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Multi-dimensional feature extraction network for liver image segmentation

LIU Rui' » XU Xinying', XIE Jun’
(1. College of Electrical and Power Engineering, Taiyuan University of Technology , Taiyuan 030024, China;
2. College of Information and Computer, Taiyuan University of Technology, Jinzhong 030600, China)

Abstract: With the development of computer technology, automatic medical image segmentation
based on deep learning has become an important research field of artificial intelligence assisted medicine.
Yet, many existing neural network structures could not be able to integrate enough semantic feature
information, which led to the loss of marginal details. In order to solve this problem, a multi-dimensional
feature extraction network model (RDD-UNet) is proposed. This model is based on 3D residual UNet with
multi-loss, which can provide high-precision organ segmentation results for liver tumor segmentation
methods. At first, the network extracts information from the three axes of the original CT data, and long
and short skip connections are added into the network ensuring the full usage of inter-slice and intra-slice
information. In addition, the unbalanced depth-wise separable dilated convolution block is designed to
improve the calculation efficiency of the 3D network and expand the receptive field at the voxel level.

Finally, a new multi-loss function is proposed to solve the problem of imbalanced data label on small size
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objections, which is combined with deep supervision structure to improve the segmentation effect of edge
details. The proposed method can adequately extract feature information from voxel-wise, axis-wise and
hierarchy-wise, and improve the accuracy of liver segmentation. This method gets the Dice score of
0. 965 2 on the liver segmentation results of LiTS dataset, which achieves a higher accuracy level compared
with other methods.

Key words: 3D liver image segmentation; residual connection; mixed loss function; depth-wise
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Tab.1 Segmentation results with different loss and deep supervision

TCURBE A TRBE W
i R
Dice Dice Global Dice Dice Global
FEL-Dice 0.944 7 0.953 6 0.945 7 0.945 6
BCE 0.929 8 0.928 1 0.933 5 0.928 2
Multi-Loss 0.951 2 0.959 5 0.965 2 0.965 1

a. JFIAEME b, JFIFEARZ ;o 43 9)% RDD-UNet,FEL-Dice BCE+ ¥ BF W5 & |
TR A 545 PR G VR 3 B AR Y 1 45
B4 AEARIAHMEELEESNIFES>EE RG]

Fig. 4 Examples of liver segmentation result with different loss function and deep supervision
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Tab.2 Segmentation results with different network architecture

HEE Y Dice Dice Global
RDD-UNet 0. 965 3 0.965 1
Jozs i 45 0.935 6 0.936 3
ToBk 2 3% 0.938 5 0.939 3
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Fig.5 Examples of liver segmentation result with different network architecture
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Fig. 6 Box plots evaluated on test data
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Tab.3 Comparative experimental results

ik Dice Dice Global VOE RVE ASD MSD
Yuan 75 7k 0.963 0 0.967 0 0.071 —0.010 1. 104 23. 847
Tian %5 i 77 75 0.961 0 0.964 0 0.075 0.023 1.268 27.016
H-DenseUNet 0.9610 0.965 0 — — — —
UNet+ + 0.947 5 — — — — —
nnU-Net 0.963 1 — — — — —
Bottleneck 0.961 0 0.964 0 0.075 0.018 1.419 47.217
Ours 0.965 2 0.965 1 0. 066 0. 040 1.209 27. 745

4 HHE

AT LB T RDD-UNet [ 258881, 78 5005 il 1n] )22 90OR F 2 5040 ) 3D 9 28 42 B 22 J7 [n] 1) A R0 AR
5 TEAR R )2 Pz 123 1 4 B K B )2 9 A5CRe I 8 DX 3, 7 0 2% 22 iz ] 22 i ik BR O 22 AH 45 5 1 7 =X
G 2 ROBE R SCE AE B 5 IR B 52 TR & 458 % pR EIORT IR B Wa B AR TG 5 M 25 4, 32 7 T I 4 B i 21
O3 NG B AR IR AE A B 4E LiTS 1Y Dice 28 8GA ] 0. 965 2, 5 HA 7 A0 Lk 2] 7 8 = A BE K F.
TR AT X 3D R4 R R B Bl A Ak SR X ) 4% S5 AL AT A L ORI AR A B 5 3k L D SIS ER 4 ) R
K B B DU 4 1
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