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Abstract:
Diabetic Retinopathy (DR) is one of the most prevalent 
and severe microvascular complications associated 
with diabetes, serving as the leading cause of blindness 
among adults globally. With the escalating prevalence of 
diabetes, early detection and timely intervention for DR 
have become critical public health priorities. However, 
traditional manual diagnosis of fundus images is hindered 
by inefficiencies, subjectivity, and reliance on professional 
expertise, making it inadequate to meet the increasing 
demands for screening.  In recent years, the integration 
of Artificial Intelligence (AI) and image processing 
technologies has paved a new path for automated and 
accurate DR diagnosis.
This study systematically reviews the key research 
advancements and application methods of image processing 
techniques in DR diagnosis. Initially, it analyzes the role 
of deep learning models in fundus image analysis across 
four dimensions: image preprocessing, feature extraction, 
lesion segmentation, and disease grading. Subsequently, 
i t  summarizes  the  technical  character is t ics  and 
application outcomes of representative algorithms such 
as Convolutional Neural Networks (CNNs), U-Net, 
YOLO, and DarkNet. Finally, it  explores current 
challenges, including dataset imbalance, insufficient model 
interpretability, and difficulties in clinical implementation. 
Research findings indicate that deep learning models based 
on transfer learning and attention mechanisms achieve 
over 95% sensitivity and above 90% specificity on public 
datasets, providing robust support for the early screening 
and precise diagnosis of DR.
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1 Introduction
With socioeconomic development and an aging popu-
lation, the global prevalence of diabetes has shown a 
continuous upward trend. According to a joint report by 
the World Health Organization (WHO) and NCD-RisC, 
the global prevalence of diabetes among adults rose from 
7% in 1990 to 14% in 2022, affecting over 800 million 
individuals, quadrupling the number since 1990. Epidemi-
ological surveys in China also reveal an increase in diabe-
tes prevalence from 0.67% in 1980 to 11.2% in 2017, with 
the current adult diabetic population in mainland China 
reaching 129.8 million.
Diabetic Retinopathy (DR) is a serious microvascular 
complication of diabetes, primarily involving microvascu-
lar leakage, occlusion, and ischemic changes in the retina. 
Typical manifestations of DR include microaneurysms, 
retinal hemorrhages, hard and soft exudates, and neo-
vascularization. As the disease progresses, patients may 
experience vitreous hemorrhage, fibrous proliferation, and 
tractional retinal detachment, ultimately leading to perma-
nent blindness. China classifies DR into six stages: Stage 
I features microaneurysm formation, Stage II involves 
small hemorrhages, Stage III presents soft exudates, Stage 

IV includes neovascularization and vitreous hemorrhage, 
while Stages V to VI exhibit fibrous proliferation and reti-
nal detachment.
 Physicians typically rely on fundus photographs for grad-
ing, but manual interpretation is highly subjective and 
time-consuming. Furthermore, the shortage of profession-
al ophthalmologists in primary healthcare facilities results 
in low early screening coverage.
The introduction of AI offers a novel solution to this 
dilemma. By employing deep learning models for fea-
ture learning in fundus images, automatic detection of 
lesion areas, disease grading, and risk prediction can be 
achieved, significantly enhancing diagnostic efficiency 
and accuracy. Deep learning techniques have already 
achieved breakthroughs in various medical imaging fields, 
such as CT image tumor identification and MRI brain le-
sion detection, and their application in DR screening has 
become a hot topic in international research.
This paper aims to review the current research status and 
development trends of image processing techniques in 
DR diagnosis, analyze the application effects of different 
algorithm systems, and discuss their feasibility and future 
improvement directions in clinical practice.

Figure 1: Diabetic retinopathy
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2. Research Progress of Image Process-
ing Techniques in DR Diagnosis

2.1 Deep Learning-Based DR Image Classifica-
tion
Early diagnosis of DR is crucial for preventing vision 
loss. Deep learning technology, with its powerful feature 
extraction capabilities, plays a pivotal role in the auto-
matic classification of DR images. Qureshi Imran (2020) 
proposed an Active Deep Learning (ADL) framework that 
enhances image preprocessing and multi-layer network 
fusion to improve the accuracy of DR severity identifi-
cation. Wang Gang (2024) adopted an improved Swin 
Transformer model, incorporating a multi-scale feature fu-
sion mechanism to achieve higher classification accuracy 
and recall rates. Nian Weijie (2021) combined Generative 
Adversarial Networks (GANs) with transfer learning to 
generate high-quality DR images, enhancing model gener-
alization and robustness.
These studies demonstrate that deep learning-based clas-
sification models outperform traditional methods such as 
SVM and random forests on public datasets (e.g., Kaggle 
DR, Messidor), establishing them as the core technology 
for DR grading diagnosis.

2.2 Retinal Vessel Segmentation Techniques
Retinal vessel segmentation is a vital step in the quantita-
tive analysis and grading of DR lesions. Li Zhen (2023) 
proposed an improved U-Net network that incorporates 
Swin Transformer modules and a multi-scale feature fu-
sion prediction mechanism, significantly enhancing vessel 
segmentation accuracy. Wang Guangyuan (2023) designed 
a segmentation model based on multi-scale dense con-
nections, introducing Conditional Random Fields (CRFs) 
to optimize edge features and improve vessel structural 
details. Wang Yao (2023) employed a residual attention 
mechanism and dilated convolutions to construct a light-
weight vessel segmentation network, achieving excellent 
results on the DRIVE and CHASE-DB1 datasets.
These studies validate the high precision and robustness 
of deep learning methods in segmentation tasks, providing 
a reliable basis for subsequent lesion localization and risk 
assessment.

2.3 Multi-Task Learning in DR Diagnosis
Multi-task learning enhances model generalization by 
sharing feature layers to jointly train multiple related 
tasks, enabling simultaneous lesion detection, grading, 
and segmentation. Guo Nini (2023) proposed the AIDnet 
model, which combines Generative Adversarial Networks 
(GANs) with a dual-attention mechanism to improve 
multi-label classification performance. Xu Changzhuan 
(2021) designed a Hierarchical Spatial Attention Gate 
(HSAG) model that fuses low-level spatial information 
with high-level semantic features for more precise lesion 
segmentation. Lei Kaijie (2023) constructed a multi-task 
segmentation model based on UNet++, supporting the 
simultaneous identification and segmentation of multiple 
lesions.
These works offer new insights into automated DR diag-
nosis by improving overall model performance and ro-
bustness through joint learning strategies.

2.4 Deep Learning in DR Image Generation
Given the high cost of annotating DR datasets and the 
limited sample sizes, data augmentation based on gener-
ative models has become a crucial direction. Nian Weijie 
(2021) utilized GANs and transfer learning to generate 
realistic fundus images, significantly alleviating the issue 
of small sample sizes. Xu Zihe et al. (2022) fused VGG16 
and FCN structures to construct a new DR image classi-
fication model, enhancing model generalization through 
transfer learning.
Deep generative models not only enrich training data 
sources but also contribute to cross-device domain adapta-
tion and model robustness enhancement.

3. Related Algorithms and Principles

3.1 Convolutional Neural Networks (CNNs)
Convolutional Neural Networks (CNNs) are a core model 
in the field of computer vision, constructing multi-layer 
feature extraction mechanisms through convolution, pool-
ing, activation, and fully connected layers. CNNs possess 
advantages such as local receptive fields, weight sharing, 
and hierarchical feature representation, enabling automatic 
learning of edge, texture, and semantic structural features 
in images. Classic architectures include LeNet-5, AlexNet, 
VGGNet, ResNet, and EfficientNet.
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Figure 2: Schematic diagram of convolutional neural network predicting lesion probability
In medical imaging, CNNs are extensively used for fun-
dus image segmentation and lesion identification tasks. 
Through deep network hierarchical feature extraction, 
models can accurately identify lesion areas such as mi-
croaneurysms, hemorrhages, and exudates.

3.2 Core Mechanisms of Deep Learning
Deep learning, a subfield of machine learning, relies on 
multi-layer neural networks to achieve automatic repre-
sentation learning from raw data to high-level features. 
Its core lies in nonlinear transformations, gradient back-
propagation, and large-scale data-driven optimization 
mechanisms. Convolutional Neural Networks (CNNs), 
Recurrent Neural Networks (RNNs), Transformers, and 
Generative Adversarial Networks (GANs) constitute im-
portant branches of deep learning.
In DR image analysis, deep learning avoids the limitations 
of manual feature extraction through end-to-end learning, 

enabling models to adaptively extract multi-scale lesion 
features for high-precision automatic classification and 
segmentation.

4. Experimental and Applied Research

4.1 YOLO-Based Diabetic Retinopathy Lesion 
Recognition
The typical lesion features of DR include microaneu-
rysms, hemorrhages, hard exudates, and neovasculariza-
tion. Due to the high overlap and morphological diversity 
of these lesions in spatial distribution, traditional feature 
engineering methods struggle to accurately identify them. 
In recent years, YOLO (You Only Look Once) series 
models have emerged as important tools for medical im-
age lesion detection, thanks to their real-time detection 
capabilities and end-to-end structural advantages.
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Figure 3: Model diagram of YOLO model for lesion detection
YOLO divides the input image into an S×S grid and pre-
dicts bounding boxes and class probabilities within each 
grid cell, achieving a unified detection process from pix-
els to semantics. Compared to Faster R-CNN and SSD 
models, YOLO maintains high detection accuracy while 
achieving inference speeds exceeding 60 frames per sec-
ond, making it suitable for real-time screening systems.
In DR detection, YOLO can directly localize lesion areas, 
significantly enhancing diagnostic efficiency. YOLOv5 
and YOLOv8 have demonstrated excellent performance in 
multiple studies, incorporating Feature Pyramid Networks 
(FPNs/PANs) and adaptive anchor box mechanisms to 
capture multi-scale lesion features and improve the sensi-
tivity of small lesion detection.
Compared to Transformer-based models (such as DETR), 
the YOLO architecture is more lightweight and has lower 
computational complexity; compared to Faster R-CNN, 
YOLO reduces background false detections through glob-

al perception; and compared to SSD, YOLO achieves 
more thorough feature fusion and more accurate local-
ization. Due to these advantages, YOLO has gradually 
become the mainstream detection algorithm for automatic 
recognition of fundus images.

4.2 DR Image Segmentation Based on U-Net
Early lesions of Diabetic Retinopathy (DR) often manifest 
as tiny exudates and subtle vascular abnormalities, which 
are prone to misdiagnosis due to noise and resolution 
limitations in manual identification. Image segmentation 
techniques can annotate lesion regions at pixel-level pre-
cision, providing a basis for quantitative lesion analysis. 
The U-Net model, a representative architecture in medical 
image segmentation, excels in fundus image segmentation 
tasks with its symmetric encoder-decoder structure and 
skip connection mechanism.
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Figure 4: Schematic diagram of lesion detection using U-net network
U-Net captures global contextual information through 
downsampling, restores spatial resolution via upsampling, 
and fuses shallow detail features with deep semantic fea-
tures through skip connections, achieving clear boundary 
and complete contour segmentation results. Compared to 
segmentation networks like FCN, DeepLabv3, and Mask 
R-CNN, U-Net demonstrates superior performance under 
small sample conditions, with strong generalization and 
low overfitting risk.
Studies show that improved U-Net models (e.g., Attention 
U-Net, ResUNet, UNet++) achieve a Dice coefficient ex-
ceeding 0.9 on datasets like DRIVE, STARE, and E-oph-
tha, outperforming DeepLabv3 in preserving boundaries 
of tiny lesions. Their structural extensibility also facili-
tates integration with attention mechanisms, multi-scale 
convolutions, and dilated convolutions to further enhance 
segmentation performance.

4.3 DR Image Classification Based on DarkNet
In clinical DR grading, lesion features vary significantly 
across different stages in fundus images. Accurate grading 
classification is crucial for developing personalized treat-
ment plans. DarkNet series models, serving as the back-
bone network for YOLO, combine efficiency with strong 
representational capacity and have been widely applied in 
DR image classification tasks.
DarkNet-53 adopts a 53-layer convolutional structure 
with ResNet-style residual connections, ensuring net-
work depth while mitigating gradient vanishing issues. 
Its performance on ImageNet matches that of ResNet-152 
while doubling inference speed. Compared to traditional 
AlexNet and VGG, DarkNet has fewer parameters, faster 
convergence, and superior small object recognition capa-
bilities.
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Figure 5: DR image classification model diagram based on DarkNet
In DR image classification, DarkNet can act as a feature 
extraction backbone, rapidly adapting to fundus image 
characteristics through transfer learning. Combined with a 
Softmax classification layer and attention mechanisms, the 
model enables automatic identification of six DR stages. 
Experimental results show DarkNet outperforms VGG16 
and GoogleNet in overall accuracy, recall, and AUC val-
ues, reaching an AUC above 0.985 on public datasets.

5. Discussion and Future Directions

5.1 Current Challenges
Despite significant achievements in DR image recognition 
and segmentation, deep learning models still face chal-
lenges:
(1) Insufficient dataset scale and annotation quality. Med-
ical image annotation relies on experts, resulting in high 
costs and limited consistency, leading to scarce training 
data with noisy labels. Small sample learning and weak 
supervision learning partially address this but require larg-
er multi-center datasets.
(2) Lack of model interpretability. Deep learning models 
are perceived as „black boxes,“ with difficult-to-explain 
decision bases. Visual explanations (e.g., heatmaps, atten-
tion regions) for clinicians require further optimization.
(3) Limited cross-device and cross-population generaliza-
tion. Significant differences exist between devices (e.g., 
OCT, FFA, fundus cameras), causing performance drops 
in cross-domain applications. Future research should 

strengthen transfer learning and domain adaptation.
(4) High model deployment costs and computational 
demands. Large-scale deep networks face hardware con-
straints in clinical settings due to computational power, 
inference speed, and energy consumption. Lightweight 
models and edge computing deployment are critical direc-
tions.

5.2 Future Development Directions
(1) Lightweight and mobile adaptation. With advance-
ments in models like Tiny-YOLO, MobileNet, and Shuf-
fleNet, real-time DR screening could be implemented on 
portable devices, enabling widespread use in primary care 
and mobile diagnosis scenarios.
(2) Multimodal information fusion. Combining fundus 
images with OCT, FFA, and clinical records to build mul-
timodal fusion models helps capture dynamic disease pro-
gression features for personalized prediction.
(3) Enhanced model interpretability. Visualization meth-
ods (e.g., Grad-CAM, Attention Map) reveal model focus 
regions, improving AI diagnosis transparency and credi-
bility.
(4) Multi-center data collaboration and privacy protection. 
Federated learning enables cross-institution model shar-
ing and joint training while protecting privacy, enhancing 
model generalization.

6. Conclusion
This study systematically examines the application status 
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and development trends of image processing techniques in 
DR diagnosis. Through analysis and comparison of typical 
deep learning models like YOLO, U-Net, and DarkNet, 
the following conclusions are drawn:
(1) Deep learning-based image processing methods 
demonstrate significant accuracy and efficiency in auto-
mated DR diagnosis, particularly achieving clinically via-
ble performance in classification and segmentation tasks.
(2) Convolutional neural networks and generative adver-
sarial networks play pivotal roles in lesion identification 
and data augmentation, offering novel solutions for model 
training under small sample conditions.
(3) Despite challenges like data scarcity and interpretabil-
ity, advancements in lightweight models, multimodal fu-
sion, and federated learning suggest future DR intelligent 
screening systems will possess greater universality and 
clinical application potential.
The advancements in image processing technology have 
not only propelled the early diagnosis and intervention 
of diabetic retinopathy but also provided a paradigmatic 
pathway for intelligent medical image analysis.
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