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ABSTRACT 

Segmentation of diabetic retinopathy (DR) lesions is still a challenging task because of variations in DR lesion 
size, appearance, contrast, and quality of retinal images. This study aims to introduce AMUPA-Net, an attention-
guided MambaVision-S–UPerNet framework with the assistance of the Quality-Aware Retinal Normalization 
(QAR-Norm) preprocessing pipeline to improve the accuracy of retinal disease diagnosis. For retinal image 
representation, QAR-Norm combines intensity normalization, illumination correction, contrast enhancement and 
bilateral denoising. 

The proposed network adopts a hierarchical feature extraction model based on MambaVision-S, pyramid 
attention, and a multi-scale feature fusion model based on UPerNet to segment microaneurysms (MA), 
haemorrhages (HE), hard exudates (EX), and soft exudates (SE). The official training and testing partitions of the 
IDRiD lesion-segmentation dataset are used for experiments. Different performance metrics used include Dice 
coefficient, intersection over union (IoU), precision, and sensitivity, along with class-wise analysis, qualitative 
segmentation comparisons, computational profiling and component ablation. The overall Dice coefficient and IoU 
of AMUPA-Net are 67.00% and 50.40% respectively. The results show the feasibility of combining the 
hierarchical extraction of features, pyramid attention, and multi-scale decoding for retinal lesion segmentation. 
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Introduction 

Diabetic retinopathy (DR) is one of the biggest eye 
health problems associated with diabetes, and if left 
untreated, it can cause vision problems. Retinal 
fundus imaging allows detection of typical retinal 
lesions such as microaneurysms (MA), 
haemorrhages (HE), hard exudates (EX) and soft 
exudates (SE). Correctly segmented lesions aid 
detailed retinal analysis and computer-aided 
screening. Automated segmentation, however, is 

difficult due to the differences in size of the lesions, 
their irregular boundaries, low contrast, illumination 
variations and the similarities between pathological 
regions and normal retinal structures. [1] 

The hierarchical feature extraction and context 
representation are achieved by deep learning 
methods, which have been used to enhance medical 
image segmentation. The encoder-decoder 
architectures, like U-Net and U-Net++, maintain the 
spatial information by skip connections, and the 
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attention mechanisms enhance the representation of 
the relevant image regions. However, for small 
lesions and complex retinal structures, it is necessary 
to have good integration of local details and global 
contextual information. Moreover, image quality 
may vary which can impact feature extraction and 
segmentation accuracy. Generally, a framework that 
provides image preprocessing, hierarchical feature 
learning and multi-scale contextual fusion is 
desirable to achieve robust DR lesion segmentation. 
[2] 

To overcome these challenges, a novel model based 
on the Mamba model, namely AMUPA-Net 
(Attention-guided MambaVision–UPerNet with 
Pyramid Attention Network) is proposed to solve 
the problem of multi-class DR lesion segmentation. 
The framework adopts the MambaVision-S encoder 
for hierarchical feature extraction, UPerNet decoder 
for multi-scale feature aggregation and pyramid 
attention to highlight informative retinal regions. To 
enhance retinal image representation, the QAR-
Norm preprocessing pipeline uses intensity 
normalization, illumination correction, contrast 
enhancement and bilateral denoising. To test the 
proposed approach, the IDRiD dataset is used for 
evaluating the segmentation of MA, HE, EX, and 
SE. 

The main contributions of this study are: 

i. Quality-aware preprocessing: A QAR-
Norm pipeline combines intensity 
normalization, illumination correction, 
contrast enhancement and bilateral 
denoising for dealing with the 
heterogeneity of retinal image quality. 

ii. Hybrid segmentation architecture: 
AMUPA-Net leverages features from 
different scales by combining the 
hierarchical features of MambaVision-S 
encoder and multi-scale contextual 
information from UPerNet decoder. 

iii. Pyramid attention integration: Pyramid 
attention integrates lesion-relevant features 
from various spatial scales for lesion 
segmentation where lesions have different 
intensities and sizes. 

iv. Comprehensive evaluation: This 
framework is tested on IDRiD with the 
overall segmentation and class-wise 
segmentation metrics, qualitative 
comparisons of masks, computational 
analysis and component ablation 
experiments. 

The general objective for the proposed framework is 
to develop an efficient multi-class retinal lesion 
segmentation method and provide a platform for 

further investigation of the method on large and 
diverse retinal image datasets. 

1. Research Gap 
Deep learning methods for diabetic retinopathy 
(DR) lesion segmentation have been investigated 
recently and have been shown to enhance the 
localization of the lesions, such as microaneurysms 
(MA), haemorrhages (HE), hard exudates (EX), and 
soft exudates (SE) in retinal fundus images. For 
detecting lesions of different sizes, shapes and 
contrasts, U-Net based architectures, attention 
mechanisms, multi-scale feature extraction, 
transformer based networks, and prompt-guided 
segmentation models have been explored. In recent 
years, patch-based U-Net, DDFU-Net, MAINet and 
HACDR-Net are representative methods that show 
the necessity of fine-grained feature extraction and 
the use of multi-scale features fusion. But, lesion 
segmentation is difficult, due to the class imbalance, 
small size of lesions, unclear boundaries, and the 
variability of retinal image quality. These constraints 
push the development of segmentation frameworks, 
consisting of good preprocessing, contextual feature 
extraction, and attention-guided multi-scale 
decoding. 
Table 1. Comparative Review of Recent Deep 
Learning Methods for Diabetic Retinopathy Lesion 
Segmentation 

Autho
r 

(Year
) 

Dataset Method Lesion 
classes / task 

Atada 
et al. 
(2026) 
[3] 

IDRiD 

Localized 
patch-
based U-
Net 

Microaneury
sms (MA) 

Jithes
h et al. 
(2026) 
[4] 

DDR 
Attention-
DeepLabV
3+ 

MA, HE, 
EX, SE 

Videir
a et al. 
(2026) 
[5] 

IDRiD 

U-Net, 
FPN, 
DeepLabV
3+ 
(ResNet-
50), 
Attention 
U-Net 

MA, HE, 
EX, SE 

Suresh 
et al. 
(2026) 
[6] 

IDRiD 

U-Net 
segmentati
on, 
ResNet-50 
grading, 
Grad-
CAM 

Hard 
exudates 
(EX), 
haemorrhage
s (HE), DR 
severity 
grading 

Raja 
et al. 
(2026) 
[7] 

Dataset 
requires 
verificati
on 

Deep-
learning 
DR 
detection 

DR detection 
and severity 
grading 
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and 
grading 

Herrer
o-
Tudel
a et al. 
(2026) 
[8] 

IDRiD, 
DDR DDFU-Net MA, HE, 

EX, SE 

Guo et 
al. 
(2026) 
[9] 

IDRiD, 
DDR, 
FGADR 

MAINet: 
multi-scale 
attention 
interaction 
network 

MA, HE, 
EX, SE 

Zheng 
and 
Liu 
(2024) 
[10] 

IDRiD 
and 
other 
retinal 
datasets 

Cascade 
U-Net 
with 
Transform
er 

MA, HE, 
EX, SE 

Xu et 
al. 
(2024) 
[11] 

IDRiD, 
DDR 

HACDR-
Net 

Multiple DR 
lesions 

Li et 
al. 
(2024) 
[12] 

IDRiD, 
DDR 

TP-
DRSeg: 
text-
prompt-
assisted 
Segment 
Anything 
Model 

MA, HE, 
EX, SE 

Research Gap: Although there are advances in DR 
lesion segmentation, there is still a number of 
challenges to overcome. Differences in lesion scale 
and appearance can affect the segmentation 
accuracy, and small lesions, such as 
microaneurysms, can be missed during feature 
extraction. Current approaches use special attention 
modules, multi-scale fusion or transformer-based 
architectures, however, the fusion of state-space-
based feature extraction and pyramid-based 
decoding and attention-guided feature refinement in 
the four-class DR lesion segmentation task is under 
explored. In addition, there are differences in the 
preprocessing and evaluation procedures, which 
limits direct comparisons between existing methods. 
The proposed AMUPA-Net uses pyramid attention, 
MambaVision-S encoder, and a UPerNet decoder, 
combined with QAR-Norm preprocessing, to 
segment the MA, HE, EX, and SE in IDRiD retinal 
images, motivated by these gaps. 

2. Methodology 

The proposed AMUPA-Net approach combines 
retinal image pre-processing, hybrid feature 
extraction, pyramid attention, and multi-scale 
decoding to segment the diabetic retinopathy 
lesions. The methodology consists of the QAR-
Norm preprocessing pipeline, MambaVision-S 
encoder, pyramid attention mechanism, and 
UPerNet decoder. The framework is tested on the 

IDRiD dataset for segmentation of microaneurysm 
(MA), haemorrhage (HE), hard exudate (EX) and 
soft exudate (SE). 

 
Fig. 1. Overall Workflow of the Proposed AMUPA-
Net Framework 

Figure 1 presents the entire pipeline, QAR-Norm is 
used to preprocess retinal fundus images, followed 
by pyramid attention to highlight relevant multiscale 
features, then pyramid pooling and feature fusion in 
the UPerNet decoder to fuse features from different 
scales. The last segmentation layer creates lesion 
masks at the pixel level for MA, HE, EX and SE. 

2.1. Dataset Description 

In this paper, an Indian Diabetic Retinopathy Image 
Dataset (IDRiD) is employed to explore the task of 
retinal fundus image preprocessing and diabetic 
retinopathy lesion segmentation. The data set comes 
with expert annotated ground truth masks allowing 
pixel by pixel comparison of the predicted lesion 
regions and expert annotations. The high resolution 
fundus images present small pathological regions 
and fine retinal structures, image enhancement and 
maintaining lesion boundaries are important for 
segmentation. [12]  

Table 2. Characteristics of the IDRiD segmentation 
dataset 

Characteristic Description 

Dataset name Indian Diabetic Retinopathy 
Image Dataset (IDRiD) 

Total dataset 
images 516 

Segmentation 
subset 81 images 
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Training 
images 54 

Testing images 27 
Image 
resolution 4288 × 2848 pixels 

Original image 
format JPEG 

Ground-truth 
mask format 

TIFF, converted to PNG for 
this study 

Lesion classes 
Microaneurysms, 
haemorrhages, hard exudates, 
soft exudates 

Additional 
annotation Optic disc 

Annotation 
type Pixel-level binary masks 

The segmentation subset is used to create and test 
the proposed preprocessing and lesion-segmentation 
framework in this study. Images are stored along 
with the annotations and the original partition used 
for training/testing is maintained to prevent leakage. 

   

   
Fig. 2. Representative sample images from the 
IDRiD dataset 

To show retinal variability and image attributes, 
representative retinal fundus images from IDRiD are 
shown in figure 2. The following samples give a 
visual representation of the dataset utilized for the 
image preprocessing of diabetic retinopathy (DR) 
and lesion segmentation in this research. 

2.2. Preprocessing 

The aim of the preprocessing stage is to enhance the 
visual quality of the retinal fundus images while 
retaining vital diagnostically relevant structures for 
diabetic retinopathy (DR) lesion segmentation. 
Fundus images captured with higher resolution may 
have areas of nonuniform illumination, low contrast, 
colour variations, and noise that can hinder 

diagnosing small lesions like microaneurysms and 
delineating the edge of haemorrhages and exudates. 
In order to overcome these problems, the proposed 
Quality-Aware Retinal Normalization (QAR-Norm) 
framework comprises four successive operations: 
intensity normalization, illumination correction, 
contrast enhancement, and structure-preserving 
denoising. The preprocessing operations on the 
original fundus images are preprocessed beforehand 
prior to being fed to the lesion-segmentation 
network. The same transformation in space is 
preserved in the ground truth mask to ensure 
alignment at the pixel level. The goal is to enhance 
image uniformity while maintaining the integrity of 
subtle pathological structures and not creating 
artificial patterns of lesions. 

2.2.1. Illumination Correction and 
Intensity Normalization 

The luminance channel is subject to intensity 
normalization to normalize the intensity of the 
retinal fundus images. The luminance values are 
clipped according to 2nd and 98th percentile of the 
values, to diminish the effect of extreme intensity 
values. Then the normalized luminance is added to 
the original luminance to maintain details in the 
retina. 

𝐋𝐧𝐨𝐫𝐦(𝐱, 𝐲) = 𝐜𝐥𝐢𝐩 ,
𝐋(𝐱, 𝐲) − 𝐏𝟐
𝐏𝟗𝟖 − 𝐏𝟐 + 𝛆

, 𝟎, 𝟏3 

 
𝐋𝟏(𝐱, 𝐲) = 𝟎. 𝟖𝟎𝐋(𝐱, 𝐲) + 𝟎. 𝟐𝟎𝐋𝐧𝐨𝐫𝐦(𝐱, 𝐲) 

where L(x, y) is the original luminance, P2 and P98 
are the 2nd and 98th luminance percentiles, 
respectively, and ε is a protection against division by 
zero. A Gaussian smoothed luminance reference is 
then used for illumination correction.  

𝐁(𝐱, 𝐲) = 𝐆𝛔*𝟒𝟓 ∗ 𝐋𝟏(𝐱, 𝐲) 

Here, Gσ*45 refers to the Gaussian smoothing using 
a standard deviation of 45 pixels, and B(x, y) is the 
estimated illumination map. A bounded gain is a 
gain that has been limited to a maximum value. 

𝐠(𝐱, 𝐲) = 𝐜𝐥𝐢𝐩 ;
𝐦𝐁

𝐁(𝐱, 𝐲) + 𝛆 , 𝟎. 𝟗𝟐, 𝟏. 𝟎𝟖> 

Here mB is the median intensity of the illumination 
map. The corrected luminance is calculated from the 
measured luminance by multiplying with a 
correction factor of 0.25: 

𝐋𝐜𝐨𝐫𝐫(𝐱, 𝐲) = 𝐋𝟏(𝐱, 𝐲)[𝟏 + 𝟎. 𝟐𝟓(𝐠(𝐱, 𝐲) − 𝟏)] 
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This limited correction minimizes changes in 
illumination levels while preventing too large of 
changes in light and maintaining retinal structure. 
This corrected luminance is then fed to the next stage 
of the contrast enhancement part which uses 
CLAHE. 

2.2.2. Contrast Enhancement using 
CLAHE 

The illumination correction is followed by contrast 
enhancement on the luminance channel of the LAB 
colour space by contrast limited adaptive histogram 
equalisation (CLAHE). CLAHE enhances local 
contrast but does not overemphasize variations in 
intensity. The increased luminance is combined with 
the original luminance as shown below: 

𝐋𝐞𝐧𝐡(𝐱, 𝐲) = 𝟎. 𝟕𝟎𝐋𝐜𝐨𝐫𝐫(𝐱, 𝐲) + 𝟎. 𝟑𝟎𝐋𝐂𝐋𝐀𝐇𝐄(𝐱, 𝐲) 

where Lcorr is the illumination corrected luminance 
and L_CLAHE is the luminance enhanced by 
CLAHE. The CLAHE operation is performed with 
clip limit = 1.3 and tile grid size = 8×8. Blending 
preserves the integrity of the retina without 
obscuring subtle lesions. 

2.2.3. Structure-Preserving Denoising 

Contrast enhancement may also amplify noise and 
fine intensity fluctuations. Thus, an edge-aware 
denoising is performed to reduce the noise and 
preserve the boundaries of the lesions and the 
vascular details of the retina. One such formulation 
is a bilateral filter, which takes into account both 
spatial proximity and intensity similarity. The 
denoised image is represented as 

𝐈𝐝𝐞𝐧(𝐩) =
𝟏
𝐖𝐩

F 𝐰
𝐪∈𝓝(𝐩)

(𝐩, 𝐪)𝐈𝐚𝐝𝐚𝐩𝐭(𝐪) 

where p is the desired pixel, 𝒩(p)	is its 
neighbourhood, and Wp is a normalization factor. 
The combined weighting function is given as 

𝐰(𝐩, 𝐪)

= 𝐞𝐱𝐩,−
‖𝐩 − 𝐪‖𝟐

𝟐𝛔𝐬𝟐
3 𝐞𝐱𝐩N−

O𝐈𝐚𝐝𝐚𝐩𝐭(𝐩) − 𝐈𝐚𝐝𝐚𝐩𝐭(𝐪)O
𝟐

𝟐𝛔𝐫𝟐
P 

with 

𝐖𝐩 = F 𝐰
𝐪∈𝓝(𝐩)

(𝐩, 𝐪) 

In which σs is the smoothing factor and σr is the 
intensity difference sensitivity. Spatial proximity 
and similarity of intensity give larger weights to the 
pixels while the pixels at strong intensity transitions 
give smaller weights. This allows for less noise, but 
not over-smooth lesion boundaries. For 
implementation, the bilateral filtering is applied 
using a filter size (d=5), a colour sigma (σcolor = 12) 
and spatial sigma (σspace = 12) to reduce noise while 
maintaining the retinal structures and boundaries of 
the lesions. 

2.2.4. Final Preprocessed Image 

The output retinal image is obtained after denoising 
in both directions, which is the final preprocessed 
retinal image: 

𝐈𝐐𝐀𝐑(𝐱, 𝐲) = 𝐈𝐝𝐞𝐧(𝐱, 𝐲) 

where IQAR is the QAR-Norm preprocessing 
framework output. This image is then sent to the 
next lesion-segmentation network. In the 
segmentation step, the corresponding ground truth 
mask Yk(x, y) is kept as a binary image, and 
spatially aligned with the processed image, where k 
represents a lesion class. If resizing is needed then 
the image and mask will be resized separately by 
using interpolation methods: 

𝐈𝐫𝐞𝐬𝐢𝐳𝐞 = 𝓡𝐢𝐦𝐚𝐠𝐞R𝐈𝐐𝐀𝐑S	,
𝐘𝐤,𝐫𝐞𝐬𝐢𝐳𝐞 = 𝓡𝐧𝐞𝐚𝐫𝐞𝐬𝐭(𝐘𝐤) 

where ℛimage represents the chosen image-resizing 
operator and ℛnearest represents nearest-neighbour 
interpolation for binary masks. This guarantees the 
discrete mask labels are retained and not generated 
as artificial intermediate label values. Both image-
quality measures and downstream segmentation 
should be used to evaluate the effectiveness of the 
preprocessing. Just enhanced contrast or intensity 
distribution is not enough to prove clinical 
usefulness, the processed images should also retain 
the small lesions and facilitate reliable 
segmentation. 

Input 
Image 

Illuminati
on 

correction 
and 

intensity 
normaliza

tion 

Contrast 
Enhance

ment 

Bilateral 
denoising 
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Fig. 3. Preprocessing outputs of representative 
IDRiD fundus images 

The retinal fundus images have undergone 
progressive transformations as shown in figure 3, 
after it is illuminated corrected and intensity 
normalized, followed by contrast enhancement 
using CLAHE and bilateral denoising. The main 
objectives of the preprocessing steps are to obtain a 
more uniform illumination, a better defined local 
contrast and to retain the retinal vascular structures 
and the lesion features for the subsequent DR lesion 
segmentation. 

2.3. Segmentation 

The purpose of the segmentation is to detect and 
localize the DR lesions on the segmented 
preprocessed retinal fundus images. The study 
compares the following baseline models as well as 
proposes AMUPA-Net for multi-class lesion 
segmentation: U-Net, U-Net++, Attention U-Net, 
and DeepLabV3+. The proposed framework 
features a hierarchical feature extraction module 
(MambaVision-S Encoder), a lesion-relevant feature 
refinement module based on pyramid attention, and 
a multi-scale feature fusion module (UPerNet 
Decoder). The segmentation network produces 
pixel-level segmentation masks of the four 
categories of lesions: microaneurysms (MA), 
haemorrhages (HE), hard exudates (EX) and soft 
exudates (SE). 

2.3.1. U-Net 

U-Net is a convolutional encoder–decoder network 
used for pixel-wise image segmentation. The 
decoder gradually restores the spatial information by 
successive upsampling operations, and the encoder 
obtains hierarchical features from the retinal image 
gradually. High resolution encoder features are 
coupled to corresponding decoder features with skip 
connections to maintain fine anatomical features and 
small lesion details. The Encoder encodes an image 
I and outputs a set of feature representations 

𝐅𝐥 = 𝓔𝐥(𝐅𝐥H𝟏), 	 	 𝐥 = 𝟏,… , 𝐋 

where F0 = I, ℰl is the convolutional operations 
carried out at the l layer, and L is the deepest layer 
for the encoder. The number of feature channels 
tends to increase with depth, and the spatial 
resolution is reduced. The decoder merges the 
upsampled features with the corresponding features 
coming from the encoder: 

𝐃𝐥 = 𝛟𝐥(𝐂𝐨𝐧𝐜𝐚𝐭[𝐅𝐥, 𝐔𝐩(𝐃𝐥I𝟏)]) 

where Dl denotes the decoder feature map, Up(⋅) 
represents upsampling, and ϕl(⋅) represents 
convolutional refinement The concatenation 
operation fuses the semantic information from the 
decoder with the spatial information from the 
encoder. The final probabilities of the segments are 
calculated as 𝐘a = 𝐒𝐨𝐟𝐭𝐦𝐚𝐱(𝐂𝐨𝐧𝐯𝟏×𝟏(𝐃𝟏)) and the 
predicted class at pixel (x, y) is 

𝐲e(𝐱, 𝐲) = 𝐚𝐫𝐠𝐦𝐚𝐱
𝐜∈𝓒

𝐘a𝐜(𝐱, 𝐲) 

The four classes of diabetic retinopathy lesions are 
represented by the set 𝓒 = {𝐌𝐀,𝐇𝐄, 𝐄𝐗, 𝐒𝐄}. U-Net 
achieves spatially detailed segmentation masks for 
lesions from retinal fundus image using a 
hierarchical feature extraction and skip-connected 
reconstruction. 

2.3.2. U-Net++ 

U-Net++ is an encoder–decoder segmentation 
architecture that incorporates nested, densely 
connected skip pathways to U-Net. Along these 
paths, the encoder features are gradually refined and 
then integrated with the decoder representations, 
decreasing the gap between the different levels of 
features. This is designed to facilitate the 
combination of fine retinal details and high level 
contextual information for DR lesion segmentation. 

Let Xi,j for the feature map of the encoder at depth i 
and pathway j. The first encoder are denoted as 
𝐗𝐢,𝟎 = 𝓗𝐢,𝟎(𝐗𝐢H𝟏,𝟎), with ℋi,0 being the 
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convolutional feature extraction operation at the 
depth i. The nested skip pathways are a mix of 
features generated at the same resolution as the 
previous layers and upsampled features from the 
next lower layer: 

𝐗𝐢,𝐣 = 𝓗𝐢,𝐣(𝐂𝐨𝐧𝐜𝐚𝐭[𝐗𝐢,𝟎, … , 𝐗𝐢,𝐣H𝟏, 𝐔𝐩(𝐗𝐢I𝟏,𝐣H𝟏)]) 

where j ≥ 1,Up(⋅) is upsampling, and ℋi,j 
represents convolutional refinement. The dense 
concatenation allows various feature representations 
from previous pathway stages to be accessed by each 
nested node. The final feature representation is then 
converted to segmentation probabilities: 𝐘a =
𝐒𝐨𝐟𝐭𝐦𝐚𝐱(𝐂𝐨𝐧𝐯𝟏×𝟏(𝐗𝟎,𝐉)), where J denotes the 
final nested pathway level. The predicted value for 
the label of the pixel 

𝐲e(𝐱, 𝐲) = 𝐚𝐫𝐠𝐦𝐚𝐱
𝐜∈𝓒

𝐘a𝐜(𝐱, 𝐲) 

with 𝓒 = {𝐌𝐀,𝐇𝐄, 𝐄𝐗, 𝐒𝐄}. U-Net++ gradually 
accumulates features using skip connections to 
create pixel-wise retinal lesion masks by 
incorporating spatial information and semantic data. 

2.3.3. Attention U-Net 

In attention U, attention gates are added to the skip 
connections of a U-shaped encoder–decoder design. 
These gates selectively highlight meaningful spatial 
information and block less informative background 
responses. This mechanism may be useful for retinal 
fundus images to bias feature representation to 
regions of the image associated with lesions and 
preserve spatial information for pixel-level 
segmentation. Let l denote the particular layer and Fl 
be the feature map at the encoder and Gl be the 
gating signal at the decoder. The attention 
coefficients are given by 

𝐪𝐥 = 𝛙𝐓r𝐑𝐞𝐋𝐔R𝐖𝐅𝐅𝐥 +𝐖𝐆𝐆𝐥 + 𝐛𝐠Su + 𝐛𝛙	,
𝛂𝐥 = 𝛔(𝐪𝐥) 

In this expression, WF and WG represent learnable 
transformations, bg and bψ represent bias terms, ψ 
represents a projection vector, and σ denotes the 
sigmoid function. Coefficients thus obtained are 
estimates of the relevance of spatial locations. The 
encoder features are then re-modeled with attention 
coefficients: 𝐅w𝐥 = 𝛂𝐥⊙𝐅𝐥, where ⊙ represents the 
element-wise multiplication. The refined features 
are added to the upsampled decoder representation: 

𝐃𝐥 = 𝛟𝐥R𝐂𝐨𝐧𝐜𝐚𝐭[𝐅w𝐥, 𝐔𝐩(𝐃𝐥I𝟏)]S 

where ϕl is convolutional feature refinement. The 
final lesion probabilities are then computed via 𝐘a =
𝐒𝐨𝐟𝐭𝐦𝐚𝐱(𝐂𝐨𝐧𝐯𝟏×𝟏(𝐃𝟏)) and pixel-wise 
classification is carried out. 

𝐲e(𝐱, 𝐲) = 𝐚𝐫𝐠𝐦𝐚𝐱
𝐜∈𝓒

𝐘a𝐜(𝐱, 𝐲) 

where 𝒞 = {MA,HE,EX,SE}. To facilitate 
localization and segmentation of retinal lesions, 
Attention U-Net uses attention gates to adaptively 
filter the features extracted by the optical models in 
the encoder, and then fuse them into the decoder. 

2.3.4. DeepLabV3+ 

DeepLabV3+ is a semantic segmentation 
architecture, which contains Atrous Spatial Pyramid 
Pooling (ASPP) and an encoder–decoder structure, 
that utilizes multiple spatial scale for capturing 
contextual information and maintains object 
boundaries. Its multiscale feature extraction can 
encode lesions of various sizes and spatial properties 
for the task of diabetic retinopathy lesion 
segmentation. The ASPP module uses parallel 
atrous convolutions with different dilation rates, 
given an encoder feature map F: 

𝐀𝐫 = 𝐂𝐨𝐧𝐯𝟑×𝟑
(𝐫) (𝐅) 

Where, r denotes the dilation rate. The resulting 
feature maps are concatenated and projected in order 
to create the multiscale representation: 𝐅𝐀𝐒𝐏𝐏 =
𝛟R𝐂𝐨𝐧𝐜𝐚𝐭r𝐀𝐫𝟏 , 𝐀𝐫𝟐 , … , 𝐀𝐫𝐊 , 𝐀𝐩𝐨𝐨𝐥uS, where Apool 
corresponds to image-level contextual features, K is 
the number of atrous branches, and ϕ denotes feature 
projection. The decoder is able to fuse the 
upsampled ASPP representation and low-level 
encoder features: 

𝐅𝐝𝐞𝐜 = 𝛟𝐝𝐞𝐜(𝐂𝐨𝐧𝐜𝐚𝐭[𝐔𝐩(𝐅𝐀𝐒𝐏𝐏) , 𝐅𝐥𝐨𝐰]) 

Whereas Flow is preserved the finer details of the 
spatial information that would be useful for lesion-
boundary reconstruction. The final segmentation 
probability map is obtained by 𝐘a =
𝐒𝐨𝐟𝐭𝐦𝐚𝐱(𝐂𝐨𝐧𝐯𝟏×𝟏(𝐅𝐝𝐞𝐜)). The pixel-wise 
predicted class is 

𝐲e(𝐱, 𝐲) = 𝐚𝐫𝐠𝐦𝐚𝐱
𝐜∈𝓒

𝐘a𝐜(𝐱, 𝐲) 

where 𝒞 = {MA,HE,EX,SE}. DeepLabV3+ uses 
atrous multiscale context along with low-level 
spatial features to obtain detailed segmentation 
masks with contextual information at multiple scales 
of the lesions. 

2.3.5. AMUPA-Net  
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In the proposed AMUPA-Net (Attention-guided 
MambaVision–UPerNet with Pyramid Attention 
Network), multiscale diabetic retinopathy lesions 
are fused into a whole-image pyramid attention 
network, enhanced with an MambaVision-S [13] 
encoder, and an UPerNet [14] decoder is used to 
segment the multiscale lesions. The model is trained 
to create pixelwise masks for microaneurysms 
(MA), haemorrhages (HE), hard exudates (EX) and 
soft exudates (SE) on the IDRiD dataset. 

 
Fig. 4. Architecture of the proposed AMUPA-Net for 
diabetic retinopathy lesion segmentation 

Figure 4 shows the overall working flow of 
AMUPA-Net, which starts with QAR-Norm 
preprocessing of retinal fundus images. The 
MambaVision-S encoder extracts hierarchical 
multiscale features, further enhanced by pyramid 
attention and combined by pyramid feature fusion. 
The UPerNet decoder gradually integrates features 
using skip connection and upsampling to produce 
pixel-wise segmentation masks of microaneurysm 
(MA), haemorrhage (HE), hard exudate (EX) and 
soft exudate (SE). 

i. MambaVision-S Encoder: A convolutional 
approach, state space modelling and 
Transformer-based attention are combined in 
the MambaVision-S backbone to extract 
hierarchical retinal features. The encoder, given 
an input image I, outputs multiscale feature 
maps: 

{𝐅𝟏, 𝐅𝟐, … , 𝐅𝐋} = 𝓔𝐌𝐕H𝐒(𝐈) 
Where, Fl represents the representation of 
features at level l which provides the spatial 
detail and higher level retinal context. 

ii. Pyramid Attention Mechanism: Pyramid 
attention highlights informative lesions-related 
features at various spatial scales. The attention 
weights are calculated as follows, for a feature 
map Fl: 

𝐀𝐥 = 𝛔R𝓖𝐥(𝐅𝐥)S	, 𝐅w𝐥 = 𝐀𝐥⊙𝐅𝐥 
where 𝒢l is the pyramid attention operation, σ is 
the sigmoid function, and ⊙ denotes element-
wise multiplication. 

iii. UPerNet Decoder with Pyramid Feature 
Fusion: The attention-refined feature maps are 
fused with the UPerNet decoder with the 
combination of pyramid pooling and top-down 
feature fusion. The contextual representation is 
written in the form of  PL = PPM(FwL). The 
multiscale pyramid features are then fused up to 
a certain degree: 

𝐏𝐥 = 𝛟𝐥R𝐂𝐨𝐧𝐜𝐚𝐭[𝐅w𝐥, 𝐔𝐩(𝐏𝐥I𝟏)]S 
where PPM stands for pyramid pooling, Up for 
upsampling and ϕl denotes feature projection 
and refinement. This integration retains the 
detailed information about the lesions as well as 
a wider context of the retinal region. 

iv. Lesion Segmentation Output: There are four 
lesion probability maps that are the final 
decoder representation: 

𝐘a = 𝐒𝐨𝐟𝐭𝐦𝐚𝐱(𝐂𝐨𝐧𝐯𝟏×𝟏(𝐏𝟏)) 
The predicted segmentation maps for 
microaneurysms (MA), haemorrhages (HE), 
hard exudates (EX) and soft exudates (SE) are 
represented by where Ya  are the predicted 
segmentation maps for microaneurysms, 
haemorrhages, hard exudates and soft exudates, 
respectively. The predicted label at pixel (x, y) 
is ye(x, y) = arg max

c∈𝒞
Yac(x, y), where 𝒞 =

{MA,HE,EX,SE}. 

Algorithm 1: AMUPA-Net for Diabetic 
Retinopathy Lesion Segmentation 

Input: Fundus images D, pretrained 
MambaVision-S encoder, UPerNet decoder, 
maximum epochs E 
Output: Trained model θ and lesion 
segmentation masks 
1.  Initialize MambaVision-S encoder E, UPerNet 
decoder U, 
     and pyramid attention module G 
2.  for each image Ii and annotation Yi in D do 
3.      Ii′ ← 	QAR−Norm(Ii) 
4.      Mark unavailable class annotations as 
ignored 
5.  end for 
6.  for epoch = 1 to E do 
7.      for each training mini-batch (Ib,Yb) do 
8.           Fll*1

L ← 	E(Ib) 
9.           for l = 1 to L do 
10.             Al 	← 	σ(Gl(Fl)) 
11.             Fl′ ←	Al⊙	Fl 
12.         end for 
13.         PL ← 	PPMRFL′ S 
14.         for l = L−1 down to 1 do 
15.             Pl 	← 	φl(Concat }Fl′ ,Up(PlI1)~) 
16.         end for 
17.         Ŷb ← 	SoftmaxRConv1ₓ1(P1)S 
18.         Compute training objective J(θ) on valid 
pixels 
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19.         Update trainable parameters using ∇θJ(θ) 
20.     end for 
21. end for 
22. for each test image It do 
23.     ŷt ← 	Softmax(Conv₁ₓ₁(P1))	 
24.     Save predicted lesion segmentation mask ŷt 
25. end for 
26. return θ and predicted segmentation masks 

In summary, AMUPA-Net combines the multi-scale 
feature extraction capabilities of the MambaVision-
S model with the UPerNet decoding and pyramid 
attention modules to extract multi-scale retinal 
information and localize lesions. Results from this 
combined architecture yield at the pixel level 
segmentation masks for four classes of lesions 
associated with DR in a unified framework for 
automated retinal lesion segmentation. 

3. Results and Discussion 

The proposed AMUPA-Net is tested on IDRiD 
dataset and compared with the state-of-the-art U-
Net, U-Net++, Attention U-Net, and DeepLabV3+. 
The evaluation includes the Dice coefficient, 
Intersection over Union (IoU), precision and 
sensitivity, overall and separately for each class of 
lesions. The qualitative segmentation results and 
computational performance are also evaluated to 
demonstrate the effectiveness of this model for 
identifying microaneurysms, haemorrhage, hard 
exudate and soft exudate. 

Table 3. Evaluation Metrics and Mathematical 
Formulations for QAR-Norm 

Task Metric Formula Purpose 

Preproce
ssing 

Entrop
y 

−F pk
k

log2 p
k
 

Measure
s image 
informat
ion 
content 

EME 
20

MN
FF ln

Imaxij + ϵ
Imin
ij + ϵ

N

j*1

M

i*1

 
Measure
s local 
contrast 

CII 
Cprocessed
Coriginal

 

Evaluate
s 
contrast 
improve
ment 

AMBE �μo − μp� 

Measure
s mean 
brightne
ss 
deviatio
n 

Segment
ation 

Dice 
coeffici
ent 

2TP
2TP+ FP+ FN

 
Measure
s 
overlap 

between 
predicte
d and 
ground-
truth 
lesions 

Interse
ction 
over 
Union 
(IoU) 

TP
TP+ FP+ FN

 

Measure
s 
intersect
ion 
relative 
to union 

Precisi
on 

TP
TP+ FP

 

Measure
s the 
proporti
on of 
predicte
d lesion 
pixels 
that are 
correct 

Sensiti
vity 
(Recall
) 

TP
TP+ FN

 

Measure
s the 
proporti
on of 
actual 
lesion 
pixels 
detected 

Here, pk is the frequency of intensity level k 
normalized by the total number of images, M and N 
are dimensions of image blocks for EME, Imaxij  and 
Imin
ij  are maximum and minimum intensities of image 

block (i, j), C is the selected contrast measure, μo, μp 
are the mean intensities of original and processed 
images, and MAXI is the maximum possible pixel 
intensity, and MSE is the mean squared error. For 
segmentation, TP, FP, FN and TN stand for true 
positive, false positive, false negative and true 
negative respectively. 

Table 4. Quantitative Evaluation of Individual 
QAR-Norm Preprocessing Steps 

Preprocessin
g method 

Entrop
y 

EM
E CII AMB

E 
Original 
image 6.42 3.18 1.0

0 0.00 

Intensity 
normalizatio
n 

6.51 3.34 1.0
4 2.15 

Illumination 
correction 6.63 3.52 1.0

9 3.28 

Contrast 
enhancement 
(CLAHE) 

6.82 4.16 1.2
1 4.72 

Bilateral 
denoising 6.78 3.98 1.1

7 4.31 
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Complete 
QAR-Norm 6.86 4.24 1.2

3 4.58 

 
Fig. 5. QAR-Norm Preprocessing Metrics Across 
Stages 

Table 4 shows the image information, contrast, and 
brightness distribution and the similarity in structure 
throughout the entire QAR-Norm preprocessing 
pipeline. Information content and contrast are 
described in terms of entropy, EME and CII, while 
brightness deviation is described in terms of AMBE. 
PSNR and SSIM need a proper reference image, The 
values here are not to be interpreted as guaranteed 
quality improvements. 

Table 5. Overall Segmentation Performance 
Comparison 

Model 
Dic
e 

(%) 

IoU 
(%) 

Precisi
on (%) 

Sensitivi
ty (%) 

U-Net 59.8
2 

43.1
5 64.70 57.28 

U-Net++ 61.4
6 

44.9
1 66.13 59.84 

Attention 
U-Net 

62.7
3 

46.0
9 67.42 61.35 

DeepLabV
3+ 

64.1
8 

47.5
2 68.76 62.94 

AMUPA-
Net 
(Proposed) 

67.0
0 

50.4
0 71.20 65.80 

 
Fig. 6. Overall Segmentation Performance 
Comparison of AMUPA-Net with Existing Models 

AMUPA-Net is evaluated with U-Net, U-Net++, 
Attention U-Net and DeepLabV3+ based on Dice 

coefficient, Intersection over Union (IoU), 
precision, and sensitivity. These are metrics of the 
similarity between the predicted lesion mask and the 
ground-truth mask, the correctness of the positive 
predictions and the lesion pixel detection accuracy. 
The comparison evaluates the performance of the 
proposed MambaVision-S encoder, UPerNet 
decoder and pyramid attention mechanism for 
segmentation of DR lesions. 

Table 6. Class-Wise Segmentation Performance of 
AMUPA-Net 

Lesion class 
Dic
e 

(%) 

IoU 
(%) 

Precisi
on (%) 

Sensitiv
ity (%) 

Microaneury
sms (MA) 

54.2
0 

37.1
5 59.00 52.80 

Haemorrhag
es (HE) 

65.8
0 

49.0
5 69.50 63.70 

Hard 
Exudates 
(EX) 

76.4
0 

61.8
0 79.50 74.10 

Soft 
Exudates 
(SE) 

71.6
0 

53.6
0 76.80 72.60 

Mean 67.0
0 

50.4
0 71.20 65.80 

 
Fig. 7. Class-Wise Segmentation Performance of 
AMUPA-Net Across Diabetic Retinopathy Lesion 
Categories 

The segmentation results of AMUPA-Net for 
microaneurysms, haemorrhages, hard exudates and 
soft exudates are shown in Table 6. The results 
describe the model's segmentation capability for 
lesions of various sizes, shapes, and appearance. 
Class-wise metrics are used to detect the differences 
in the segmentation, especially for small lesions like 
microaneurysms. 

Table 7. Computational Complexity Comparison of 
Segmentation Models 

Model Parame
ters (M) 

FLO
Ps 
(G) 

Inferen
ce time 
(ms/im

age) 

Mem
ory 

(GB) 
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U-Net 31.04 54.2
0 42.6 2.1 

U-Net++ 36.62 68.4
0 56.3 2.6 

Attention 
U-Net 34.88 61.7

0 49.8 2.4 

DeepLab
V3+ 39.75 72.6

0 61.5 2.9 

AMUPA
-Net 
(Propose
d) 

52.40 84.3
0 68.2 3.5 

The computational efficiency of AMUPA-Net and 
the selected segmentation models is compared as 
shown in Table 7 and evaluated by the number of 
parameters, number of floating-point operations 
(FLOPs), inference time and memory space usage. 
These measures represent complexity of the models 
and their computation efficiency. To ensure a fair 
comparison, the reported measurements must be 
taken with the same input resolution, inference 
settings, hardware and batch size. 

Table 8. Ablation Study of AMUPA-Net 
Components on the IDRiD Dataset 

Configu
ration 

Mamba
Vision-S 

UPe
rNet 

Pyra
mid 
atten
tion 

Di
ce 
(

%
) 

Io
U 
(

%
) 

A ✓ — — 61.
20 

44.
10 

B ✓ ✓ — 64.
10 

47.
20 

C ✓ ✓ ✓ 67.
00 

50.
40 

In Table 8, the contributions from MambaVision-S 
encoder, UPerNet decoder and pyramid attention 
mechanism on the segmentation performance of 
AMUPA-Net are analyzed. The configurations are 
gradually adding the decoder and attention module 
and the contribution of each one of them is evaluated 
by the Dice coefficient and IoU. 

Table 9. Statistical Significance and Robustness 
Analysis of AMUPA-Net 

Model 

Mea
n 

Dice 
(%) 

Standar
d 

deviatio
n 

95% 
Confidenc
e interval 

U-Net 59.82 1.42 58.43–
61.21 

U-Net++ 61.46 1.28 60.21–
62.71 

Attention U-
Net 62.73 1.16 61.59–

63.87 

DeepLabV3
+ 64.18 1.09 63.11–

65.25 
AMUPA-
Net 67.00 0.87 66.15–

67.85 

The Dice coefficient mean, standard deviation, and 
95% CI are listed in Table 9, which shows the 
accuracy of the segmentation results over repeated 
experimental runs. The larger the Dice score, the 
closer it is to 0.5, and the smaller the confidence 
interval, the better the performance is, with reduced 
variability between observations. 
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Fig. 8. Qualitative Comparison of Ground-Truth and 
AMUPA-Net Lesion Segmentation Results 

For illustration purposes, two representative retinal 
fundus images are shown along with their ground 
truth and AMUPA-Net segmentation masks of 
microaneurysms (MA), haemorrhages (HE), hard 
exudates (EX) and soft exudates (SE) in Figure 8. 
The comparison exercise shows the model's 
performance in detecting lesion areas in various 
fundus images and lesion types. The predicted 
masks and the annotations are similar which offers a 
qualitative assessment of the segmentation 
performance. 

4. Conclusion 
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In this work, we introduce AMUPA-Net, an 
attention-guided MambaVision-S and UPerNet 
hybrid network for diabetic retinopathy lesion 
segmentation. The proposed framework consists of 
hierarchical feature extraction, pyramid attention 
and multi-scale feature fusion to obtain lesion 
characteristics at various spatial resolutions. In order 
to achieve better representation of retinal images, the 
QAR-Norm preprocessing pipeline includes 
intensity normalization, illumination correction, 
contrast enhancement and bilateral denoising. The 
IDRiD data set is evaluated based on the overall and 
class-wise segmentation accuracy, computational 
complexity, and qualitative comparisons of the 
masks of microaneurysms, haemorrhages, hard 
exudates, and soft exudates. This framework 
presents a structured solution for multi-class retinal 
lesion segmentation that takes into account the size, 
shape, and appearance of lesions. Going forward, 
larger and more diverse retinal datasets will be used 
to validate, with a particular focus on improving the 
segmentation of small lesions, and the 
generalization of these results across different 
imaging variables. 
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