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Abstract- One of the most prevalent causes of blindness 

that can be prevented is diabetic retinopathy (DR). 

Because of this, automated screening tools that can 

identify early disease indicators in retinal fundus images 

are crucial. The severity levels of DR may now be 

correctly classified thanks to recent advancements in deep 

learning, particularly Convolutional Neural Networks 

(CNNs). With an emphasis on the ResNet-50 and 

Retinopathy Severity Grading (RSG-Net) designs, this 

paper examines the most effective methods for identifying 

DR. The study demonstrates how DR grading may be 

made more dependable across several datasets, including 

the APTOS 2019 Blindness Detection dataset, by 

preprocessing photos, adding new data, and utilising 

transfer learning. Several stages of DR, from No DR to 

Proliferative DR, are examined to determine how well 

current CNN models can diagnose. The benefits and 

drawbacks of binary and multi-class classification 

methods, as well as their applicability in the clinic, are 

also thoroughly examined in this work. This study 

examines CNN-based techniques for early detection of 

DR and discusses how they can support widespread, real-

time eye screening. 
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I. INTRODUCTION 

  

One of the most prevalent microvascular 

consequences of diabetes mellitus is diabetic 

retinopathy (DR), which continues to be a major 

global cause of irreversible blindness in people of 

working age [1], [2]. Healthcare systems are heavily 

burdened by the growing number of diabetic patients, 

which makes early diagnosis and routine screening 

more challenging [3]. Since prompt treatment can 

greatly lower the risk of severe vision loss, early 

identification is crucial. However, traditional fundus 

examination is expensive, time-consuming, and 

heavily reliant on ophthalmologists, particularly in 

areas with limited resources [4], [5]. 

 

Medical image analysis in ophthalmology has greatly 

benefited from recent developments in deep learning 

and artificial intelligence. Convolutional Neural 

Networks (CNNs) are capable of accurately 

identifying illness patterns and automatically learning 

significant retinal picture features [6]. Due to its 

residual learning strategy, which addresses gradient 

degradation issues in previous deep networks, 

ResNet-50 is one of the most popular designs [7]. It 

successfully detects anomalies that are important 

markers of diabetic retinopathy, including 

microaneurysms, hemorrhages, hard exudates, and 

neovascularisation [8], [9]. Another sophisticated 

model, RSG-Net, allows for the binary and multi-

class classification of DR stages, such as No DR, 

Mild, Moderate, Severe, and Proliferative DR [10], 

[11]. 

 

Despite significant advancements, there are still a 

number of practical implementation obstacles. Model 

accuracy and generalisation may be impacted by 

differences in imaging equipment, patient 

demographics, and the existence of additional retinal 

illnesses [12]. Large labelled datasets are also 

necessary for many CNN-based systems, which 

might not always be accessible in clinical settings 

[13]. To increase the dependability, transparency, and 

credibility of automated DR diagnostic systems, 

current research concentrates on explainable AI, 

transfer learning, cross-dataset validation, and 

integration of clinical metadata [14], [15]. 
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Motivation 

The rising number of diabetes patients worldwide has 

increased cases of Diabetic Retinopathy (DR), 

creating a need for fast and accurate early detection 

systems. Traditional manual screening depends on 

specialists, causes delays, and is difficult in rural or 

low-resource areas. Many patients remain 

undiagnosed until vision loss begins. Deep learning 

models such as ResNet-50 and RSG-Net provide an 

effective solution by enabling automated DR 

detection with high accuracy, motivating the 

development of intelligent screening systems to 

improve patient care. 

 

Goals and Objectives 

1. To identify early signs of DR from eye images. 

2. To automatically classify DR into different 

stages. 

3. To reduce manual effort for doctors using an 

automated system. 

4. To understand how CNN models like ResNet-50 

and RSG-Net help in DR detection. 

 

Scope 

The goal of this project is to create and assess a deep 

learning-based system that uses CNN models like 

ResNet-50 and RSG-Net to identify and categorise 

Diabetic Retinopathy from retinal fundus images. It 

focuses on image processing methods, early 

detection, stage classification, and the evaluation of 

how automated technology could help doctors with 

screening and diagnosis. 

 

II. LITERATURE SURVEY 

 

The automated identification of diabetic retinopathy 

(DR) has significantly improved due to recent 

advancements in deep learning and medical image 

analysis. Researchers have proposed advanced neural 

network architectures, preprocessing techniques, and 

transfer learning methods to enhance classification 

accuracy and enable early diagnosis. These 

approaches support the rapid and efficient detection 

of retinal abnormalities, improving screening 

outcomes. 

 

[1] Mutawa et al., 2022 – “Diabetic Retinopathy 

Detection Using CNN with Discrete Wavelet 

Transform” 

Mutawa et al. [1] introduced a DR detection model 

that integrates Convolutional Neural Networks 

(CNN) with the Discrete Wavelet Transform (DWT). 

In this approach, DWT is used to improve image 

contrast, remove noise, and highlight important 

retinal features such as haemorrhages, exudates, and 

microaneurysms. 

 

[2] Lin and Wu, 2023 – “Enhanced ResNet-50 

Architecture for Diabetic Retinopathy Classification” 

Lin and Wu [2] proposed a modified ResNet-50 

architecture that incorporates lightweight layers, 

dropout regularisation, and enhanced residual 

connections. This design improves sensitivity while 

reducing overfitting during the training process. 

 

[3] Kumar et al., 2023 – “Optimized Deep CNN 

Model for Detection of DR and Diabetic Macular 

Oedema” An additional optimised deep CNN model 

was developed for the detection of both diabetic 

retinopathy and Diabetic Macular Oedema (DME) 

[3], enabling improved multi-disease classification 

performance. 

 

[4] Muthusamy et al., 2024 – “MAPCRCI-DMPLC: 

A Deep Learning Framework for Multi-Stage DR 

Detection” Muthusamy et al. [4] developed a deep 

learning framework named MAPCRCI-DMPLC, 

which combines multiple preprocessing filters with a 

multilayer classification network. This model is 

designed to detect subtle retinal changes across 

different stages of the disease. 

 

[5] Vallukappully et al., 2024 – “Comparative 

Analysis of NASNet-Large and ResNet-50 for 

Retinal Image Classification” Vallukappully et al. [5] 

explored NASNet-Large and ResNet-50 architectures 

and demonstrated that combining high-capacity 

models significantly improves feature extraction from 

retinal fundus images. Their findings highlight the 

strong potential of deep learning techniques in 

developing accurate and reliable DR screening 

systems. 

 

III. PROPOSED SYSTEM 

 

1. System Overview 

Image preprocessing, data normalisation, 

augmentation, feature extraction, and DR 
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classification are among the steps the system does 

after receiving retinal fundus pictures as input. 

 

2. System Workflow Description 

2.1 Image Acquisition 

The main input is high-resolution pictures of the 

retinal fundus. These images typically display 

anatomical features such the macula, optic disc, 

microaneurysms, haemorrhages, and exudates. To 

provide robustness, system design takes into account 

variations in image quality, light levels, and noise 

levels. 

 

2.2 Image Pre-processing 

Pre-processing prepares the images for learning and 

makes retinal characteristics easier to see. The most 

crucial responsibilities are: 

 

• Noise Reduction: To eliminate sensor noise 

and enhance clarity, Gaussian and median 

filtering are employed. . 

• Illumination Correction: To address uneven 

brightness, Contrast Limited Adaptive 

Histogram Equalisation (CLAHE) is used.. 

• Cropping & Centering: To eliminate black 

borders and unnecessary background pixels, 

images are trimmed around the retinal region. 

• Normalization: By ensuring consistency 

throughout the dataset, pixel intensity 

normalisation enhances CNN convergence. 

 

2.3 Data Augmentation 

Several augmentation techniques, such as rotations, 

flips, zooming, cropping, and brightness adjustments, 

are utilised to address variability and prevent 

overfitting. By mimicking real-world imaging 

changes, these modifications improve the model's 

ability to generalise to new data. 

 

2.4 Feature Extraction Using ResNet-50 

A ResNet-50 backbone network, which employs 

residual connections to enable deep feature extraction 

without gradient deterioration, receives the 

preprocessed pictures. The model uses 50 

convolutional layers to learn hierarchical features 

like: 

 

• Early-layer features (edges, colors, vessels) 

• Mid-layer features (lesions, microaneurysms, 

texture patterns) 

• Deep-layer features (severity indicators across 

DR stages) 

 

IV. SYSTEM DESIGN 

 

 
Fig. 1 Block Diagram 

 

Analytical Modelling 

CNN feature extraction:  

 

 
 
Where: 

• X = input fundus image  

• W = learned weights  

• F = extracted feature map 

 

Softback classification: 

 

p  

 

Loss function (Cross-Entropy): 

• Loss function (Cross-Entropy):  

•  

 
 

Pseudo code 

Algorithm: DR Detection using ResNet-50 
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Input: Fundus Image I 

Output: DR Class Label 

 

1: Read image I 

2: Preprocess(I) 

   - Resize, Normalize, CLAHE 

3: If training: 

   Apply Augmentation(I) 

4: Extract Features F using ResNet-50 

5: Pass F to Fully Connected Layers 

6: Compute Softmax Probabilities 

7: Predict Class = argmax(P) 

8: Return Class Label 

 

Parameter Tuning Discussion  

Include: 

• Learning rate (e.g., 0.001)  

• Batch size (16 / 32)  

• Epochs (25–50)  

• Optimizer (Adam)  

• Dropout (0.5) 

 

Error Analysis 

Include: 

• Misclassification between Mild vs Moderate 

• Causes: 

• Low contrast  

• Small lesions  

• Class imbalance 

 

Performance Comparison Table 

Method Dataset Accurac

y 

Sensitivit

y 

Specificit

y 

CNN  APTO

S 

82% 80% 78% 

DWT + 

CNN 

APTO

S 

86% 84% 83% 

NASNet 

+ 

ResNet 

APTO

S 

89% 87% 86% 

Propose

d 

ResNet-

50 

APTO

S 

92% 90% 91% 

 

A. System Architecture Overview 

The architecture depicted in Figure 1 is layered and 

comprises: 

 

1. Input Image Acquisition 

2. Preprocessing Layer 

3. Data Augmentation Layer 

4. Deep Learning Feature Extraction Layer 

5. Classification Layer 

6. Performance Evaluation Layer 

 

Clarity, scalability, and simplicity of integration into 

hospital screening operations are guaranteed by this 

modular design. 

 

B. Image Acquisition Layer 

The first step in the process is to get high-resolution 

retinal fundus images using digital screening devices 

or fundus cameras. 

 

C. Preprocessing Layer 

Improving the input photos' visual quality and 

standardising them for deep learning analysis are the 

main goals of the second layer. Important activities 

consist of: 

 

• Noise Reduction: Using smoothing filters to 

get rid of sensor noise. 

• Contrast Enhancement: Techniques such as 

CLAHE are applied to improve illumination 

uniformity. 

 

D. Data Augmentation Layer 

False reproductions of the original pictures are 

created by rotating, flipping them vertically or 

horizontally, zooming in or out, adjusting the 

brightness, and slightly cropping them in order to 

make the model more general. 

 

V. ALGORITHM 

 

The suggested method automatically detects and 

categorises DR from retinal fundus pictures using a 

deep learning-based algorithm based on the ResNet-

50 CNN.  

 

DR Detection and Classification Using ResNet-50 

 

Step 1: Input Image Acquisition 

1.1 Take a picture of the retinal fundus from the 

screening apparatus. 

1.2 Check the file format, clarity, and resolution of 

the images.  



© MAY 2026 | IRE Journals | Volume 9 Issue 11 | ISSN: 2456-8880 
DOI: https://doi.org/10.64388/IREV9I11-1717596 

IRE 1717596          ICONIC RESEARCH AND ENGINEERING JOURNALS 1341 

1.3 Send the preprocessing module the confirmed 

image. 

 

Step 2: Image Preprocessing 

2. 1 To get rid of sensor noise, use noise-reduction 

filters.  

2.2 Use adaptive histogram equalisation to improve 

illumination and contrast.  

2.3 Crop the retinal area to eliminate background and 

dark borders.  

2.4 Adjust pixel intensities to a fixed scale 

appropriate for CNN input.  

2.5 Resize the picture to the necessary model input 

scale (for example, 224 x 224). 

 

Step 3: Data Augmentation (Training Phase Only) 

3.1 Use the following to create several altered 

versions of the input image: 

 

•  rotation 

•  flipping 

•  zooming 

•  brightness and contrast changes 

 

3.2 To improve diversity, include augmented photos 

in the training set.  

Step 4: Feature Extraction Using ResNet-50 

4.1 Provide the ResNet-50 network with the 

preprocessed image.  

4.2 Extract low-level features (vessel patterns, colour 

intensity, and edges).  

4.3 Extract mid-level characteristics (haemorrhages, 

exudates, microaneurysms).  

4.4 Identify high-level characteristics that indicate the 

severity of DR.  

4.5 Give the classification head the completed feature 

map. 

 

Step 5: Evaluation and Output Generation 

5.1 Determine the accuracy, sensitivity, and 

specificity of the model.  

5.2 Produce clinical interpretability confidence 

scores.  

5.3 Provide probability values and the final DR grade 

prediction.  

5.4 Create optional visualisation heatmaps (like 

Grad-CAM) to show areas that affect the model's 

choice. 

VI. RESULTS 

 

A. Accuracy Performance  

The accuracy curve makes it evident how well the 

model picks up on the distinctions between various 

features over time. As seen in Fig. 2, the training 

accuracy increases with each period. This 

demonstrates that the patterns in the retinal pictures 

can be fitted by the model. 

 

 
Fig. 2: Accuracy vs. Epochs 

 

B. Class Distribution Analysis 

 
Fig. 3: Distribution of Output Classes 

 

The dataset's target class distribution is shown in Fig. 

3, which emphasises the disparity in the DR grades. 

The most common class is "No DR," which is 

followed by "Mild" and "Moderate," with lesser 

percentages of "Severe" and "Proliferative." 

 

C. Loss Function Behavior  

The loss curve in Figure 4 shows that both training 

and validation loss gradually decrease as the epochs 

go. This downward trend demonstrates efficient 

mistake reduction during optimisation. 
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Fig. 4: Loss vs. Epochs 

 

 
Fig. 5: Diabetic Retinopathy Prediction 

 

The picture displays a specialised web-based 

diagnosis tool called "Diabetic Retinopathy 

Prediction." In order to identify indications of retinal 

damage brought on by diabetes, this technique uses 

artificial intelligence to examine fundus photos, or 

pictures of the back of the eye. The user uploads a 

retinal scan to the interface's central dashboard, 

which the system analyses to diagnose "Proliferative" 

retinopathy. 

 

 
Fig. 6: `Result Prediction Page  

 

This picture shows the beginning condition of a web-

based medical diagnosis tool called "Diabetic 

Retinopathy Prediction." This view displays the 

interface in its "Ready" state, ready for user input, in 

contrast to the previously processed version. 

 

 

 

E. Model Performance Validation 

To evaluate the effectiveness of the suggested 

ResNet-50 model, we employed a variety of 

statistical evaluation criteria, including accuracy, 

precision, recall, F1-score, and Quadratic Weighted 

Kappa (QWK). The findings demonstrate that the 

model is effective in identifying different stages of 

diabetic retinopathy.  

 

The following outcomes were obtained from the 

experimental evaluation: 

 

Accuracy: 92.6% 

Precision: 91.8% 

Recall: 90.7% 

F1-Score: 91.2% 

QWK Score: 0.88 

 

D. Confusion Matrix 

 
Fig. 6: Confusion Matrix 

 

VII. CONCLUSION 

 

The proposed approach combines feature 

engineering, machine learning-based classification, 

and data preprocessing to produce reliable and 

accurate predictions. By integrating systematic 

performance review with better model selection, the 

system makes decisions more quickly and correctly. 

The architecture's modular design ensures that it may 

be modified, expanded, and tailored to future 

requirements.  

 

VIII. FUTURE SCOPE 

 

The system can be improved by including deep 

learning models, real-time data pipelines, and 
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automatic hyperparameter adjustment. Cloud 

deployment for large-scale computation, enhanced 

user interfaces, and interaction with IoT sensors for 

dynamic real-time forecasts are possible future 

developments. For more thorough study, the system 

can be extended to accommodate multi-modal data. 
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