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Liver CT Image Segmentation Based on VAN_ResUNet

LI Yang

(College of Science, China University of Petroleum(Beijing ) , Beijing 102200, China)

Abstract: In the field of medical imaging, liver CT image segmentation is indispensable for early diagnosis and treatment planning of liver dis-

ease. However, the complex morphology of the liver and the low contrast of surrounding tissues make liver segmentation particularly difficult.

Therefore, a liver CT image segmentation method based on VAN_ResUNet is proposed. Firstly, embedding a visual attention network in the

encoding layer enhances the model’s ability to capture subtle liver structures; Secondly, introducing a large kernel attention mechanism to

capture long—distance relationships through decomposed convolutions and enhance channel interactivity between features; Finally, the im-

proved large kernel attention feature fusion module is used to connect features across layers to extract multi-scale information , and two branch-

es are concatenated to focus on global and local features, significantly improving segmentation accuracy. Experiments on public datasets have

shown that the proposed model has an average intersection to union ratio, average accuracy, and Dice coefficient of 97.02%, 96.10%, and

95.12%, respectively, which are superior to existing algorithms.
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Fig. 1 Process of liver segmentation model based on VAN_ResUNet
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Fig. 2 VAN_ResUnet network structure
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Table 1 Influence of 4 VAN structures on model performance

F1 4T VAN E# 3B B8 B2 00

VAN R[4y Dice MIoU Map
VAN_V2 0.917 4 0.9395 0.927 4
VAN_V3 0.908 8 0.9358 09195
VAN_V4 0.889 0 0.919 6 0.8972

VAN_ResUNet 0.9512 0.9702 0.961 0

Z AV 1 B AL A8 R A3 i R BR AN RZ
PEAT IS Al S ue 25 RN R 2 B . FIE AT 0, 5 R g s e 1
L ff A% 1 Z A1 FLKA1BIHS , Dice 25T FE 1.24%; %
Bromit s 2 S a8 2 2 8] i) LKA2 B | Dice 250N %
2.13%; LB % 3 5% 3 Z Al i LKA3 B 5 |, Dice
RECTFE2.29% ; KBRS a% 4 SRS 25 4 2Z [ 1) LKA4 AR
HUG , Dice REUT P 2.55%. L FR, LBRAEE AR 2
SR L PERE T [ M I VAN_ResUNet (9 454NV 2 ) #
OGRS 5L A B A

Table 2 Impact of different layers of attention modules on model per-

formance
x2 AREEBEFTENERITEREEE RS0
=Wl = Dice MloU Map
Al FLKA1 0.938 8 0.958 2 0.947 3
ANEIA LKA2 0.9299 0.949 7 0.939 3
ANl LKA3 0.928 3 0.957 6 0.938 0
AELATKA4 0.9257 0.9523 0.935 1
VAN_ResUNet 0.9512 0.970 2 0.9610
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Table 3 Influence of different LKA convolutional kernel sizes on

models
#3 LKAARESRZK/NIEE S0
itk K fE Rk = ZHUM GFLOPs Dice
LKA 5 2 0.20 0.34 0.9250
LKA 7 3 0.50 2.60 0.9375
LKA 14 2 1.71 3.40 0.926 3
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Table 4 Performance comparison of various algorithms

R4 BEERMRELE

5 Dice MloU Map
U-Net™®! 0.888 9 0.941 4 0.898 2
SegNet! "/ 0.874 5 0.9337 0.883 1
Attention U-Net!'”! 0.902 0 0.948 4 0.907 5
KiU-Net'3 09137 0.962 0 0.930 6
ResUNet' 2 09185 0.957 0 0.9235
VAN_ResUNet 0.9512 0.970 2 0.961 0
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Fig. 6 Comparison of visual segmentation results
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