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Abstract 

Diabetic Retinopathy (DR) is a major diabetes-related eye disease that can cause permanent blindness if not 

diagnosed early. This paper presents a lightweight CNN-based U-Net framework for automated multi-class 

segmentation of retinal lesions from fundus images. The proposed system uses image preprocessing, data 

augmentation, and hybrid loss functions to improve segmentation accuracy and handle class imbalance. The 

model effectively detects lesions such as microaneurysms, hemorrhages, hard exudates, soft exudates, and 

optic disc regions using the IDRiD dataset. Experimental results demonstrate reliable performance in terms 

of Dice score, IoU, precision, and recall, supporting early diagnosis and clinical decision-making.  

Keywords: Diabetic Retinopathy, CNN, U-Net, Deep Learning, Fundus Images, Retinal Lesion Segmentation, 

Medical Image Analysis, IDRiD Dataset. 

 

1. Introduction 

Diabetic Retinopathy (DR) is one of the leading 

causes of blindness among diabetic patients 

worldwide. It occurs due to damage to the retinal 

blood vessels caused by prolonged high blood 

glucose levels, which gradually affects vision and 

may lead to permanent blindness if not detected at an 

early stage. According to recent medical studies, the 

increasing number of diabetic patients has 

significantly raised the prevalence of diabetic 

retinopathy, creating a major challenge for healthcare 

systems and ophthalmologists worldwide (Pratt, H et 

al., 2016; Gulshan, V et al., 2016; Wang, L et al., 

2021). Traditional diabetic retinopathy diagnosis is 

performed manually by ophthalmologists through 

retinal fundus image examination. However, manual 

analysis is time-consuming, costly, and highly 

dependent on expert knowledge. In many rural and 

remote healthcare areas, the shortage of trained 

specialists further delays early diagnosis and 

treatment. Moreover, retinal lesions such as 

microaneurysms, hemorrhages, hard exudates, and 

soft exudates are often very small and difficult to 

detect accurately using conventional techniques (Fu, 

H et al., 2018; Li, Z et al., 2019). Recent 

advancements in Artificial Intelligence (AI), 

Machine Learning (ML), and Deep Learning (DL) 

have shown promising results in medical image 

analysis. Convolutional Neural Networks (CNNs) 

have become highly effective for automated feature 

extraction and disease classification tasks because 

they can learn complex image patterns automatically 

without manual feature engineering. Among various 

deep learning architectures, U-Net has emerged as 

one of the most efficient models for biomedical 

image segmentation due to its encoder-decoder 

architecture and skip connections that preserve 

spatial information (Ronneberger, O et al., 2015; 

Zhou, Z et al., 2020). Several researchers have 

proposed CNN and U-Net based approaches for 

diabetic retinopathy detection and segmentation. 

However, existing methods still face challenges such 

as poor segmentation of tiny lesions, class imbalance, 

high computational complexity, and low accuracy in 

low-contrast retinal regions (Li, Z et al., 2019; Wang, 
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L et al., 2021). Therefore, there is a need for a 

lightweight and efficient deep learning framework 

that can accurately segment retinal lesions while 

maintaining computational efficiency. The present 

work proposes a lightweight attention-enhanced U-

Net framework for automated multi-class diabetic 

retinopathy lesion segmentation using retinal fundus 

images. The proposed system utilizes preprocessing 

techniques, data augmentation, CNN-based feature 

extraction, and hybrid loss functions to improve 

segmentation performance and generalization 

capability. The system is trained and evaluated using 

the IDRiD dataset for accurate segmentation of 

retinal lesions such as microaneurysms, 

hemorrhages, hard exudates, soft exudates, and optic 

disc regions. The proposed framework aims to 

support ophthalmologists in early diagnosis and 

clinical decision-making through efficient and 

reliable retinal image analysis. 

1.1.Deep Learning Techniques for Retinal 

Image Analysis 

Deep learning techniques have revolutionized the 

field of medical image processing by providing 

automated and accurate disease diagnosis systems. In 

diabetic retinopathy analysis, CNN-based 

architectures can automatically extract low-level and 

high-level retinal features from fundus images. These 

extracted features help identify abnormalities such as 

blood vessel damage, lesion regions, and optic disc 

structures. The U-Net architecture is particularly 

suitable for retinal image segmentation because it 

performs pixel-wise classification and preserves fine 

spatial details through skip connections between 

encoder and decoder layers. Data preprocessing 

methods such as normalization, resizing, contrast 

enhancement, and augmentation further improve the 

robustness and performance of the segmentation 

model. 

1.2.Challenges and Proposed Approach for 

Diabetic Retinopathy Segmentation 

Despite significant advancements in automated 

diabetic retinopathy detection, accurate segmentation 

of very small retinal lesions remains a challenging 

task due to class imbalance, low contrast, and 

irregular lesion shapes. Existing models often require 

high computational resources and large annotated 

datasets for effective training. To address these 

limitations, the proposed lightweight attention-

enhanced U-Net framework combines efficient 

CNN-based feature extraction with hybrid loss 

functions for improved lesion segmentation. The 

system focuses on achieving better segmentation 

accuracy while maintaining computational 

efficiency, making it suitable for real-time clinical 

applications and resource-constrained healthcare 

environments. 

2. Method  

The proposed system uses a lightweight Attention-

Enhanced U-Net architecture for automated multi-

class diabetic retinopathy lesion segmentation using 

retinal fundus images. The methodology includes 

image acquisition, preprocessing, dataset splitting, 

feature extraction, lesion segmentation, feature 

selection, classification, and performance evaluation. 

The complete workflow is designed to improve 

segmentation accuracy while reducing computational 

complexity. Initially, retinal fundus images are 

collected from[1] the IDRiD dataset, which contains 

annotated retinal lesion images including 

microaneurysms, hemorrhages, hard exudates, soft 

exudates, and optic disc regions. The images are 

resized and normalized to maintain uniformity and 

improve model performance. Image enhancement 

techniques such as contrast adjustment and noise 

removal are applied to improve lesion visibility. The 

preprocessed dataset is divided into training and 

testing datasets. Data augmentation techniques such 

as rotation, flipping, scaling, and brightness variation 

are applied to increase dataset diversity and reduce 

overfitting. A Convolutional Neural Network (CNN) 

is used for automatic[2] feature extraction from 

retinal images. The extracted features are then 

processed using the Attention-Enhanced U-Net 

segmentation model for pixel-wise lesion 

segmentation. The U-Net architecture consists of 

encoder and decoder blocks connected through skip 

connections, which help preserve spatial information 

during segmentation. Attention mechanisms are 
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integrated into the network to improve focus on 

important lesion regions and enhance segmentation 

accuracy for small retinal abnormalities. A hybrid 

loss function combining Dice Loss and Weighted 

Cross-Entropy Loss is used to address class 

imbalance problems and improve model 

convergence. Finally[3], the segmented retinal 

images are classified into Normal Retina or Diabetic 

Retinopathy Retina using a Deep CNN classifier. The 

performance of the proposed model is evaluated 

using Dice Score, Intersection over Union (IoU), 

Precision, Recall, and Accuracy metrics[4]. 

 

Table 1 Experimental Input Parameters for 

Proposed CNN-U-Net Model 

Model 

Parameter 
Value 

Dataset Used IDRiD Dataset 

Image Size 512 × 512 

Batch Size 8 

Learning Rate 0.001 

Optimizer Adam 

Epochs 50 

Loss Function 
Dice Loss + Weighted Cross 

Entropy 

Activation 

Function 
ReLU 

Output Classes 
5 Lesion Classes + 

Background 

Framework TensorFlow / Keras 

Evaluation 

Metrics 

Dice Score, IoU, Precision, 

Recall 

 

2.1.Tables 

Tables are used to represent experimental parameters, 

dataset details, and performance metrics of the 

proposed diabetic retinopathy segmentation model. 

Each table is numbered using Arabic numerals and 

includes an appropriate title. The experimental 

parameter table presents the training configuration 

used for the CNN-U-Net model, including optimizer 

type, batch size, image resolution, learning rate, and 

evaluation metrics. Tables are formatted without 

vertical lines and aligned properly for clear 

readability. 

2.2.Figures 

Figures are used to illustrate the workflow, 

architecture, segmentation outputs, and performance 

analysis of the proposed system. The system 

architecture figure represents the complete flow from 

retinal image input to diabetic retinopathy 

classification[5]. Additional figures include dataset 

visualization, segmentation mask analysis, prediction 

and ground truth comparison, and performance 

comparison graphs for different lesion classes.As 

shown in  Figure 1 Proposed CNN-Based Attention 

U-Net Architecture for Diabetic Retinopathy Lesion 

Segmentation[6]. 

 

 
Figure 1 Proposed CNN-Based Attention U-Net 

Architecture for Diabetic Retinopathy Lesion 

Segmentation 

 

3. Results And Discussion  

3.1.Results 

A comprehensive experimental evaluation of the 

proposed diabetic retinopathy segmentation system 

was carried out using Python 3.7 on a Windows 

platform with deep learning architecture support. The 

performance of the CNN-based U-Net model was 

evaluated using the IDRiD retinal fundus image 

dataset[7]. 

3.2.Dataset Analysis 

The IDRiD dataset contains high-quality retinal 

fundus images with pixel-level lesion annotations and 

disease grading information. The dataset is highly 

suitable for deep learning-based diabetic retinopathy 

analysis because it includes multiple lesion categories 
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such as microaneurysms, hemorrhages, hard 

exudates, soft exudates, and optic disc regions.As 

shown in Figure 2 Dataset Analysis of Retinal Fundus 

Images From Idrid Dataset[8]. 

 

 
Figure 2 Dataset Analysis of Retinal Fundus 

Images From Idrid Dataset 

 

3.3.Segmentation Performance 

The experimental results demonstrate that the 

proposed multi-class U-Net model achieved 

moderate segmentation performance on the IDRiD 

dataset. The model obtained a mean Dice score of 

0.4888 and a mean IoU score of 0.3829. Among all 

lesion classes, the Optic Disc achieved the highest 

segmentation accuracy with a Dice score of 0.9298 

and IoU score of 0.8735 due to its larger size and 

clear boundaries.As shown in Table 2 Performance 

Evaluation of Proposed CNN-U-Net Model[9]. 

 

Table 2 Performance Evaluation of Proposed 

CNN-U-Net Model 

Lesion Type 
Dice 

Score 

IoU 

Score 

Precisio

n 

Recal

l 

Microaneurys

ms 

0.312

5 

0.221

4 
0.4012 

0.356

4 

Hemorrhages 
0.521

8 

0.401

6 
0.5635 

0.497

2 

Hard Exudates 
0.602

4 

0.462

7 
0.6482 

0.593

1 

Soft Exudates 
0.565

9 

0.438

1 
0.5915 

0.548

7 

Optic Disc 
0.929

8 

0.873

5 
0.9412 

0.918

4 

Mean 

Performance 

0.488

8 

0.382

9 
0.6291 

0.582

8 

3.4.Performance Comparison Across Lesion 

Classes 

The comparative analysis across different lesion 

categories indicates that the proposed system 

performs effectively for larger retinal structures while 

facing difficulties in detecting fine-grained lesions. 

Hemorrhages achieved balanced precision, recall, 

Dice, and IoU values, demonstrating consistent 

segmentation capability. The lower performance for 

smaller lesions highlights the need for advanced 

techniques such as attention mechanisms, multi-scale 

feature extraction, and improved loss functions for 

better segmentation accuracy.As shown in Figure 3 

Performance Comparison Across  Different Lesion 

Classes[10]. 

 

 
Figure 3 Performance Comparison Across  

Different Lesion Classes 

 

3.5.Prediction and Ground Truth Analysis 

The predicted segmentation masks showed strong 

similarity with the ground truth masks, particularly 

for the Optic Disc and larger lesion areas. Minor 

differences were observed in small lesion regions, 

which contributed to lower performance metrics for 

certain classes. The visualization results confirm that 

the model can successfully identify important retinal 

abnormalities and generate meaningful segmentation 

outputs[11 – 15]. 

3.6.Mask Visualization Analysis 

The segmentation mask visualization displays pixel-

wise class labels representing different retinal lesion 
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categories and background regions. The Optic Disc 

appears as a large and clearly segmented region, 

while lesion areas are smaller and scattered 

throughout the retina. This visualization verifies the 

quality of dataset annotations and demonstrates the 

capability of the proposed system to perform multi-

class retinal lesion segmentation accurately.As 

shown in Figure 5 Mask Visualization Analysis[16 – 

20]. 

 

 
Figure 5 Mask Visualization Analysis 

 

3.7.Discussion 

The experimental results demonstrate that the 

proposed Attention-Enhanced U-Net framework 

provides an effective solution for automated diabetic 

retinopathy lesion segmentation using retinal fundus 

images. The integration of CNN-based feature 

extraction with U-Net segmentation architecture 

enabled the system to capture both low-level and 

high-level retinal features efficiently. The 

preprocessing and augmentation techniques further 

improved model generalization and reduced 

overfitting during training. The high Dice and IoU 

scores achieved for optic disc segmentation indicate 

that the proposed model performs well for large 

retinal structures with clear boundaries. The use of 

skip connections in the U-Net architecture helped 

preserve spatial information and improve 

segmentation quality. The attention mechanism also 

improved the model’s ability to focus on important 

lesion regions within the retinal images. However, 

the results also indicate that segmentation of 

microaneurysms and other tiny lesions remains a 

challenging task. Small lesions usually occupy fewer 

pixels and often appear with low contrast, making 

them difficult to detect accurately. Class imbalance 

within the dataset further affects segmentation 

performance for minority lesion classes. Although 

the hybrid loss function improved segmentation 

capability, additional techniques such as multi-scale 

feature extraction, Vision Transformers, and 

advanced attention modules may further improve 

detection accuracy for small retinal abnormalities. 

Conclusion 

This work presented a lightweight Attention-

Enhanced U-Net framework for automated multi-

class diabetic retinopathy lesion segmentation using 

retinal fundus images. The proposed deep learning-

based system successfully addressed the problem of 

manual diabetic retinopathy diagnosis, which is often 

time-consuming, costly, and dependent on expert 

ophthalmologists. By integrating CNN-based feature 

extraction, image preprocessing, data augmentation, 

and hybrid loss functions, the proposed framework 

achieved reliable segmentation performance for 

retinal lesions such as microaneurysms, 

hemorrhages, hard exudates, soft exudates, and optic 

disc regions. 
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