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Abstract—Medical image segmentation challenges stem from
complex lesion morphologies and real-time clinical needs. Here
we present MAR-Net, a novel framework that integrates adap-
tive attention mechanisms, hierarchical contextual modeling,
and efficient training strategies to address these challenges. The
architecture employs a CBAM-based dual-attention module to
dynamically enhance discriminative features while suppressing
redundant information, improving lesion boundary localization.
Cascaded dilated convolutions expand the receptive field for
global context capture, complemented by a multi-scale decoder
that integrates deep semantic and shallow spatial features. A
multi-scale training strategy with hierarchical loss supervision
optimizes model adaptability without compromising inference
efficiency. Experimental validation on ISIC and CholecSeg8K
datasets demonstrates MAR-Net’s superiority: it outperforms
mainstream methods across segmentation accuracy, recall rate,
and other metrics, achieving notable improvements for complex
lesions of varying sizes. Notably, MAR-Net maintains high
performance on both dermoscopic and laparoscopic images,
showcasing its broad applicability. These results confirm MAR-
Net as a robust medical segmentation solution, balancing pre-
cision and efficiency for clinical use.

Index Terms—Gabor filters, fine-grained features, convolu-
tional neural networks, resNetl101, image classification.

I. INTRODUCTION

Medical image segmentation is critical for clinical diag-
nosis, surgical planning, and disease monitoring. However,
the lesion regions in medical images often exhibit complex
shapes, varying sizes, and blurred boundaries, making auto-
matic segmentation a challenging task. Traditional medical
segmentation methods [1]primarily use hand-crafted feature
extraction or image processing techniques (e.g., thresholding,
region growth, edge detection). However, these methods
struggle to handle complex structures and fine details. Re-
cently, deep learning, represented by convolutional neural
networks (CNNs) and Transformers, has offered novel so-
Iutions for medical image segmentation and has become the
dominant approach.

This work was supported by the Beijing Natural Science Foundation under
Grants 1233005 and 4232049, the National Natural Science Foundation of
China under Grants 62173013 and 62473014, and in part by Beihang World
TOP University Cooperation Program (Corresponding author: Jing Bi)

In the field of medical image segmentation, traditional seg-
mentation networks such as U-Net [2], DeepLabV3 [3],FCN
[4] and LR-ASPP [5] have made significant progress. U-Net
is a classic medical segmentation model for its symmetric
encoder-decoder design, effectively combining multi-scale
features and performing exceptionally well in tasks like cell
and organ segmentation. DeepLabV3 enhances lesion area
recognition by introducing dilated convolutions to expand
the receptive field. FCN, another important segmentation
network, performs pixel-wise segmentation, making it widely
applicable to medical image analysis. Despite their strong
performance in many tasks, these models struggle with
medical images featuring complex lesion shapes and blurred
boundaries. As a result, Transformer-based models, such as
SwinUnet [6] and TransUNet [7], have emerged as promising
alternatives.

Despite the success of these segmentation networks in
various applications, they still have some limitations. Many
models use simple addition or concatenation operations in
the feature fusion stage, which can introduce redundant in-
formation, thus weakening the representation of key features.
Further, Transformer-based models tackle CNNs’ limited
receptive field issue, they still need further exploration in
enhancing the ability to extract features from complexly
shaped lesions in the encoder part.

To tackle these challenges, this study proposes a medical
segmentation method combining a ResNet34 encoder, dilated
convolution bridge, CBAM [8] feature enhancer, and multi-
scale fusion decoder. The CBAM module improves feature
representation by applying channel and spatial attention be-
fore and after feature fusion. The multi-scale feature fusion
decoder effectively handles lesion regions of varying sizes
and shapes, improving segmentation precision and robust-
ness. Also, the dilated convolution bridge expands the re-
ceptive field, thereby improving context capture capability.
Finally, a multi-scale training and single-scale inference strat-
egy ensures training effectiveness and optimizes inference
efficiency for real-time clinical use.

The main contributions of this research are as follows:
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1) A CBAM-based feature fusion strategy is proposed,
enhancing segmentation precision through channel and
spatial attention mechanisms.

2) A multi-scale feature fusion decoder is designed to ef-
fectively address lesions with varying sizes and shapes.

3) A dilated convolution bridging module is introduced
to expand the receptive field, improving the model’s
ability to capture contextual information.

4) A multi-scale training and single-scale inference strat-
egy is proposed, improving inference efficiency while
maintaining segmentation accuracy.

These innovations enhance both segmentation accuracy

and inference speed, enabling real-time clinical application.

II. RELATED WORK

Medical image segmentation, a key computer vision ap-
plication in healthcare, has seen significant deep learning
advances. Existing methods are categorized by architecture
and optimization strategies as follows:

A. CNN-Based Medical Image Segmentation

1) CNN Architecture Optimization: UNet [2], as a bench-
mark model for medical image segmentation, adopts a sym-
metric encoder-decoder structure and employs skip connec-
tions to achieve multi-scale feature fusion, demonstrating
outstanding performance in cell and organ segmentation
tasks. U2Net [9] further enhances segmentation precision for
pathological slices (e.g., neuroimaging) by introducing a dual
U-shaped structure with residual connections and attention
mechanisms. 3DFCN [10] employs a two-stage, coarse-to-
fine strategy, improving the Dice score for liver, spleen, and
pancreas segmentation from 68.5% to 82.2%. Additionally,
the modified DeepLabv3+ [11] integrates atrous convolution
residual networks for multi-scale feature extraction, achieving
a best Dice coefficient of 0.95 in colon polyp segmentation.
PSPNet [12], utilizing a pyramid scene parsing structure, has
achieved a segmentation accuracy of 0.9865 in prostate MRI
segmentation tasks.

2) Attention Mechanism Optimization: Recently, attention
mechanisms have become increasingly prominent in medical
segmentation. SwinUnet [6], which adopts a Transformer-
based U-shaped structure, excels in multi-organ and cardiac
segmentation tasks. SINet [13], based on the YOLOVS5 frame-
work, incorporates the GAM attention mechanism to enhance
feature extraction and employs a semantic segmentation head
for parallel detection and segmentation, achieving 97.9%
mean accuracy (mAP). OCENet [14] introduces a cross-
attention feature fusion (CaFF) module to optimize skip con-
nections and integrates a dual-branch pooling fusion (DBPF)
module to reduce spatial information loss, significantly im-
proving segmentation performance in vascular segmentation
tasks.

B. Medical Image Segmentation Combining Frequency and
Spatial Features

To further improve segmentation accuracy, researchers
have explored the joint modeling of frequency-domain infor-
mation and spatial features. FEUNet [15] is built on SAM2

as the backbone and employs HieralLarge as the pretraining
block, proposes a wavelet-guided spectral pooling module
(WSPM) to enhance and balance frequency-domain features.
Additionally, a frequency-enhanced receptive field block
(FERFB) is introduced to extract rich frequency-domain
information, ensuring high segmentation precision while en-
hancing generalization capability. GFUNet [16] combines
Fourier transform with the UNet structure to optimize the
efficiency of the encoding and decoding processes. FDFUNet
[17] employs a channel attention-enhanced network to model
inter-channel feature relationships, integrating depthwise sep-
arable convolutions and frequency-domain filters to improve
high-order multi-scale feature extraction.

C. Transformer-Based Medical Image Segmentation

Transformer-based medical image segmentation has made
significant progress in hybrid architecture innovations and
lightweight optimizations.

1) Hybrid Architectures: Recently, Transformers have ex-
celled in medical image segmentation tasks. SwinUnet [6]
and TransUNet [7] both adopt Transformer-based U-shaped
architectures, excelling in multi-organ and cardiac segmen-
tation tasks. TransUNet combines a Transformer encoder
with the UNet structure to restore local spatial information
and enhance fine-grained segmentation. MedSAM [18], built
upon the Segment Anything Model (SAM), introduces Sync-
SAM with a synchronized dual-branch encoder to enhance
medical image encoding capability while incorporating a
multi-scale dual-branch decoder to preserve image details,
achieving remarkable results in zero-shot medical image
segmentation tasks. DFormer [19] proposes a local-global
range module and dynamic positional encoding, reaching
92.29% Dice in 3D cardiac segmentation. UTNetV2 [20]
integrates bidirectional Transformer blocks with depthwise
separable convolutions, achieving a Dice score of 92.14%
for 3D inputs.

2) Lightweight Model Optimization: Alongside improv-
ing segmentation accuracy, researchers have also explored
lightweight optimization strategies. H2Former [21] combines
CNN, multi-scale channel attention, and Transformer ad-
vantages to propose an efficient hierarchical hybrid vision
Transformer. It improves segmentation accuracy by 2.29%
compared to TransUNet while reducing parameter count to
30.77%. IMedSAM [22] incorporates implicit neural repre-
sentation (INR) and adopts an uncertainty-guided sampling
strategy to further enhance medical image segmentation. AF-
TerUNet [23] employs an axial fusion mechanism, achieving
92.32% Dice on the Thorax85 dataset with only 41.5M
parameters. EGUnet [24] introduces an edge-guided module
that fuses all-layer features and optimizes concatenation and
skip connections in later stages to effectively address fuzzy
boundary issues in medical image segmentation. LeViTUNet
[25] replaces positional encoding with attention bias, improv-
ing Dice to 78.53% on the Synapse dataset. UCTransNet [26]
enhances skip connections with a channel-cross fusion Trans-
former, achieving a 2% Dice improvement over SwinUnet
while reducing parameters by 20%.
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Fig. 1: Overview of the proposed MAR-NET architecture.

IIT. MAR-NET ARCHITECTURE

MAR-Net seeks to enhance medical segmentation accuracy
and robustness by combining attention mechanisms, multi-
scale feature fusion, and contextual modeling. As in Fig.
1, MAR-Net uses an encoder-decoder framework with key
module optimizations to boost feature representation. Specifi-
cally, the architecture employs a pre-trained ResNet-34 as the
encoder, combined with CBAM-based feature enhancement
and a multi-scale decoding strategy to effectively capture the
boundary information of target regions and global semantic
information.

A. Lightweight Residual Convolution Block

To improve computational efficiency while maintaining
feature extraction capabilities, MAR-Net introduces the
Lightweight Residual Convolution Block (LRCB). This mod-
ule swaps standard convolutions for depthwise separable
ones, sharply cutting parameters and computation.

LRCB consists of two depthwise separable convolutions,
each followed by Batch Normalization and ReLU activation.
The feature transformation process is formulated as:

F" = ReLU(BN(Conv§%5(Fh)))
F" = BN(Convy 1 (F"))
Fircs = ReLU(F" + F)

6]

where Convgvi 3 represents a depthwise convolution, and
Conv, 1 is a pointwise convolution for channel-wise feature
integration. The residual connection ensures stable gradient
propagation.
The output of LRCB follows two branches:
1) Main branch: Passes enhanced features to the next
stage for further processing.
2) Residual branch: Preserves spatial details and stabi-
lizes gradient flow.

By replacing standard convolutions with depthwise sepa-
rable convolutions LRCB reduces computation by approxi-
mately C while maintaining segmentation accuracy, making
it ideal for lightweight medical image analysis.

B. Encoder

The encoder of MAR-Net adopts ResNet-34 as the back-
bone, leveraging multiple residual connections to ensure
strong feature representation. For efficiency, all standard
convolutions are substituted with depthwise separable ones,
reducing complexity without sacrificing performance. The
encoder consists of four stages (layerl to layerd4), each
employing stride convolution for spatial downsampling. This
progressively reduces the feature map size while increasing
channel depth, enabling more discriminative feature extrac-
tion. A final downsampling operation reduces the feature
map size to 1/32 of the original input, enhancing high-level
feature representation.

The computation is as follows:

Hin

Hout = 77

Win

Wout = 77 C10ut = 2C1in (2)

C. Attention-Based Feature Fusion

To focus on key regions, MAR-Net incorporates CBAM
in decoding for feature selection/enhancement. CBAM han-
dles multi-scale features from residual/decoder pathways via
channel (CA) and spatial (SA) attention.

a) Channel Attention (CA): CA calculates feature
weights via global average pooling (GAP) and max pooling
(GMP):

M. = o(MLP(AvgPool(F')) + MLP(MaxPool(F))) (3)
where M, is the channel attention map, o is the sigmoid
function.
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b) Spatial Attention (SA): SA computes spatial attention
weights using a 7 X 7 convolution:

M = o(Convy7([AvgPool(F'); MaxPool(F)]))  (4)

My is the spatial attention weight. After spatial attention
computation, CBAM applies an upsampling operation to re-
store feature map resolution and refine segmentation results:

1

Hout = 2I{ina Wout = 2I/Vin Cout = icin (5)

D. Multi-Scale Decoder

MAR-Net’s decoder integrates multi-scale features to re-
store spatial resolution and improve segmentation accuracy.
The core components include:

« Dilated Block: Fuse shallow edge features with deep

semantic features to enhance fine-grained segmentation.

o Pyramid Pooling: Extracts global context information

via multi-scale pooling to improve adaptability to dif-
ferent target sizes.

o Layered Feature Transmission: Different-scale en-

coded features feed into decoder? via hierarchical con-
nections to preserve high-res info during decoding.

E. Multi-Scale Training and Loss Function

To further enhance generalization, MAR-Net employs a
multi-scale training strategy, where feature maps from differ-
ent encoder layers contribute to loss computation, optimizing
feature representation. Specifically, the loss is computed as
follows:

L = MBCE(Fy, G) + \BCE(Fy, G)+

6
A3sBCE(Fs, G) + AMBCE(Fy, G) ©)

where:

o Iy, Fy F3, Fy are predicted feature maps at different

scales,

o G is the ground truth,

e \; are weight coefficients for different scale losses.
Compared to traditional single-scale supervision, this strategy
offers several advantages:

1) Enhances hierarchical feature modeling, ensuring opti-
mal utilization of both low-level details and high-level
semantics.

2) Improves training stability, mitigating gradient vanish-
ing issues and allowing multi-scale features to con-
tribute effectively to loss optimization.

3) Enhances segmentation accuracy, ensuring robust de-
tection of targets at different scales, which is particu-
larly beneficial for medical images with varying object
sizes.

FE. Conclusion

MAR-Net optimizes medical image segmentation by in-
tegrating a ResNet-34 encoder with depthwise separable
convolutions for efficiency and downsampling, a Lightweight
Residual Convolution Block to enhance feature extraction ca-
pability, a CBAM attention mechanism for improved channel
and spatial feature selection, and a multi-scale decoder for

fine feature reconstruction. Additionally, MAR-Net employs
a multi-scale training strategy combined with a multi-BCE
loss fusion method, improving the model’s adaptability to
varying target sizes and fully leveraging multi-level feature
information, thereby enhancing segmentation accuracy and
generalization performance.

IV. EXPERIMENTS
A. Datasets

To evaluate the method, experiments used two public
datasets: the ISIC dataset (for skin cancer diagnosis) and
the CholecSeg8K dataset (for laparoscopic surgery). Table I
summarizes the dataset splits and key statistics.

1) ISIC Dataset: The ISIC dataset [28] serves as a bench-
mark for skin cancer diagnosis, comprising 1279 dermo-
scopic images with expert annotations, which are split into
621 training, 279 validation, and 379 test images. Each
image is labeled for lesion types (e.g., melanoma, nevus)
and malignancy levels. The original images exhibit significant
variations in resolution (ranging from 722x542 to 4288x2848
pixels) and illumination conditions, posing challenges for
model robustness under diverse imaging conditions.

2) CholecSeg8K Dataset: The CholecSeg8K dataset [27]
builds upon the Cholec80 laparoscopic surgery dataset, de-
signed for semantic segmentation of laparoscopic cholecys-
tectomy images. It includes 8,080 frames from 17 video
sequences, with pixel-level annotations for 13 classes (e.g.,
liver, gallbladder, surgical instruments). The dataset splits
into 674 training, 78 validation, and 28 test images. All
images have a fixed resolution of 854x480 pixels and cover
diverse surgical scenarios, including tissue texture variations
and occlusions by surgical instruments.

B. Implementation Details

All experiments were conducted on the PyTorch platform
using multiple NVIDIA 3090 GPUs (24GB) with CUDA
12.1. Seven models trained for 500 epochs on both datasets,
with best results chosen pre-overfitting. Initial Ir=1 x 1074,
decay=0.9. IoU and Dice were primary metrics.

C. Comparative Analysis

Fig. 2a and 2b illustrate the training and validation perfor-
mance of six models on the ISIC and CholecSeg8K datasets,
respectively. The visualization results of semantic segmenta-
tion masks for various models among different datasets are
shown in 3a and 3b.These results depict the evolution of the
IoU and Dice metrics across different epochs. Although all
models were trained for 500 epochs, the analysis focuses
on the best-performing results prior to overfitting, providing
insights into each model’s learning capacity and convergence
efficiency.

Fig. 2a illustrates the performance of MAR-Net on the
ISIC skin lesion segmentation task. At epoch 125, MAR-
Net achieved peak performance with training IoU and Dice
of 0.935 and 0.965 and validation scores of 0.898 and
0.960, showing strong generalization. The variant MAR-Net1
(without certain augmentations) peaked at epoch 102 with
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TABLE I: Dataset Classification and Training Splits

Dataset Total Train Validation Classes Application
ISIC 1,279 895 255 129 Dermoscopic Diagnosis
CholecSeg8K 8,080 5656 1616 808 Laparoscopic Surgery

Data sources: ISIC 2017 Challenge [27], CholecSeg8K [28]

training IoU and Dice of 0.915 and 0.953, and validation
scores of 0.894 and 0.939, slightly lower than MAR-Net. This
suggests that augmentation strategies contribute to improved
generalization. Among conventional segmentation models, U-
Net (77 epochs) and Swin-Unet (112 epochs) performed well,
achieving training IoU scores of 0.902 and 0.891, with valida-
tion IoU scores of 0.881 and 0.882, respectively, highlighting
their stability in this task. The lightweight model LRASPP
(33 epochs) demonstrated efficient learning, achieving high
training and validation IoU scores of 0.924 and 0.895 within
a short training period. Additionally, FCN and DeepLabV3,
peaking at 53 and 39 epochs, respectively, exhibited strong
generalization, both attaining validation IoU scores around
0.895.

> T
" I
100 50 0 50 100

Epochs (Left) / ToU & Dice (%) (Right)

(a) Comparative analysis on ISIC dataset.
90.2

51 85.8
LRASPP E w01
X 875
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Epochs (Left) / ToU & Dice (%) (Right)
(b) Comparative analysis on CholecSeg8K dataset.

Fig. 2: Comparison of seven models on ISIC and Cholec-
Seg8K datasets, showcasing an overview of training and
validation accuracy across epochs.

Fig. 2b presents the results on the CholecSeg8K endo-
scopic surgery segmentation task. Unlike the ISIC dataset,
MAR-Net exhibited a significantly different performance
trend, achieving rapid convergence in just 22 epochs. It
obtained training IoU and Dice scores of 0.840 and 0.884,
with validation IoU and Dice scores of 0.800 and 0.847.
MAR-Net-L (49 epochs), a variant of MAR-Net without
multi-scale training and loss computation strategies, exhib-
ited a higher training IoU (0.8886) but a lower validation
IoU (0.794) than MAR-Net, indicating that these strategies

Input GT  MAR-Net(ours) Swin-Unet DeepLabV3 FCN LRASPP UNet

(a) Segmentation results ISIC dataset.

GT  MAR-Net(ours) Swin-Unet DeepLabV3 FCN LRASPP UNet

(b) Segmentation results of CholecSeg8K dataset.

Fig. 3: Visual comparison of segmentation results on ISIC
and CholecSeg8K datasets.

enhance generalization in CholecSeg8K. U-Net (32 epochs)
and Swin-Unet (200 epochs) reached training IoU scores
of 0.832 and 0.798, with validation IoU scores of 0.772
and 0.758, respectively, suggesting that Swin-Unet requires
extended training for effective feature learning in this task.
FCN (36 epochs) and DeepLabV3 (27 epochs) achieved high
training IoU scores (0.873 and 0.852, respectively), but their
validation IoU scores remained below 0.76, indicating weaker
generalization compared to their performance on the ISIC
dataset.

Overall, MAR-Net and its variants achieved superior per-
formance on ISIC, while MAR-Net demonstrated strong
generalization on CholecSeg8K due to its multi-scale training
strategy and loss computation method. The optimal epoch
selection for each model revealed differences in learning
efficiency, with some models such as LRASPP and MAR-
Net reaching high performance within fewer epochs, whereas
models like Swin-Unet and U-Net required longer training to
achieve optimal feature learning. These results highlight the
influence of model architecture, training strategies, and en-
hancement techniques on generalization performance across
different segmentation tasks.
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V. CONCLUSION

MAR-Net is proposed as a medical segmentation model
that improves performance via joint optimization of key
components. By integrating CBAM attention, multi-scale
feature fusion, and efficient training strategies, MAR-Net
enhances segmentation accuracy and generalization. Exper-
imental results on ISIC and CholecSeg8K datasets demon-
strate its superiority over mainstream methods, achieving
higher accuracy and recall, confirming its effectiveness in
complex segmentation tasks.
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