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Abstract Keywords

To address the issues of fuzzy boundaries, diverse tumor types, low contrast with surrounding image processing;
tissues in computerized tomography ( CT) images, as well as insufficient utilization of texture infor- liver tumor;
mation in existing networks for medical images, an automatic liver tumor segmentation method that U-Net;
combines multi-branch texture feature extraction and attention mechanism is proposed. Firstly, a parallel convolution;
parallel convolutional encoder is designed to replace the dual convolutional modules in the U-Net texture feature;
baseline network, aiming to extract superficial features under two different receptive fields. Sec- attention mechanism

ondly, a texture feature extraction network is introduced in the skip-connection part of the U-Net to
extract deep texture information of liver tumors at multiple scales. Finally, a channel attention
module with a residual path is incorporated in the decoding stage to effectively capture inter-chan-
nel dependencies and enhance the relevant features for liver tumor segmentation tasks. The proposed
method is evaluated on the LiTS2017 and 3DIRDCADb-01 liver tumor segmentation datasets.

Experimental results demonstrate superiority of the proposed method in terms of evaluation metrics
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and visualizations in comparison with the baseline methods, which shows advantages in segmenting

small-sized and blurry boundary tumors, providing promising insights for liver tumor screening.
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Fig.1  Flow chart of liver tumor segmentation
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Tab.2  Comparison results of segmentation performance under different MBTFE module quantity condition on the LiTS2017 dataset

MBTFE #& B % & DSC /% VOE /% RVD /% ASSD /mm HD /mm MloU /% Params / H 71
1 75.89 38.48 -10.20 6.15 13.68 81.31 42.81
2 80.05 33.03 -8.48 4.87 11.92 83.97 72.23
3 83.95 27.66 -6.41 2.54 8.05 86.03 101.64
4 84.29 27.06 -6.11 1.95 7.79 86.28 131.06
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Tab.3 Comparison results of segmentation performance under different loss function weight values condition on the LiTS2017 dataset

A BUA DSC /% VOE /% RVD /% ASSD /mm HD /mm MIoU /%
0.5 83.03 29.07 -7.12 5.92 9.73 85.37
1.0 83.75 28.04 -6.73 3.76 8.28 85.89
1.5 83.95 27.66 -6.41 2.54 8.05 86.03
2.0 83.19 28.85 -7.02 4.15 9.30 85.48
25 82.70 29.59 -7.76 6.52 10.07 85.13
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Fig.9 Middle layer feature map
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Tab.4  Comparison of segmentation performance of different methods on the LiTS2017 dataset

Tk DSC /% VOE /% RVD /% ASSD /mm HD /mm MIoU /%
U-Net 69.15 47.15 -15.07 11.19 22.73 76.20
U-Net + + 73.35 42.32 -14.88 9.64 19.83 78.48
ResUNet + + 76.45 38.96 -13.14 8.82 18.19 79.81
TransUnet 77.75 35.32 -11.51 6.55 16.80 80.65
Swin-Unet 79.20 33.45 -9.20 5.04 12.43 82.56
MBTFEAM-UNet 83.95 27.66 -5.41 2.54 8.05 86.03
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Tab.5 Comparison of segmentation performance among different methods on the 3DIRACADb-01 dataset

WiRrS DSC/ % VOE/% RVD/% ASSD/mm HD/mm MIoU/ %
U-Net 78.42 35.50 -13.49 14.82 16.32 82.08
U-Net + + 82.80 29.35 -7.54 8.17 10.93 85.20
ResUNet + + 85.44 25.41 -6.37 6.72 8.67 87.18
TransUnet 73.90 41.39 -20.43 16.74 19.15 79.75
Swin-Unet 76.26 32.25 -17.33 14.68 17.16 80.98
MBTFEAM-UNet 89.66 18.75 -4.71 1.06 5.57 90.54
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Fig.10  Segmentation results of different methods on the LiTS2017 dataset
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Tab.6  Ablation experimental results of different modules on the LiTS2017 dataset

Eikew
DSC /%  VOE/%  RVD/% ASSD /mm HD/mm  MloU /%

PCE  MBTFE-Net RCA
69.15 47.15 -15.07 11.19 22.73 76.20
vV 73.79 40.35 -12.87 6.55 14.17 79.63
vV 81.47 31.27 -7.46 478 10.56 84.20
vV 72.60 43.01 -13.48 7.96 15.30 78.25
vV vV 82.48 29.82 -6.10 3.86 9.27 84.94
vV 4 7471 39.10 -12.25 5.64 13.53 80.28
vV vV 81.65 31.01 -7.36 4.42 9.83 84.34
Vv Vv V(BA R ERR) 83.60 28.18 -5.83 3.51 9.06 85.77
vV vV vV 83.95 27.66 -5.41 2.54 8.05 86.03

T MR AR A R
R T ARIEEYAE 3DIRACADL-01 FHE4R 1Y 1H I ge 45 1
Tab.7  Ablation experimental results of different modules on the 3DIRACADb-01 dataset
EiRE
DSC /%  VOE/%  RVD/% ASSD /mm HD/mm  MloU /%

PCE  MBTFE-Net RCA
78.42 35.50 -13.49 14.82 16.32 82.08
vV 84.62 26.81 -8.24 8.05 10.11 86.51
vV 86.48 23.26 -7.26 5.10 9.25 87.77
vV 82.77 29.40 -9.79 9.37 12.89 85.17
vV vV 88.98 19.86 -5.59 2.30 7.24 89.98
vV vV 85.45 25.71 -7.86 7.78 9.82 86.55
vV vV 87.96 20.89 -6.64 4.07 8.58 88.93
Vv Vv V(BARERR) 89.22 19.32 -5.21 2.15 6.97 90.01
vV vV vV 89.66 18.75 -4 1.06 5.57 90.54
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Tab.8 Comparison of segmentation performance of different methods on the KiTS2019 dataset

T DSC /% VOE /% RVD /% ASSD /mm HD /mm MloU /%
U-Net 83.96 26.04 -10.21 17.58 11.04 84.89
U-Net ++ 87.17 22.74 -5.19 14.53 6.94 88.29
ResUNet ++ 88.71 19.19 -4.54 13.41 5.91 89.55
TransUnet 88.02 19.98 -5.25 13.92 6.78 89.16
Swin-Unet 90.58 16.26 -3.86 10.34 5.02 90.77
MBTFEAM-UNet 93.80 11.67 -2.51 8.43 371 94.00
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Fig.12  Segmentation results of different methods on KiTS2019 dataset

4 4k

BEXS CT R AP e 10 AR | SR |
5 Je R 2 Z00F O JEE IR A5 i L S BA IR 248 0o R 2 [
B SRE SR HA TS 2 R, 780G U-Net
P28 RO RER B, $E i T —Fh a5 SO AR SR ORI T
T SIHILH PR R 45 B ——MBTFEAM-UNet, %75 1%
Bt T — DT B RS A5 s U-Net 2% (14
MR, TR RIS B T i SR 215
Bho BEAh, 1 U-Net W45 I BRIRIE T 0 F5 2 1 —

AECHFFIE SO 45, FErP I R B R A [
PNANCOES AV 2 NS R X A 4 2 B 2
Mz R ESORAE B, LI CT B& b g IR R
RN ZAEE . [, FEARAS B BES I A A 5 2%
AR O T T T A RN 2 o S [ Y SR, 4R
THRE T IR 32 5 (4 70 RURE ST o K T B2 07 IAAE TP A
Ji g 43 I 4 4 LiTS2017 i1 3DIRACADDb-01 | 5¢
BT SR, AR E bR 0 E AU £ KATS19 |k
NT%“* PRIEREPPAG . SCIRE R, Fritds

KBRS A RO DRI 0 28 06 12 2 PR AR S PR L R



534 AT, 45 G456 200 LB AESRIBORIE: 78 0 L A T g 1 sl 05 ik 687

IO TEIT WAL, A0 SN LA K 240 /N g 1 -1
B TR E, REREAE BT 2 W kS B i 1
VERT, A0 IR ik AR 1 2%, IeAb,
JIr $ 77 A B 2 PR 0 B R A SAT 55 F2 3t 1
Iy %8

ARAH) TAETT 1) GG — A4 i AR g 2331
AR B IR, R S ) S0 B k412 JDC R 245 A
TERIHLH, LA AE I PR =2 P B 32 3t g PR B

CEPUN

FAIHR

iR RSN

SCEEATIE BB 80005 A E R B 4L
PE4R 17 (Science Data Bank ) ScienceDB - & /A H &
A, Vila) bl A https ://www. doi. org/10.57760/ sci-
encedb.11107 & http://cstr.cn/31253.11.sciencedb.
11107.

(1] BHIEE, Fo, R, SETIRE A FURE A B B2 I R GRS BERE[T]. R B AR, 2020, 36(11)

1722 -1725.

LYU M H, ZHOU S, ZHU Q. Research progresses of breast ultrasound computer aided diagnosis systems based on deep learning
[J]. Chinese Journal of Medical Imaging Technology, 2020, 36(11) ; 1722 —1725.
(2] €, FEE, BRAE, S5 JET A 4 2 T B I NERMR AL ]. oot 2021, 41(18) ; 81 -92.

GAO F, YAN B, CHEN ], et al. Liver Tumor segmentation based on dilated convolution of stacked tree aggregation structure

[J]. Acta Optica Sinica, 2021, 41(18) ; 81 -92.

[3] MOLTZ J H, BORNEMANN L, KUHNIGK J M, et al. Advanced segmentation techniques for lung nodules, liver metastases,
and enlarged lymph nodes in CT scans[J]. IEEE Journal of Selected Topics in Signal Processing, 2009, 3(1);: 122 - 134.
[4] MAHDY L N, EZZAT K A, TORAD M, et al. Automatic segmentation system for liver tumors based on the multilevel threshol-

ding and electromagnetism optimization algorithm[ J]. International Journal of Imaging Systems and Technology, 2020, 30(12) :

1256 —1275.

[ 5] CASCIARO S, FRANCHINI R, MASSOPTIER L, et al. Fully automatic segmentations of liver and hepatic tumors from 3-D

computed tomography abdominal images: Comparative evaluation of two automatic methods[ J]. TEEE Sensors Journal, 2011, 12

(3): 464 -473.

[ 6] ABD-ELAZIZ O F, SAYED M S, ABDULLAH M I. Liver tumors segmentation from abdominal CT images using region growing

and morphological processing[ C]//2014 International Conference on Engineering and Technology. Piscataway, USA: IEEE,

2014. 1 -6.

[7] XUL, ZHU Y, ZHANG Y, et al. Liver segmentation based on region growing and level set active contour model with new signed
pressure force function [ J/OL]. Optik, 2020 [ 2023 — 01 — 20 ]. https: //www. sciencedirect. com/science/article/pii/

S0030402619316031. DOI: 10. 1016/j. ijleo. 2019. 163705.

[8] LIC, WANG X, EBERL S, et al. A likelihood and local constraint level set model for liver tumor segmentation from CT volumes
[J]. IEEE Transactions on Biomedical Engineering, 2013, 60(10) : 2967 —2977.

[9] LI W. Automatic segmentation of liver tumor in CT images with deep convolutional neural networks[ J]. Journal of Computer and

Communications, 2015, 3(11) . 146 —148.

[10] RONNEBERGER O, FISCHER P, BROX T. U-net: Convolutional networks for biomedical image segmentation| C]//18th Inter-

national Conference on Medical Image Computing and Computer-Assisted Intervention. Berlin, Germany: Springer, 2015, 234 —

241.

[11] ZHOU Z, RAHMAN Siddiquee M M, TAJBAKHSH N, et al. Unet++ ; A nested u-net architecture for medical image segmen-

tation[ C]//4th International Workshop of Deep Learning in Medical Image Analysis and Multimodal Learning for Clinical Deci-

sion. Berlin, Germany: Springer, 2018 3 - 11.

[12] JHA D, SMEDSRUD P H, JOHANSEN D, et al. A comprehensive study on colorectal polyp segmentation with ResUNet + + ,
conditional random field and test-time augmentation[ J]. TEEE Journal of Biomedical and Health Informatics, 2021, 25(6):

2029 -2040.

[13] CHEN J, LU Y, YU Q, et al. Transunet; Transformers make strong encoders for medical image segmentation| EB/OL]. (2021
-03-20)[2023 -02 -06]. https; //arxiv. org/ahs/2102. 04306.



688 =R 53 53 4%

[14] VASWANI A, SHAZEER N, PARMAR N, et al. Attention is all you need[ J/OL]. Advances in neural information processing
systems, 2017(2017 =10 -20) [2023 - 01 —26]. https; //dl. acm. org/doi/10. 5555/3295222. 3295349. DOI; 10. 48550/
arXiv. 1706. 03762.

[15] CAO H, WANG Y, CHEN J, et al. Swin-unet;: Unet-like pure transformer for medical image segmentation| C]//2022 Work-
shops: Computer Vision. Berlin, Germany: Springer, 2023 205 -218.

[16] LIUZ, LINY, CAO Y, et al. Swin transformer; Hierarchical vision transformer using shifted windows[ C]//IEEE/CVF Inter-
national Conference on Computer Vision. Piscataway, USA. IEEE, 2021, 10012 - 10022.

[17] KUO C L, CHENG S C, LIN C L, et al. Texture-based treatment prediction by automatic liver tumor segmentation on computed
tomography[ C]//2017 International Conference on Computer, Information and Telecommunication Systems. Piscataway, USA;
IEEE, 2017 128 - 132.

[18] DIAO Z, JIANG H, ZHOU Y. Leverage prior texture information in deep learning-based liver tumor segmentation: A plug-and-
play Texture-Based Auto Pseudo Label module[ J/OL]. Computerized Medical Imaging and Graphics, 2023[2023 - 01 -30].
https://www. sciencedirect. com/science/article/pii/s08956111230003567 via9030ihub. DOI. 10. 1016/j. compmedimag.
2023.102217.

[19] FU J, LIU J, TIAN H, et al. Dual attention network for scene segmentation[ C]//IEEE/CVF Conference on Computer Vision
and Pattern Recognition. Piscataway, USA . IEEE, 2019 3146 —3154.

[20] LIU Z, SUN M, ZHOU T, et al. Rethinking the value of network pruning[ EB/OL]. (2019 =03 -05) [2023 =04 —18]. ht-
tps: //arxiv. org/abs/1810. 05270.

[21] SELVER M A, KOCAOGLU A, DEMIR G K, et al. Patient oriented and robust automatic liver segmentation for pre-evaluation
of liver transplantation[ J]. Computers in Biology and Medicine, 2008, 38(7) : 765 —784.

[22] JJ555, £—ik, R, 55 FET2.5D GURETMZ M2 CT BRI FI5E L] hEBESAY B 2GE, 2020, 37
(6): 786 -791.

ZHOU F F, WANG Y D, SONG Y, et al. Segmentation of pancreas in CT images based on 2.5D cascaded convolutional neural
network [ J ]. Chinese Journal of Medical Physics, 2020, 37(6) : 786 —791.

(=

61976 - ), 55, ML, #d%. OFFEOuson SRz -5 8 ae s AL #AE
FEHH998 - ), F, Wit BTy L sE A B R A B



