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Abstract : Diabetic Retinopathy (DR) is a severe complication of diabetes, which may cause vision loss unless it is detected early.
Early-stage symptoms are usually not observable, and therefore, timely and proper screening is crucial. This article highlights a
multiclass DR classification automated system that is developed based on deep learning and the APTOS 2019 dataset. An adapted
preprocessing pipeline, such as adaptive cropping and Ben Graham-based contrast enhancement is used to enhance image quality
and emphasize meaningful retinal characteristics. EfficientNetBO is taken as the main model because it can be optimized to a high
level of performance with the best parameters. The model has a training accuracy of 88% and a validation accuracy of 83%, which
proves the successful classification ability. Moreover, the model is embedded into an easy-to-use system based on Streamlit and
Flask, allowing users to upload images in real-time and get predictions with confidence scores. The suggested system offers a
practical and efficient solution to scalable screening of diabetic retinopathy.

Keywords-Diabetic Retinopathy, Retinal Fundus Imaging, Deep Learning, CNN, Automated Detection, Severity Classification, Image
Preprocessing, Computer-Aided Diagnosis

I INTRODUCTION

Diabetes mellitus is one of the most common chronic diseases worldwide and has become a major public health concern due to
unhealthy lifestyles, poor dietary habits, and physical inactivity. Among its various complications, Diabetic Retinopathy is
considered one of the most severe eye-related disorders caused by damage to the blood vessels of the retina. If not detected and
treated at an early stage, diabetic retinopathy can lead to permanent vision impairment and blindness. The disease progresses through
multiple stages, beginning with mild retinal abnormalities and advancing to severe proliferative diabetic retinopathy. Since the early
stages often show no noticeable symptoms, timely screening and accurate diagnosis are essential for preventing irreversible vision
loss.

Traditionally, diabetic retinopathy is diagnosed through manual examination of retinal fundus images by ophthalmologists.
Although this method is clinically effective, it is time-consuming, costly, and highly dependent on the expertise of trained medical
professionals. In regions with limited healthcare infrastructure and a shortage of ophthalmologists, large-scale retinal screening
becomes difficult, often resulting in delayed diagnosis and treatment. These limitations have motivated researchers to develop
automated and computer-aided diagnostic systems for efficient diabetic retinopathy detection.

Recent advancements in Artificial Intelligence (Al) and Deep Learning (DL), particularly Convolutional Neural Networks (CNNs),
have significantly improved the field of medical image analysis. Deep learning models can automatically learn and extract complex
retinal features directly from fundus images without requiring manual feature engineering. Several advanced architectures suc h as
CNN, DenseNet121, EfficientNet, and transfer learning-based models have beenwidely explored for diabetic retinopathy detection
and severity classification.

Many research studies have also emphasized the importance of image pre-processing techniques to improve retinal image quality
before classification. Techniques such as adaptive cropping, contrast enhancement, histogram equalization, normalization, and Ben
Graham pre-processing help highlight retinal lesions, blood vessels, haemorrhages, and exudates more effectively. Furthermore,
transfer learning and data augmentation techniques are extensively used to improve model generalization capability and
classification accuracy, especially when dealing with limited or imbalanced retinal image datasets.

This survey paper presents a comprehensive review of deep learning-based approaches for diabetic retinopathy detection using
retinal fundus images. The study analyses various pre-processing methods, deep learning architectures, datasets, eval uation metrics,
and deployment strategies proposed by different researchers. Additionally, the paper discusses the advantages, limitations, and
research gaps in existing systems while highlighting future directions for developing accurate, scalable, efficient, and real -time
diabetic retinopathy screening solutions for modern healthcare applications.
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Il. STATE OF ART

Recent advancements in Diabetic Retinopathy detection have been largely driven by the rapid growth of deep learning techniques,
particularly Convolutional Neural Networks (CNNs). Earlier traditional machine learning approaches such as Support Vector
Machines (SVM) and K-Nearest Neighbor (KNN) classifiers relied heavily on handcrafted feature extraction methods. These
methods required manual identification of retinal abnormalities such as microaneurysms, exudates, and haemorrhages, which
limited detection accuracy and scalability while increasing dependency on expert knowledge.

The introduction of CNN-based architectures represented a major breakthrough in automated diabetic retinopathy detection. CNNs
are capable of automatically learning hierarchical feature representations directly from retinal fundus images, eliminating the need
for manual feature engineering. Early CNN models achieved satisfactory classification performance; however, they often suffered
from issues such as overfitting, poor generalization capability, and limited performance on imbalanced datasets.

To address these limitations, researchers introduced transfer learning techniques using pre-trained deep learning architectures such
as DenseNet, InceptionNet, and EfficientNet. These models leverage knowledge learned from large-scale datasets and adapt it to
medical image analysis tasks, thereby improving classification accuracy and reducing training time. DenseNet improves feature
reuse and gradient flow through dense layer connections, while EfficientNet enhances model efficiency using optimized compound
scaling of network depth, width, and image resolution.

Recent state-of-the-art diabetic retinopathy detection systems have evolved toward hybrid and ensemble deep learning frameworks
that combine the strengths of multiple architectures. Hybrid CNN-DenseNet models have demonstrated superior performance in
multiclass diabetic retinopathy classification, achieving significantly higher accuracy compared to conventional CNN models.
EfficientNet-based architectures have further improved performance by providing better feature extraction capability with lower
computational complexity.

Inaddition to architectural improvements, image preprocessing and enhancement techniques have played a crucial role inimproving
diabetic retinopathy detection performance. Techniques such as adaptive cropping, contrast enhancement, histogram equalization,
normalization, noise reduction, and Ben Graham preprocessing improve retinal image quality and help highlight important
pathological features. Data augmentation methods including rotation, flipping, scaling, cropping, and brightness adjustmentare also
widely used to improve model robustness and reduce overfitting caused by limited training data.

Furthermore, attention mechanisms and multi-path CNN architectures have gained popularity due to their ability to focus on
significant retinal regions containing lesions, hemorrhages, and exudates. These mechanisms improve feature localization and
enhance classification accuracy, especially for severe stages of diabetic retinopathy.

Current research trends are focused on developing lightweight, computationally efficient, and real-time diabetic retinopathy
screening systems suitable for mobile and cloud-based healthcare applications. Such systems are particularly beneficial in remote
and resource-constrained environments where access to ophthalmologists is limited. Additionally, the integration of explainable
Artificial Intelligence (Al) techniques is improving the interpretability, reliability, and clinical acceptance of automated diabetic
retinopathy detection systems.

Overall, state-of-the-art diabetic retinopathy detection approaches emphasize deep learning-based architectures, transfer learning,
advanced preprocessing methods, and efficient feature extraction techniques to achieve highly accurate, scalable, and reliable
automated screening systems for real-world clinical applications.

1. RESEARCH METHODOLOGY

3.1 Research Design and Overview

The proposed research focuses on developing an automated system for the detection and classification of Diabetic Retinopathy
using deep learning techniques. The primary objective of the study is to analyze retinal fundus images and accurately identify the
severity stage of diabetic retinopathy. Traditional diagnostic procedures rely on manual examination by ophthalmologists, which is
time-consuming, labor-intensive, and dependent on expert availability. To overcome these limitations, this research introduces an
intelligent and automated deep learning-based diagnostic framework.

The research follows an experimental and analytical methodology consisting of multiple stages, including data collection, image
preprocessing, data augmentation, feature extraction, model training, classification, and performance evaluation. Publicly available
retinal image datasets are utilized for training and testing the models. The systememploys Convolutional Neural Networks (CN Ns),
DenseNet121, and EfficientNetBO architectures to improve classification performance and feature learning capability.

Image preprocessing techniques including resizing, normalization, contrast enhancement, and noise reduction are applied to
improve image quality and ensure consistency across the dataset. Furthermore, data augmentation methods such as rotation,
flipping, and scaling are used to address class imbalance and improve model generalization.
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The proposed methodology also includes a comparative analysis of different deep learning architectures to determine the most
effective model for multiclass diabetic retinopathy classification. The retinal images are classified into five categories: No DR,
Mild, Moderate, Severe, and Proliferative DR. Performance evaluation is carried out using standard metrics such as accuracy,
precision, recall, F1-score, validation loss, and confusion matrix analysis.

3.2 Conceptual Research Framework

The conceptual framework of the proposed system is based on deep learning and computer vision principles, where retinal fundus
images are treated as structured medical data containing significant pathological features. The framework assumes that
abnormalities such as micro aneurysms, hemorrhages, exudates, and abnormal blood vessels are important indicators of different
stages of diabetic retinopathy.

The framework begins with the collection of retinal fundus images from publicly available datasets. These images are then passed
through an image preprocessing stage, where operations such as resizing, normalization, contrast enhancement, noise reduction,
and augmentation are performed to improve image quality and dataset consistency.

After preprocessing, the images are provided as input to deep learning models for automatic feature extraction and classification.
Convolutional Neural Networks (CNNs), DenseNet121, and EfficientNetB0 automatically learn important visual patterns from
retinal images without requiring manual feature engineering. These models extract both low-level and high-level features associated
with diabetic retinopathy severity.

The extracted features are then utilized in the classification stage, where the system categorizes retinal images into five diabetic
retinopathy stages: No DR, Mild, Moderate, Severe, and Proliferative DR. Finally, the system generates output predictions along
with evaluation metrics such as accuracy and loss to measure model performance and reliability.

The integrated framework combines image processing, feature extraction, deep learning, and transfer learning techniques to develop
an efficient, accurate, and scalable automated diabetic retinopathy detection system.

3.3 System Architecture for DR Detection

The architecture of the proposed diabetic retinopathy detection system consists of multiple interconnected stages that transform raw
retinal images into meaningful diagnostic outputs.

Initially, retinal fundus images are collected from publicly available datasets and provided as input to the system. The images
undergo preprocessing operations such as resizing, cropping, normalization, brightness adjustment, and noise reduction to improve
image consistency and quality. These preprocessing steps minimize variations in illumination, contrast, and image size that may
negatively affect model performance.

Following preprocessing, data augmentation techniques are applied to artificially increase dataset diversity and address class
imbalance problems. Transformations such as rotation, flipping, scaling, and cropping are used to generate additional training
samples, which improves model robustness and reduces overfitting.

The processed images are then passed through convolutional layers where automatic feature extraction is performed. These layers
learn important retinal characteristics including edges, textures, blood vessel structures, hemorrhages, and lesion patterns. The
extracted features are further processed through pooling and fully connected layers to perform multiclass classification.

Finally, the classification layer assigns the retinal image to one of the predefined diabetic retinopathy stages ranging from No DR
to Proliferative DR. The generated output helps in early diagnosis and severity assessment of the disease.

3.4 Model Development and Training

The research methodology involves the implementation and comparison of multiple deep learning models for diabetic retinopathy
detection and classification.

Initially, a basic Convolutional Neural Network (CNN) model is developed to perform automatic feature extraction and image
classification. Although the CNN model provides satisfactory results, its performance becomes limited when handling complex
retinal abnormalities and large-scale datasets.

To improve classification accuracy and feature learning capability, advanced deep learning architectures such as DenseNet121 and
EfficientNetBO are implemented using transfer learning techniques. DenseNet121 improves feature propagation and reuse by
connecting each layer with all preceding layers, ensuring efficient information flow throughout the network.
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EfficientNetBO is employed as the primary model due to its superior performance and optimized compound scaling technique,
which balances network depth, width, and resolution efficiently. The model is capable of extracting complex retinal features while
maintaining computational efficiency. Fine-tuning is performed on the later layers of EfficientNetBO to adapt the model specifically
for retinal image classification.

The models are trained using augmented retinal image datasets, and hyper parameters are optimized to improve classification
performance. During training, optimization algorithms and loss functions are utilized to minimize classification errors and improve
convergence.

Among all implemented architectures, EfficientNetBO demonstrates the highest classification accuracy and best generalization
capability compared to CNN and DenseNet121. Its efficient feature extraction, lower computational complexity, and improved
learning performance make it the most suitable model for diabetic retinopathy detection.

3.5 Evaluation Framework

The performance of the proposed system is evaluated using standard evaluation metrics to ensure classification reliability and
effectiveness. Accuracy is used as the primary evaluation metric to measure the proportion of correctly classified retinal images.

Additional performance metrics such as precision, recall (sensitivity), F1-score, and validation loss are also analyzed to obtain a
comprehensive understanding of model behavior. Precision measures the correctness of positive predictions, while recall evaluates
the model’s ability to identify all actual positive cases. The F1-score provides a balanced measure between precision and recall,
which is particularly important in medical diagnosis systems.

A confusion matrix is utilized to visualize classification performance across different diabetic retinopathy stages and identify
misclassification patterns such as false positives and false negatives. Monitoring training and validation loss also helps in analyzing
model convergence and detecting overfitting issues.

Furthermore, a comparative analysis is performed between CNN, DenseNet121, and EfficientNetBO architectures. The models are
compared based on classification accuracy, computational efficiency, training time, and generalization performance. Cross-
validation and validation monitoring techniques are used to ensure the robustness and reliability of the proposed system

The model achieving the highest accuracy and best generalization performance is selected as the final model for diabetic reti nopathy
detection. EfficientNetB0 achieves superior performance compared to the other implemented models and is therefore selected as
the final deployment model.

3.6 Output Interpretation and System Functionality

Once the trained model processes a retinal image, the system generates an output indicating the predicted stage of diabetic
retinopathy. The retinal image is classified into one of five categories: No DR, Mild DR, Moderate DR, Severe DR, or Proliferative
DR.

The output assists healthcare professionals in early diagnosis, severity assessment, and treatment planning. Along with the predicted
class, the system may also provide confidence scores or probability values to indicate the certainty of the prediction.

To further improve interpretability, performance visualization techniques such as confusion matrices and evaluation graphs are used
to analyze overall system behavior. In advanced implementations, visualization methods such as Grad-CAM heat maps can also
highlight the affected retinal regions that influence the model’s prediction, improving transparency and clinical trust.

The automated system significantly reduces the workload of ophthalmologists by providing faster and more efficient retinal image
analysis. Early and accurate detection of diabetic retinopathy can help prevent severe complications such as vision loss and
blindness.

Overall, the proposed system demonstrates the potential of deep learning-based automated screening solutions for real-world
healthcare applications, particularly in resource-constrained environments where specialist availability is limited.
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IV.SYSTEM DESIGN

4.1 System Architecture
A. Deployment Architecture

The proposed diabetic retinopathy detection system is designed as a deployable real-time application that enables automated retinal
image analysis and prediction. The system follows a client-server architecture in which the frontend handles user interaction, while
the backend manages image processing and deep learning model execution. This architecture ensures smooth communication,
scalability, reliability, and accessibility across multiple platforms.

B. Frontend Interface

The frontend interface is developed using Streamlit, which provides a simple, interactive, and user-friendly environment for retinal
image analysis. Users can upload retinal fundus images directly through the interface and receive prediction results instantly. The
interface is designed to be intuitive and accessible even for non-technical users, enabling efficient interaction with the system.

C. Backend Service

The backend service is implemented using Flask , which acts as a communication bridge between the frontend and the deep learning
model. The backend receives uploaded retinal images, performs preprocessing and prediction operations, and returns the
classification results to the frontend. Separating frontend and backend operations improves system maintainability, flexibility, and
overall reliability.

D. Model Integration Layer

The best-performing deep learning architecture, EfficientNetBO, is integrated into the backend as the primary prediction module.
The model is responsible for loading trained weights, processing retinal images, and performing multiclass diabetic retinopathy
classification. EfficientNetBO is selected because it achieves higher classification accuracy and better generalization performance
compared to CNN and DenseNet121 models. The integration layer is optimized to ensure fast and efficient real -time inference.

E. Output Handling

The system displays prediction results in a clear and understandable format. The output includes the detected stage of Diabetic
Retinopathy along with the corresponding confidence score. This allows users and healthcare professionals to interpret the results
easily without requiring advanced technical knowledge.

—@; Input Images

{Funchas images |
—

b —_—_
= ! S
-— =
Data Import ¥ ssng Data Augmentation
(Lot Duaasen) Restziog (Praiar, Fhp Junen, Mot
| S— 5. 231 — X
S4@) == Ea =
- J Cropeing Roeation  Fip Zoan W
1Enevove ik Gadera
iy +
Goby Nelas Reswordt Dataset Spilt
ol Osesien Freing
s S L (<:\~t nent E
..Q.. v-"-?: o Training Set Vlldation Set |
. 100%; 120
Model Evaluation DR Stage Classification Model Training Mods! Building
10 Vi ation Set) Procbet DR Sovertty (Lising Training & (Derumtbet / D sorviMel]
all Accursoy ) P e T o -~ VWb etyton Sety) @
“ TN N 40 L
& Poirion (Z) D oS
O Mecrll Y N/ N o Lanl o,'..A -
[ M-Scors L e _ J

Usar interface (Integrated Systam)

F = Ot Pogal - -
é—fb Uptomd Sunvius kv @ . g, WL -— ::C) View %o
e e v

Figure 1: Architecture of Diabetic Retinopathy System.
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4.2 Core Components

The proposed diabetic retinopathy detection system consists of several core components that work together to perform automated
retinal image analysis and disease classification.

A. Input Module

The input module is responsible for collecting retinal fundus images from publicly available datasets or user uploads. These images
serve as the primary data source for the detection system. The quality and diversity of retinal images significantly influence the
performance and generalization capability of the deep learning model.

B. Image Preprocessing Module

The preprocessing module prepares retinal images for deep learning analysis by improving image quality and consistency.
Operations such as resizing, normalization, noise reduction, smoothing, and contrast enhancement are performed to highlight
important retinal structures such as blood vessels, hemorrhages, and lesions.

To improve model robustness and address class imbalance, data augmentation techniques including rotation, flipping, scaling, and
cropping are also applied. These operations increase dataset diversity and help reduce overfitting during model training.

C. Feature Extraction Module

The feature extraction stage is handled using deep learning architectures such as CNN, DenseNet121, and EfficientNetBO0. In this
stage, the models automatically learn meaningful retinal features from fundus images, including micro aneurysms, exudates, and
abnormal blood vessel patterns.

EfficientNetBO provides superior feature extraction capability due to its optimized compound scaling mechanism, which improves
learning efficiency and classification performance.

D. Classification Module
The classification module processes the extracted features and categorizes retinal images into five diabetic retinopathy stages:

No DR

Mild DR
Moderate DR
Severe DR
Proliferative DR

abrwbdE

This stage represents the final diagnostic prediction generated by the system.

E. Evaluation Module

The evaluation module measures the effectiveness and reliability of the proposed system using various performance metrics suc h
as accuracy, precision, recall, F1-score, validation loss, and confusion matrix analysis.

Comparative evaluation of CNN, DenseNet121, and EfficientNetBO models is performed to identify the most accurate and efficient
architecture. Among all models, EfficientNetB0 achieves the highest classification accuracy and best generalization performance.

4.3 Processing Workflow

The processing workflow of the proposed diabetic retinopathy detection system begins with the collection or upload of retinal
fundus images. These images are passed through a preprocessing stage where image quality is enhanced using operations such as
resizing, normalization, noise removal, contrast enhancement, and brightness adjustment.

Following preprocessing, image augmentation techniques such as rotation, flipping, scaling, and cropping are applied to improve
dataset diversity and model generalization capability.

The enhanced images are then provided as input to deep learning architectures including CNN, DenseNet121, and EfficientNetBO.
During this stage, convolutional and pooling layers automatically extract i mportant retinal features such as blood vessels, lesions,
hemorrhages, and exudates.
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Among all implemented architectures, EfficientNetB0O performs the most effective feature extraction and classification due to its
efficient scaling strategy and optimized network design. The extracted features are further processed through fully connected layers
to classify retinal images into different stages of diabetic retinopathy.

Finally, the system generates the predicted diabetic retinopathy stage along with confidence scores. The performance of the model
is evaluated using metrics such as accuracy, validation loss, precision, recall, F1-score, and confusion matrix analysis to ensure
classification reliability and robustness.

V. INTERMEDIATE REPRESENTATION MODEL

5.1 Intermediate Representation in Deep Learning-Based DR Detection

The intermediate representation model in the proposed Diabetic Retinopathy detection system refers to the internal feature maps
generated during retinal image processing within deep learning architectures such as CNN, DenseNet121, and EfficientNetBO.
These feature representations play a vital role in converting raw retinal fundus images into meaningful diagnostic information for
accurate disease classification.

After preprocessing and data augmentation, retinal images are passed through multiple convolutional layers of the deep learning
network. In the initial layers, the model extracts low-level visual features such as edges, textures, brightness variations, and color
patterns. These features help the system identify the basic structural information present in retinal images.

As the image data progresses through deeper layers of the network, the extracted features become more abstract and semantically
meaningful. The deeper layers capture important pathological patterns associated with diabetic retinopathy, including:

Micro aneurysms

Hemorrhages

Exudates

Abnormal blood vessel structures
Retinal lesion patterns

Pooling layers are used between convolutional operations to reduce the spatial dimensions of the generated feature maps while
preserving important retinal information. This process decreases computational complexity and improves the efficiency of the
model.

These intermediate representations act as a bridge between raw retinal images and the final classification stage. The learned feature
maps contain rich medical information that enables the model to accurately distinguish between different stages of diabetic
retinopathy.

DenseNet121 improves feature propagation through dense connections between layers, allowing efficient information reuse and
stronger gradient flow. EfficientNetB0 further enhances feature extraction capability through compound scaling, which balances
network depth, width, and image resolution efficiently. As a result, EfficientNetB0O generates more discriminative and robust feature
representations compared to traditional CNN architectures.

The extracted intermediate features are finally passed to fully connected layers, where the model performs multiclass classification
and categorizes retinal images into five diabetic retinopathy stages: No DR, Mild DR, Moderate DR, Severe DR, and Proliferati ve
DR.

The use of intermediate feature representations significantly improves classification accuracy, feature learning capability, and
model generalization performance, making the systemsuitable for automated real-world diabetic retinopathy screening applications.

5.2 Comparison with Traditional Image Processing Systems

Traditional image processing systems for diabetic retinopathy detection primarily depend on handcrafted feature extraction
techniques and manually designed algorithms. These systems identify retinal abnormalities such as blood vessels, exudates, and
hemorrhages using predefined rules and image analysis methods. However, such approaches often struggle to capture complex
retinal patterns and usually require expert intervention for feature selection and interpretation.

In conventional systems, the extracted features are limited to predefined characteristics, reducing the flexibility and adaptability of
the model when dealing with diverse retinal image conditions. Additionally, traditional methods may fail to generalize effectively
across different datasets due to variations in image quality, illumination, and lesion appearance.

In contrast, the proposed deep learning-based system automatically learns hierarchical feature representations directly from retinal
fundus images through intermediate feature maps generated within convolutional layers. Instead of relying on manually engineered
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features, the deep learning model continuously refines feature representations during training, enabling the extraction of bo th low-
level and high-level retinal abnormalities.

Furthermore, advanced architectures such as DenseNet121 and EfficientNetBO improve feature learning by enabling efficient
feature reuse and optimized scaling mechanisms. This allows the proposed system to achieve higher classification accuracy,
improved robustness, and better generalization capability compared to traditional image processing techniques.

Unlike traditional approaches, the intermediate representation model in deep learning preserves meaningful semantic information
throughout the processing pipeline, enabling accurate multiclass classification of diabetic retinopathy stages. This makes the
proposed system more reliable, scalable, and suitable for automated medical screening applications.

5.3 COMPARISON WITH EXISTING DEEP LEARNING MODELS

Recent deep learning approaches for diabetic retinopathy detection mainly focus on improving classification accuracy, feature
extraction capability, and computational efficiency. Traditional CNN models provide automatic feature extraction from retinal
images; however, their performance is limited when handling complex retinal abnormalities and imbalanced datasets.

DenseNet121 improves feature reuse and gradient flow through dense layer connections, enabling better learning of retinal lesion
patterns. The model achieves higher classification accuracy compared to conventional CNN architectures and reduces the risk of
vanishing gradient problems in deep networks.

EfficientNetBO further enhances diabetic retinopathy classification performance through compound scaling, which efficiently
balances network depth, width, and image resolution. Compared to CNN and DenseNet121, EfficientNetBO provides better feature
extraction capability while maintaining lower computational complexity. The model demonstrates improved generalization
performance and achieves the highest classification accuracy among the implemented architectures.

In addition to architectural improvements, preprocessing techniques such as contrast enhancement, normalization, and data
augmentation significantly improve model robustness and classification performance. These techniques help highlight important
retinal abnormalities including hemorrhages, exudates, and micro aneurysms.

Overall, EfficientNetB0-based diabetic retinopathy detection systems provide more accurate, scalable, and computationally
efficient solutions for automated retinal image analysis compared to traditional CNN and DenseNet-based approaches.

5.4 SUMMARY OF COMPARATIVE FEATURES

The comparative analysis of different deep learning models highlights the advantages and limitations of each architecture used for
diabetic retinopathy detection.

Feature CNN DenseNet121 = EfficientNetB0O
Feature Basic Advanced Highly
Extraction Advanced
Training Moderate | High Very High
Efficiency

Computational = Low Moderate Optimized
Complexity

Gradient Flow = Limited Strong Strong
Classification = Moderate | High Highest
Accuracy

Feature Reuse | Limited Excellent Excellent
Generalization = Moderate | Good Excellent
Capability

Real-Time Moderate | Good Very Good
Performance

The comparison shows that EfficientNetBO provides the best balance between classification accuracy, computational efficiency,
and model scalability. Due to its optimized architecture and superior feature extraction capability, EfficientNetBO is selected as the
final model for the proposed diabetic retinopathy detection system.

VI. CONCLUSION AND FUTURE WORK

6.1 Conclusion

This paper presents a deep learning-based approach for multiclass classification of Diabetic Retinopathy using retinal fundus
images. The proposed system utilizes an effective preprocessing pipeline based on Ben Graham’s technique to enhance retinal
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image quality and improve feature extraction capability. Deep learning architectures including CNN, DenseNetl121, and
EfficientNetB0 are implemented and comparatively analyzed to identify the most suitable model for diabetic retinopathy detection.

Among all the implemented models, EfficientNetBO achieves the best performance with higher training and validation accuracy
compared to CNN and DenseNet121. Its optimized compound scaling mechanism enables efficient feature extraction, better
generalization capability, and improved classification performance for different stages of diabetic retinopathy.

To improve usability and practical applicability, the final EfficientNetBO model is integrated into a user-friendly web application
developed using Streamlit and Flask. The system allows users to upload retinal fundus images and receive real-time predictions
along with confidence scores. This automated screening approach helps reduce the workload of ophthalmologists and supports early
diagnosis and treatment planning.

Overall, the proposed system provides an efficient, accurate, scalable, and accessible solution for automated diabetic retinopathy
detection and demonstrates the significant potential of deep learning techniques in modern healthcare applications.

6.2 Future Work

Future research can focus on improving the performance and robustness of the proposed diabetic retinopathy detection system by
training the model on larger and more diverse retinal image datasets. A larger dataset can improve generalization capability across
different populations, imaging devices, and clinical conditions.

The implementation of more advanced deep learning architectures and ensemble learning techniques may further improve
classification accuracy and feature extraction performance. Additionally, incorporating attention mechanisms and explainable
Artificial Intelligence (Al) techniques can enhance prediction transparency and help clinicians better understand the model’s
decision-making process.

From a deployment perspective, the system can be optimized for faster inference and implemented on lightweight platforms such
as mobile devices and edge computing systems. This would make the solution more suitable for real-time diabetic retinopathy
screening in remote and resource-constrained healthcare environments.

Future enhancements may also include integration with cloud-based healthcare systems, automatic report generation, patient data
management, and electronic health record systems. Furthermore, validating the model using real clinical datasets and collaborating
with healthcare professionals can improve the reliability, accuracy, and practical adoption of the proposed system in real-world
medical applications.
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