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W E SHDEFVBRARGTHXNGEES R, BRL M B 28R T AT B0 3D EFH G AL
SE . BTHBA DG EMBE SR T eSS — R A A BRIy T, 4haF X — MM, 828 T — A& & 3D H i
CT B3 69 it vnet A, H26,HFME CT Bt/ HUMRM A ERB, A X R LR LG TALIE; B o,
vnet AL B At A B P A BRI H A SG A PR iBHEARFREEARGALS AR D RMEBER G AHF, 5 vnet HA 3
AT R AR AR IR FEENIE S B KB E LR E L R EIRMKA . Dice A 94.93% .5 vnet AR FH T 3.
19%  KRRBY THAGAKZ; AN ZFTEE MSDRES S HEEFRHEMEMEE LLEAAERGFHEHRIFREFTH
A 5 F &R

KR Ao E AR s vnet; CT;3D

PESES TP391

Improved vnet Model for 3D Liver CT Image Segmentation

YANG Shugi' , HAN Junling'* ,KANG Xiaodong' , YANG Jingyi' ,GUO Hongyang' and LI Bo’
1 School of Medical Image, Tianjin Medical University, Tianjin 300202, China
2 The First Central Clinical College of Tianjin Medical University, Tianjin 300190, China

3 The Third Central Clinical College of Tianjin Medical University, Tianjin 300170, China

Abstract Segmentation of 3D medical images is an important step in radiotherapy planning. In clinical practice,computed tomo-
graphy is widely used for 3D medical image segmentation of the liver and liver tumours. Due to the complex edge structure and
texture features of the liver,liver segmentation is still a challenging task. To address this problem.an improved vnet model for ac-
curate segmentation of 3D liver CT images is proposed. Firstly, the liver CT images are truncated and resampled with HU values
to complete the preprocessing of the 3D dataset. Meanwhile, the convolution kernel in the vnet decoder and encoder is replaced
with an SG module, which is a combination of depthwise convolution and pointwise convolution,to reduce the number of parame-
ters in the network model. Comparative experiments with the vnet model show that the proposed method is generally superior in
the evaluation of the liver segmentation dataset,with a Dice coefficient of 94. 93% ,an improvement of 3. 49% over the vnet mod-
el,greatly reducing the number of parameters of the model, while the method also shows good robustness and achieves superior
segmentation results on the MSD spleen segmentation dataset and COVID-19 dataset.

Keywords Image segmentation, Liver,vnet,CT,3D
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Table 1 Experimental result comparison of the proposed model

and vnet on different datasets
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Table 2 Comparison of the size of the proposed model and vnet
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Fig. 5 Dice coefficient folding diagram of the proposed model and

vent in liver segmentation dataset
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Fig. 6 Example diagram of the proposed model for coronal plane

segmentation on liver segmentation dataset
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Fig. 7 Example diagram of the proposed model for cross-sectional

segmentation on liver segmentation dataset
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Fig. 8 Example diagram of the proposed model for coronal plane segmentation on COVID-19 dataset and MSD spleen

segmentation dataset
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Fig. 9 Example diagram of the proposed model for cross-sectional segmentation on COVID-19 dataset and MSD

spleen segmentation dataset
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Table 3 Segmentation results on 3D-IRCADB dataset
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