5545 B LW TR [ AR Vol45 No.1
20264E 1 H Journal of South-Central Minzu University (Natural Science Edition) Jan. 2026

VMA-UNet: EF Mamba B & R [E E = E &% 4 & N 2§
T, 218 AT, EER

(PR R R A BE TR, I 430074)

T OE BTRZMYE (CNN)TE R S ERE v BT T 035 ik e, (8 LAE 4 K B s A 5 S8 T A A Jey PR A
9K Transformer 5 75 7 A0 BTE AR 7 T 2 80 60, (8 T B AL S BT 80 & WTT R RAS 0 T fiff R i 26 )t
PR T Z R E 2R R4 5 4% VMA-UNet (VMamba ASPP U-Net) , B Fl& T VMamba A8 VSS He £ 44 F123 I 23 7] 45:
Rt A4 725 (ASPP) B .VMA-UNet FI F] VSS SRR 5 A BERRE | SCB0 580 42 R A5 S R A8E, IT 45 & ASPP ik
TEZAS RUBE b4 40 12 27 IR 15 v B0 S B ERAE 3 3 78 ACDC . COVID-19 CT il Synapse 258054 [ #9) 12 5256, 45
ZEH] : VMA-UNet ££ 2 20K BE A5 20 E 00 T 58 T CNN Hl Transformer 779, B8 T HAEARRHE S 554 )7 .
VMA-UNet 72l T CNN 540 12 378 215 18 16 A4 R BR A, S8 T sk il 22 RUBE AR S B 1 oA R 24 R Ay B A
Kk Jy.

4R AR E]; VMamba £ R ; ASPP R ; 42 K A

ESHES TP391.4 XEFER A XEHS  1672-4321(2026)01-0051-09

doi: 10.20056/j.cnki.ZNMDZK.20250824

VMAU-Net: A multi-scale medical image segmentation network

based on Mamba

WANG Hai, LI Yage, LIN Yuxuan, LU Xuesong’
(College of Biomedical Engineering, South-Central Minzu University, Wuhan 430074, China)

Abstract Convolutional Neural Networks (CNN) have achieved remarkable progress in medical image segmentation, but
it exhibits limitations in capturing long-range dependencies. While Transformer models excel in handling long-range
dependencies, the self-attention mechanism incurs high computational costs. To address these issues, VMA-UNet(VMamba
ASPP U-Net) is proposed, it is a multi-scale medical image segmentation network that integrates the VSS (Visual State-
Space) block structure from VMamba and the Atrous Spatial Pyramid Pooling (ASPP) module. VMA-UNet leverages the
linear complexity of the VSS block to enable efficient global information modeling and incorporates the ASPP module to
capture critical features of medical images at multiple scales. Extensive experiments conducted on datasets including ACDC,
COVID-19 CT, and Synapse demonstrate that VMA-UNet outperforms CNN- and Transformer-based methods in terms of
segmentation accuracy and computational efficiency. By overcoming the limitations of CNN in modeling long-range
dependencies and enabling efficient multi-scale modeling, VMA-UNet showcases its immense potential in medical image
segmentation tasks.
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Tab. 1 Quantitative comparison of ACDC data set segmentation performance , optimal results are shown in bold, sub-optimal results are shown in underline

Methods Average Right ventricle Myocardium Left ventricle
DSCT  HD95| PrecisionT RecallT  ToUT DSCT  HD95! DSCT  HD9S| DSCT HD95 !

V-Net'>! 80.87 3.06 89.21 81.38 72.76 81.43 3.66 75.79 3.06 85.38 2.47
U-Net"?! 84.23 2.73 89.71 82.72 75.51 85.72 175 77.41 3.72 89.55 2.73
U-Net++! 86.01 2.57 87.55 86.41 79.55 88.61 1.98 83.58 1.91 85.84 3.81
Attention UNet'*’ 85.62 3.46 88.33 85.87 78.67 87.29 2.98 84.89 2.78 84.67 4.62
nn-UNe'” 84.15 2.55 90.55 83.75 76.61 86.06 1.51 78.60 4.44 87.80 1.70
TransUNet"’ 86.56 2.28 84.63 83.42 76.77 87.15 2.97 83.34 1.89 89.20 1.97
Swin-UNet''?/ 85.78 247 86.56 86.83 78.54 88.54 2.08 81.82 2.03 86.97 3.31
VMA-UNet 87.71 2.80 87.64 89.37 80.84 88.37 2.70 84.10 2.51 90.67 3.34
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Fig. 4  Qualitative comparison of ACDC data set segmentation performance
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Tab. 2  Quantitative comparison of the segmentation performance of the COVID 19 CT-Seg dataset. optimal results are shown in bold and sub-optimal

results are underlined

Method Average Infection Lung
ethods

Dsc T HD95|  Precision | Recall T IoU 1 Dpsc T HD95 | Dsc 1 HD95 |
V-Net'? 66.18 73.90 74.45 75.11 55.65 52.50 74.13 79.86 73.67
U-Net™ 72.84 50.69 80.52 75.04 60.67 63.35 48.65 82.32 52.72
U-Net++ 76.26 45.64 87.97 72.77 66.19 61.07 75.70 91.45 15.58
Attention UNet"" 71.15 4773 84.48 68.11 61.21 51.90 76.32 90.40 19.14
nn-UNet'”’ 70.53 56.48 74.08 73.45 57.83 60.76 58.72 82.56 56.53
TransUNet™’ 76.49 41.42 81.98 66.16 57.92 61.91 67.23 91.08 16.00
Swin-UNet'' 75.35 59.19 82.81 73.10 67.18 60.55 70.72 90.17 47.66
VMA-UNet 71.52 38.03 82.02 75.98 67.72 64.15 61.07 90.88 14.99

2.4.3 Synapse #X 4% Ly L in 45 R
23 /R T 7E Synapse Z #n F 7 HIEHRE L0 E
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Tab. 3  Quantitative segmentation results on the Synapse dataset, the optimal results are shown in bold

Methods DSC 1 HD | Aorta Gallbladder ~ Kidney(L)  Kidney(R) Liver ~ Pancreas  Spleen  Stomach
V-Net'*! 68.81 - 75.34 51.87 77.10 80.75 87.84 40.05 80.56 56.98
DARR'® 69.77 - 74.74 53.77 72.31 73.24 94.08 54.18 89.90 45.96
U-Net™’ 76.85 39.70 89.07 69.72 77.717 68.60 93.43 53.93 86.67 75.58
Attention-UNet'*’ 71.77 36.02 89.55 68.88 77.98 71.11 93.57 58.04 87.30 75.75
RS0 U-UNet™ 74.68 36.87 87.74 63.66 80.60 78.19 93.74  56.90 85.87  75.58
R50 Att-UNet™®’! 75.57 36.97 55.92 63.91 79.20 72.71 93.56 49.37 87.19 74.95
R50 ViT™’ 71.29 32.87 73.73 55.13 75.80 72.20 91.51 45.99 81.99 73.95
TransUNet"’ 77.48 31.69 87.23 65.13 81.87 77.02 94.08 55.86 85.08 75.62
Swin-UNet'' 79.13 21.55 85.47 66.53 83.28 79.61 94.29 56.58 90.66 76.60
VMA-UNet 80.81 25.25 87.48 68.50 85.68 79.54 94.70 63..06 86.55 80.95
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Tab.4 ACDC and COVID-19 CT-Seg data set ablation experiment
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