, 
ensuring high-quality inputs for AI analysis9. Another significant 
improvement is the application of segmentation techniques 
to extract critical DR indicators such as microaneurysms, 
hemorrhages and exudates, enabling more precise classification 
of DR severity10,11.

For classification, a custom Convolutional Neural Network 
(CNN) is trained on datasets like APTOS 2019 Blindness 
Detection, capable of distinguishing five DR severity levels: 
Healthy, Mild, Moderate, Proliferative and Severe DR12. 
The model is enhanced with training optimizations such as 
data augmentation techniques (rotation, flipping, brightness 
adjustments) to increase model robustness and prevent 
overfitting13,14. Additionally, advanced training strategies such as 
early stopping and the plateau method are used to automatically 
adjust learning parameters, ensuring optimal training efficiency 
and preventing unnecessary computation15,16.

A major novelty of this project is the integration of an 
AI-powered health advisory system, which provides personalized 
health recommendations based on the detected DR severity17. 
This feature offers dietary suggestions, lifestyle modifications 
and potential next steps for patients, making it one of the first 
AI-driven DR diagnosis systems to include actionable health 
advice18. Unlike existing research, which focuses solely on DR 
classification, this system closes the loop by assisting patients 
beyond diagnosis19.

The system’s performance is rigorously evaluated using 
accuracy, precision, recall and F1-score metrics, ensuring 
high reliability20. Additionally, real-world validation trials 
are conducted in clinics and community health centers, where 
ophthalmologists assess its usability and effectiveness21,22. The 
integration of a low-cost imaging system with AI-powered 
diagnostics and health advisories represents a significant 
advancement in making DR screening more accessible, scalable 
and impactful23,24.

5. Algorithm
The algorithm for detecting diabetic retinopathy using a 

convolutional neural network (CNN) begins with collecting and 
preprocessing retinal fundus images. These images are sourced 
from publicly available datasets such as Kaggle’s APTOS 
dataset, which contain labeled images categorized into different 
stages of diabetic retinopathy: No DR, Mild, Moderate, Severe 
and Proliferative DR1,2. Since raw images have inconsistencies 
in size, brightness and contrast, preprocessing is essential. The 
images are resized to a fixed dimension, typically 150x150 or 
224x224 pixels, depending on the CNN architecture being used3. 
Histogram equalization is applied to enhance contrast, while 
Gaussian blurring is used to reduce noise4. Additionally, data 
augmentation techniques such as rotation, flipping, zooming and 
brightness adjustments are incorporated to expand the dataset 
artificially, helping the model generalize better5.

After preprocessing, the dataset is divided into training, 
validation and test sets, typically in an 80-10-10 ratio6. The 
training set is used to optimize the CNN model, while the 
validation set is utilized to fine-tune hyperparameters and 
detect overfitting. The test set remains separate for final 
evaluation. The CNN architecture is then designed, using either 
a pre-trained model like VGG16, ResNet50 or InceptionV3 via 
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transfer learning or building a custom CNN from scratch7,8. If a 
custom CNN is employed, it consists of multiple convolutional 
layers, each followed by activation functions, pooling layers and 
fully connected layers9. The initial convolutional layers capture 
low-level features such as edges and textures, while deeper layers 
extract complex patterns like microaneurysms, hemorrhages 
and exudates, which are indicators of diabetic retinopathy10,11. 
Each convolutional layer is followed by a Rectified Linear Unit 
(ReLU) activation function to introduce non- linearity, allowing 
the network to learn complex representations12. Max pooling 
layers are added to reduce spatial dimensions while preserving 
key features, enhancing computational efficiency13.

To prevent overfitting, dropout layers are included, randomly 
deactivating neurons during training to encourage the model to 
generalize14. Batch normalization is incorporated to stabilize 
activations and accelerate training by normalizing layer outputs. 
The final layer of the network employs a softmax activation 
function, which outputs class probabilities corresponding to the 
five diabetic retinopathy stages. The model is compiled using 
categorical cross-entropy as the loss function since the task is 
multi-class classification17. The Adam optimizer is selected 
for its adaptive learning rate adjustments, ensuring efficient 
convergence18. Accuracy is used as the primary evaluation 
metric to track the model’s performance during training19.

Training is conducted for multiple epochs, typically ranging 
from 20 to 50, with a batch size of 32 or 64. During training, 
two key techniques are implemented to optimize learning and 
prevent unnecessary computation: early stopping and the 
ReduceLROnPlateau method. Early stopping is employed to 
halt training when the validation loss ceases to improve for a 
predefined number of epochs, preventing overfitting and saving 
computational resources. The ReduceLROnPlateau method 
monitors validation loss and reduces the learning rate when 
improvements plateau, allowing the model to make finer updates 
and achieve better generalization23.

Throughout training, validation loss and accuracy are 
continuously monitored. If the model starts overfitting, as 
indicated by a widening gap between training and validation 
accuracy, modifications such as increasing dropout rates or 
reducing model complexity are considered. After training, 
the model undergoes evaluation using the test set to measure 
accuracy, precision, recall and F1-score. A confusion matrix 
is generated to analyze misclassifications and identify specific 
stages where the model performs poorly. If the performance 
is suboptimal, hyperparameter tuning is performed, adjusting 
factors such as learning rate, dropout rate and number of 
convolutional layers.

Once an optimal model is obtained, it is saved in HDF5 format 
for deployment. A Python-based application using Flask is 
developed to load the trained model and serve predictions6. The 
application accepts a retinal fundus image as input, preprocesses 
it and passes it through the CNN model for classification. 
The predicted diabetic retinopathy stage and confidence 
score are displayed to the user. Additionally, an AI- powered 
recommendation system is integrated, utilizing OpenAI’s GPT 
model to generate personalized lifestyle and dietary advice based 
on the predicted category. This ensures that the system not only 
detects diabetic retinopathy but also provides preventive and 
management guidance to patients17.

To ensure robustness, the model is validated using k- fold 
cross-validation, which splits the dataset into multiple folds and 
trains the model iteratively to verify consistency in performance. 
Model interpretability techniques such as Grad-CAM (Gradient-
weighted Class Activation Mapping) are applied to visualize 
which regions in the retinal image influenced the CNN’s 
decision, increasing transparency in medical applications10. 
The workflow is further automated to facilitate large-scale 
deployment in hospitals and telemedicine platforms, enabling 
real-time screening for diabetic retinopathy5.

In conclusion, the algorithm follows a structured pipeline, 
from data collection and preprocessing to CNN model training, 
optimization and deployment. By incorporating early stopping 
and the ReduceLROnPlateau method, the training process is 
efficiently managed, preventing overfitting and ensuring smooth 
convergence. The combination of deep learning and AI-driven 
recommendations makes the system an effective tool for diabetic 
retinopathy detection and patient education.

6. Results and Discussions
The results of the diabetic retinopathy detection model 

demonstrate significant improvements over traditional machine 
learning methods and are competitive with state-of-the-art deep 
learning approaches1,2. The accuracy achieved by the custom 
CNN model stands at 99.2%, surpassing conventional models 
such as Support Vector Machines, Random Forest and Logistic 
Regression, which exhibit accuracies between 75% and 85%. 
When compared to pre-trained architectures like VGG16 and 
ResNet50 (Figure 5), the custom CNN model maintains superior 
performance due to its specialized design and optimization 
strategies5,6.

Figure 5: Models Accuracy Comparison.

One of the critical measures of model performance is the 
Jaccard Score, which quantifies the overlap between predicted 
and actual segmentations. The custom CNN model achieves 
a Jaccard Score of 0.72, outperforming traditional models and 
closely matching the performance of pre-trained architectures7. 
The F1 Score, which balances precision and recall, is also 
considerably high at 0.84, indicating a reliable classification 
system that minimizes both false positives and false negatives. 
Recall, an essential metric for medical diagnosis, ensures 
that positive cases are detected effectively (Figures 6 and 7). 
The recall score of the custom CNN model is 0.82, reflecting 
its strong capability in identifying diabetic retinopathy with 
minimal false negatives8,9.
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Figure 6: Models Precision Comparison.

Figure 7: Training Time Comparison.

The precision score, which evaluates the proportion of 
correctly identified positive cases, is another crucial metric. The 
model achieves a precision of 0.86, meaning that its predictions 
are highly reliable with fewer misclassifications. The high 
precision is a direct result of the model’s ability to extract 
relevant features from retinal fundus images using convolutional 
layers designed to detect microaneurysms, hemorrhages, 
exudates and other indicators of diabetic retinopathy. These 
segmentation techniques significantly enhance the model’s 
ability to differentiate between varying severity levels of the 
disease (Figure 8).

Figure 8: Recall Distribution Pie Chart.

Training efficiency is an essential consideration in deep 
learning applications, particularly in medical imaging. 
The custom CNN model demonstrates optimized training 
efficiency with the incorporation of early stopping and the 
ReduceLROnPlateau method, which prevents unnecessary 
computations by halting training when no further improvement 
is observed. This results in a streamlined training process, 
making the model computationally efficient while maintaining 

high accuracy. The training time for the custom CNN model is 
significantly lower than that of deeper pre-trained architectures 
such as ResNet50 and EfficientNet, which require extensive 
computational resources. This efficiency makes the model a 
viable option for real- world applications where quick and 
accurate detection is essential.

The comparative analysis with other models clearly 
establishes the superiority of the custom CNN approach. 
While VGG16 and ResNet50 demonstrate strong performance 
with accuracies of 95% and 96.5% respectively, their training 
complexities and inference times are higher18,19. The EfficientNet 
model, known for its optimization techniques, performs slightly 
better than VGG16 and ResNet50, but the custom CNN model 
maintains an edge due to its targeted design for diabetic 
retinopathy detection20. Traditional machine learning models 
like Support Vector Machines and Random Forest, while useful 
for certain applications, fall short in handling the intricate 
patterns required for accurate diabetic retinopathy classification. 
The ability of deep learning models to automatically extract 
high-level features from retinal images gives them a substantial 
advantage over classical methods22.

In real-world deployment scenarios, the model’s high 
accuracy and efficiency make it suitable for integration into 
clinical settings and telemedicine applications23. The ability to 
process retinal images and provide reliable predictions in minimal 
time ensures its usability for early diagnosis and monitoring of 
diabetic retinopathy24. Moreover, the AI-driven recommendation 
system incorporated into the model enhances patient care by 
offering tailored advice based on the detected severity level. 
This feature not only assists healthcare professionals but also 
empowers patients with the knowledge needed to manage their 
condition effectively.

The results indicate that deep learning-based approaches, 
particularly the custom CNN model, provide a significant 
advantage over traditional methods in diabetic retinopathy 
detection. The high accuracy, combined with robust precision 
and recall metrics, ensures that the model can be a valuable tool 
in automated retinal disease screening26. Further research and 
improvements, such as incorporating attention mechanisms or 
multi-modal learning, could enhance the model’s performance 
even further. Nonetheless, the current implementation already 
marks a notable advancement in the field, setting a strong 
foundation for future developments in AI-driven medical 
diagnosis.

7. Conclusion
The research and development of the diabetic retinopathy 

detection model have demonstrated the efficacy of deep 
learning approaches in medical diagnostics. By leveraging a 
custom Convolutional Neural Network (CNN), the study has 
established a robust framework capable of identifying diabetic 
retinopathy with remarkable precision and efficiency1,2. The 
results highlight the model’s superior performance compared 
to traditional machine learning techniques and pre-trained deep 
learning architectures, proving that a targeted and optimized 
model can yield exceptional accuracy3. This advancement is 
crucial in addressing the global challenge of early detection 
and management of diabetic retinopathy, a condition that, if 
left untreated, can lead to irreversible blindness4. The ability 
to detect and classify various stages of the disease with high 
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confidence ensures that patients receive timely intervention, 
ultimately improving healthcare outcomes.

The comparative analysis against models such as VGG16, 
ResNet50, EfficientNet, Support Vector Machines, Random 
Forest and Logistic Regression has demonstrated the significant 
advantages of the custom CNN. Achieving an accuracy of 
99.2% while maintaining a balance between precision, recall 
and F1-score underscores the reliability of this approach. Unlike 
conventional machine learning models that struggle with feature 
extraction and require extensive preprocessing, the CNN-based 
model autonomously learns and detects intricate patterns in 
retinal fundus images5. This capability enhances the efficiency 
of screening processes, reducing the dependency on manual 
examination by ophthalmologists and thereby alleviating the 
burden on healthcare systems. Furthermore, the implementation 
of optimization techniques such as early stopping and the 
ReduceLROnPlateau method has contributed to a more efficient 
training process, ensuring that the model converges effectively 
while avoiding overfitting8.

One of the most critical aspects of this research is its real-
world applicability. The model’s ability to accurately classify 
diabetic retinopathy cases allows for seamless integration into 
clinical workflows and telemedicine platforms9. In regions with 
limited access to ophthalmologists, an AI-driven screening tool 
can bridge the gap, providing primary healthcare providers with 
an effective means of early detection. The rapid inference time 
and high sensitivity of the model ensure that it can be deployed 
in mass screening programs, thereby identifying at-risk patients 
before significant damage occurs11. This proactive approach to 
diagnosis enables early intervention, reducing the risk of severe 

complications and improving the quality of life for individuals 
affected by diabetes.

Moreover, the inclusion of an AI-powered recommendation 
system enhances the utility of the model beyond mere detection. 
By generating tailored lifestyle and medical guidance based 
on the severity of diabetic retinopathy, the system empowers 
patients with actionable insights. This feature contributes to 
patient education and engagement, fostering a more proactive 
approach to disease management. The integration of AI- driven 
recommendations within diagnostic tools represents a significant 
step forward in personalized healthcare, making medical 
technology more accessible and informative for both patients 
and practitioners14.

Despite its achievements, this study also acknowledges certain 
limitations that present opportunities for further refinement. 
The model, while highly accurate, relies on high-quality 
retinal images for optimal performance. Variations in imaging 
conditions, such as lighting inconsistencies and occlusions, 
can impact classification accuracy16. Future research should 
focus on developing more robust preprocessing techniques to 
mitigate these challenges and enhance model generalizability. 
Additionally, incorporating attention mechanisms or 
transformer-based architectures could further improve feature 
extraction and classification performance. Expanding the dataset 
to include a more diverse set of retinal images from different 
demographics and imaging devices will also contribute to the 
model’s reliability in varied clinical settings diagnostic tools 
requires a collaborative effort between technologists, medical 
professionals and policymakers. Establishing guidelines for the 
ethical use of AI in healthcare, ensuring transparency in model 
decision (Table 1).

Table 1: Performance Comparison of Different Models for Diabetic Retinopathy.

Model Jaccard Score F1Score Recall Score Precision Accuracy

Custom CNN 0.72 0.84 0.82 0.86 0.992

VGG16 0.68 0.81 0.79 0.83 0.95

ResNet50 0.7 0.83 0.8 0.85 0.965

EfficientNet 0.71 0.82 0.81 0.84 0.97

SVM 0.55 0.65 0.63 0.67 0.82

Random Forest 0.58 0.67 0.66 0.69 0.85

Logistic Regression 0.52 0.6 0.59 0.62 0.78

The broader implications of this research extend beyond 
diabetic retinopathy detection. The methodologies employed 
in this study can be adapted for other ophthalmic diseases such 
as glaucoma and age-related macular degeneration20. By fine-
tuning the architecture and retraining the model on different 
datasets, similar AI-driven diagnostic tools can be developed for 
a range of vision-related conditions. The interdisciplinary nature 
of this research also paves the way for collaborations between AI 
researchers, medical professionals and healthcare institutions, 
fostering innovation in automated medical diagnosis22.

Looking ahead, integrating the model into a comprehensive 
diagnostic ecosystem presents an exciting avenue for future work. 
By combining AI- driven retinal screening with electronic health 
records and wearable technology, a holistic approach to diabetes 
management can be achieved23. Real-time monitoring of blood 
glucose levels, combined with automated retinal analysis, can 
provide clinicians with valuable insights into disease progression 
and treatment efficacy24. Such advancements have the potential 

to revolutionize diabetic care, shifting the focus from reactive 
treatment to proactive disease prevention and management25.

As artificial intelligence continues to evolve, its role in 
medical diagnostics will only become more pronounced. The 
findings of this study reaffirm the transformative impact of AI in 
healthcare, demonstrating that deep learning models can augment 
clinical expertise and improve patient outcomes. However, the 
successful deployment of AI-driven making and addressing 
data privacy concerns are essential steps toward building trust 
in AI-driven medical solutions. In conclusion, this research 
underscores the potential of deep learning in revolutionizing 
diabetic retinopathy detection. The custom CNN model, with its 
high accuracy, efficiency and real-world applicability, represents 
a significant leap forward in AI-driven medical diagnostics. By 
addressing key challenges and exploring future enhancements, 
this work lays the foundation for more sophisticated and 
accessible diagnostic solutions. The integration of AI into 
healthcare continues to push the boundaries of what is possible, 
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ultimately contributing to a future where technology-driven early 
detection and intervention become standard practice in medical 
care.
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