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Liver tumor segmentation from CT images based on RA-Unet

Di Shuanhu', Yang Wenhan®, Liao Miao”,Zhao Yuqian', Yang Zhen'

(1. School of Automation, Ceniral South University ,Changsha 410083, China; 2. School of Computer
Science and Engineering, Hunan University of Science and Technology ,Xiangtan 411100, China)

Abstract: Liver tumor segmentation from CT image is an important prerequisite for early diagnosis, tumor burden analysis, and
radiotherapy of liver cancer. To segment tumors accurately and automatically, a deep U-shaped network based on the residual block and
attention mechanism is proposed. In this network, a residual path with deconvolution and activation operations together with a convolution
module is first introduced in the skip connection to separate image features and obtain their high-level representation, which ensures that
the skip connections mainly transmit the information of image edges and global information of small targets. Then, the attention
mechanism is introduced in the decoding path to further enhance tumor feature and suppress irrelevant information by assigning different
weights to the feature information obtained by skip connections and deconvolution decoding. The global Dice coefficient achieved by the
proposed method on LiTS dataset is as high as 86.71% , which is obviously higher than many other existing methods. Compared with
other methods, the proposed method has obvious advantages in segmenting tumors with small size, low contrast, and blurred boundaries.
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Fig.2 Network module of RA-Unet
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Fig.3 Visualization comparison of feature maps of skip

connection layer in RA-Unet and Unet
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Fig. 4  Visualization comparison of feature maps in

decoding path of RA-Unet and Unet
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Fig.5 Trend of Dice coefficient with weighting factor
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Table 1 Comparison results of ablation experiments on different modules

8| Dice( 4J5) /% VOE/% RVD/% ASD/mm MSSD/mm
Unet 78.24 29.32 -13.11 3.49 17.73
Unet+5% 25 ik 82.15 25.27 -12.42 2.62 13.25
Unet+i3: 2 AL 83.92 24. 89 -11.41 2.39 12.92
Unet+ &2 84.51 24.35 -7.02 2.03 11. 64
Unet+5R 2B+ B2 85. 82 23. 88 -6.44 1.89 10.94
RA-Unet ( Unet+5% 251 e + A2 + 1 75 FHLH)) 86.71 23.23 -5.01 1.54 10. 01
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Fig.7 Segmentation results obtained by different methods
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Table 2 Comparison of segmentation performance

among different methods

N Dice VOE RVD ASD MSSD
sk (&) /% /% /% /mm /mm
Unet!*] 78.24 29.32  -13.11  3.49 17.73
BS-Unet "] 80. 89 26.31  -12.21  3.21 15.54
A-Unet!'2] 83.92 24.89  -11.41  2.39 12.92
Unet++:13 85. 42 24.55  -6.99  1.66 10.23
Unet3+[13! 85. 61 2412 -6.38 1.6l 10.13
AL 86.71 23.23 -5.01 1.54 10. 01

(a) RIGCTEIR
(a) Original CT images

(b) SrHIGER

(b) Segmentation nesults

B8 ARSCT7 I [ Al PR ERCE £ L A9 70 1235 SR
Fig. 8 Examples of segmentation results obtained by the

proposed method on domestic clinical data sets

R3 AXFEEENIGKREESE LRSS EEE
Table 3 Segmentation performance of the proposed

method on domestic clinical data sets
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