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Abstract. Diabetic retinopathy (DR) is one of the main complications of diabetes, which requires 
early diagnosis to delay the progression of the disease. As the earliest visible pathological marker of 
DR, microaneurysm (MA) is of great clinical significance for its precise automatic segmentation. This 
article systematically reviews the current research progress of MA segmentation technology, 
focusing on the key challenges in clinical application, such as the small size, low contrast and 
morphological heterogeneity of MA. On this basis, Ozan Oktay proposed an AG U-Net model that 
combines an attention mechanism with morphological prior knowledge. By introducing the attention 
gate control module and dynamic sample weighting strategy, the model significantly improves the 
accuracy and robustness of segmentation. Experimental results show that the model achieves an 
excellent dice coefficient of 0.78 on the public data set, which is better than the existing mainstream 
method while maintaining a high reasoning speed, indicating the promising clinical transformation 
potential. 
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1. Introduction 

Diabetic retinopathy (DR) is the most common and severe microvascular complication of diabetes 

and has become one of the main causes of irreversible blindness among working-age people around 

the world [1]. Epidemiological data show that more than 460 million people worldwide suffer from 

diabetes, and about one-third of them suffer from varying degrees of DR [1, 2]. In the early stage of 

DR, microaneurysm (MA) becomes the earliest detectible pathological marker and can be observed 

by fundus imaging. Therefore, the accurate detection and segmentation of MA are of key clinical 

significance for early screening, diagnosis and disease monitoring in DR management. 

At present, the screening of clinical diabetic retinopathy (DR) mainly relies on the manual 

interpretation of fundus images by ophthalmologists. This method is not only time-consuming, but 

also has a high rate of misdiagnosis due to the limited experience and fatigue of doctors. In addition, 

there is a serious shortage of qualified ophthalmologists to screen around the world, especially in 

developing countries with inadequate medical resources. This makes it difficult to effectively 

implement large-scale and inclusive DR screening [3, 4]. In order to solve this clinical bottleneck, the 

development of efficient and accurate automatic macular (MA) detection and segmentation 

technology has become a research hotspot for medical imaging analysis [2]. 

In recent years, the rapid development of deep learning technology, especially the emergence of 

fully convolutional neural networks (FCN) and its derivative models (such as U-Net), has 

significantly improved the performance of medical image segmentation. U-Net has a unique encoder-

decoder architecture and skip connection, effectively combining shallow details with deep semantic 

features, and establishing itself as the basic framework for fundus image analysis [3]. On this basis, 

the researchers have proposed various improvement strategies to solve the unique challenges in the 

segmentation of macular arteries (MA). These include the use of attention mechanisms to focus on 
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the target area [4], or the use of multi-scale feature fusion strategies to improve the detection ability 

of subtle MA lesions. 

However, the automatic segmentation of microaneurysms (MA) still faces major challenges. First 

of all, the size of MA is extremely small (usually with a diameter of 10-100 pixels) and the contrast 

with the surrounding tissue is low, making it easy to be ignored or misrecognized [5]. Secondly, the 

morphological diversity of MA leads to blurred boundaries when clustering, which makes accurate 

counting and segmentation complicated. Existing methods are often insufficient in terms of real-time 

performance, suppression of false positive targets, and deep integration with medical prior knowledge, 

which limits their practical application in the clinical environment. 

This article aims to systematically review the current research status and challenges of MA 

automatic segmentation technology, and propose a new AG U-Net model to solve the limitations of 

the existing method. Based on the classic U-Net architecture, the model combines the attention gate 

mechanism with the dynamic sample weighting strategy to improve the accuracy, robustness and real-

time performance of MA segmentation. The proposed model provides a new solution to promote the 

clinical translation application in this field. This review systematically examines the mainstream 

technical methods, analyzes the advantages and limitations of various methods, evaluates the 

performance of the proposed model through comparative experiments, and summarizes the potential 

research direction in the future. 

2. Data sets and preprocessing 

2.1. Data sources and characteristics 

The progress of automated microaneurysm segmentation research largely depends on high-quality, 

publicly accessible fundus image data sets. The widely used benchmarks in this field include: Indian 

diabetic retinopathy image data set (IDRiD), which is a gold standard data set containing 516 high-

resolution fundus images, which are manually annotated at the pixel level by three ophthalmologists, 

showing excellent consistency (Kappa>0.95), and it is often used as the gold standard for model 

performance evaluation [6]. The E-ophtha-MA data set focuses on providing more challenging 

samples [7], consisting of 381 images, including 129 special cases with low contrast and motion blur 

scenes, which have been proven to be crucial to improve the robustness of the model. 

In addition to the above two core data sets, other commonly used data sets have different focuses. 

FOR EXAMPLE, THE MESSIDOR DATA SET IS VERY LARGE, CONTAINID 1,200 OF THE 

INORMAGES. Although it lacks pixel-level macular abnormality (MA) annotation, it provides 

diabetic retinopathy (DR) grade labels, making it suitable for classification task research [8]. The 

Diabetic Retinopathy Data Set (DDR) is a large-scale data set that provides pixel-level lesion 

annotations, covering various DR lesions, such as MA and bleeding points, making it ideal for multi-

lesion joint segmentation tasks [9]. In addition, the retinopathy online challenge (ROC) data set used 

to be a platform for the MA detection algorithm competition [10], and its data characteristics have 

played a positive role in promoting algorithm development. 

These data sets vary in terms of image number, resolution, annotation granularity (image 

level/pixel level) and lesion type coverage. Researchers usually combine multiple data sets according 

to specific task requirements to fully verify the model promotion ability. In order to comprehensively 

evaluate the performance of the model, this study mainly uses the IDRiD data set with the highest 

annotation quality and the E-ophtha-MA data set containing a large number of challenging cases for 

experimental analysis. 

2.2. Common steps of preprocessing process and characteristics of data set 

Although different data sets differ in terms of image quality, resolution and acquisition equipment, 

the preprocessing process of MA automatic segmentation research usually follows a set of common 

steps to enhance image features, unify data formats, and improve the generalization ability of the 

model. Common preprocessing steps include: 
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Image enhancement: In order to enhance the contrast between the structure of blood vessels and 

the background, most studies give priority to extracting the green channel of the fundus image, 

because it contains the most abundant vascular and MA information [11]. Subsequently, contrast-

limited adaptive histogram equalization (CLAHE) was widely used to further enhance local texture 

details and improve the distinguishability of low-contrast areas. 

Size unification and normalization: In view of the different resolutions of the original images, they 

are usually resized or cropped to standardized sizes (for example, 512×512 pixels) to meet network 

input requirements. The pixel value is also normalized to the range of [0,1] or [-1,1] to accelerate the 

convergence of the model. 

Data enhancement: In order to simulate potential clinical image variations and solve limited data 

availability, common enhancement strategies include random rotation, flipping, brightness/contrast 

adjustment and gamma transformation. Some studies use random size cutting for the form of macular 

abnormality (MA), focusing on high-risk areas such as the periphery of macula to improve the 

sensitivity of the model to subtle lesions. 

It is worth noting that specific preprocessing strategies are used to solve the unique challenges of 

specific data sets. For example, when processing motion blur or overexposed images in the E-ophtha-

MA data set, some studies use the image denoising or lighting correction module based on Retinex 

as a preliminary step. When processing high-resolution data sets such as IDRiD, overlapping repair 

techniques are usually used during training to prevent the loss of details. 

In a word, although the preprocessing process has been slightly adjusted according to specific tasks 

and data characteristics, its core goal is the same: that is, through standardization and enhancement, 

high-quality input that is more suitable for model learning is built, laying the foundation for 

subsequent accurate segmentation. 

3. Overview of relevant modeling approaches 

In the field of automated microaneurysm segmentation, in addition to U-Net-based improvements, 

several unique technical methods have also emerged. This section reviews the representative methods, 

including the AG U-Net proposed in this study. 

3.1. Methods based on U-Net and its variants 

U-Net has established itself as the gold standard for medical image segmentation through its 

elegant encoder-decoder architecture and skip connection. For mask-assisted segmentation tasks, 

variants such as Attention U-Net improve performance by incorporating the attention gate control 

mechanism into skip connection, effectively suppressing unrelated background areas, and improve 

attention to small targets. MA-Net further solves the challenge of scale change in mask-assisted 

segmentation by introducing a multi-scale attention fusion module [12]. The AG U-Net proposed in 

this study belongs to this category, which is characterized by the integration of attention gate control 

and form-based previous loss functions to achieve more precise segmentation. 

3.2. RCPS-Net based on cyclic collaboration strategy 

RCPS-Net adopts an innovative cyclical collaboration strategy. Its core concept involves building 

a segmentation framework composed of multiple subnets, which improve the segmentation results 

through iterative cycle collaboration in the reasoning process. Specifically, the output from one 

network serves as a priori knowledge or guidance for the next network. Through this repeated 

"refinement" process through multiple iterations, the model gradually optimizes the ambiguous or 

uncertain areas in the initial segmentation diagram, especially improving the accuracy of the 

segmentation clustering with unclear boundaries. This method embodies the principle of "cooperative 

optimization", which is in stark contrast to the model that relies on single positive propagation. 
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3.3. CSF-Net based on vascular structure prior 

CSF-Net adopts an innovative method to clearly utilize the anatomical a priori knowledge of the 

structure of eye blood vessels. The model usually consists of two parallel branches: one is dedicated 

to the main segmentation task (MA detection), and the other is dedicated to vascular segmentation. 

Then, the feature fusion module will integrate the topological information extracted from the vascular 

branch into the main branch. The design is based on the theoretical premise that MA is caused by 

vascular wall lesions, and its distribution is closely related to the vascular network, especially the 

peripheral capillaries. By introducing vascular diagrams as a spatial constraint, the model can 

effectively filter out false alarms in non-vascular areas, so as to accurately detect MA in the correct 

anatomical context. This significantly enhances the specificity of subdivision. 

3.4. Model Architecture: Attention Gate U-Net 

In order to meet these challenges, this paper proposes a new AG U-Net model based on the U-Net 

framework, and integrates attention gates and dynamic sample weighting strategies. As shown in 

Figure 1. 

 

Figure 1. Attention Gate U-Net 

3.5. Core innovation modules 

3.5.1. Attentional gate control 

The researchers implemented an attention gate control (AG) module in skip connection. The 

mechanism uses advanced semantic features from the decoder as gate control signals to dynamically 

adjust the weight of the low-level detail features from the encoder. By inhibiting irrelevant 

background responses, the network becomes more focused on identifying potential microaneurysm 

areas. 

3.5.2. Dynamic sample weighting strategy 

The researchers implemented a dynamic weighting strategy that combines focus loss and cyclic 

loss. By adjusting the weight of challenging cases, the focus loss alleviated the serious imbalance 

between positive and negative samples. Cyclic loss uses the medical premise that the morphological 

structure is usually circular, and uses the area-to-perimeter ratio of the predicted area 

(4π*area/perimeter²) to calculate. By punishing non-circular prediction, this method guides the 

segmentation results to be better consistent with the pathological morphological characteristics. 

4. Experimental results and analysis 

4.1. Comparative analysis of quantitative results 

In order to comprehensively evaluate the performance of the AG U-Net model, this paper conducts 

comparative experiments on a variety of mainstream segmentation methods of the E-ophtha-MA test 

set. The results are shown in Table 1. 
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Traditional methods and basic deep learning models have significant limitations. The original U-

Net model only achieved a dice coefficient of 0.62 and a recall rate of 0.58, with an average of 8.3 

false positive tests per image, highlighting the shortcomings of its basic segmentation architecture in 

handling small, low-contrast micro-agents [3]. Although DeepLab v3+ (classic semantic 

segmentation model) is better than the original U-Net with a dice coefficient of 0.67, it is still difficult 

to detect tiny targets and maintain a relatively slow reasoning speed (19 fps). 

In recent years, the special model of MA segmentation has shown enhanced adaptability. MA-Net 

(MICCAI 2023) achieves a dice coefficient of 0.73, and reduces the false alarm of each image to 4.2 

through its multi-scale attention mechanism, highlighting the professional design value of MA 

segmentation tasks. This paper further evaluates RCPS-Net, which uses a periodic collaboration 

strategy to optimize boundary segmentation with an excellent recall rate (0.72), although its relatively 

low dice coefficient (0.70) indicates that there is potential room for improvement in precise boundary 

positioning. CSF-Net achieved significant false-positive inhibition (2.8 per image) by incorporating 

vascular structure a priori, but its conservative recall rate (0.65) indicates that the MA segment away 

from the blood vessel may be missing. 

The AG U-Net model proposed in this study showed the best or near-best performance in all 

indicators, achieving a dice coefficient of 0.78 - 25.8% higher than the original U-Net. Its recall rate 

(0.75) and false positive control (2.1/Figure) are also significantly better than the competitive method. 

It is worth noting that while maintaining high accuracy, the model achieves a reasoning speed of 27 

fps, meets the requirements of real-time processing, and shows an excellent balance between accuracy 

and efficiency. These results verify the effectiveness of combining the attention mechanism with the 

previous strategies of morphology. 

Table 1. Performance comparison of different models on E-ophtha-MA test set 

model 
Dice coefficient 

↑ 

recall 

↑ 

False 

positive/image ↓ 

Inference 

speed↑(fps) 

original U-Net 0.62 0.58 8.3 23 

DeepLabv3+ 0.67 0.61 6.7 19 

MA-Net (MICCAI 

2023) 
0.73 0.69 4.2 25 

RCPS-Net 0.70 0.72 3.5 18 

CSF-Net 0.68 0.65 2.8 22 

AG U-Net 0.78 0.75 2.1 27 

 

In a word, models specially designed for MA features (such as MA-Net, RCPS-Net and CSF-Net) 

have significant advantages over general segmentation models. At the same time, AG U-Net provides 

an effective solution for MA segmentation tasks by organically combining attention mechanism and 

morphological a priori, and achieves the best false positive control while maintaining a high recall 

rate. 

4.2. Ablation experiment (IDRiD validation set) 

The ablation experiment proves the effectiveness of each innovative module (Table 2). Attention 

gate control has brought significant improvements. After the introduction of cyclical loss, the 

performance has reached its peak, which verifies the great value of integrating medical prior 

knowledge to improve segmentation accuracy. 
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Table 2. Analysis of ablation experiment results 

module Dice Δvs base line 

Baseline (U-Net) 0.62 - 

+ Attention Gate 0.71 +14.5% 

+ Focal Loss 0.74 +19.4% 

+ Circularity Loss 0.78 +25.8% 

5. Discussion and outlook 

5.1. Method validity analysis and limitations 

The AG U-Net model proposed in this paper shows the competitive performance of the public data 

set and verifies the effectiveness of combining the attention mechanism with the a priori knowledge 

of morphology to solve the core challenges of MA segmentation. Note that the gate control module 

significantly enhances the attention to small and low-contrast targets through dynamic feature 

weighting, which is proven by the 14.5% improvement in the dice coefficient observed in the ablation 

experiment. In addition, the dynamic weighting strategy that combines focus loss and cyclic loss [13], 

not only alleviates class imbalance, but also imposes morphological restrictions on the segmentation 

results, making them consistent with medical a priori. This dual method enables the model to maintain 

a high recall rate and achieve excellent false alarm control ability. 

However, this study still has certain limitations. Although the model performs well in data sets 

with high annotation quality, its performance fluctuates significantly when dealing with clinical low-

quality images with severe motion blur, overexposure or a large number of artifacts. In addition, 

although circulatory loss effectively guides typical circulatory MA cases, for cluster MA cases with 

irregular shape or highly vagueness, this constraint may be too strict, resulting in incomplete 

segmentation of some lesions or missed detection. This highlights the inadequacy of single 

morphological a priori in solving the high heterogeneity of MA cases. 

5.2. Core challenges in clinical translation 

Transforming a high-performance algorithm model into a truly reliable clinical tool still needs to 

overcome several core challenges. The main challenge is to ensure the robustness of the model in the 

real-world environment. In view of the significant differences in the quality of clinically collected 

fundus images, the model must show insensitivity to different degrees of blurring, noise and lighting 

changes. This requires thorough training and verification using large-scale, multi-center real-world 

data. 

Secondly, there is the problem of model promotion and standardization. Different medical 

institutions use fundus cameras with different models and imaging protocols, resulting in significant 

differences in image quality. A model that performs well on one data set may experience a sharp 

decline in performance when applied to another source. Therefore, it is crucial to develop a 

generalized model that can go beyond the limitations of a single device or data domain to achieve the 

widespread adoption of technology. 

Finally, the integration of clinical trust with workflow is still a key component. The algorithm must 

provide measurable uncertainty indicators or visual explanations for their decision-making, such as 

highlighting key decision-making areas - to help doctors understand and trust the algorithm output. 

This enables automated tools to be effectively integrated into existing diagnostic workflows, and 

finally establishes a human-computer collaboration framework for optimizing screening protocols. 
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5.3. Future research directions 

Based on previous discussions and challenges, future research will give priority to improving the 

applicability and robustness of the model in the real-world clinical environment. The main focus 

should be on systematically improving the model robustness of low-quality real-world images 

through end-to-end joint training between image quality enhancement modules and split networks. In 

order to solve the generalization restrictions caused by changes in equipment and centers, it is 

necessary to thoroughly study and implement advanced domain adaptation and generalization 

technologies, and use large-scale multi-center data sets to develop the "domain unknowable" model 

capability. In addition, in order to overcome the challenges of insufficient samples and rare 

morphological MA cases with impaired segmentation reliability, future efforts should emphasize the 

in-depth integration of multi-source medical prior knowledge - such as vascular topological 

relationships and pathophysiological mechanisms. This should be supplemented by generative 

artificial intelligence to integrate various challenging cases and optimize data distribution. It is 

equally important to develop an inherent interpretable model architecture or reliable interpretation 

methods, because these enhance the trust of clinicians and achieve interactive correction in human-

computer collaborative diagnosis, and jointly promote the comprehensive clinical implementation of 

technology. 

6. Conclusion 

This paper systematically reviews the latest progress of automated microaneurysm segmentation 

technology for early diagnosis of diabetic retinopathy. In order to solve the core challenges of small 

size, low contrast and morphological heterogeneity of microaneurysms (MA), this paper proposes 

and verifies an AG U-Net model that combines attention mechanism with morphological prior 

knowledge. Based on the existing mainstream method, our model introduces a attention gate control 

module in the skip connection to focus on the potential lesion area, while combining the dynamic 

sample weighting strategy (integrated focus loss and cyclic loss) to solve the sample imbalance 

problem and ensure that the segmentation results are consistent with the medical morphological 

specifications. The proposed model achieves an excellent dice coefficient of 0.78 on the public data 

set, showing a good balance between false positive control and reasoning speed, thus verifying the 

effectiveness of our proposed strategy. 

In short, this study shows that a deep learning model that combines attention mechanism with a 

priori knowledge in a specific field can significantly improve the accuracy and robustness of 

automatic microaneurysm (MA) segmentation, and provide a feasible technical solution for early 

automatic screening of diabetic retinopathy (DR). Future research should focus on improving the 

model robustness of low-quality images in the real world, enhancing the identification ability of rare 

MA forms, and solving the generalization challenges across equipment and clinical centers. By deeply 

integrating the previous knowledge of medicine, exploring advanced field adaptive methods, and 

using generation models for data enhancement, this paper can promote the automated microaneurysm 

segmentation technology from algorithm innovation to a wide range of clinical applications. This 

progress will eventually support the fair screening and precise diagnosis of diabetic retinopathy 

through powerful machine learning solutions. 
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