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Convolutional neural networks (CNNs)-based medical image segmentation technologies have been widely used in
medical image segmentation because of their strong representation and generalization abilities. However, due to the in-
ability to effectively capture global information from images, CNNs can easily lead to loss of contours and textures in
segmentation results. Notice that the transformer model can effectively capture the properties of long-range dependencies
in the image, and furthermore, combining the CNN and the transformer can effectively extract local details and global con-
textual features of the image. Motivated by this, we propose a multi-branch and multi-scale attention network (M2ANet)
for medical image segmentation, whose architecture consists of three components. Specifically, in the first component,
we construct an adaptive multi-branch patch module for parallel extraction of image features to reduce information loss
caused by downsampling. In the second component, we apply residual block to the well-known convolutional block at-
tention module to enhance the network’s ability to recognize important features of images and alleviate the phenomenon
of gradient vanishing. In the third component, we design a multi-scale feature fusion module, in which we adopt adaptive
average pooling and position encoding to enhance contextual features, and then multi-head attention is introduced to further
enrich feature representation. Finally, we validate the effectiveness and feasibility of the proposed M2ANet method through
comparative experiments on four benchmark medical image segmentation datasets, particularly in the context of preserving
contours and textures. The source code of M2ANet will be released at https://github.com/AHUT-MILAGroup/M2ANet.

Keywords: medical image segmentation, convolutional neural network, multi-branch attention, multi-scale
feature fusion
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1. Introduction
Medical image segmentation plays a crucial role in the

process of medical image analysis, which is defined as the
pixel-wise classification of medical images, aiming to sep-
arate structures such as lesions, tumors, and organs from
the background.[1] Traditional medical image segmentation
focuses on edge detection-based segmentation,[2] threshold-
based segmentation,[3] and region-based segmentation.[4]

However, these methods rely on manually designed rules
and feature engineering, and their performance is limited
when facing complex segmentation tasks.[5] Deep neural
network-based segmentation models have strong characteriza-
tion and generalization capabilities by automatically learning
features from a large amount of data, which have been used
successfully in skin disease segmentation,[6] breast cancer
segmentation,[7] lung CT image segmentation,[8] polyp im-
age segmentation,[9] cell image segmentation,[10] etc. Among
them, U-Net[11] is an earlier deep neural network for medi-
cal image segmentation, which is capable of classifying each
pixel of an image and generating segmentation results di-

rectly. Due to its superior segmentation performance, several
variants of U-Net have subsequently emerged. For example,
UNet++[12] integrated the denseNet structure to enhance the
model’s ability to capture complex features. UNet 3+[13] intro-
duced deep supervision and multi-scale feature fusion on the
basis of UNet++, which better handled fine-grained features in
the image and improved the segmentation accuracy. In addi-
tion, MultiResUNet[14] introduced multi-resolution blocks to
handle information at different scales to enhance the model’s
ability to capture features of different sizes.

However, the segmentation networks using only CNN ar-
chitecture are weak in terms of capturing global information.
In Ref. [15], Sinha et al. used multi-scale self-guided attention
to capture local and global features and alleviated the above-
mentioned limitations of CNN by combining two types of fea-
tures. Dosovitskiy et al.[16] abandoned the traditional CNN
architecture and fully adopted transformer to process image
data, introducing the vision transformer (ViT). Liu et al.[17]

further improved ViT and proposed swin transformer. The
swin transformer utilizes a moving window attention mech-

†Corresponding author. E-mail: xuewei@ahut.edu.cn
© 2025 Chinese Physical Society and IOP Publishing Ltd. All rights, including for text and data mining, AI training, and similar technologies, are reserved.

http://iopscience.iop.org/cpb http://cpb.iphy.ac.cn

080703-1

https://github.com/AHUT-MILAGroup/M2ANet
https://doi.org/10.1088/1674-1056/adce96
https://cstr.cn/32038.14.CPB.adce96
mailto:xuewei@ahut.edu.cn
http://iopscience.iop.org/cpb
http://cpb.iphy.ac.cn


Chin. Phys. B 34, 080703 (2025)

anism, which restricts attention to non-overlapping local win-
dows but also allows for cross-window interactions. Based
on the swin transformer, UCTransNet[18] introduces channel
transformer between encoder and decoder to guide the multi-
scale channel information to be efficiently connected to the
decoder. Unlike UCTransNet, Swin-Unet[19] introduced trans-
former blocks at each layer to enhance the ability to cap-
ture image dependencies over long distances. Although trans-
former is effective at capturing both global and local informa-
tion, it comes with high computational costs. In Ref. [20],
Ibtehaz et al. proposed ACC-UNet, which achieves perfor-
mance comparable to transformers. But it has shortcoming
in obtaining clear texture information, resulting in inaccurate
segmentation boundaries.

Besides, the effective utilization of multi-scale informa-
tion can provide more texture details to the segmentation
model and improve its accuracy when dealing with pixel-dense
or small-scale regions[21]. In Ref. [22], Poudel et al. pro-
posed a encoding-decoding structure that aggregates multi-
scale semantic information to generate global features. How-
ever, different baseline models require appropriate modules
to maximize their respective advantages due to differences
in their inherent architecture and characteristics. In addition,
UNeXt[23] enhances the feature representation capability and
improves the model segmentation performance by customiz-
ing the multi-scale encoder and design module to fuse infor-
mation from different scales. However, the encoder in UNeXt
only performs simple convolution and downsampling, which
does not fully consider the global information of the image. In
Ref. [24], Wang et al. designed the MCCT module for multi-
scale feature extraction and attention-map fusion of the input
image. They used super-pixel segmentation to reduce redun-
dant information and avoid the interference of meaningless in-
formation, which improves the segmentation accuracy and ef-
ficiency of the model for medical images. Based on the above
analysis, we conclude that CNN can effectively extract local
features and is adept at capturing texture details and edge in-
formation in the image. On the other hand, transformer can ef-
fectively simulate the global dependencies of images through
its self-attention mechanism to make the model to understand
more complex contextual information. The fusion of these two
frameworks can take advantage of the respective strengths of
the two models. With this as motivation, we propose a new
method for medical image segmentation, which aims at ex-
tracting both local and global features effectively and obtain-
ing segmentation results with clear contours. The points below
highlight the contributions of this paper.

(i) We propose an adaptive multi-branch patch module to
recover the information lost during downsampling and convo-
lution by extracting image features in parallel and adjusting
feature weights adaptively.

(ii) We improve the convolutional block attention mod-
ule by using residual blocks to enhance the ability to identify
important features in images and alleviate the phenomenon of
gradient vanishing.

(iii) We propose a multi-scale feature fusion module to
enrich the representation of image features by using different
scales of detail information.

(iv) Experiments on benchmark datasets demonstrate that
M2ANet outperforms state-of-the-art segmentation models,
and our results show notable improvements in preserving fine
textures and clear contours.

2. Related work
2.1. Multi-scale information

In deep learning, multi-scale typically refers to the si-
multaneous consideration and utilization of scale information
from different input or feature layers during model training or
inference. Multi-scale information can effectively obtain in-
formation at different levels, and it is more advantageous than
single scale in small and dense areas. Previous studies, in-
cluding image classification,[25–27] image detection,[28,29] and
image segmentation,[30–32] have demonstrated the effective-
ness of using multi-scale information. For example, DCSAU-
Net[30] combined multi-scale feature information with multi-
ple receptive fields, improving the network’s ability to capture
information at the low-level semantic layer. While Rahman
et al.[31] proposed the CASCADE attentional encoder, which
combines multi-scale feature fusion with self-attention mech-
anisms to improve the model’s ability to localize organs and
lesions. To further enhance the computational efficiency of the
model, they added to their original proposal to use multi-scale
deep convolution in the decoding stage to fuse multi-level fea-
tures in medical images and improve the computational effi-
ciency of the model, resulting in the proposed EMCAD.[32]

Zhao et al.[33] designed a subtraction unit to replace additive
or cascaded features to reduce redundancy in multi-scale in-
formation, improving the efficiency of the model. In this pa-
per, we use SwinB (a variant of swin transformer) as encoder.
With the hierarchical structure of SwinB, our model can flexi-
bly capture multi-scale information from images. Besides, we
propose a multi-scale feature fusion module that help integrate
information from different scales and enrich the representation
of features.

2.2. Attention mechanism

Attention mechanism has been widely used in computer
vision, which originates from the study of human vision, and
its core idea is to selectively focus on a portion of input infor-
mation while ignoring other information to make rational use
of limited computing resources.[34] In recent years, many stud-
ies have introduced attention mechanisms into medical image
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segmentation. For example, the attention U-Net[35] adds the
attention gate module to the original U-Net architecture, al-
lowing the network to focus on key areas of the image and
extract important information. Focus U-Net[36] further en-
hanced the focusing ability of the model on the basis of at-
tention U-Net, reduced the interference of non-core regions
through focus block, and strengthened the feature extraction of
the core region, which makes the model further improve both
the computational efficiency and segmentation accuracy. Ruan
et al.[37] used the GHPA attention module to extract pathology
information from different angles on different axes and applied
GAB attention module to group and fuse features. In order to
apply the model to datasets of different modalities, Nam et
al.[38] proposed MADGNet to use multi-frequency informa-
tion in medical images with different modalities to enhance
the model’s ability to extract spatial and boundary features. In
this paper, we propose an adaptive multi-branch patch module
to recover information lost due to downsampling and convolu-
tion, and adaptively adjust the weights of features to obtain im-
portant features. We also propose a convolutional block atten-
tion module with residual block to compress redundant infor-

mation in channels and spaces, further enhancing the model’s
ability to perceive features.

3. Proposed method
The overall structure of the proposed method M2ANet is

shown in Fig. 1. M2ANet adopts an encoding-decoding struc-
ture, using swinB as encoder and three main modules as de-
coder, to capture global contextual features and local detail
features. In decoder, we first propose an adaptive multi-branch
patch module (AMBPM) to recover the information lost dur-
ing downsampling and convolution, and use a multi-branch
strategy to extract image features in parallel and dynamically
adjust their weights, so that the model focuses on key regions
of the image. We then propose a convolutional block atten-
tion module with residual block (CBAMRB) to compress the
space and channels of images, reducing redundant information
in the extracted features and effectively alleviating the problem
of gradient vanishing. Further, we propose a multi-scale fea-
ture fusion module (MSFFM) to fuse multi-scale features and
further enrich the expression of features.

Fig. 1. Overall structure of the proposed segmentation method M2ANet, which mainly consists of encoder and decoder. Encoder employs the
hierarchical structure to extract multi-scale information, and decoder is used to generate the final segmentation result according to the advanced
features extracted by the encoder.

Let I denote the layer number of decoder and xi represent
the input, then the above process can be expressed mathemat-
ically as follows:

si = MSFFM(CBAMRB(AMBPM(xi))), (1)

where i ∈ [1, I] denotes the current decoder sequence number,
and si denotes the intermediate output of the first three mod-
ules. Finally, we use a segmentation head module (SHM) to
separate the region of interest from the background, and the
final output of M2ANet can be formulated as SHM(∑I

i=1(si)).

3.1. Adaptive multi-branch patch module (AMBPM)

As shown in Fig. 2, AMBPM, combining the advantages
of multi-branch and adaptive learning strategies, is proposed

to recover the information lost during downsampling and con-

volution. We extract image features in parallel and adjust the

weights of features dynamically through a learnable parame-

ter, allowing the model to adaptively select the most impor-

tant features based on different input images and enhancing

the flexibility of feature selection.

Specifically, given an input xi, we first divide it into ρ×ρ

patches along the height (H) and width (W ) dimensions. Then

we compress the channel along the last dimension using mean

operation and two MLP (multi-layer perceptron) operations to

enrich the expression of features. Let P represent the patch

operation and li denote the output of the above operation, the

above process can be represented by the following mathemat-
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ical formula:

li;ρ = MLP2(MLP1(Mean(Pρ(xi)))), (2)

where Mean denotes the mean value operation. In addition, to
adapt the extracted features to various datasets, we introduce
a learnable parameter p̂ to adjust the weights of the features.
This operation is formulated as

APMρ = Conv(li;ρ ·mask · p̂), (3)

where mask is the weight map obtained from li;ρ , Conv de-
notes the convolution operation, and APMρ is the output of
the above operation. Meanwhile, for xi, we use a parallel ex-
traction strategy to extract different image features to improve
the flexibility in feature extraction. Specifically, let Sig repre-
sent sigmoid function and mi be the output of AMBPM, then
mi can be expressed as

mi = Relu(BN(Drop(APM
ρ=2(xi)+Conv(Conv(xi))

+APMρ=4(xi)))). (4)

Patching Mean

Fig. 2. Illustration of AMBPM. For an input, AMBPM uses a parallel extraction strategy to recover features lost by downsampling and
convolution. APM is used to adjust the weights of different branches.

3.2. Convolutional block attention module with residual
block (CBAMRB)

We propose the CBAMRB based on Ref. [39]. As shown
in Fig. 3, CBAMRB consists of two parts, channel atten-
tion module with residual block (CAMRB), and spatial at-
tention module with residual block (SAMRB), which can si-

multaneously compress both channel and spatial dimensions
to improve the model’s ability to identify important features
and alleviate the problem of gradient vanishing. Specifically,
CAMRB mainly strengthens the network’s attention to impor-
tant channels, while SAMRB strengthens the network’s atten-
tion to important regions.

Fig. 3. Illustration of CBAMRB. The left branch is CAMRB, and the right is SAMRB.

The workflow of the whole module is that the input fea-
ture maps are first processed by CAMRB to generate chan-
nel weights. Then, the channel-weighted feature maps are
processed by SAMRB to generate spatial weights. After the
weighting of the two attention mechanisms, the output feature
map can pay more attention to the important features and bet-
ter express the information related to the task. Let zi denote
the output of CBAMRB, then the above process is expressed
mathematically as follows:

CAMRBi = Sig(Avg(mi)+Max(mi))×mi +mi, (5)

SAMRBi = Sig(Conv(Cat(Mean(mi),Max(mi))))

× mi +mi, (6)

zi = SAMRBi(CAMRBi(mi)), (7)

where Avg and Max are pooling operations, CAMRBi and
SAMRBi are the outputs of two components of CBAMRB,
respectively.

3.3. Multi-scale feature fusion module (MSFFM)

Inspired by Ref. [40], we propose MSFFM to enrich the
representation of image features by using detail information at
different scales. This module can integrate feature maps from
multi-scales, enabling the network to capture fine-grained lo-
cal details and broader contextual information.

As shown in Fig. 4, for the input feature map zi, we use
j = 2, 4, and 8 for pooling operations to obtain feature maps of
different scales. Then we add corresponding positional codes
to different feature maps and concatenate them into a large fea-
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ture map with different scale information. At the same time,

we perform a rearrangement operation on the original feature

map zi, adding positional encoding, and sending it together

with the above feature map to the MHA (multi-head atten-

tion) to obtain atti. Besides, we introduce two MLP and Norm

(normalization) operations to enhance the model’s expressive

power and ability to handle complex features. The above pro-

cess can be expressed mathematically as follows:

atti = MHA
(

zi +pos,Cat
( 3

∑
j=1

Pool j(zi)

)
+pos

)
, (8)

si = Norm2(MLP2(Norm1(MLP1(atti)))), (9)

where pos denotes positional encoding, Pool is pooling oper-
ation, Cat denotes catenation operation, and atti represents the
output after the MHA operation.

Fig. 4. Illustration of MSFFM. It integrates multi-scale information to reduce the computational complexity associated with a single view and
enhance the model’s robustness.

3.4. Loss function

We use weighted binary cross-entropy (BCE) loss and
Dice loss as the components of objective function. BCE loss
measures the probability between the model output and the
true label and its weighting is to mitigate the imbalance be-
tween background and foreground.

Let wpos and wneg be the category weights, posi and negi

denote the pixel points of each category, Npos and Nneg denote
the total number of pixel points of the categories, the formula
of BCE is

LBCE = ∑

(
wpos ·posi · l

Npos
+

wneg ·negi · l
Nneg

)
. (10)

In Eq. (10), l =−ti · log(pi)−(1−ti) · log(1− pi), where ti and
pi represent the true value and predicted value, respectively.

Dice loss evaluates the similarity between the predicted
label and the true label. We use weighted Dice loss to alleviate
the problem of class imbalance, and it is in the form of

LDice =
1
M

M

∑
j=1

(
1− ∑

N
i=1 p̂i · t̂i

∑
N
i=1 (p̂i)

2 +∑
N
i=1 (t̂i)

2

)
, (11)

where t̂i and p̂i denote the weighted true and predicted values.
M represents the number of batches, and N is the number of
pixels.

Finally, the total loss of M2ANet is formulated as

LTotal = α ·LBCE +β ·LDice, (12)

where α and β are parameters that balance different losses.

4. Experimental setup
4.1. Benchmark datasets

(i) Breast ultrasound images dataset (BUSI)[41] ‡ In
BUSI, the benign data contains 891 images, while the malig-
nant data includes 421 images. In our experiment, we divide
the benign and malignant data into training set, validation set,
and test set in a ratio of 6:2:2, respectively.

(ii) International skin imaging collaboration challenge
dataset 2018 (ISIC2018)[42] § ISIC2018 contains 2594 im-
ages. In the following experiments, we select the first 600 im-
ages and divide the whole image set into training, validation
and test sets according to the ratio of 6:2:2.

(iii) Gland segmentation dataset (GlaS)[43] ¶ In GlaS,
the training set includes 37 benign images and 48 malignant
images, and the test set consists of 37 benign images and 43
malignant images. We divide the original training set into a
new training set and validation set in a ratio of 8:2, while the
test set remains unchanged.

(iv) Polyp segmentation dataset (PolS)[44] ‖ PolS con-
sists of 1000 polyp images. In our experiment, we select the
first 600 images and divide the whole image set into training,
validation and test sets according to the ratio of 6:2:2.

Remark 1 We use data augmentation, including flipping,
scaling, clipping, etc., to transform the four datasets, respec-
tively, generating new samples that increase the diversity and
quantity of training data.

‡https://www.kaggle.com/datasets/aryashah2k/breast-ultrasound-images-dataset
§https://challenge.isic-archive.com/data/#2018
¶https://www.kaggle.com/datasets/sani84/glasmiccai2015-gland-segmentation
‖https://www.kaggle.com/datasets/debeshjha1/medico-automatic-polyp-segmentation-challenge
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Remark 2 For the proposed method M2ANet, we resize
the input images to 512× 512 due to the limitation of multi-
scale size, and for the other comparison methods, the images
are resized to 224×224.

4.2. Evaluation metrics

We use two commonly used metrics in the field of image
segmentation to evaluate the segmentation performance of all
methods. One is Dice coefficient,[45] and the other is Jaccard
index,[46] also known as the intersection over union (IoU). As
shown in Fig. 5, Dice evaluates the segmentation effect by cal-
culating the degree of overlap between the predicted and real
labeled regions, and IoU calculates the ratio of the intersection
and concatenation of the predicted and real labeled regions.

A

A

B

A

B

B

Dice IoU

2(A∩B) A∩B

A∪B

Fig. 5. Calculation diagrams of Dice and IoU, where Dice = 2(A∩
B)/(A+B), and IoU = (A∩B)/(A∪B).

4.3. Comparison methods

We compare our method M2ANet with several popu-
lar methods applied to medical image segmentation, includ-
ing U-Net (MICCAI’15),[11] MultiResUNet (NeuNet’20),[14]

SwinB (ICCV’21),[17] UCTransNet (AAAI’22),[18] Swin-
Unet (ECCV’22),[19] SMESwin Unet (MICCAI’22),[24] UN-
eXt (MICCAI’22),[23] ACC-UNet (MICCAI’23),[20] and
MADGNet (CVPR’24).[38]

For M2ANet, we employ SDG as the optimizer. For all
experiments, we set the initial learning rate to 1e-3 and update
it using the cosine annealing algorithm. For the GlaS dataset,
due to the limited amount of data and in order to avoid in-

sufficient training, we set the number of training epochs for
the comparison experiments to 1000 and the number of train-
ing rounds for the M2ANet to 100. We also set an early-stop
mechanism for all methods, which means that the experiments
will stop if all metrics are not updated after 100 epochs. For
the other datasets, the number of training epochs for all ex-
periments is set to 100. We repeat the experiment three times
under the same experimental conditions to ensure experimen-
tal reliability.

5. Experimental results

We conduct comparative experiments on the four bench-
mark datasets to show the effectiveness and feasibility of
M2ANet. All experiments are conducted using PyTorch
1.11.0, and our model is trained on a single NVIDIA RTX
3090 GPU with 24 GB of memory.

5.1. Results of quantitative and qualitative analysis

To quantitatively evaluate segmentation performance, we
report the results in terms of Dice and IoU achieved by all
methods in Tables 1 and 2, respectively. We can observe that
M2ANet achieves the best results on BUSI, ISIC2018, GlaS,
and PolS. Among other advanced methods, suboptimal re-
sults are achieved on SwinB, MultiResUNet, MADGNet, and
SwinB. This result is also intuitively reflected in the IoU met-
rics. These achievements not only validate the rationality of
the model design, but also highlight its generalization abil-
ity in complex scenarios. Specifically, M2ANet enhances the
model’s representational capabilities by extracting multi-scale
information and by fusing local details and global contextual
features. These strategies enable M2ANet to accurately cap-
ture the fine structure of the target and its positional relation-
ship in the overall scene when recognising and locating the
target, and they can improve the accuracy of the model in im-
age segmentation.

Table 1. Segmentation performance in term of Dice (↑) achieved by all comparison methods. The optimal results are highlighted in red, and the
suboptimal are marked in blue.

Methods BUSI ISIC2018 GlaS PolS

U-Net (MICCAI’15) 71.66±0.008 85.99±0.003 87.57±0.02 76.99±0.047

MultiResUNet (NeuNet’20) 71.64±0.003 88.9±0.004 87.1±0.011 78.57±0.015

SwinB (ICCV’21) 77.44±0.011 88.38±0.002 87.63±0.051 88.95±0.005

UCTransNet (AAAI’22) 75.69±0.007 85.63±0.004 86.54±0.019 79.24±0.035

Swin-Unet (ECCV’22) 73.61±0.001 86.48±0.002 86.75±0.004 80.59±0.006

SMESwin Unet (MICCAI’22) 70.81±0.01 86.07±0.002 84.76±0.004 80.03±0.007

UNeXt (MICCAI’22) 74.34±0.005 87.5±0.005 85.86±0.002 73.98±0.014

ACC-UNet (MICCAI’23) 73.63±0.024 87.33±0.005 87.08±0.014 81.4±0.006

MADGNet (CVPR’24) 76.75±0.008 88.79±0.006 88.3±0.008 82.92±0.009

M2ANet (ours) 79.28±0.004 89.07±0.01 89.97±0.008 89.1±0.003
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Table 2. Segmentation performance in term of IoU (↑) achieved by all comparison methods. The optimal results are highlighted in red, and the
suboptimal are marked in blue..

Methods BUSI ISIC2018 GlaS PolS
U-Net (MICCAI’15) 61.44±0.012 77.53±0.001 79.16±0.032 67.57±0.053

MultiResUNet (NeuNet’20) 60.94±0.006 81.2±0.008 78.61±0.012 69.93±0.011

SwinB (ICCV’21) 68.08±0.007 80.61±0.003 79.02±0.076 82.3±0.005

UCTransNet (AAAI’22) 66.09±0.01 77.21±0.006 77.66±0.028 69.58±0.041

Swin-Unet (ECCV’22) 62.65±0.001 78.11±0.004 77.29±0.007 70.17±0.008

SMESwin Unet (MICCAI’22) 58.72±0.011 77.06±0.002 74.35±0.005 69.09±0.009

UNeXt (MICCAI’22) 64.67±0.005 79.4±0.005 76.64±0.001 64.33±0.018

ACC-UNet (MICCAI’23) 64.19±0.023 79.47±0.008 78.43±0.024 72.5±0.007

MADGNet (CVPR’24) 67.25±0.008 81.04±0.009 80.26±0.011 74.65±0.011

M2ANet (ours) 70.06±0.003 81.58±0.014 82.53±0.012 82.48±0.007

(a) Original (b) U Net
Dice=90.1
IoU=81.9

(c) MultiResUNet
Dice=87.0
IoU=77.0

(d) SwinB
Dice=93.9
IoU=88.4

(e) UCTransNet
Dice=89.8
IoU=81.7

(f) Swin Unet
Dice=83.8
IoU=72.3

(g) SMESwin
Unet

Dice=83.7
IoU=72.1

(h) UNeXt
Dice=92.9
IoU=86.7

(i) ACC UNet
Dice=93.9
IoU=88.6

(j) MADGNet
Dice=91.2
IoU=83.8

(k) M2ANet
(ours)

Dice=96.3
IoU=93.0

(l) Ground truth

Fig. 6. Visualization of segmentation results obtained by different methods on BUSI dataset. The first and last images are the original image
and the ground truth, respectively.

Further, to qualitatively demonstrate the advantage of the
proposed M2ANet on these datasets, we show the segmenta-
tion results in Figs. 6–9. In each figure, the first image rep-
resents the original input image, and the last image denotes
the ground truth. The remaining images show the prediction
results obtained by all comparison methods and our proposed
method. We can observe that M2ANet outperforms the other
methods in terms of both decision boundary clarity and Dice
scores. The method demonstrates a superior ability to pre-
cisely delineate the boundaries of the target regions, avoiding
the typical issues of over-segmentation or under-segmentation
observed in other approaches. These results highlight the ro-
bustness of M2ANet in accurately segmenting complex struc-
tures, making it a more reliable choice for various medical im-
age segmentation tasks.

Specifically, figure 6 indicates that other methods tend to
produce masks that are larger than the actual lesions or ap-
pear to be unreasonably segmented boundaries, which neg-
atively impacts their performance. In contrast, our method
avoids over-segmentation by accurately segmenting along the
true boundaries of the lesions, obtaining more precise and
reliable segmentation. In Fig. 7, the ISIC2018 dataset fea-
tures more complex segmentation boundaries, which makes it
prone to misjudgments at the edges by the model. However,

compared to other models, by utilizing advanced technologies
such as multi-scale feature fusion and attention mechanisms,
our method effectively captures fine details and global back-
grounds, enabling it to better adapt to the complex structure
of the ISIC2018 dataset. In addition, our method achieves
higher Dice scores and reduces boundary errors, demonstrat-
ing its effectiveness in addressing the challenges posed by
complex segmentation tasks in medical images. As shown
in Fig. 8, unlike other datasets, the GlaS dataset consists of
multi-position segmented regions, which can lead to adhesions
between neighboring areas. It can be seen that other models
have encountered significant difficulties in dealing with adhe-
sion problems, resulting in a decrease in their predictive per-
formance. In contrast, our proposed method captures and fuses
structural information of different scales through a multi-scale
fusion strategy, which not only preserves clear segmentation
boundaries but also improves the robustness of the model in
adhesion problems. In Fig. 9, due to their similarity in struc-
ture and texture, other models are prone to misclassifying non-
polyp areas as polyp tissue. Our model can simultaneously
focus on the differences in local details and overall structure
between polyp tissue and non-polyp areas, which avoids mis-
classification due to local similarity.
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(a) Original (b) U Net
Dice=88.9
IoU=80.2

(c) MultiResUNet
Dice=90.6
IoU=82.8

(d) SwinB
Dice=83.6
IoU=71.8

(e) UCTransNet
Dice=85.1
IoU=74.2

(f) Swin Unet
Dice=92.5
IoU=86.1

(g) SMESwin
Unet

Dice=89.0
IoU=80.3

(h) UNeXt
Dice=89.8
IoU=81.7

(i) ACC UNet
Dice=96.7
IoU=93.8

(j) MADGNet
Dice=86.5
IoU=76.4

(k) M2ANet
(ours)

Dice=97.5
IoU=95.0

(l) Ground truth

Fig. 7. Visualization of segmentation results obtained by different methods on ISIC2018 dataset. The first and last images are the original
image and the ground truth, respectively.

(a) Original (b) U Net
Dice=96.3
IoU=93.1

(c) MultiResUNet
Dice=96.2
IoU=92.6

(d) SwinB
Dice=96.3
IoU=93.0

(e) UCTransNet
Dice=96.2
IoU=92.7

(f) Swin Unet
Dice=94.0
IoU=88.9

(g) SMESwin
Unet

Dice=92.4
IoU=85.9

(h) UNeXt
Dice=95.4
IoU=91.5

(i) ACC UNet
Dice=96.1
IoU=92.4

(j) MADGNet
Dice=96.3
IoU=93.0

(k) M2ANet
(ours)

Dice=96.8
IoU=94.0

(l) Ground truth

Fig. 8. Visualization of segmentation results obtained by different methods on GlaS dataset. The first and last images are the original image
and the ground truth, respectively.

(a) Original (b) U Net
Dice=91.1
IoU=83.7

(c) MultiResUNet
Dice=95.8
IoU=91.9

(d) SwinB
Dice=96.8
IoU=94.0

(e) UCTransNet
Dice=96.2
IoU=92.7

(f) Swin Unet
Dice=96.6
IoU=93.4

(g) SMESwin
Unet

Dice=95.8
IoU=92.0

(h) UNeXt
Dice=81.4
IoU=68.6

(i) ACC UNet
Dice=73.6
IoU=58.2

(j) MADGNet
Dice=95.8
IoU=91.9

(k) M2ANet
(ours)

Dice=97.6
IoU=95.3

(l) Ground truth

Fig. 9. Visualization of segmentation results obtained by different methods on PolS dataset. The first and last images are the original image
and the ground truth, respectively.
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Fig. 10. The left shows the results of loss, Dice, and IoU obtained on the training portion of BUSI dataset. The right shows the results obtained
on the validation portion.
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(b1) Training Dice
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Fig. 11. The left shows the results of loss, Dice, and IoU obtained on the training portion of ISIC2018 dataset. The right shows the results
obtained on the validation portion.
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Fig. 12. The left shows the results of loss, Dice, and IoU obtained on the training portion of GlaS dataset. The right shows the results obtained
on the validation portion.
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Fig. 13. The left shows the results of loss, Dice, and IoU obtained on the training portion of PolS dataset. The right shows the results obtained
on the validation portion.
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Figures 10–13 show the results of loss, Dice, and IoU ob-
tained on the training portion and validation portion of each
dataset. In each figure, panels (a1), (b1), and (c1) show the
results of the training set, and panels (a2)–(c2) show the re-
sults of the validation set. In Figs. 10(a1)–10(c1), it can be
seen that our method M2ANet (dark green) has better training
results on the training set compared to other methods. Specif-
ically, our method converges quickly on the training set and
achieves high performance on a limited number of steps. And
in the validation set, M2ANet has lower loss in the valida-
tion set and maintains higher Dice and IoU values while being
more stable compared to other methods that oscillate on the
validation set. As shown in Fig. 11, on the ISIC2018 dataset,
all methods exhibit relatively stable results on both the train-
ing and validation sets. However, as can be seen from Fig. 11,
our methods exhibit lower loss and higher Dice and IoU val-
ues, which indicates that our methods are able to better recog-
nize and differentiate between the target region and the back-
ground, avoiding missegmentation and missed segmentation.
In Fig. 12, it can be seen that all methods have some oscilla-
tion on the GlaS dataset, especially on the validation set, where
the oscillation is more pronounced. This phenomenon can be
attributed to the small number of training samples in GlaS,
which leads to the inability to learn more comprehensive fea-
tures during the training process. Nevertheless, our method
is still able to maintain low loss values and high performance
metrics relatively consistently. This suggests that our method
is still able to learn effectively in the face of less data, captur-
ing the key features in the data better and avoiding the phe-
nomenon of overfitting. Especially in the validation set, the
oscillation of our method is small, indicating that our method
is more stable compared to other methods. As can be seen in
Fig. 13, our method exhibits superior performance both in the
training set and the validation set. In the PolS dataset, its polyp
and non-polyp regions exhibit similar texture structure, which
is easy for the model to mis-segment. This is also the reason
why other models appear to oscillate. However, as can be seen
from Fig. 13, both in the training set and in the validation set,
our method has been maintaining lower loss and higher Dice
and IoU metrics, which indicates that our method is more ad-
vantageous in dealing with images with similar textures, and
the model generalization performance is higher.

In summary, the above qualitative and quantitative results
show that the proposed method M2ANet is able to converge
faster with lower loss values and higher Dice and IoU values
than other methods. Meanwhile, by capturing and fusing lo-
cal and global information, M2ANet effectively avoid com-
mon problems such as neighboring region sticking and similar
region mis-segmentation, providing more accurate segmenta-
tion boundaries and demonstrating higher stability during the
training process.

5.2. Ablation studies

We conduct a series of ablation studies by gradually
adding different modules, with the results shown in Fig. 14.
The Dice and IoU scores generally exhibit an upward trend,
indicating improvements in model performance. Specifically,
as shown in Fig. 14(a), on the BUSI dataset, we first achieve
a Dice score of 69.38% using only the AMBPM module,
which serves as our baseline performance. And then we add
the CBAMRB module on top of the AMBPM module, which
improve performance by about 1%. Finally, based on the pre-
vious two modules, we further improve the performance by
about 9.4% by combining the MSFFM module, highlighting
its key role in improving the segmentation accuracy of the
BUSI dataset. Similarly, on the ISIC2018 dataset, compared
to the previous module, the addition of the second and third
module improve the Dice score by 2.3% and 2.4% respec-
tively. This indicates that as the modules are stacked, the seg-
mentation performanceof the model gradually improves, and
the collaboration between modules is well represented. On
the GlaS dataset, the addition of the second and third module
improve the Dice score by about 1.1% and 1.1% respectively.
On the PolS dataset, a similar trend was observed to that of the
GlaS dataset. However, Dice and IoU values show an upward
trend in both datasets. This indicates that the segmentation
performance is gradually improving, and the model architec-
ture is effective in enhancing the segmentation performance of
the model. These results also indicate that the contribution of
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Fig. 14. Results of ablation study. We demonstrate module reliability by in-
crementing one at a time on top of swinB. As can be seen from the figure, the
overall metrics show an incremental trend as the modules are superimposed.
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different modules to image segmentation performance de-
pends on the specific characteristics of each dataset.

The qualitative results of the ablation experiments are
presented in Fig. 15. Figures 15(a1)–15(a4) represent
the source image. Figures 15(b1)–15(b4) show the re-
sult after applying the AMBPM ablation. Figures 15(c1)–
15(c4) depict the result of the AMBPM+CBAMRB abla-
tion, and the figures 15(d1)–15(d4) illustrate the result of the

AMBPM+CBAMRB+MSFFM ablation. As shown in these
figures, panels (b1)–(b4) only show the rough texture of the
original image, but it is relatively accurate for locating lesions.
Panels (c1)–(c4) add some detailed information about lesions
while maintaining texture, indicating their ability to effectively
focus on key feature areas. Panels (d1)–(d4) not only enhance
the clarity of texture, but also restore the details of the original
image, especially in complex areas and small structures.

(a1) (b1) (c1) (d1)

(a2) (b2) (c2) (d2)

(a3) (b3) (c3) (d3)

(a4) (b4) (c4) (d4)

Fig. 15. Ablation study results obtained by M2ANe on four datasets. The first row [(a1)–(d1)] is the result of ablation study on BUSI. The
second row [(a2)–(d2)] is the result of ablation study on ISIC2018. The third row [(a3)–(d3)] is the result of ablation study on GlaS. The
fourth row [(a4)–(d4)] is the result of ablation study on PolS.

Overall, the above ablation results indicate that the com-
bination of AMBPM+CBAMRB+MSFFM can work together
on different feature layers of the image, gradually enhancing
the texture information of the image, providing more accurate
segmentation boundaries and improving the robustness of the
model.

6. Conclusions

In this paper, we proposed a novel encoding-decoding
network M2ANet for medical image segmentation. To ef-

fectively obtain local and global information from images,
we used swinB as an encoder to extract multi-scale informa-
tion, and used AMBPM, CBAMRB, and MSFFM as decoders
to effectively fuse local and global information and improve
the representation ability of model. The experiments on four
benchmark medical image segmentation datasets show that
our method M2ANet performs well on different metrics and
has excellent segmentation performance. Through ablation ex-
periments, it can be seen that our method is useful in lesion lo-
calization and image texture restoration and can preserve com-
plete contour and texture information.
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