40 A4 T B 2k Vol. 40 No.4
20234F 4 H Chinese Journal of Medical Physics April 2023 - 423 -
DOI:10.3969/j.issn.1005-202X.2023.04.005 E ?%/M%;}ﬁjiﬁ

HFETRMHZ M L& F0 Transformer B FFRE CT Bl1& 9 El /%

Hwera, F4
TRPHEE TR A sk 5 o AT AR B, 107 ¥LFH 110000

[ )4+ 2T I A 64 AR AN 22 W 25 1 I B 1) 4% -8 Bk AR Ak 9 8, 32 i T — A7 U-Net W &AL R 4 L aheh 58] S0k
%k BIEE HHH FINE] U-Net 1 24 09 Sk 2k 4 b | 12 % 25 B30 02 R 22 IR AR, SRR IR AR K i HK T 3% 35 2 214
B FELITS #3564 Ll it 23645 R A AR AL kit A7 I E 2 %] 5 45 45 U-Net 77 i5 48 16 Dice & #32H3.3%, F 3 =
FFAR I T 2.4%, F #4& A #H EBF T 3.66%.

[XBRAVERYZR S T BG5S E); %k A& Hhuh; R ER

[FFE 422 R318; TP391 [ EfFRERL A [32E 45 )1005-202X(2023)04-0423-06

Liver CT image segmentation method based on CNN and Transformer

HU Xiaoyang, LI Zhe

School of Automation and Electrical Engineering, Shenyang Ligong University, Shenyang 110000, China

Abstract: Aiming at the problem of low accuracy of the existing convolutional neural network in liver image segmentation, a
segmentation algorithm based on U-Net model is presented. The segmentation accuracy is improved using multi-head self-
attention mechanism which was introduced into the skip connection of U-Net, atrous convolution in the encoder, and mixed
loss function. The experimental results on LITS data set show that the Dice coefficient, mean itersection over union and mean
pixel accuracy of liver segmentation using the proposed method are improved by 3.3%, 2.4% and 3.66% as compared with
traditional U-Net method.

Keywords: convolutional neural network; liver; image segmentation; multi-head self-attention mechanism; atrous convolution
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Table 1 Performance comparison between two algorithms (%)
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Figure 7 Comparison of experimental results
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MixACU-Net 90.22 86.00 93.19

c:U-Net DEIZER  d:MixACU-Net 5 4%

5 Transformer FH 45 & 1 = 27 UZ o B 25 L 2% ™)
2% K| Transformer AT DL B2 K 1 28 40061 14) 4 1 SR
T CNN 78 i $2 4 Joy PR AR AE A9 SRy BR M . 3 2 MHSA
B EAT A SR R IE 2% 2] o 5 U-Net I 45 4 A
SCHRE H Y D 28 T 1 7 23 HIRS B I S A i SR A i Ak
PR AR NS -

(5% 30K]

[1] Haritaoglu I, Harwood D, Davis LS. W/sup 4: real-time surveillance
of people and their activities[ J|. IEEE Trans Pattern Anal, 2000, 22
(8): 809-830.

[2] SER R AT Bl U-Net BER 69 BT Bk CT B 1545 7 sk A 70 & 52 5L
[D]. 52 b K 5, 2021.
Fan TL. Research and application of liver CT images based on
improved U-Net model[ D ]. Baoding: Hebei University, 2021.

PP e A AR [T]. AL RS B R R, 2022, 6(18): 162-164.
Yu LY, Xue JH, Wu CR. Application of CT and MR imaging in clinical
diagnosis of hepatocellular carcinoma [J]. Journal of Imaging
Research and Medical Applications, 2022, 6(18): 162-164.

[4] 8. BT a0 SEAN36 97 I 4236 3% CT A= MRI AR50 09 3 v 45
1] FEs RS B A, 2020, 4(7): 19-20.
Zhai Y. Contrastive analysis of the diagnosis of hepatocellular
carcinoma by enhanced CT and MRI after interventional therapy[J].
Journal of Imaging Research and Medical Applications, 2020, 4(7):
19-20.

[5] #weT. CT L5 MRIN 3% 4246 £ AT 20 RS W7 b 69 2 A ZOR AT T ).
HEA RS E SR, 2020, 4(2): 73-74.
Cui XN. Application of CT and MRI enhancedscanning in diagnosis



- 428 -

N e

5540 %:

of hepatocellular carcinoma[J]. Journal of Imaging Research and
Medical Applications 2020, 4(2): 73-74.
(6] Jk, Faem, XM, 5. R TR0 B 1555169
472 % /1 U-Net[J ]. ;’m"“ 4R, 2022, 51(4): 376-392.
Zhou T, Dong YL, Liu S, et al. Cross-modality multi-encoder hybrid
attention U-Net for kung tumors images segmentation [J]. Acta
Photonica Sinica, 2022, 51(4): 376-392.

(7] Z R A THREFIHETBRAEMN[T]. &-F41F, 2019(4): 53-55.
Li HX. Medical image detection based on deep learning[J]. Practical
Electronics, 2019(4): 53 55.

(8] ¥k, LI, WBA, F. RAFTEEFEGSH T s Rtk
[(J] emAEHE "%*5‘17?1, 2018, 37(4): 433-438.

Ai FL, Ma Y, Tian SJ, et al. Research progress of deep learning in
medical image analysis[ J . Beijing Biomedical Engineering, 2018, 37
(4): 433-438.

[9] Yang Q, Yan P, Zhang Y, et al. Low-dose CT image denoising using
a generative adversarial network with Wasserstein distance and
perceptual loss[ J]. IEEE Trans Med Imaging, 2018, 37(6): 1348-1357.

[10] R, 2, HR. ATEEAS2FHRSGEFEGE S 2
F[J]. 3 A A 2022, 39(2): 184-190.

Zhao GW, Wang Y, Yang C. Simulation of medical image segmentation
based on attention and pyramid fusion[J]. Computer Simulation, 2022,
39(2): 184-190.

[ 117 Soltani-Nabipour J, Khorshidi A, Noorian B. Lung tumor segmentation
using improved region growing algorithm [J]. Nucl Eng Technol,
2020, 52(10): 2313-2319.

[12] Yan C, Sun ZQ, Tian EG, et al. Medical image segmentation model
combining multi-branch structure and self-attention mechanism and
its application[ J . Journal of Chinese Computer Systems, 2021, 42
(11): 2375-2381.

[13] 4 81k, . kT E 55 Peak K-+ R0 30 CT BE4-1[T]. CT

5 A AR, 2011, 20(3): 291-300.
Yang CJ, Yang X. Abdominal CT image segmentation based on graph
cuts and fast level set[J]. CT Theory and Applications, 2011, 20(3):
291-300.

[14] Xab, XRAees, THEM, . R T A AT 40 M % 69 ATk CT B 1% 5%
[J]. b A EF A2, 2021, 40(4): 367-376.

Deng H, Deng YX, Ding YB, et al. Liver CT image segmentation
based on generative adversarial network [J]. Beijing Biomedical
Engineering, 2021, 40(4): 367-376.

(15] ZA45 Rk, 363540, ksl . B 52 B Hobush Bh 5 i 88 -+ S T R
[J]. B A4 E S L4254k, 2013, 32(1): 105-108.

Wang WS, Luo JW, Lin HL. Computer-aided diagnosis data platform

% g AR

by using medical imaging [J]. Chinese Journal of Biomedical
Engineering, 2013, 32(1): 105-108.

[16] Long J, Shelhamer E, Darrell T. Fully convolutional networks for
semantic segmentation[ C |//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. 2015: 3431-3440.

[17] Ronneberger O, Fischer P, Brox T. U-Net: Convolutional networks for
biomedical imagesegmentation [ C]/International Conference on
Medical Image Computing and Computer-assisted Intervention.
Springer, Cham, 2015: 234-241.

[ 18] Zhou Z, Rahman Siddiquee MM, Tajbakhsh N, et al. U-Net++: a nested
U-Net architecture for medical image segmentation [ M |/Deep
Learning in Medical Image Analysis and Multimodal Learning for
Clinical Decision Support. Springer, Cham, 2018: 3-11.

[19] Zhang S, Fu H, Yan Y, et al. Attention guided network for retinal image
segmentation [C ]/International Conference on Medical Image
Cmputing and Computer-Assisted Intervention. Springer, Cham, 2019:
797-805.

[20] Carion N, Massa F, Synnaeve G, et al. End-to-end object detection
with transformers [ C ]/Computer Vision-European Conference on
Computer Vision (ECCV) 2020. Springer International Publishing,
2020: 213-229.

[21] Liu Z, Lin Y, Cao Y, et al. Swin transformer: hierarchical vision
transformer using shifted windows[ C ]//Proceedings of the IEEE/CVF
International Conference on Computer Vision. IEEE, 2021: 10012-
10022.

[22]Zheng S, Lu J, Zhao H, et al. Rethinking semantic segmentation
from a sequence-to-sequence perspective with transformers [ C1//
Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition. IEEE, 2021: 6881-6890.

(23] BRR, 25%, ZRE,F —HETRELERNEFBES )
ik J]. BB IAR K F F AR, 2022, 37(1): 39-45.

Mu YC, Wang XJ, Wang YW, et al. A medical image segmentation
method based on hybrid trasnformer[ J |. Journal of Anhui Polytechnic
University, 2022, 37(1): 39-45.

[24] Chen LC, Zhu Y, Papandreou G, et al. Encoder-decoder with atrous
separable convolution for semantic image segmentation [C]1//
Proceedings of the European Conference on Computer Vision
(ECCV). 2018: 801-818.

[25] Bello I, Oph B, Vaswani A, et al. Attent ion augmented convolutional
networks [ C |//Proceedings of the IEEE/CVF International Conference
on Computer Vision. IEEE, 2019: 3286-3295.

(¥ BEFR)



