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Abstract: Existing medical image semantic segmentation methods suffer from high computational
complexity, large parameter counts, suboptimal accuracy, and inability to be deployed on low-resource and clinical
edge devices. To address these issues, AViT-UNet, a lightweight vision transformer U-Net model incorporating
multiple attention mechanisms is proposed to reduce model size and latency while maintaining competitive
segmentation performance. Firstly, a lightweight convolutional module, lightweight dilated bottleneck (LDB), is
designed in this model and applied to the convolutional module of the encoding-decoding layer, which significantly
reduces the computational complexity of the model. Secondly, a self-attention mechanism module, efficient multi-
head attention (EMHA), is invoked and applied in the deep network and bottleneck layer to enhance the
segmentation accuracy. Finally, to enhance the fidelity of skip connections and feature fusion, the network
integrates channel and spatial attention mechanisms to bolster residual pathways and deepen convolutional
representations, yielding more precise segmentation outputs. This strategy effectively compensates the high
computational demands of transformer-based models and the limited global receptive field of conventional
convolutional neural networks. As a result, the proposed lightweight architecture achieves superior semantic
segmentation accuracy while remaining suitable for deployment on resource-constrained medical devices and
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mobile platforms. The proposed method is validated on three publicly available medical image semantic

segmentation benchmark datasets, Synapse, GlaS, and MoNuSeg, with multi-dimensional evaluation metrics.
Experimental results fully prove that this method has a certain degree of advancement and feasibility. The specific
implementation code of the method has been uploaded to https://github.com/shepherdxu/AViT-UNet.
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%1 AViT-Net 7£ Synapse #3E5E _FAIFRIN

%
Methods RIS A _ HELLH '
Average DSC Aorta Gallbladder Kidney(L) Kidney(R) Liver Pancreas Spleen Stomach
R50 U-Net™ 74.68 87.74 63.66 80.60 78.19 93.74 56.90 85.87 74.16
U-Net™ 76.85 89.07 69.72 77.77 68.60 93.43 53.98 86.67 75.58
R50 Att-U-Net®” 75.57 55.92 63.91 79.20 7271 93.56 49.37 87.19 74.95
Att-U-Net®! 77.77 89.55 68.88 77.98 71.11 93.57 58.04 87.30 75.75
TransUNet?! 77.48 87.23 63.13 81.87 77.02 94.08 55.86 85.08 75.62
SwinUNet!'? 79.13 85.47 66.53 83.28 79.61 94.29 56.58 90.66 76.60
LeViT-UNet™ 78.53 78.53 62.23 84.61 80.25 93.11 59.07 88.86 72.76
DeepLabv3'®! 77.63 88.04 66.51 82.76 7421 91.23 58.32 87.43 73.53
HiFormer'"! 80.29 85.63 73.29 82.39 64.84 94.22 60.84 91.03 78.07
SelfReg + U-Net" ¥ 80.34 88.74 71.78 85.32 80.71 93.80 62.22 84.78 75.39
SelfReg + SwinUNet!'>'” 80.54 86.07 69.65 85.12 82.58 94.18 61.08 87.42 78.22
EViT-UNet"” 80.87 87.13 66.53 85.45 83.14 94.92 62.92 89.66 77.18
ATV 82.01 87.74 69.35 85.19 80.93 95.17 65.01 91.67 81.04
%2 7E Glas & MoNuSeg #iB4& FAIRIM o
Method GlaS MoNuSeg
DSC 10U DSC 10U

U-Net®! 85.45+1.25 74.78+1.67 76.45+2.62 62.86+3.00

UNet++" 87.56+1.17 79.13+1.70 77.01£2.10 63.04+2.54

AttUNet™ 88.80+1.07 80.69+1.66 76.67+1.06 63.47+1.16

MRUNet™” 88.73+1.17 80.89+1.67 78.2242.47 64.83+2.87

TransUNet 88.40+0.74 80.40+1.04 78.53+1.06 65.05+1.28

MedT®" 85.92+2.93 75.4743.46 77.46+2.38 63.37+3.11

SwinUNet(™ 89.58+0.57 82.06+0.73 77.69+0.94 63.77+1.15

UCTransNet® 90.18+0.71 82.96+1.06 79.08+0.67 65.50+0.91

SelfReg+SwinUNet!'> ' 91.62+0.16 85.29+0.30 79.38+0.15 65.87+0.20

EViT-UNet"” 92.44+0.23 86.50+0.38 79.27+0.24 65.87+0.21

S Wil 92.82:+0.20 86.72+0.35 79.36+0.30 65.88+0.25
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2.4 HELSCK

T AT PEAS AR SC 5 B & A5 BRG]
&M RE AR, HEAT T EXT Synapse H4E £ (1)
THELSEE . NS IbRHE, FEZRANIAR] T 80.87%
H1°F 1 Dice #H1L 2% (Average DSC) !, % 3
Frs. 23 B 6 KW, St 4 M3 Z 7k A
FIefb e, FELRAT I HERG S SR IR TR E R

SEERE. AL, SINBVERINEIE S, -
¥) DSC T2 81.11%, AL 5] A3 5 1 153
XA Ry CAnfR AR AT EE ) R AR 7). [RIA,
kRS P DS gk — 2D MG 9 1 2 I 2 AR AE i 5
77, $&F T HHEE S R RAE A B AR 4 B4 R .
THELSRI I A SRR, &N B R TR AR X
FIGHI A EWRAER, 13 AVIT-UNet ££ Synapse

. fEVNIN LDB #H 5,

Bl A B ER AT
TRFRHRTE, (HEHE 7 7 AR E R A

Ha4E 1) Average DSC iA2] 1 82.01%.

%3 ET Synapse T2 E D EIBIEEHERLSIIE

%

Methods LRAEELD ER )
Average DSC Aorta Gallbladder Kidney(L) Kidney(R) Liver Pancreas Spleen Stomach
Baseline 80.87 87.13 66.53 85.45 83.14 94.92 62.92 89.66 77.1
+LDB 80.90 87.98 66.69 82.22 79.41 94.81 64.29 90.38 81.41
+ Bottleneck 81.11 87.43 69.32 80.67 79.32 94.56 64.70 92.07 80.80
+ Skip Connection 81.60 88.34 69.91 83.45 82.64 94.88 66.01 89.15 78.45
+ EMHA 82.01 87.74 69.35 85.19 80.93 95.17 65.01 91.67 81.04
4 . ‘ & E 3
Aorta = Gallbladder - Kidney(L) -~ Kidney(R) = Liver
Pancreas  Spleen  Stomach - Average DsC [1] HATAMIZADEH A, TANG Y C, NATH V, et al. UNETR:
95 f Transformers for 3D medical image segmentation[C]//
90 Proceedings of the IEEE/CVF Winter Conference on
85 Total: 8201 Applications of Computer Vision. [S.L]: IEEE, 2022:
E I P S 10.1109/wacv51458.2022.00181.
§ 75 | [2] CHENJ,LUY, YU Q, et al. TransUNet: Transformers make
70 | strong encoders for medical image segmentation[EB/OL].
65 | [2025-03-11]. https://arxiv.org/pdf/2102.04306.
0 L . . . . [3] RONNEBERGER O, FISCHER P, BROX T. U-Net:
S %\\\ O xS ) Convolutional  networks  for  biomedical  image
o AP ‘\\eo"*c “(\ec“o K © segmentation[C]//Medical ~ Image  Computing  and
< X%\(;\Qco x@]\‘(\ Computer-Assisted Intervention — MICCAI 2015. Cham:
Methods Springer International Publishing, 2015: 234-241.

Kl 6 3ETF Synapse ZHESE v b sLs — 4k ]

3 Z5RiE

ACHR T —PhEET U-Net ZEH9 1938 L5 H1N
LR AVIT-UNet, HI T BRI SZBRANA mike L /oK
B BIE L E 5. Hrh LDB £S5 EMHA
FRBLAE NS A T P RF Il BB ) R SUE R, B
MR s, BRI TR . LR
XSS REEW], A SCTEAE Z RN R AR IE L &)
SEHERCR SR LIS T RIEFIACR, LT HAl it 1
B ETE, BA MOz . R
UERE i A RIS , ASHIE FU X vk AT T R E AL i
iy BRAR VSRR, AR DR B (/N B i A
Woahix s LEE SOV FIRE, KL TR R E S M
LRk REZ TRV

[4] ZHOU Z W, RAHMAN SIDDIQUEE M M, TAJIBAKHSH
N, et al. UNet++: A nested U-Net architecture for medical
image segmentation[C]//Deep Learning in Medical Image
Analysis and Multimodal Learning for Clinical Decision
Support. Cham: Springer International Publishing, 2018:
3-11.

[5] CHEN L C, ZHU Y K, PAPANDREOU G, et al. Encoder-
decoder with atrous separable convolution for semantic
image segmentation[C]//Computer Vision — ECCV 2018.
Cham: Springer International Publishing, 2018: 833-851.

[6] CHEN L C, PAPANDREOU G, SCHROFF F, et al

Rethinking atrous convolution for semantic image
segmentation[EB/OL]. [2025-03-11]. https://arxiv.org/pdf/
1706.05587.

[7] CICEK O, ABDULKADIR A, LIENKAMP S S, et al. 3D
U-Net: Learning dense volumetric segmentation from
sparse annotation[C]//Medical Image Computing and
Computer-Assisted Intervention — MICCAI 2016. Cham:
Springer International Publishing, 2016: 424-432.

[8] JIN Q, MENG Z, SUN C, et al. RA-UNet: A hybrid deep
attention-aware network to extract liver and tumor in CT


 https://arxiv.org/pdf/2102.04306
 https://arxiv.org/pdf/2102.04306
https://arxiv.org/pdf/1706.05587
https://arxiv.org/pdf/1706.05587

480

HL TR A AR

55 3%

scans[J]. Front Bioeng Biotechnol, 2020, 8: 605132.

[9] AZAD R, FAYIJIE A R, KAUFFMANN C, et al. On the

[10]

(11]

[12]

[13]

[14]

[13]

[16]

[17]

(18]

[19]

[20]

texture bias for few-shot CNN segmentation|EB/OL].

[2025-03-11]. https://arxiv.org/pdf/2003.04052.

VASWANI A, SHAZEER N, PARMAR N,
Attention is all you need[C]//Advances in Neural
30. [S.L]:

et al
Information Processing Systems Curran
Associates, 2017: 5998-6008.

DOSOVITSKIY A, BEYER L, KOLESNIKOV A, et al.
An image is worth 16x16 words: Transformers for image
recognition at scale[EB/OL]. [2025-03-11]. https://arxiv.
org/pdf/2010.11929.

CAO H, WANG Y Y, CHEN J, et al. Swin-unet: Unet-like
pure transformer forMedical image segmentation[C]//
Computer Vision — ECCV 2022 Workshops. Cham:
Springer Nature Switzerland, 2023: 205-218.

HEIDARI M, KAZEROUNI A, SOLTANY M, et al.
HiFormer: Hierarchical multi-scale representations using
transformers for medical image segmentation[C]/
Proceedings of the IEEE/CVF Winter Conference on
Applications of Computer Vision. Piscataway: IEEE,
2023: 6202-6212.

IF, F ), SHA AT S RE RS FiE L Ef E
FEBESFFE. SHXFFR (ZFR) , 2022,
52(3): 640-647.

WANG X, LI Z S, LYU Y D. Medical image
segmentation based on multi-scale context-aware and
semantic adaptor[J]. Journal of Jilin University
(Engineering and Technology Edition), 2022, 52(3):
640-647.

ZHU W H, CHEN X W, QIU P J, et al. SelfReg-UNet:
Self-regularized UNet for medical image segmentation
[C)//Medical Image Computing and Computer Assisted
Intervention — MICCAI 2024. Cham: Springer Nature
Switzerland, 2024: 601-611.

DALVI F, SAJJAD H, DURRANI N, et al. Analyzing
redundancy in pretrained transformer models[C]//
Proceedings of the 2020 Conference on Empirical
Methods in Natural Language Processing. Stroudsburg:
ACL, 2020: 4908-4926.

LI H, KADAV A, DURDANOVIC I, et al. Pruning filters
for efficient ConvNets[ EB/OL]. [2025-03-11]. https://arxiv.
org/pdf/1608.08710.

LI L J. Self-regulated feature learning via teacher-free
feature distillation[C]//Computer Vision — ECCV 2022.
Cham: Springer Nature Switzerland, 2022: 347-363.

LI X, ZHU W H, DONG X Z, et al. EViT-UNET: U-Net
like efficient vision transformer for medical image
segmentation on mobile and edge devices[C]//Proceedings
of the IEEE 22nd International Symposium on Biomedical
Imaging. [S.1.]: IEEE, 2025: 10981108.

XU G A, LIJ C, GAO G W, et al. Lightweight real-time
semantic segmentation network with efficient transformer

(23]

(28]

[29]

[30]

[31]

[32]

and CNNJ[J]. IEEE Transactions on
Transportation Systems, 24(12): 15897-15906.
HE K M, ZHANG X Y, REN S Q, et al. Deep residual
learning for image recognition[C]//Proceedings of the
IEEE Conference on Computer Vision and Pattern
Recognition. [S.1.]: IEEE, 2016: 770-778.

WANG Q L, WU B G, ZHU P F, et al. ECA-net: Efficient
channel attention for deep convolutional neural
networks[C]//Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition. [S.1.]: IEEE,
2020: 11531-11539.

OKTAY O, SCHLEMPER J, FOLGOC L L, et al
Attention U-Net: Learning where to look for the pancreas
[EB/OL]. [2025-03-11]. https://arxiv.org/pdf/1804.03999.
LU Z, LI J, LIU H, et al. Supplementary material of
transformer for single image super-resolution[EB/OL].
[2025-03-11]. https://openaccess.thecvf.com/content/CVP
R2022W/NTIRE/supplemental/Lu_Transformer
for Single CVPRW 2022 supplemental.pdf.

WOO S, PARK J, LEE J Y, et al. CBAM: Convolutional
Block attention module[C]//Computer Vision — ECCV
2018. Cham: Springer International Publishing, 2018:
3-19.

LANDMAN B, XU Z, IGELSIAS J, et al. Miccai multi-
atlas labeling beyond the cranial vault-workshop and
challenge[EB/OL]. [2025-03-12].
org/Synapse:syn3193805.
SIRINUKUNWATTANA K, PLUIM J P W, CHEN H, et
al. Gland segmentation in colon histology images: The

Intelligent

https://www.synapse.

glas challenge contest[J]. Medical Image Analysis, 2017,
35:489-502.

KUMAR N, VERMA R, SHARMA S, et al. A dataset and
a technique for generalized nuclear segmentation for
computational pathology[J]. IEEE Trans Med Imaging,
2017, 36(7): 1550-1560.

XU G P, ZHANG X, HE X W, et al. LeViT-UNet: Make
forMedical
segmentation[C]//Pattern  Recognition

faster encoders withTransformer image
and Computer
Vision. Singapore: Springer Nature Singapore, 2024: 42-53.
DING H W, CUI X H, CHEN L Y, et al. MRU-NET: A
U-shaped network for retinal vessel segmentation[J].
Applied Sciences, 2020, 10(19): 6823.

QI Q F, LIN L Y, ZHANG R, et al. MEDT: Using
multimodal encoding-decoding network as in transformer
for multimodal sentiment analysis[J]. IEEE Access, 2022,
10: 28750-28759.

WANG H N, CAO P, WANG J Q, et al. UCTransNet:
Rethinking the skip connections in U-Net from a channel-
wise perspective with transformer[J]. Proceedings of the
AAALI Conference on Artificial Intelligence, 2022, 36(3):

2441-2449.

RfEHRE B o4


https://arxiv.org/pdf/2003.04052
https://arxiv.org/pdf/2010.11929
https://arxiv.org/pdf/2010.11929
https://arxiv.org/pdf/1608.08710
https://arxiv.org/pdf/1608.08710
https://arxiv.org/pdf/1804.03999
https://openaccess.thecvf.com/content/CVPR2022W/NTIRE/supplemental/Lu_Transformer_for_Single_CVPRW_2022_supplemental.pdf
https://openaccess.thecvf.com/content/CVPR2022W/NTIRE/supplemental/Lu_Transformer_for_Single_CVPRW_2022_supplemental.pdf
https://openaccess.thecvf.com/content/CVPR2022W/NTIRE/supplemental/Lu_Transformer_for_Single_CVPRW_2022_supplemental.pdf
https://www.synapse.org/Synapse:syn3193805
https://www.synapse.org/Synapse:syn3193805
https://doi.org/10.1016/j.media.2016.08.008
https://doi.org/10.1109/TMI.2017.2677499
https://doi.org/10.1109/ACCESS.2022.3157712

	1 方法描述
	1.1 输入特征模块
	1.2 上下采样模块
	1.2.1 LDB模块
	1.2.2 EMHA模块

	1.3 跳跃连接

	2 实验与结果
	2.1 数据集
	2.2 实验环境
	2.3 实验结果对比
	2.4 消融实验

	3 结束语
	参考文献

